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The aim of this project is to remove the motion related artifacts of the
current watermarking algorithm, known as the “dirty window problem .

It was observed that part of the dirty window problem originated from
watermark artifacts in still images. Therefore, two possible improv e-
ments of the current algorithm are suggested that will lower the visib il-
ity of the watermark in still images: adjusting the global depth settin gs
of the four directional watermark patterns, and changing the xed clip-
ping threshold to a clipping threshold that depends on the luminan ce
value of a pixel.

The following model for a motion sensitive watermarking algorithm is
proposed, and has subsequently been implemented:

1. use the current algorithm to calculate a watermark for a frame;

2. select areas in the frame that might expose the watermark when
they are in motion;

3. estimate the motion in the frame;

4. lower the local strength of the watermark in selected areas that
are in motion.

In step 2, areas are selected based on the output of the directional
Iters. In step 3, the Y-prediction block-matcher is used to ext ract
motion information from a video sequence.

Finally, a number of improved watermarking algorithms were evaluated
in a visibility test, and the robustness of the algorithms to MPEG-2
compression was determined.

Conclusions:

¢ Philips Electronics N.V. 2005

The improved global depth settings successfully lower the visibility of
the watermark, at virtually no change in the robustness of the water-
mark.

Employing motion compensation lowers the visibility of the watermar Kk,
at a small decrease of watermark robustness.

Adding soft luminance clipping improves the invisibility of th e water-
mark, but seriously degrades watermark robustness.

Simultaneously applying motion compensation and the improved global
depth settings is the most promising improvement of the invisibi lity of
the watermark. It is expected that the cumulative e ect of motion
compensation and the improved depth settings will give a signi cant
improvement in watermark invisibility, with only a marginal loss of
watermark detectability.
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Chapter 1

Introduction

The audio industry has made a transition from analog media such as tape casse&$ and records
to digital compact disks between the years 1990 and 1995. The transition tdoplace because the
compact disc o ered an advantage over the analog media: the audio stored on a comgladisc
is not susceptible to degradation. The audio quality will remain constant for yeas on end, and
will not su er when the audio is copied to another CD. Due to the constant audio quality over
copies, combined with the low price of recordable CD's and the ease of copying one C® the
next, consumers are making illegal copies of audio CD's on a very large scale. Fhis costing the
music industry a fortune in revenue every year.

Today, the video industry is also moving from analog to digital media. Traditional VHS tapes
are slowly pushed out of the market by DVD's and soon the DVD-recorder will be aailable to
consumers. The movie industry has learned a lesson from the music industry, and it lsabecome
very keen on preventing the loss of prot due to the illegal copying of DVD's. It is only willing to
distribute its movies on DVD's when the DVD standard guarantees copyright protection.

The success of the DVD depends on the support of the movie industry. Therefore, manufac-
turers of DVD devices are forced to comply with their request for copyright protection. Together
the manufacturers have decided that the only way to guarantee copyright protectionis to embed
a watermark in every movie. Every compliant DVD device checks for this waternark and refuses
to play the DVD if it is an illegal copy.

This is only one example of the need for video watermarking. Other applications of weo
watermarking are found in the broadcast industry. For example, television compaies broadcast
valuable third party video content which must be protected against illegal retransmissions, and
advertising companies need veri cation of the transmission of commercials. Bdt issues can be
solved with video watermarking.

1.1 Project context

Philips is a manufacturer of DVD-players and DVD-recorders. It is actively involved in the video
watermark standard of the DVD consortium. It has developed its own video watemarking scheme
which it is promoting to become the watermarking standard for future DVD-player and recorders.
All research pertaining to their video watermarking scheme is done by the waterrarking group at
the Philips Nat.Lab. in Eindhoven, the Netherlands.

The watermarking group has developed a video watermarking technique that adds a snfia
amount of noise to every pixel of every image in a movie. The amount of noisedaled to an image
is so small, that the noise is practically invisible to human observers, butis still recognizable by a
DVD device equipped with a watermark detector. Although the strength of the noise & very low,
the noise satis es certain conditions which make it extremely di cult to separate the noise from
the image without severely degrading the quality of the image. The combination ofinvisibility
and inseparability makes the Philips watermarking technique very suitable for DVD copyright
protection. Third-party evaluations have proven that the Philips watermarking tec hnique is very



2001/825 no classi cation

Figure 1.1: The rst frame of the baskethall sequence. The steps of the statase and the metal structure
that supports the roof expose the watermark as a “dirty window' when the sequence is seen in motion.

robust to standard video processing such as MPEG-compression and VHS recording andagback.
The Philips watermarking technology ranks among the best of the currently avaiable watermarking
technologies in terms of robustness.

Although the Philips watermark technology already works well, researchers othe watermarking
group are continuously trying to improve the technology. Several improvemens are still possible:
the overall visibility of the watermark must be lowered to a level where it is no longer visible to
trained observers under studio conditions. Furthermore, watermark robustness needs to besaigh
as possible.

1.2 Project description

During an evaluation session of the watermark technology at the site of BE Research in the
United Kingdom in 1999, the watermark was tested with a video sequence from a baskball
game, illustrated in gure 1.1. The employees of BBC Research were able to deteche embedded
watermark in some regions of this video sequence.

Back at the Nat.Lab. this particular “basketball' video sequence was examined clady. The
Nat.Lab. researchers discovered that the embedded watermark was hardly visible whendividual
images of the video sequence were inspected, but that it was exposed once the objects in the
sequence were viewed in motion. When objects moved, they seemed to move behinddaty
window caused by the static watermark. For example, when the camera turned from one end of
the basketball court to the other end of the court, the watermark showed up in the starcases in
the tribune as they moved across the screen.

The researchers at the Nat.Lab. found a good explanation for the fact that the wéermark
was exposed in moving objects. The watermark is embedded to each frame of adeo sequence
individually. In every frame, the same static noise pattern is added to the imaye at exactly the
same position. It does not move along with moving objects. As long as the atermarked image
remains stationary, the watermark will not be noticeable. But when the image ha dynamic,
moving elements, the watermark becomes visible as a stationary pattern.

Because the watermarking technology must be optimized for the high picture qualiy needed
in the broadcast environment, it is imperative that it does not create any artifact. Therefore, it

10 ¢ Philips Electronics N.V. 2005
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directional
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Figure 1.2: Model of the current Philips’ watermarking algorithm. The inpu t image | is ltered with the
directional lters. The secret watermark pattern W is multiplied with the output of the directional lters
to obtain W, , the watermark adjusted to the content of the image. Finally, W, is added to| to obtain the
watermarked image 1 °.

was decided that the “dirty window' problem should be solved. This decision lead to the @ation
of this research project. The primary target of the project is to enhance the current Phiips
watermarking technique in such a way, that the watermark will no longer be visible as a dirty
window in moving objects. Therefore, the main question that needs to be answered ishow can
the current watermarking algorithm be improved by compengang for motion?

1.3 Philips' current watermarking method

Philips' current watermarking method embeds a watermark in a video sequence by adding atatic
watermark pattern to every frame of the sequence. The watermark pattern consistof uniformly
distributed random noise and has the same size as the frames of the sequence. If the ambhark
pattern is added to the frames as-is, it would be very visible. Therefore, the wagrmark embedder
adapts the watermark pattern to the content of a frame before it adds it to the frame. In order
to do so, the watermark pattern is separated into four orientations, resuling in a horizontal, a
vertical and two diagonal watermark patterns. Each frame of the video sequencesi ltered with
four convolution lters, each of which is sensitive to one of the orientations of the four watermark
patterns. The output of the horizontal Iter is high at vertical edges in the frame, t he output of
the vertical Iter is high at horizontal edges in the frame, and the output of the two diagonal lters
are high at the corresponding diagonal edges in the frame. Each of the watermarkatterns is
multiplied with the output of the corresponding Iter before it is added to the frame. This ensures
that strong noise is added to regions with high activity, such as edges and texties, and weak noise
is added to regions with little activity, such as uniform surfaces. Figure 12 shows a simple model
of the current watermark embedding algorithm. The embedding algorithm is described m more
detail in [9] and [11].

The watermark is detected by means of simple correlation. The watermark detector cmputes
the correlation between the static watermark pattern and the frames in the video sequence. If
the correlation is high, the sequence contains the watermark. Otherwise, the sequence svaot
watermarked. Before computing the correlation, the watermark detector adds a numbeiof frames
of the video sequence together in order to obtain a stronger correlation with the weermark pattern.
As a consequence, the watermark pattern must be embedded at the same position in eveframe
of the video sequence.

¢ Philips Electronics N.V. 2005 11
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1.4 Problem analysis

The characteristics of the “dirty window' problem were carefully investigated & the beginning of
this project. From observations of the current watermark in a large number ofvideo sequences it
became clear that the motion related watermark artifacts occur mostly in shap, elongated edges
in an image. The steps in the staircase of the basketball sequence in gure 1.1 asegood example:
they consist of a set of horizontal lines several pixels wide, with clear edges frorme line to the
next. A structure like this excites a strong response from the vertical lter, and as a consequence
the vertical watermark pattern is embedded strongly in that structure. However, the vertical
watermark pattern does not contain vertical frequencies only; it also contains fequencies at other
orientations. Embedding the vertical watermark pattern strongly is not a problem for structures
that contain frequencies at a multitude of orientations, but it is a problem for structures like the
staircase. These types of structures consist of only a single spatial frequency arlderefore do not
completely mask all of the spatial frequencies of the vertical watermark pattern(the concept of
frequency masking is explained in [2]).

The observation and analysis of the “dirty window' problem lead to the folloning de nition of
the areas that expose the watermark:

Watermark artifacts appear in areas that contain strong spatial frequenciesn one orientation,
but weak spatial frequencies in the perpendicular orientation.

The severity of the artifacts depends on the orientation of the structure in which they occur.
Strong artifacts occur in horizontal structures, weaker artifacts occur in vertical structures,
and even weaker artifacts occur in structures at other orientations.

1.5 About this report

The setup of this report is as follows: chapter 2 reviews the results of the praininary study

and discusses the research method that was used in this project. Chapters 3 through 6 tfis

report address several improvements and modi cations of the current watermarkingalgorithm.

The assessment of the new algorithms with respect to the visibility and the rbustness of the
watermark is covered in chapters 7 and 8. The conclusions and a discussion of the retsubf this

project are presented in chapters 9 and 10. Finally, chapter 11 lists a number ofacommendations
for the improvement of the current watermarking algorithm as well as severalrecommendations
for future research topics.

12 ¢ Philips Electronics N.V. 2005



Chapter 2

Research method

A research method for the development of a motion sensitive video watermarkinglgorithm was
proposed in the preliminary report of this project [11]. This chapter reviews tha research method
and shows that a part of it was not feasible in the time-scale of this project. Theefore, a new
research method was de ned, which is described in sections 2.3 to 2.5.

2.1 Review of preliminary research method

The research method suggested in the preliminary report consists of the followg steps:

1. Development of a research tool to make it possible to develop video procesgialgorithms in
a modular fashion and to run and control them in real-time.

N

. Implementation of the current watermarking algorithm using the new researchtool.

3. Determination of the relationship between patterns (spatial frequency, orienation, mean
luminance and contrast), motion (velocity and direction), and the visibility of the watermark.

4. Implementation of a motion estimator to extract motion informati on from video sequences.

5. Design of a new watermarking algorithm to solve the “dirty window' problem using the results
of step 3.

6. Assessment of the improvement of the new watermarking algorithm over the cuent algo-
rithm.

The research tool and the subsequent implementation of the current watermarking lgorithm were
written in the preliminary phase of this project. The research tool, called VideoProcessing Pipeline
(VPP) is documented in [12]. The details of the implementation of the current watermarking
algorithm can be found in appendix A.

The research method proposed in the preliminary report is based on the model for enotion
sensitive watermarking algorithm that is illustrated in gure 2.1. Ani nputimage | that needs to be
watermarked is fed to a pattern discriminator and a motion estimator. For every pixel in the input
image, the pattern discriminator determines a value for four pattern parameters: spatial frequency,
orientation, contrast and luminance. Together, these four pattern parameters bestdescribe the
context of the pixel. The motion estimator computes motion vectors for every pkel*, which can
easily be transformed to two motion parameters: velocity and direction. Nex, the strength module
combines the values of the four pattern parameters and the values of the two motion pameters
into a single depth factor for every pixel. The depth factors determine how strong thewatermark
may be embedded in every pixel without exposing the watermark. Finally, the secret w&termark
pattern W is point-wise multiplied with the depth factors and the resulting watermark W, is added
to the input image | to obtain the watermarked image | °.

1For ease of explanation we ignore the fact that a motion estim ator needs a current image and a reference image
to estimate the motion vectors between the two images.

13
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Figure 2.1: The model of the motion sensitive video watermarking algorithm, as proposed in the prelimi-
nary report.

2.2 Study of motion and patterns

The reason for suggesting a study of motion and patterns in the preliminary repa was that, in
order to successfully combine the six parameter values into a single depth factor, theelationship
between all six parameters and the depth at which the watermark is no longer visil# must be
known. The only way to determine this relationship is to conduct a visibility experiment in which
a statistically signi cant number of observers determine the maximum watermark strength at which
the watermark is just not visible to them under varying pattern and motion conditi ons.

In such a visibility experiment, a value is chosen for all pattern and motion parameters. Next, a
video sequence is generated containing the speci ¢ pattern, moving at the selected velocitynd in
the selected direction. Two versions of this video sequence are shown to the observersieosersion
contains no watermark and the other version contains a watermark at a speci c gength. The
observers are asked to identify the version of the video sequence that contains theatermark. If
signi cantly more than half of the observers are able to distinguish the watemarked video sequence
from the unwatermarked sequence, then the watermark is considered to be visible irhis pattern
at this strength. The strength of the watermark should be lowered until the obsewers are no longer
able to discriminate the original video sequence from the watermarked video sequencetiv any
certainty. At that point, the correct strength of the watermark for the speci ¢ pattern and motion
parameter values has been established.

Something that was overlooked in the preliminary report was the time required b conduct
this visibility experiment. Table 2.1 speci es the absolute minimum number of parameter values
that should be tested in the visibility experiment in order to make a sensible napping from the
parameter space to a single depth factor possible. An additional factor in the ttal number of
experiments is the number of observers. At least 15 observers are required to abh statistically
signi cant visibility data [3]. Furthermore, every setting of the parameters should be repeated a
number of times at di erent strengths of the watermark to allow determination of the maximum
strength at which the watermark is just not visible. For the purposes of this project, testing
the visibility of the watermark at 8 di erent levels of strength would give a su ciently accurate
estimation of the correct strength of the watermark.

14 ¢ Philips Electronics N.V. 2005
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| Parameter | No. values | Value suggestion
Spatial frequency 4 1 cycles/degree, 2 cycles/degree,
4 cycles/degree, 8 cycles/degree
Contrast 4 0%, 33%, 67%, 100%
Pattern orientation 4 vertical (0 ), horizontal (90 ),

upper diagonal (135), lower diagonal (45 )

Luminance 4 0%, 33%, 67%, 100%

Velocity 4 0 pixels/frame, 1 pixel/frame,
2 pixels/frame, 4 pixels/frame

Direction 4 left/right (O ), up/down (90 ),

upper left/lower right (135 ),
lower left/upper right (45 )

Table 2.1: Minimum number of parameter values

Hence, the minimum number of experiments required in the entire study of motion and p#terns
is 45 15 8=491520. The experiments can not be done in parallel, because there is not enough
manpower nor equipment available. Therefore, assuming that each experiment willake 10 seconds
on average, a minimal investigation of the motion and pattern parameter pace would take more
than 170 days. The suggested study of motion and patterns would exceed the totalrie available
in the project, even for this small number of parameter values. Therefore, it is s& to conclude that
the study of motion and patterns proposed in the preliminary report, albeit scienti cally sound,
was highly impractical for this project. Consequently, the proposed model for themotion sensitive
watermarking algorithm was revised.

2.3 Alternative model

The alternative model, illustrated in gure 2.2, covers the same pattern and notion parameters as
the proposed model, but does not include thestrength module that requires the study of motion and
patterns. This is accomplished by separating the pattern parameters from the motin parameters
and treating them independently from each other. In that case, the six-dimensional pararater
space of the proposed model is divided into a four-dimensional space of pattern paraters and a
two-dimensional space of motion parameters. The latter two parameter spaces am@uch smaller
and easier to investigate. It was estimated that the research required to studythe two separate
parameter spaces would be feasible in the time available in this project.

In the alternative model of gure 2.2, the input image | is passed to the same directional Iters
that are used in the current watermarking algorithm. These lIters determine the local activity of
the image in four orientations and are used to compute the watermark patternW, for the image
| . The watermark pattern W, here is identical to the watermark pattern W, that is computed by
the current watermarking algorithm. To correct the pattern W, for motion, the image | is also
passed to a pattern selector and a motion estimator. The pattern selector decides wth parts of
the image might expose the watermark when those parts are seen in motion.t uses the output
of the directional Iters to make this decision. It returns a selection mask that contains a boolean
value for every pixel, indicating whether that pixel might expose the watermark. The output from
the pattern selector and the motion estimator serves as input to a motion adaptéion module.
The module corrects the pattern W, for motion, in the following way: if the output of the pattern
selector indicates that a pixel might expose the watermark, and the output of the mdion estimator
indicates that that particular pixel is in motion, then the module will lower the wa termark energy
for that pixel. Finally, the motion corrected watermark pattern, Wp, is added to the input image
to obtain the watermarked image | ©.

An important advantage of this alternative model over the previously proposed model is that
it reuses most of the current watermarking algorithm, rather than building a new watermarking
algorithm from scratch. Reusing the current algorithm signi cantly reduces the amount of inves-

¢ Philips Electronics N.V. 2005 15
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directional
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Wl
pattern selection
| = selection mask \

motion motion
: — =
estimator vectors

motion
adaptation

Figure 2.2: Alternative model of the motion sensitive video watermarking algorithm. The elements in
the shaded area of this gure correspond to the current watermarking algorithm (see also gure 1.2). The
watermark pattern W is adjusted to the image| by ltering the image through the directional lters and
multiplying the lter output with the watermark pattern. The inp ut image | is passed to a pattern selector.
The pattern selector returns a selection mask that indicates which pixels will expose the watermark when
seen in motion. The input image | is also passed to a motion estimator to compute motion vectors. The
motion adaptation module takes the adjusted watermark pattern W, and adjusts the local strength of the
watermark according to the selection mask and the motion vectas. Finally, the resulting watermark, W/,
is added to the image to obtain the watermarked imagel °.

16 ¢ Philips Electronics N.V. 2005
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tigation required to map the pattern parameter space, as much of it is already de¢rmined by
the directional lters of the current watermarking algorithm. A drawback of the model is that
it does not take into account any dependencies between the pattern parameters and the motio
parameters with respect to the visibility of the watermark.

2.4 Visibility in still images

Early experiments have indicated that the watermark of the current watermarking algorithm is not
entirely invisible in all still images under all conditions. As the current watermarking algorithm
will be reused, it is necessary to make the watermark invisible in still irages before addressing the
“dirty window' problem. Otherwise, artifacts that are not related to motion m ight be mistaken
for motion artifacts, and this might have a negative in uence on the analysis of motion artifacts.
Two methods to reduce the visibility of the watermark in still images are discussed in detail in
chapter 3.

2.5 Final research method

The observations of the previous paragraphs lead to the following nal research mthod:
1. Development of a research tool
2. Implementation of the current watermarking algorithm

Reduction of the visibility of the watermark in still images

Pattern selection

Implementation of a motion estimator

Motion adaptation

N oo g k~ w

Assessment of the new watermarking algorithm

Step 3 to 6 extend the current watermarking algorithm with new modules. This gradualy turns the
current watermarking algorithm into a motion sensitive watermarking algorithm. Finally, step 7
tests several versions of the new watermarking algorithm for (in)visibilty and robustness of the
watermark.

¢ Philips Electronics N.V. 2005 17
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Chapter 3
Visibility in still images

Ideally, the watermark should be absolutely invisible in still images prior to the investigation of
motion related watermark artifacts, otherwise artifacts that occur in a video sequence are not
necessarily related to the motion in the sequence. Upon close inspection of the curtematermark,

it was found to be visible in still images under certain circumstances. Therefore, lis chapter
proposes two improvements of the current watermarking algorithm that further lower the visibility
of the current watermark in still images.

3.1 Improved directional strength

The current watermark embedder uses four directional Iters to obtain information about the local
activity of an image in horizontal, vertical and two diagonal orientations. The response of each
directional Iter is multiplied with a directional watermark pattern of the sam e orientation to
obtain four directional watermarks that are shaped to the local activity in the target image.

To keep the energy of each directional watermark within an acceptable range, the direatinal
watermarks are also multiplied with a strength factor. In the original watermark embedding algo-
rithm, the strength factors used for the vertical watermark, horizontal watermark, upper diagonal
watermark and lower diagonal watermark are 0.025, 0.025, 0.050, anf.050 respectively. The
diagonal watermarks are embedded at double strength because the human visual sgst is less
sensitive to diagonal frequencies than it is to horizontal or vertical frequencies.

During experiments it was observed that the vertical watermark, i.e. the watemark that con-
tains mostly vertical frequencies, was less transparent than the other directionawatermarks at
comparable strength. Watermarked images where the vertical watermark wagxcluded from the
embedding algorithm showed a great improvement of watermark transparency over warmarked
images that included the vertical watermark. The majority of the “dirty window' artifacts in  video
sequences were eliminated by omitting the vertical watermark.

The heightened visibility of the vertical watermark is explained by the fact that the current
watermarking algorithm embeds the same basic watermark patterns in the odd ad even elds of
a video sequence. It is essential that the watermark patterns are the same for bbt elds to make
the watermark resistant to conversions between video formats, for examplérom NTSC to PAL.
These conversions often involve a conversion of the eld rate, when the elds in thedestination
video format belong to di erent moments in time than the elds in the source video format. Cheap
video format convertors are known to generate the elds of the destination video equence by simply
adding a successive odd and even eld of the source video sequence in the right proportion.
the watermarks in the odd and even elds were di erent, then adding an odd eld to an even eld
would mix the two watermarks, which would seriously degrade the detectability of the watermark.

The consequence of using the same basic watermark pattern in both elds of a video sequence
is that the same watermark pattern is embedded in every pair of successive lines offlame. This
has a negative e ect on the visibility of the watermark, because it e ectively halves the vertical
frequencies present in the watermark, as is illustrated by gure 3.1. It is wellknown that the human
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Figure 3.1: The visual e ect of embedding the same watermark pattern in the odd and even elds. (a) A
watermark pattern at full vertical resolution (every line is dierent). (b) A watermark pattern at half
vertical resolution (pairs of successive lines are identical). The watermark in (b) looks coarser and its
vertical frequencies are halved.

eye is more sensitive to low and medium spatial frequencies than it is to high spatl frequencies.
Therefore, the watermark patterns will be more visible when their vertical frequencies are halved.
The visibility of the horizontal and diagonal watermark patterns is not e ected as much as the
visibility of the vertical watermark pattern, because the horizontal and diagonal patterns contain,

by de nition, far less vertical frequencies.

The heightened visibility of the vertical watermark pattern should be compensaied by embed-
ding it at a lower strength compared to the watermark patterns at the other orientations. However,
the current watermarking method embeds the vertical and horizontal watermark paterns at equal
strength and does not compensate for the increased visibility of the vertical wagrmark pattern.
Hence, it was concluded that the current watermarking algorithm could be improved by aljusting
the strengths of the individual watermark patterns.

This conclusion is supported by measurements of the visibility of the directionalwatermark
patterns using the perceptual model from the MPEG-2 compression standard. In MPEG-2 cm-
pression, an image is transformed to frequency components by taking the DCT &ansformation of
the image on an 8 8 block basis. The sensitivity of the human visual system to each of these
frequency components is modelled by a weighting matrix. The elements of the weigihtg matrix
more or less indicate the smallest change in the corresponding frequency component thaill be de-
tected by human observers. The default weighting matrixM de ned in the MPEG-2 compression
standard [6] is given by

8 16 19 22 26 27 29
16 16 22 24 27 29 34
19 22 26 27 29 34 34
22 22 26 27 29 34 37
22 26 27 29 32 35 40
26 27 29 32 35 40 48
26 27 29 34 38 46 56
27 29 35 38 46 56 69

(3.1)

<

11
OO pPhwWwwWww
© SEPFrPPTH S

From this weighting matrix it can be seen that the weighting factors for low spatial frequencies
(upper left corner of the weighting matrix) are low, and that the weighting fact ors for high spatial

frequencies (in the lower right corner of the weighting matrix) are high. This is consistent with the

results from contrast sensitivity experiments conducted by vision scientiss, which indicate that the

human visual system is more sensitive to low spatial frequencies than to higlspatial frequencies
(see for example the description of the contrast sensitivity function in [2] @ [13]).
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Figure 3.2: The average energy distribution over the DCT coe cients for ea ch directional watermark
pattern. (a) vertical watermark pattern; (b) horizontal water mark pattern; (c) upper diagonal watermark
pattern; (d) lower diagonal watermark pattern.

The MPEG-2 weighting matrix was used to obtain a measure of the visibility of the directional
watermark patterns. To this end, each of the directional watermark patterns was transformed
to a single 8 8 block of DCT-coe cients. The transformation was performed by dividing the
directional watermark patterns into non-overlapping blocks of size 8 8, transforming each block
to the DCT domain, and computing the average of each DCT-coe cient over all blocks. The result
of this transformation, which is the average energy distribution of the directional watermarks over
the DCT coe cients, is graphically illustrated in gure 3.2. The shades of gray in this gure
indicate the amount of energy that is present in a speci c DCT coe cient, where dark means
little energy and light means much energy. From the gure it is clear that the energy o the
vertical watermark pattern is concentrated around low vertical frequencies, whereashe energy of
the horizontal watermark pattern is concentrated around high horizontal frequences. The fth
row of DCT coe cients is zero (black) for every watermark pattern because the sane watermark
pattern is embedded in odd and even elds.

The majority of energy of the vertical watermark pattern is concentrated around the DCT
coe cients at positions (2,1) and (3,1), corresponding to spatial frequencies ér which the human
visual system is very sensitive. They have a weighting factor of 16 and 19 resgtively. The
majority of energy of the horizontal watermark pattern is concentrated around the DCT coe cients
at positions (1,7) and (1,8), corresponding to spatial frequencies for whiclthe human visual system
is far less sensitive. Their weighting factors are 29 and 34 respectively. Thdi erence in weighting
factors between the vertical and horizontal watermark patterns indicates that the strength of the
vertical watermark pattern should be close to half the strength of the horizorial watermark pattern.

With respect to the correct embedding strength for the diagonal watermark patterns,there are
two alternative visions:

The embedding strength of the diagonal watermarks may be twice the embedding strengtof
the horizontal watermark, because the human visual system is less sensitite the diagonal
frequencies of the diagonal watermarks.

The embedding strength of the diagonal watermarks should be comparable to the embeduj
strength of the horizontal watermark, because the visibility of the diagond watermarks is
comparable to the visibility of the horizontal watermark when measured using he MPEG-2
weighting matrix.

The di erence between these two visions can be explained by the fact that the energy of the
diagonal watermarks is distributed over a large number of DCT coe cients and has no speci ¢ con-
centration, as can be seen in gures 3.2(c) and 3.2(d). This indicates that the diagoal watermarks
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Figure 3.3: Typical data for a test of Weber's law in brightness. The dotted line is predicted by Weber's
law.

also contain some horizontal and vertical frequencies, besides their diagonalefquencies. Although
it is true that the human visual system is less sensitive to diagonal frequencigeshe presence of the
other frequencies cause the visibility of the diagonal watermarks to be comparablto the visibility
of the horizontal watermark. Therefore, the proper strength for the diagonal watermarks will be
between one and two times the strength of the horizontal watermark.

Experiments with various settings of strength for the directional watermarks, tested on a num-
ber of video sequences, have shown that the strength factors 0.016, 0.032, 010énd 0.064 are
optimal for the vertical, horizontal, upper diagonal and lower diagonal watemark, respectively.

3.2 Luminance clipping

In the current watermark embedding algorithm, the maximum change L to the luminance value
L of a pixel in the target image does not depend on the actual luminance value of that pixel
The maximum change is always ve, no matter whether the pixel is dark or light. This is in
contradiction with a law of perception called Weber's law (see for example [} pp. 41-43), which
states that the minimum perceivable di erence between two stimuli is not constant but depends
on the intensity of the stimuli. For example, if in a room with ten candles you have to add one
candle to see a di erence in illumination, then you would have to add ten candles to a rom with
a hundred candles to see the same di erence in illumination. Adding ve candles to the rst room
is easy to detect, whereas adding ve candles to the second room might go unnoticed. Weber'satta
applied to luminance can be written as

L = kL (3.2)

where L is the di erence in intensity that will be detected 50% of the time, L is the intensity
of the stimulus, and k is a constant. The value of the constantk, called the Weber fraction, is
di erent for di erent sensory systems. It can be interpreted as the overall sensiivity of a sensory
system to di erence along a stimulus dimension such as weight, length or loudness.

Vision scientists have experimentally veri ed Weber's law for luminance, but found di erent
behaviour for extreme luminance values. It appears that the human visual systensiless sensitive to
di erences in very dark or very light stimuli than predicted by Weber's law. Figure 3.3 compares
Weber's law for luminance against a curve based on experimental data. Equatior8.2 can be
rewritten to re ect the di erent behaviour at extreme luminance values, as

L = k_L; (3.3)

where the Weber fraction k. is constant for most L, but increases towards extreme values of. .
In light of Weber's law, the watermark might become less visible when the raximum change to a
pixel is bounded not by a xed number, but depends on the luminance value of the pixel.
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Figure 3.4: (reproduced from [7]) The e ect of background luminance on the m aximum contrast of a just-
not-visible noise pattern. Zero luminance corresponds to a black tackground on a CRT display; a luminance
level of 100% corresponds to a white background on a CRT display At luminance levels around 30%, the
human visual system is most sensitive to noise patterns.

A good example of the experimentally veri ed Weber's law is found in the w-model é Bernd
Girod [7]. The w-model predicts whether a small impairment, superimposed on a deo signal, will
be visible. In this prediction, the w-model uses a model of the just-not-visible noise @ a function
of background luminance, as illustrated in gure 3.4. This function de nes how the maximum
change L to the luminance value of a pixel depends on the luminance value.

To adapt the implementation of the current watermarking algorithm to luminance clipping, two
of its modules must be modi ed: the watermark generator module and the watermark dpping
module (see appendix A for details on the modules of the current watermarking algathm).

The task of the watermark generator is to adapt a secret watermark patternW to the content
of an imagel . In the current watermarking algorithm, the output of the watermark generator
contains real numbers somewhere between -30 and +30. These numbers are clipped and rounded
to integer values in the range +5 to -5 by the watermark clipping module. To incorporate luminance
clipping, the new watermark generator normalizes the watermark by dividing the watermark values
by 5 and limiting them to real numbers in the range [ 1;1]. The normalized watermark is passed
to the new watermark clipping module. The clipping module multiplies the individual waterm ark
values by a luminance clipping factor that depends on the luminance value of the corresponding
pixel, and rounds the result to the nearest integer. The luminance clipping factors are otsdined
by sampling the function shown in gure 3.4 at the proper luminance values. They are isted in
table B.3 in appendix B. It is easy to verify that the new watermark generator and clipping module
will produce exactly the same watermark as the old modules when the luminance clippingattors
used in the clipping module are set to ve for all luminance values.

3.3 Conclusions

Informal viewing experiments indicate that the two solutions proposed in this chapter to reduce
the visibility of the watermark in still images are successful.
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Chapter 4

Pattern selection

Now that most of the watermark artifacts in still images have been remowed, the remaining artifacts
are motion related. In order to eliminate those artifacts too, one optionis to lower the energy of
the watermark in every moving part of a video sequence. However, much of a video sequence
might be moving, for example due to a movement of the camera, and this option wuld seriously
degrade the detectability of the watermark in that case. Since it is observed that the notion related
artifacts occur only in speci c patterns, it su ces to reduce the energy of the watermark only in
these speci ¢ patterns when they are in motion. This would adequately remove the motn related
watermark artifacts whilst minimizing the e ect upon watermark detectability . Therefore, pattern
selection is an essential part in the conversion of the current algorithm inb a motion sensitive
watermarking algorithm.

4.1 Pattern selection algorithms

Selecting patterns requires information about the patterns present in an image. Thignformation
could come directly from the values of the pixels of the image itself, or from grocessed version of
the image. In the current watermarking algorithm, two sources of pattern information are readily
available:

1. The luminance values of the pixels (the image itself)
2. The output of the four directional lIters

Besides these sources of pattern information, many processing algorithms couldelapplied to the
original image to obtain pattern information, for example:

3. Discrete Cosine Transformation (DCT)
Discrete Fourier Transformation (DFT)
Wavelet transformation

Texture segmentation

N oo o &

Neural networks
8. Models of the human visual system

Not all of these algorithms were candidates for further research in this project. Firstly, the al-
gorithms should be computationally simple. In the research stage, they shouldun in real-time
on a general-purpose multi-processor platform, and they should eventually run in relatime on a
special-purpose DSP-chip, such as the Philips TriMedia. State of the art algothms from the last
three categories are likely to exceed the available computational power considerabl Therefore,
algorithms 6, 7 and 8 were not an option for this project.

25



2001/825 no classi cation

Secondly, it takes time to investigate an algorithm in detail for its quality as a provider of
pattern information. This puts a limit on the number of algorithms that could be considered in
this project. Only two or three promising candidates could be selected for further invesgation
in order to be able to study them in su cient depth. Option 1, the luminance values of the
image, is not a promising source of pattern information and was therefore reicted. The Wavelet
transformation, although a very good candidate for pattern selection, was regcted because it would
require a signi cant amount of time to study the theory and become experienced with he method.

Options 2, 3 and 4 therefore remained as candidates for further research in this projeciThey
are discussed in sections 4.3 and 4.4.

4.2 Evaluation of selection algorithms

Before any of the pattern selection algorithms could be investigated, it wa necessary to de ne a
method of evaluation for the algorithms. The selection algorithms must meetthe requirement that

they select the same areas containing watermark artifacts that a human observewould select.
Therefore, probably the best evaluation method for the selection algorithms is @ determine the
amount that their selection masks match the selection mask as constructed by auman observer.
A problem with this method of evaluation is that it is almost impossible t o obtain a well-de ned

human selection mask of the areas in a video sequence that expose the watermarkhis is the case
because the watermark is only exposed when the video sequence is playing, and in a ptayivideo

sequence it is very di cult to pinpoint the exact location of the watermark artif acts in time and

space.

Another method of evaluation is visual comparison. With visual comparison, te selection of
the exposing areas made by an algorithm is visually compared by a human obser to the areas
that actually expose the watermark. This comparison is easy to perform usig a dual monitor
or split screen setup, and does not require human observers to construct a selection mask
visual representation of the boolean selection mask for a video sequence can be gamed to the
watermarked video sequence and a rating can be given to the selection algorithm. He algorithm
with the highest rating will be the preferred algorithm. A drawback of this evaluation method is,
that it is highly subjective and lacks scienti ¢ value.

To make the method of visual comparison less subjective, the comparison proceduomuld be
repeated using a number of observers. This evaluation method resembles a visibjlitest, which is
an evaluation method that is well-accepted among scientists. The ratings for edcalgorithm are
averaged over all observers, thus giving a more objective view on the quajitof the algorithms.

Although repeating the visual comparison using a number of observers would givéhe best
possible measure of quality for the algorithms, it was not used in this prgect. Instead, the visual
comparison method was used, employing only a single observer. The reason for tlulsoice was that
another visibility test was required in this project in order to evaluate the overall performance of
the newly developed watermarking algorithms. Due to the fact that only a smallgroup of observers
were available for visibility tests for a limited amount of time, it w as better to save this valuable
resource for the nal evaluation of the watermarking algorithms.

4.3 Pattern selection based on the directional lters

The current watermarking algorithm uses four directional lters (a horizontal | ter, a vertical Iter
and two diagonal Iters) to determine the appropriate local strength of the water mark. These four
Iters supply information about the frequencies in the image in four orientations. Pattern selection
based on the directional Iters uses the frequency information to select areas in an iage that are
likely to expose the watermark.

In chapter 1 it was reasoned that the watermark artifacts appear in areas cordining strong
spatial frequencies in one orientation, but weak spatial frequencies in the perpendiculasrientation.
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In terms of the directional lters, artifacts appear in areas where one of the directional lIters'
output is high, and the output of the Iter that is perpendicular to that direction is low.  For
example, the vertical Iter output is high and the horizontal lter output is low in the staircase in
the basketball sequence. Tests on the output of the directional Iters showed that the respose of
the horizontal lter is indeed often opposite to the response of the vertical Iter in horizontally or
vertically oriented areas with watermark artifacts. Therefore, it is possible to select problematic
areas using the horizontal and vertical Iter. However, the tests also indicated hat the response of
the diagonal lters is usually low and that the response of the lower diagonal Iter if often similar
to the response of the upper diagonal Iter in diagonally oriented areas with atifacts. Hence, the
diagonal lters were found to be less accurate in selecting problem areas and were excludédm
further research.

Based on the horizontal Iter output H and the vertical Iter output V, there are two obvious
ways to de ne a selection criterion S for the problematic areas in a video sequence:

1. Fixed thresholdsVy, V., Hy and Hy (V1 <Vo;Hp <H»):
S=[(V>Va)N"(H<H )] _ [(H>H )" (V <Vi)] (4.1)

Part of an image is selected when the vertical Iter is aboveV, and the horizontal Iter is
below H1, or when the horizontal lter is above H, and the vertical Iter is below V;.

2. Relative thresholds and ( > 1; > 1):
S=(V>H)_H>V) (4.2)

Part of an image is selected when the vertical lter is times higher than the horizontal
Iter or the horizontal lter is times higher than the vertical Iter.

Furthermore, the selection algorithms based on the output of the directional Iters can operate in
two modes:

Single pixel selection
Individual pixels are selected based on the values of the directional Iters for that pixel alone.

Block-based selection

Individual pixels are selected based on a statistical property of the values of thelirectional
Iters over a number of surrounding pixels.

The selection criteria and selection modes are discussed in more detail in the foWing paragraphs.

4.3.1 Single pixel selection

A single pixel selection algorithm operates as follows: for each pixel, & the value of the horizontal
and vertical lter; evaluate a selection criterion using the Iter values; if the sel ection criterion is
true, select the pixel, otherwise do not select the pixel.

In order to establish whether the xed threshold selection criterion and the relative threshold
selection criterion could be successfully employed in a selection algorithm, andtdetermine whether
appropriate values for their thresholds exist, both criteria were evaluated in Matlab on a small
number of frames from a few video sequences. For each frame, a selection mask wampoted
for each criterion by evaluating the corresponding selection expression for eagsixel in the frame.
Furthermore, several masks were computed using di erent threshold settings. The seleicin results
were visually compared to the watermarked video sequence to determine how well it mealhed the
artifacts in the sequence. It was found that the selection mask of the relative theshold criterion
poorly matched the problematic areas in the frames, irrespective of the seibgs for and

Therefore, only the xed threshold criterion from equation 4.1 was implemented ina module
for the Video Processing Pipeline. The module, callecselect Iter _p, evaluates (part of) the xed
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threshold selection criterion. The threshold valuesV,, V,, H; and H, can be adjusted and the new
selection can be viewed in real-time. Using the selectter _p module, the thresholds of the single
pixel selection algorithm were tuned using a large number of video sequences. Table &hows the
optimal threshold settings.

Threshold | Vi V, H; H»
Value 25 80 15 50

Table 4.1: Optimal threshold settings for the single pixel selection algaithm.

4.3.2 Block-based selection

A block-based selection algorithm operates as follows: for each pixel, compeia statistical property
of the values of the horizontal Iter and of the values of the vertical Iter over a s mall neighbourhood
of pixels; evaluate a selection criterion using the computed Iter properties; select he pixel if the
selection criterion is true, otherwise do not.

For the purposes of this project, a convenient neighbourhood of pixels is a block & 3 pixels.
It is su ciently small to be processed in real-time on the target platforms, and su ciently large to
be di erent from the single pixel selection algorithms. Another plausible neighlourhood of pixels
is a block of 3 1 pixels for the horizontal lter data, and a block of 1 3 pixels for the vertical
lter data. * A motivation for the latter choice of neighbourhood is given in the paragraph that
discusses this block size, later in this section.

The statistical property used must also be computationally simple. A ordable properties are:

Minimum
Maximum

Average

Median

Standard deviation

To determine which statistical property works best, these properties were appéd to several areas
in the rst frame of the basketball scene. Figure 4.1 illustrates which areas wre used. Table 4.2
contains the average value of the ve statistical properties over all 3 3 blocks in each of the nine
selected areas.

In problem areas with a horizontal structure (areas A, B and C in the gure and the leftmost
data in the table), the statistical properties of the vertical Iter are high a nd the statistical prop-
erties of the horizontal lter are low. In problem areas with a vertical struct ure (areas D, E and F
in the gure and the center data in the table), the vertical properties are low and the horizontal
properties are high. In areas with no watermark artifacts (areas G, H and lin the gure and the
rightmost data in the table), the horizontal and vertical properties are less extreme, except for
area H which seems to resemble a problem area with a horizontal structure.

From the data in table 4.2 it follows that all of the statistical proper ties are suitable to discrim-
inate problem areas from areas without artifacts, save for area H which nght be mistaken for a
problem area regardless of the property used. The values of the average, median and istiard de-
viation property are more pronounced than the values of the minimum and maximum. Therefore,
the average, median and standard deviation are preferred over the minimum and marium. It is
expected from the data in the table that a block-based selection algorithm will gerform equally
well, regardless of which of these three properties is used. Therefore, the averagethe property
of choice, since it is computationally cheapest.

1Throughout this report, block sizes are consequently menti oned as height width.
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Figure 4.1: Nine areas from the rst frame of the basketball sequence that wee used to test the statistical
properties. Areas A, B and C contain a horizontal structure that exposes the watermark; Areas D, E and
F contain a vertical structure that exposes the watermark; Areas G, H and | have no signi cant watermark

visibility problems.

| | v HJ] v HJ] Vv H
min 415 10| 60 140 36 38
max | 2055 12.2|| 42.9 173.9| 39.3 40.9

average || 123.5 58| 226 83.5| 19.0 20.1
median || 122.4 53| 214 752| 174 184

std 68.6 3.8|| 131 595| 122 132
min 123.3 5.0/ 121 16.5| 189 1.6
max 584.0 56.6|| 119.6 187.2| 138.6 21.0

average || 366.8 25.8|| 585 97.4| 769 9.8
median || 399.8 22.4| 54.8 94.8| 759 9.0

std 191.8 17.9|| 36.9 60.2|| 428 6.6
min 932 14 42 46.5| 152 56
max 423.7 20.8|| 55.7 351.2|| 140.3 64.8

average || 259.7 8.9| 25.7 201.9| 699 30.1
median || 263.8 8.0\ 23.1 213.1| 654 27.1
std 137.1 6.6|| 175 113.4| 435 20.3

Table 4.2: Average value of ve statistical properties over all 3 3 blocks in each of nine areas from the
rst frame of the basketball sequence. Areas A through | (see gure 4.1) are listed from top to bottom, left
to right.
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(a) Sample image data for a step-like structure (b) Sample image data for a single edge (left),
(left), and the vertical and horizontal Iter out- and the vertical and horizontal Iter output for
put for the image data (right). The average value the image data (right). The average value over
over the entire 3 3 block of vertical and hori- the entire 3 3 block of vertical and horizontal
zontal lter data is 6 and O, respectively. The lter data is 2 and O, respectively. The aver-
average value over a 1 3 block of vertical Iter age value over a 1 3 block of vertical lter data
data (dashed) is 6, and the average value over a (dashed) is 3, and the average value over a 3 1
3 1 block of horizontal Iter data (dashed) is O. block of horizontal Iter data (dashed) is 0.

Figure 4.2: lllustrative sample image data for two structures and the appropriate lter data. The edge in
(b) can be selected better by using a block size of 13, because it returns a higher average value than the
3 3 method. Both methods work equally well on the step-like stucture in (a).

Block size 3 3

A module called select Iter _b33 was written for the Video Processing Pipeline. The interface is
identical to the interface of the select lter _p module. The module accepts horizontal and vertical
Iter data of a video frame as input. For every pixel, it computes the average value d the lter
data over a 3 3 neighbourhood around the pixel. Next it decides which pixels to select using the
xed threshold selection criterion on the averaged data (again, the relative threshold criterion had
disappointing results in Matlab and was therefore not implemented). The selectio made by the
module was also tested on a large number of video sequences. The optimal threshokttsgs for
this module are listed in table 4.3.

Threshold | Vi Vo, H; H»
Value 40 95 20 75

Table 4.3: Optimal threshold settings for the 3 3 block-based selection algorithm.

Block size1 3/3 1

With 3 3 block-based selection methods, selection decisions are based on a&3heighbourhood of
Iter data, which in turn is based on a5 5 neighbourhood of image data. It has been found that a
block size of 3 3 works well for structures like the steps of the staircases of the basketbalkgjuences,
but performs less adequately for single sharp edges in the image. The 5 neighbourhoods around
these edges contain additional image data that does not belong to the edge and interfes with the
selection decision.

To eliminate this interference, a di erent block size is proposed: 3 1 pixels for the horizontal
Iter dataand 1 3 pixels for the vertical lter data. Using these block sizes, selection decisions Wi
be based on a 5 3 neighbourhood of image data for vertical structures and a 35 neighbourhood
of image data for horizontal structures. As a result, less of the interferingneighbourhood around
thin edges is taken into account in the selection decisions. This is illustrated ingure 4.2. From
this gure it is clear that when the 1 3 and 3 1 block size are used, the lIter averages will be
more pronounced for sharp edges and thus selection of sharp edges will improve.

A module called select lter _b13 was implemented for the Video Processing Pipeline. The
module is identical to the select Iter _b33 module, except for the block-size. For every pixel, it
computes the average value of the vertical Iter data over a 1 3 neighbourhood and the average

30 ¢ Philips Electronics N.V. 2005



no classi cation 2001/825

|
|| 0N
||
(a) 8-neighbours coherency: when a pixel is se- (b) 2-neighbours coherency: if both vertical
lected (black), select all eight neighbouring pixels neighbours (black, left) or both horizontal neigh-
(gray) as well. bours (black, right) are selected, select the cen-

tral pixel (gray) as well.

Figure 4.3: Two methods to increase the coherency of the initial selection.

value of the horizontal lter data over a 3 1 neighbourhood. Then, it decides which pixels to
select by applying the xed threshold selection criterion on the averaged data. Finaly, optimal
threshold settings for the module were determined using a large number of video sequencdhese
settings are listed in table 4.4.

Threshold | Vi V., H; H»
Value 25 100 10 70

Table 4.4: Optimal threshold settings for the 1 3 /3 1 block-based selection algorithm.

4.3.3 Improved coherency

The lter-based selection methods return a slightly broken selection mask for area where the lIter
values are close to the thresholds. Some of the pixels in these areas will meet thedexction criterion,
while others will not. The selection mask in these areas will also vary wih time, because the values
of the pixels will change slightly over time and the Iter output values might dr op just below or
rise just above threshold. In summary, the selection masks lack a certain ¢@rency over time and
space in close-to-threshold areas.

An easy way to improve the coherency of the selection is by adding pixels to the selectidhat
are (spatial) neighbours of already selected pixels. This turns the lter-based sele@n methods
into a two-step process: rst, select pixels based on any of the criteria discussechithe previous
paragraphs; next, expand the initial selection by adding neighbouring pixels to the sa&ction. For
the second step, new selection criteria have been investigated, which are illustratl in gure 4.3.
Other selection criteria to select neighbouring pixels have been tested as well, but expenents and
visual inspection of the results have shown that the two methods in gure 4.3 most successfully
increase the coherency of the initial selection.

4.4 Pattern selection based on the
DCT and DFT transformations

Instead of selecting patterns based on lIter data, the selection algorithm can be equiped with a
DCT or DFT transformation to obtain information about the patterns and structures in an image.
These transformations divide an image into non-overlapping blocks of equal sé, and transform
each block into coe cients that correspond with several spatial frequencies at sesral orientations?.
The total number of frequency coe cients of a transformed block is equal to the number of pixels
per block in the spatial domain.

2See [11] for more details on the DCT and DFT transformation
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The de nition of the problem areas, given in chapter 1, can be translated to the freqency
coe cients of the DCT and DFT transformations as follows:

If there is a strong horizontal structure present in the block of the image, the majority of the
energy of the transformed block will reside in the vertical frequency coe cients.

If the block contains a strong vertical structure, the majority of the energy of the transformed
block will reside in the horizontal frequency coe cients

If the block contains a strong diagonal structure, the majority of the energy ofthe transformed
block will reside in the corresponding diagonal frequency coe cients.

If one group of related frequency coe cients in the transformed block has a large enount of energy,
and no other group of related frequency coe cients contains a comparable amount of energythe
pattern in the block is susceptible to watermark exposure. Hence, pattern selection ecabe based
on the DCT or DFT transformation by subdividing a transformed block of i mage data into several
groups of coe cients, such as the horizontal, vertical and diagonal coe cients, computing the
total energy present in the coe cients of each group and evaluating a selection criteion over these
energy levels.

As with lter based selection (section 4.3), two straightforward selection criteria are de ned for
DCT and DFT based selection:

1. Fixed thresholdsL and H: a block is selected if the energy in one group of coe cients is
greater than H, and the energy of all other groups is less tharl.

2. Relative threshold (0 1): a block is selected if the energy in one group of coe cients
is greater than times the total energy present in all groups.

Both selection criteria will be evaluated in section 4.4.1.

A small obstacle in the use of the DCT or DFT transformation in pattern selection is that
the entire watermarking algorithm might exceed the computational power avalable on the target
platforms. The algorithm would be computationally less expensive if it only required the DCT or
DFT transformation, or if it only required the directional Iters. Additional ly, the watermarking
algorithm would be slightly more elegant if pattern selection was based o the same operation
as the computation of W, . Therefore, some time was spent on experiments aimed at substitut-
ing the directional Iters in the computation of W, with the DCT or the DFT transformation.
Unfortunately, these attempts were not successful and this line of research was abanded.

Another disadvantage of the DCT and DFT transformation is that they do not gi ve frequency
information for individual pixels, but only for the blocks of the transforma tion as a whole. Con-
sequently, selection methods based on these transformations will not be able teelect individual
pixels but only entire blocks. Of course, a block size of 11 can be chosen to be able to select
single pixels, but then the transformed block would also contain only a singldrequency coe cient,
and no useful pattern information can be derived from it. Although on the other hand choosing a
large size for the transformation blocks would give many frequency coe ciets, it would also result
in little spatial accuracy of the frequency information. During experiments with selection methods
based on the DCT transformation, the trade-o in spatial accuracy and frequency accuray turned
out to be very signi cant in the quality of the selection method. It led to rather di sappointing
results, and therefore no selection methods based on the DFT transformation haveeen investi-
gated, since they would su er from the same limitation in accuracy and would not provide a better
selection.

4.4.1 DCT based selection

An obvious choice for the size of the blocks used in the DCT transformationis 8 8. It is the
most common block size and is used in MPEG video compression and many other apgditions.
Since the use of the 8 8 DCT transformation is so widespread, many fast algorithms exist (sedor
example [10]). Blocks of 8 by 8 turned out to be rather large for pattern sedction and a smaller
block size would be better. Since the DCT transformation can be highly optimzed for square
blocks with a size that is a power of two, the next best choice is a block sizefa 4.
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m
|
(a) Optimal grouping fora 8 8 DCT block. (b) Optimal grouping for a4 4 DCT block.

Figure 4.4: Optimal grouping of the frequency coe cients. There are three g roups: horizontal coe cients
(black), vertical coe cients (dark grey) and other coe cients  (light gray). The DC coe cient (white) is
not included in any of the groups.

Block size 8 8

The 8 8 DCT-based selection algorithm operates as follows: an image is dividedhi8 8 non-
overlapping blocks, and these are transformed to frequency coe cients using a two-diransional
DCT algorithm. Next, the frequency coe cients are grouped and the energy in every grap is cal-
culated. A block is selected when the distribution of energy over the groups meets a predetermed
selection criterion.

Several Matlab experiments were done to determine which grouping of frequency coe cients
and which selection criterion would perform best. It was found that the grouping of frequency
coe cients illustrated in gure 4.4(a), in combination with the relative t hreshold criterion with

= 0:4 performed best. The frequency coe cients are divided into three groups: the horizonl
coe cients, the vertical coe cients and the remaining coe cients. The DC coe cientis ig nored.

Even at these optimal settings, the selection mask computed by this selection methbis very
poor: it is coarse, it contains many pixels that do not expose the watermarkand many pixels that
do expose the watermark are not selected. The poor quality of the selection can Hally attributed
to the block size and the xed block grid. The xed block grid prevents blocks from being neatly
aligned with features in the image that expose the watermark, and as the bldcs are rather large
with respect to the exposing features, many blocks that contain such a featurevill also contain
‘neutral' pixels. These neutral pixels soften the frequency coe cients of the transformed block and
prohibit a clear selection of the exposing feature.

Notwithstanding the poor results, the algorithm was implemented in a module br the Video
Processing Pipeline, callecselectdct, because such a module would allow for real-time adjustments
to the threshold setting and a thorough evaluation of the selection algorithm o a large number of
video sequences. Proper tuning of the coe cient grouping and the threshold setting might pasibly
elevate the selection method to a reasonable level of quality. Moreover, impleméng the algorithm
would require little e ort, as very fast implementations of the 8 8 DCT transformation in C are
readily available.

Unfortunately, extensive experiments and tests with the selectdct module showed no signi cant
improvement in the quality of the selection.

Block size 4 4

The operation of the 4 4 DCT-based selection algorithm is identical to the 8 8 DCT-based
selection algorithm, except that the DCT is computed on a block size of 4 4. New experiments in
Matlab were performed to nd the best grouping and the best selection criterion. The grouping
illustrated in gure 4.4(b) together with the relative threshold selection cri terion at = 0:6
performed best. Yet even with optimal settings, the problems experienced with the 88 DCT-
based selection algorithm, that were caused by the xed block grid and the large ldck size, are
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persistent in the 4 4 DCT-based selection algorithm. Further research into the selection methods
based on the 4 4 DCT transformation was considered futile and therefore not pursued any further.

4.5 Comparison of selection algorithms
The following selection algorithms have been de ned in the previous paragraphs:
Selection based on the directional lters

{ Single pixel selection
{ Block-based selection, block size 33
{ Block-based selection, block size 13/3 1

Selection based on the DCT transformation

{ 8 8 blocks
{ 4 4 blocks

Each selection method based on the directional Iter has three variants: without acorrection for
coherency, with coherency correction on 2 neighbours and with coherency correction on 8 neigh-
bours. To give an impression of the selection masks computed by the selectiofgarithms, gure 4.5
shows the selection mask of each algorithm for the rst frame of the basketblh sequence® The
quality of the selection masks of the di erent selection methods has been evaluatedybjudging
the selection masks and their e ect on watermark artifacts on a number of video squences. This
evaluation led to the following conclusions:

The 8-neighbours coherency correction makes the selection mask of the directional Iter
methods too wide.

The selection mask of the directional Iter methods without coherency correction usually
contains only a small number of the pixels that expose the watermark.

The selection mask of the 8 8 DCT selection method is very coarse and frequently contains
many parts of an image that are not susceptible to watermark exposure.

The coarseness of the selection mask of the 41 DCT selection method is improved over the
8 8 DCT selection method, but it still misses most of the ne details that contain watermark
artifacts.

The selection masks of the methods that use the 2-neighbours coherency correction are sujpr
among the selection methods that are based on the directional Iters. The selection méiod with 2-
neighbours coherency correction that uses 13/3 1 blocks visually seems to yield the best selection
mask.

4.6 Conclusions

Several pattern selection methods have been reviewed in this chapter. From the candidate eth-
ods, the method based on the directional Iters that uses the 1 3/3 1 blocks with 2-neighbours
coherency correction has proven to be the best method.

Based on the research into the pattern selection methods, two nal observations tsould be
made:

3Please note that this gure is only included in this report to give an impression of the selection masks of the
di erent selection methods. The quality of the methods is no t determined solely by this mask. Their performance
should be judged over a large number of video sequences viewed in real-time.
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Selection methods based on the directional lters

single pixel

incoherent 2-coherent 8-coherent
3 3 blocks

incoherent 2-coherent 8-coherent

1 3/3 1 blocks

incoherent 2-coherent 8-coherent

Selection methods based on the DCT transformation

8 8 DCT 4 4 DCT

Figure 4.5: Impression of the selection masks computed by the dierent sdection methods on the rst
frame of the basketball sequence. White pixels are selected ldck pixels are not selected.
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Excluding the diagonal lters from the pattern selection algorithms based on the directional

Iters has some e ect on the quality of the selection. For example, diagonally orented areas
with artifacts are selected only to a small extent by the suggested selectionlgorithms. It is

likely that some of the watermark artifacts will remain visible in dia gonal patterns. This is
not a big issue, as these artifacts are mostly very minor.

A problem that is inherent to all selection methods is that they make two mistakes:

{ Select areas of a video sequence that do not expose the watermark
{ Do not select areas of a video sequence that do expose the watermark

These two mistakes are inevitable, because the selection criterion must be keptrsple, and
there is no simple criterion that fully discriminates exposing areas from non-expsing areas.
The human eye remains the only instrument that can do that job.
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Chapter 5

Motion estimation

As suggested in the preliminary report [11] of this research project, the Y-prediabn block-matcher
algorithm [5] was selected in this project to extract motion information from a video sequence. This
chapter explains the algorithm and discusses the implementation of the algorithm

5.1 Preprocessing for motion estimation

The Y-prediction block-matcher estimates the motion between two successive elds of aideo
sequence. In order to do so, it must compare pixels between the two elds, but this presents a
problem when the video sequence contains interlaced elds. One of the elds will be an even eld,
containing lines that belong to even vertical positions, and one of the elds will ke an odd eld,
containing lines that belong to odd vertical positions. Therefore, a correct compaison between
pixels of successive elds in an interlaced video sequence is not possible, and it would lmcorrect to
let the motion estimator operate directly on interlaced video sequence. Some kindfgreprocessing
is required to make it possible to compare pixels in even elds with pixels in oddelds.

An operation called line averaging is a common preprocessing operation to make an interlaced
video sequence suitable for motion estimation. The line averaging operationeplaces each line in
the even eld of a frame by a weighted average of that line and its preceding line, andtireplaces
each line in the odd eld of a frame by a weighted average of that line and the nextine. The e ect
of this operation is that the vertical positions of the lines in the odd elds become identical to the
vertical positions of the lines in the even elds.

The line averaging operation can be written as two linear lItering operations. The Iter kernel
for the even elds Fe and the Iter kernel for the odd elds F, are

Fo= 5 /A: Fo= 5 /4 (5.1)

The e ect of these two Iters on the lines of successive frames of an interlaced videoeguence is
illustrated in gure 5.1. When the elds have been ltered, the vertical positions of the lines in the
even eld of a frame are slightly raised. The vertical positions of the evenihes have changed from
f0;2;4;6;:::g to f0; 1:5;3:5;5:5;:::9. The rst line of the even eld can not be raised, because
it has no preceding line. Therefore, it remains at its original position. The verticd positions of
the lines in the odd eld of a frame are slightly lowered. The vertical positions of the odd lines
have changed fromf1;3;5;7;:::g to f1.5;3:5;5:5;7:5;:::9. The last line of the odd eld can not
be lowered, because it has no next line. It too remains at its original position.

After line averaging, the even eld and the odd eld both contain lines at vertical p ositions
f 1.:5; 3:5;5:5; 7:5; : : :9. Therefore, it is possible to compare pixels of successive elds of an interlaced
video sequence after line averaging.
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(a) Lines from the even eld (left) (b) Lines from the even eld (left)
and the odd eld (right) before line and the odd eld (right) after line
averaging. averaging.

Figure 5.1: Averaging the lines of successive elds of an interlaced video squence moves them to identical
vertical positions.

5.2 The Y-prediction block-matcher

When the Y-prediction block-matcher estimates motion vectors D(X;t) between two successive
elds in a video sequence, it divides the eld at time t, called the current eld, into non-overlapping
blocks B (X) at positions X = (XX;Xy)T that are By pixels in width and By pixels in height. For
each block in the current eld, the motion estimator searches for the most simliar block of pixels in
the eld attime t+ T, which is called the reference eld. The horizontal and vertical displacement
between the current block and the most similar block of pixels in the reference eld de ne he
motion vector for the current block. To nd the most similar block, the moti on estimator could
calculate the similarity between the current block and a block of pixels in the reérence eld over
all possible displacements. This guarantees that the most similar block isound, but only at the
price of great computational cost.

5.2.1 Candidate vectors

The Y-prediction block-matcher is a very cost-e ective design and does not search forite most
similar block over all possible displacements. Instead, it exploits two fats about motion in video
sequences to quickly nd a very similar block of pixels in the reference eld:

1. Moving objects in a video sequence are generally larger than the blocks used in tmeotion
estimation (By Bw).

2. As objects in real life have inertia, the motion of the objects in a video squence will be more
or less linear over a small number of elds.

According to the rst fact, very likely motion vectors for the current block are the motion vectors
of its surrounding blocks. The surrounding blocks will most probably belong to thesame object
and have the same motion. According to the second fact, another very likely motiorvector for the
current block is the motion vector of the same block in the previous eld. Both blocks will belong
to the same object, and the motion of the object will not have changed much fronthe previous
eld to the current eld. The Y-prediction block-matcher uses these facts to its advantage by
de ning a set of candidate vectors CS(Xt) for the block B (X)

Bw
Bh

E”W;t;DX 0;tT
Bh

CS(X;t)= D X -~

't ;D X
(5.2)

[f C2CS™ jC=Ug

The rst candidate vector is the motion vector from the upper-left neighbour of the curr ent block,
the second candidate vector is the motion vector of the upper-right neighbour of the curent block,
and the third candidate vector is the motion vector of the block that is two blocks down from
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(@) The Y-prediction block-
matcher estimates motion vec-
tors for half of the blocks (gray)
and interpolates the motion
vectors for the other half of the
blocks (white). The blocks are
processed from left to right, top
to bottom.

(b) Relative position of the
current block (black) and the

blocks from which the predic-

tion vectors are taken. The es-
timator uses two spatial pre-
diction vectors from two blocks
(gray) in the current eld, one

(c) The error function is eval-

uated over a block, twice the
width of the basic blocks. The
error function computes the

sum of absolute dierences
over a sub-sampled grid of pix-
els (the black pixels in the in-

spatio-temporal prediction vec- set).
tor from the block (dashed) in
the previous eld.

Figure 5.2: Three modi cations make the Y-prediction block matcher a very cost-e ective motion estima-
tor.

the current block in the previous eld. Figure 5.2(b) illustrates the relative po sitions of these
neighbouring blocks, which provided the Y-prediction block-matcher its name. The reaon why
the rst three candidate vectors are taken from these spatial and spatio-tempor neighbours is
explained in [5]. The fourth candidate vector, U, is de ned as

8

3D X BW .t 4LUT(Ng modp); Ng mod2=0
Bh

3 D X 2" it +LUT(Ns modp); Ns mod2=1
H

where LUT is a look-up table containing the update vectors
. 6.0, 0,0, 0,2 1 3. 3 .
LUT=" 9 i1 1927 290 0g+0' 0o ° (5.4)

Ng is a block counter that is incremented as the blocks are processed from left to fi, top to
bottom, and p is the size of the look-up table. The candidate vector Uis only included in the set
of candidate vectors CS(Xt) in equation 5.2 if it is member of the candidate set C3#*:

cs™=fCj N C N, M C, Mg (5.5)

whereN and M are the maximum horizontal and vertical displacement.

5.2.2 Error function

The Y-prediction block-matcher yields a motion vector D(X;t) chosen from the candidate set
CS(X;t) for the block B (X), such that it minimizes the error function

E(C;X;t) = jreGt)  1(x
X2Bsw (X)

C;t+ T)j; (5.6)

where | (x;t) represents the luminance value of the pixel at position x= (x;y)T in the eld at
time t of the video sequence. The error function computes the sum of absolute di erences over the
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pixels of a sub-sampled wide blockB,(X) de ned as
Baw(X)=fxjXx Bw X Xx+ Bw;
Xy Bu=2 y Xy+Bu=2 (5.7)
(x+2y)mod 4=0 g:

The evaluation of the error function over this sub-sampled grid of pixels, illustated in gure 5.2(c),
achieves considerable savings in the computational cost of the motion estimatn algorithm.

5.2.3 Interpolating between blocks

To further reduce the computational cost, the Y-prediction block-matcher estimates a mdion
vector for only half of the blocks in a eld, and interpolates a motion vector for the remaining
blocks. The blocks for which a motion vector is estimated are arranged ira quincunx pattern, as
illustrated in gure 5.2(a). For blocks for which no motion vector is estimated, a motion vector
D(X;t) is interpolated as

D(X:t)= med D X Bgv 4 D X+ BOW o ROGH) (5.8)
with
o 1 0o . 0o .
RXi= 5 D X g 5t +D X+ o it (5.9)
and
(5.10)
med[X;v;z]= MediaN(Xx; Yo Zc) (5.11)

median(Xy; Yy;Zy)

Thus, a motion vector is interpolated by taking the median vector from a set of three vectors:
the motion vector from the left neighbour, the motion vector from the right neighbour, and the
average of the vectors from the upper and lower neighbours.

5.3 Implementation

In the implementation of the Y-prediction block-matcher, a separateline-averagemodule takes care
of the preprocessing of the elds and passes the averaged lines to tmotion estimation module.
The motion estimation module collects two successive elds from the line-averagmodule. It stores
them in memory and computes the motion vectors between the elds according to the descriptio
of the Y-prediction block-matcher above. It stores the resulting motion vectorsin a motion vector
bu er. Next, the motion estimator removes the oldest eld from memory, collects the next eld
from the line-average module and stores it in memory Again, the motion vectos between the two
elds in memory are computed and stored in a motion vector bu er. When two motion vector
bu ers have been lled with motion vectors, the motion estimator module writ es them to the
output, and restarts the motion estimation procedure by removing the oldest eld from memory,
collecting the next one and storing it in memory.

During the implementation of the motion estimator, some decisions had to mae regarding the
initialization of the motion estimator, how to handle blocks at the edges ofthe image, the accuracy
of the motion vectors and the size of the search area. These decisions are explairsati motivated
in the following paragraphs.
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5.3.1 Initialization

The Y-prediction block matcher computes four candidate motion vectors for each blockand de-
termines which of these candidate vectors best matches the actual motion of that blck. One of
those four candidate vectors is a vector from a neighbouring block in the previous el. However,
there does not exist a previous eld when the motion estimator is started. The orignal article
does not specify what to do when the spatio-temporal prediction vector is not availlle. There are
three options:

Ignore the spatio-temporal prediction vector and use a candidate set of only three veots.
Replace the spatio-temporal prediction vector with a xed vector, for example the zep-vector.
Replace the spatio-temporal prediction vector with a random vector

The second option can be easily justi ed: if the previous motion is unknown, the mostnatural
assumption is that there was no motion. This option is also most e cient in i mplementation.

5.3.2 Edge eects

Blocks on the edges of a eld have the same problem as blocks in the rst eld: one or rore of the
neighbouring blocks from which a candidate vector is taken is not available. Toavoid these edge
e ects and simplify the implementation of the motion estimator, the blocks in the two top and
bottom rows, as well as the blocks in the two left and right columns, are Kipped in the estimation
of motion vectors. The motion estimator always assigns the zero-vectora those blocks. For the
interior blocks, all neighbouring blocks from which candidate vectors are &ken exist.

5.3.3 Motion vector accuracy

The Y-prediction block matcher automatically delivers motion vectors with sub-pixel accuracy,
due to the interpolation of motion vectors between blocks. In equation 5.9 the average of the
motion vectors from the blocks above and below the current block is used in theomputation of
the interpolated motion vector. Averaging the two vectors will automati cally result in sub-pixel
accuracy for the motion vectors.

Although sub-pixel accuracy is often very useful, it also complicates the storage ofmotion
vectors and the computation of the error function. To keep the motion estimator smple, the
average of the two motion vectors was therefore always rounded to the neareshteger in this
implementation of the motion estimator. As a result, the motion estimator is less accurate but
much simpler to implement and faster in execution.

5.3.4 Maximum displacement range

The motion vectors returned by the motion estimator are limited to the maximum candidate
set CS" de ned in equation 5.5. The article on the Y-prediction block-matcher usesN = 16
and M = 10 in equation 5.5 to limit the maximum displacement range of the motion vectors.
However, a more recent study of motion vectors in broadcast video [1] suggesthdt the horizontal
component of motion vectors in general broadcast video ranges from -32 to +32, anthat the
vertical component of motion vector ranges from -16 to +16. ThereforeN =32 and M = 16 were
used in the implementation of the Y-prediction block-matcher for this project.
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Chapter 6

Motion adaptation

The central part of the motion sensitive watermarking algorithm is the motion adaptation module,
which combines the selection mask from the pattern selector and the motion vectorérom the
motion estimator and uses them to adjust the local strength of the original waermark. The amount
by which the local strength should be adjusted depends on the motion velocity. Thischapter
explains how motion a ects the visibility of the watermark, and discusses the mplementation of
the motion adaption module.

6.1 Relationship between motion and visibility

It has been established from literature on the perception of motion [2] and fron inspection of

the watermark in video sequences that the relationship between the motion of an olect and the

visibility of the watermark in the object is shaped according to the curve in gure 6.1. When the
object is at rest, the visibility of the watermark in the object is normal. When the object moves
at a small velocity, the visibility of the watermark sharply increases to a level high above normal
visibility. It remains high until the object moves so fast that the eyes can no longer track the

object or keep it in good focus. From that point onward, the visibility of the watermark decreases
towards zero visibility. Exact data on this curve could not be found in literat ure, nor could it be

established whether thedirection of the motion is of in uence on the visibility of the watermark.

6.1.1 Experiment

An experiment was carried out to obtain exact data on the relationship between méon and
the visibility of the watermark. For the purpose of this experiment, a module called block was
implemented for the Video Processing Pipeline. It generates a video sequence portrayiragblock
that moves over the screen and bounces of the edges of the screen. The user can de ne the
background that the module should use to generate the frames of the video sequence, as wadl
the content of the block. At run-time, the horizontal and vertical speed of the block can be adjusted.
The block module generates frames containing the selected background, and adds a blockiwihe
speci ed content to each frame. A watermark was embedded in the video sequence generated
by the block module by connecting it to the modules of the current watermarking algoithm, as
illustrated in gure A in appendix A.

In the experiment, the block module generated a block, with the pattern illustrated in g-
ure 6.2, on a uniform background. The block moved either horizontally or verticdly at a certain
velocity. The strength of the watermark was varied until the block was indistinguishable from an
unwatermarked block, that was moving in parallel with the watermarked block in the other half
of a split screen. Figure 6.3 illustrates the maximum strength of the four directonal watermark
patterns as a function of velocity, for horizontal and vertical motion. From the graphs in gure 6.3
it is evident that the behaviour of the global strength is much like the model in g ure 6.1 predicted,
as watermark visibility and global strength are inversely related. Furthermore, it is clear that the
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Figure 6.3: Maximum global strength of the four directional watermark patt erns as a function of velocity
for horizontal and vertical motion. No data was collected for velocities above 23 pixels per eld, except
for v=32, because it was very di cult to determine the correct strength for the watermarks at such high
velocities. From v=23, the graphs are interpolated to the data at v=32 to give an impression of the maximum
global strength at high velocities.
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direction of motion, either horizontal or vertical, is of negligible in uence on the maximum global
strength of the watermark. However, it was observed that thenature of the watermark artifacts
depends on the angle between the orientation of the pattern and the direction of the mion. When
the orientation of the pattern and the direction of the motion are aligned, the watermark appears
as a “dirty window'. When the pattern and the motion are at an angle of 90, the watermark looks
like a “drizzly rain'. This di erence might give cause for further investigati on into motion artifacts.

Another observation during the experiment was that the visibility of the waterm ark in the block
was slightly higher for a short period immediately after the block had bounced 6 an edge of the
screen. No convincing explanation for this phenomenon has been found, but it most likely hasot
do with the tracking of the block by the eye (the smooth pursuit eye movementsmentioned in the
preliminary report). When the block bounces, the eye needs a brief moment to catch up wit it.
It is believed that during this instant the eye focusses on the watermark instead 6on the block,
until it regains its lock on the block.

6.1.2 Motion adaptation factors

Motion adaptation factors have been derived from the data presented in gure 6.3 The adaptation
factors, illustrated in gure 6.4, determine how much the watermark of the current watermarking
algorithm will be adjusted to the motion in a video sequence, according to the equatin

8
< Wi(x) FIIMX)j ] if S(x);

Wlo(x) = (6.1)
W, (X); otherwise

where W(x) is the watermark after motion adaptation for the pixel at position x in the image I,
W, (x) is the watermark at position x computed for the image| by the current watermarking
algorithm, F is the motion adaptation factor as a function of velocity, jM (x)j is the velocity of the
motion at position x, and S(x) is true if the pixel at position x is selected by the pattern selector.

The adaptation factor for zero velocity is 1, which means that the current watermark remains
una ected in parts of a video sequence that are at rest. At slow velocities, the adapttion factor is 0
and the current watermark is entirely suppressed. The adaptation factor increases wh increasing
velocity, so more of the current watermark is preserved. The adaptation factos never exceed 1 to
avoid exposure of the watermark in still images.

[
T

Adaptation factor
o
a
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Figure 6.4: Motion adaptation factors. If a pixel is selected by the pattern selector, the watermark of the
current watermarking algorithm in that pixel will be multiplie d with the adaptation factor that corresponds
with the motion of the pixel. The adaptation factor for zero ve locity is 1, which means that the current
watermark remains una ected in parts of a video sequence that are at rest. At slow velocities, the adaptation
factor is 0 and the current watermark is entirely suppressed. The adaptation factor increases with increasing
velocity, so more of the current watermark is preserved. The adaptation factors never exceed 1 to avoid
exposure of the watermark in still images.
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6.2 Implementation of motion adaptation module

Equation 6.1, including the motion adaptation factors found in the previous paragraph, have been
implemented in a module for the Video Processing Pipeline. The module, callethotionadapt, has
three inputs: the normalized watermark computed by the current watermarking algoiithm (W, (x)),
a selection mask from a pattern selector $(x)), and motion vectors from the Y-prediction block-
matcher (M (x)). The module evaluates equation 6.1 for every pixel in the frame, and writes the
motion adapted watermark (W2(x)) to the output.

6.3 Remarks

The following concluding remarks should be made:

The data on the relationship between motion and the visibility of the watermark, found
with the block experiment, is a solid basis for motion adaptation. Howeer, it may need
further re nement by extensive tests of the motion sensitive watermarking algaithm on a
large number of di erent video sequences.

The direction of motion was assumed to be of no in uence on the visibility of the vatermark.
However, the nature of the watermark artifacts was di erent when the direction of the mo-
tion changed, with respect to the orientation of the watermarked pattern. Possibly, more
watermark energy could be preserved when direction is also taken into account.

It was noticed during the experiment with the block that the visibility of the wa termark
changed when the block bounced of the edge of the screen. It was argued that this might
have something to do with the tracking of the block by the eye, which is interrupted for a
brief moment when the block bounces. Consequently, other temporal changes in the direcin
or the velocity of the motion could also be of in uence on the visibility of the watermark.
For example, acceleration might be a factor, because it disturbs the tracking ban object by
the eye. However, it is not easy obtaining acceleration information from a videcssequence,
nor is it easy to measure the impact of acceleration on the visibility of the waermark.
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Chapter 7
Visibility test

For a proper evaluation of the new watermarking algorithms, their quality must be compared to
the quality of the current watermarking algorithm. An important aspect o f the quality of a water-
marking algorithm is the (in)visibility of the watermark it generates. T o measure the visibility of
the watermark, a visibility test was held.

7.1 Setup of the visibility test

The test method selected for the watermark visibility test is the forced choice p&ed compari-
son without repetition [3]. In such a test, two versions of the same video equence are shown to
an observer. Each version of the video sequence is watermarked using a di erent waimarking
algorithm. The observer must vote for the version of his preference. The paired compson of
watermarking algorithms is repeated for every possible combination of wrmarking algorithms.
In this visibility test, 8 watermarking algorithms were tested using 4 video sequences. Hence, the
number of unique combinations of algorithms is §) = 8!=2!6! = 28 and the number of paired
comparisons per observer is 28 4 = 112. Although every observer votes for the same 112 paired
comparisons, the order in which the paired comparisons are presented is randomizeeipobserver.

7.1.1 Algorithms

The watermarking algorithms that were evaluated in the visibility test ar e listed in table 7.1. Each
algorithm has a unique number which is used to refer to the algorithms in the stéstical analysis
of the test. Algorithm 0 is not a watermarking algorithm, but simply the or iginal, unwatermarked
version of a video sequence. Algorithm 1 is the current watermarking algorithm.Algorithms 0 and
1 are the reference watermarking algorithms, and ideally the watermark of theother watermarking
algorithms is as robust as the watermark of algorithm 1, and as invidble as the "watermark' of
algorithm 0.

Algorithm | Watermarked  Depth  Luminance Motion
setting clipping compensation
0 no - - -
1 yes medium no no
2 yes soft no no
3 yes medium yes no
4 yes medium no yes
5 yes soft yes no
6 yes hard yes no
7 yes hard yes yes

Table 7.1: The algorithms that were evaluated in the visibility test. D epth settings are listed in table 7.2.
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| depth setting [V H U L [ luminance clipping |
soft 0.016 0.032 0.064 0.064 soft
medium 0.025 0.025 0.050 0.050 soft
hard 0.032 0.064 0.064 0.064 hard

Table 7.2: The depths settings used in the algorithms. The numbers in the \/ H, U and L columns specify
the global depth factor for the vertical, horizontal, upper diagonal and lower diagonal components of the
watermark, respectively. The appropriate settings of the luminance clipping module are listed in table B.3
in appendix B.

Algorithms 2, 3 and 4 are constructed from algorithm 1 by changing only a sinte element of
algorithm 1. Algorithm 2 uses the improved depth settings, algorithm 3 uses lunmance clipping,
and algorithm 4 employs motion compensation. These algorithms served to meare the e ect of
the individual improvements on the visibility and robustness of the watermark.

Algorithm 5 incorporates both improvements from chapter 3, visibility i n still images. It was
included in the visibility test to determine whether adding these two improvements to the current
watermarking algorithm would su ciently solve the “dirty window' problem, or whether the use of
motion compensation is justi ed. The algorithm was found not to be as robust to MPEG compres-
sion as algorithm 1, and therefore algorithm 6 was constructed. The parametersf algorithm 6,
i.e. the depth settings and the multiplication factors used for luminance clipping, wee tuned to
make the algorithm as robust as algorithm 1. The adjustments to the parameérs increased the
visibility of the watermark, as expected. However, the artifacts of algoithm 6 were di erent from
the artifacts of algorithm 1. Therefore, algorithm 6 was included in the visibility test in order to
determine which artifacts would be more acceptable to the observer. Finally, gjorithm 7 was in-
cluded in the test to determine how adding motion compensation to algorithm 6 wouldimprove the
visibility and robustness of its watermark. A description of the implementation of the algorithms
that were used in the visibility test is given in appendix A.

7.1.2 Test material

In preparation of the visibility test, a large number of video sequences were calcted. Noisy video
sequences were removed from the collection, because the noise could be mistaken fotenaark
artifacts and would therefore in uence the judgement on the visibility of the watermark. Next,
four sequences where watermark artifacts were highly visible were selected from thmllection of
video sequences. These video sequences were trimmed down to a fragment of one second that
contained the largest concentration of watermark artifacts. Figure 7.1 iows the rst and the last
frame of the four video sequences that were used in the visibility test: the “basketl sequence,
the “palm' sequence, the “ship' sequence and the “tree' sequence.

In the basketball sequence, the camera turns from left to right with increasing speed. Dring
camera motion, the watermark is clearly visible in several areas, such ashé upper part of the
screen and the steps of the staircases. In the palm sequence, the camera makes a slowiomofrom
left to right while slowly zooming into the scene. The watermark is rather transparent, but can
be seen best in the branch of the palm leaf lying on the ground, and sometimes in theass in the
lower left corner.

There is no camera motion in the ship sequence. In this sequence, the boat in the front mes
slowly up and down on the waves, and the boat in the back moves from left to ght. The watermark
is clearly visible in the edges and the at surfaces of the boat moving in the backgund. In the
tree sequence, the camera moves slightly from right to left. The watermark idi cult to see in
this sequence, but is exposed most along some of sharp black-and-white edges of the leawed
roots in the foreground of this scene.

initially, a fth sequence was included in the visibility te st, containing a scene of sh in an aquarium, but the
rst few test subjects had great trouble detecting any water mark artifacts in that sequence. Therefore, the fth
sequence was not shown to the remaining test subjects, and al | voting results on it were excluded from the nal
results.
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Figure 7.1: First and last frame from the four video sequences used in the vsibility test. From top to
bottom: the “basketball' sequence, the “palm' sequence, theship' sequence and the “tree' sequence. Only the
area inside the dashed frames was used in the split screen armagement of the visibility test.
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Only the luminance component of the sequences was used, for two reasons. First, the chrem
nance component is less relevant, because the watermarking algorithms only ode on the lumi-
nance component and leave the chrominance component unchanged. Second, it was noted during
experiments that the presence of the chrominance component sometimes reduced the visibyiliof
the watermark artifacts. The intention of the visibility test was to det ermine the quality of the
watermarking algorithms under the most unfavourable conditions. Therefore, the chominance
component of the video sequences was ignored throughout the visibility test.

7.1.3 Randomization

The paired comparisons in the visibility test were randomized using the folloming procedure:

A list of all possible combinations of a video sequence and two watermarking gbrithms
was generated. The resulting list contained 112 entries consisting of one of foueguence
identi ers and two algorithm numbers.

For every entry in this list, the order of the algorithms was randomized.

For every subject in the visibility test, the order of the entries in the list was randomized
and a unique visibility test script was generated.

The generated scripts control the automatic voting program that is used in the \vsibility test.

7.1.4 Detection task

Two video sequences are presented simultaneously to the test subject in a split screen angement.
The dashed frames in gure 7.1 illustrate which half of each video sequence is shown the split
screen arrangement. The observer is allowed to compare both video sequences for an oniléd
amount of time. He is asked to vote for the video sequence of his preference.

7.1.5 Room setup

The visibility test was held in a blind room, and lights were dimmed or turned o to avoid re ections

from objects in the room on the monitor, which might be mistaken for a dationary watermark
pattern. A professional high-de nition television (HD-TV) monitor was used. The test subjects
were allowed to sit at any distance from the monitor.

7.1.6 Test subjects

The document on the forced choice paired comparison method [3] prescribes that at leafteen ob-
servers should be used to obtain statistically signi cant results. Therefore,seventeen test subjects
were selected from two groups: people who work with video watermarks on a dgilbasis (experts)
and people who have no particular prior experience with video watermarks (non-exper}s All
experts were member of the watermarking group.

7.1.7 Instructions

All subjects, either expert or non-expert, received the same instructions during a short eample
visibility test session, which was held prior to the actual visibility test. In the example visibility test
session, all four video sequences were shown to the test subject, using the original, watermarked
version and the version watermarked by the current watermarking algorithm For each video
sequence, the subject was informed about the problem areas in that speci c video sequence, as
well as the possible artifacts that could appear.

The test subject were told that the detection tasks they were about to see in the realisibility
test would always contain two di erent versions of the same video sequence, and thdoth versions
might contain a watermark, or one of them could be the original, unwatermaked version. The test
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subjects were instructed to vote for the video sequence of their preference, or to arbitrdy select
either version of the video sequence in case of doubt. They were not told how many detection
tasks they would have to do, nor were they told that the time they spend on each detectin task
would be recorded.

7.1.8 \Voting

Subjects voted using a voting program that records the vote on each detection taskral automati-
cally proceeds to the next detection task after each vote. The test subjects were trainetb use the
voting program during the example visibility test. Although no supervision was required during
the actual visibility test, assistance to the test subject was always proviled, for three reasons: to
answer any questions the test subjects might have, to observe their interaction ith the voting
program, and to study their voting behaviour.

7.2 Results

The test subject in the visibility test were chosen from two di erent groups: experts and non-
experts. To determine whether the experts had voted signi cantly better than the non-expets,
the following test procedure was set up:

1. It was assumed that the experts would be better in perceiving the di erence between la
gorithm O (the original and unwatermarked sequence) and any of the other watermaking
algorithms than the non-expert test subjects would be.

2. The votes of the experts were inspected to determine the maximum number of miskes
an expert made with respect to the preference of algorithm 0 over the other watermaing
algorithms. It was found that the experts made at most two mistakes in ther preference for
algorithm 0.

3. The votes of the non-experts were inspected to determine which of the non-expert test sjdrt
had made more than two mistakes, and to remove them from the nal results. It was found
that none of the non-expert test subjects made more than two mistakes in their preference
for algorithm 0.

Therefore, the votes of the non-expert test subject were considered to be as good as thetes of
the experts, and the votes of all test subjects were used in the voting results, wbh are illustrated
in gure 7.2.  This gure contains a matrix for each of the video sequences in the vigility
test. The numbers in the matrices should be interpreted as follows: the numbern the cell in
row R and column C indicates the proportion of the test subjects that preferred the aforithm
of column C over the algorithm of row R. For example, in almost all cases ws algorithm 0 (the
unwatermarked sequence) preferred over the other algorithms, as indicated by the highgycentages
in the rst column of each matrix. The number in row R and column C is always the complement
of the number in row C and column R. The numbers in the matrices are visually supprted by
corresponding shades of gray. The main diagonal of the matrices contains no numizand has a
neutral shade of gray, because the algorithms were never tested against themselves.

7.2.1 General preference

The shades of gray in the matrices give a visual representation of the general petnce of the
test subjects for the algorithms. Generally speaking, the leftmost column isvhite (and hence the
topmost row is black), the bottom two rows are white, and there is a white triangle just above the
main diagonal. This shape of the votes is most clearly visible in the votig results of the basketball
and ship sequence (the upper left and lower left matrices in gure 7.2), and it is less elarly visible
in the voting results of the palm and tree sequence.

The di erence in the visibility of the general shape of the votes is caused by the cornt of the
sequences. Both the basketball and ship scene contain man-made objects, such as theirsases
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Algorithm Algorithm

Algorithm
Algorithm

(a) basketball sequence (b) palm sequence

Algorithm Algorithm

Algorithm
Algorithm

(c) ship sequence (d) tree sequence

Figure 7.2: The voting results from the visibility test in percentages. Th e numbers in the matrices, which
are visually supported by corresponding shades of gray, shodl be interpreted as follows: the number in
the cell in row R and column C indicates the proportion of the test subjects that preferred the algorithm of
column C over the algorithm of row R. For example, almost in all cases was algorithm 0 (the unwatermarked
sequence) preferred over the other algorithms, as indicated ly the high percentages in the rst column of

each matrix.
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Figure 7.3: Ranking and grouping of the 8 algorithms based on the voting resuls from the visibility test.
The current watermarking algorithm (algorithm 1) is used as a q uality reference and is set to zero in the

quality scale.
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or the supporting structure for the roof in the basketball scene, and the ship in the kip scene.
This type of objects is characterized by clear horizontal and vertical edges. Warmark artifacts
are easily visible in these edges and they provide easy targets to judge the wateark. Therefore,
the preference of the test subjects was rather unanimous in these sequences. On the other hand,
the palm and the tree scene contain mostly natural objects, such as the palm leafral the grass in
the palm scene and the trees and leaves in the tree scene. Watermark artifacts are neodi cult

to detect in these objects, which led to greater ambiguity about the visibility of the watermark
among the test subjects.

During the visibility test, many subjects commented on the severity of the watermark artifacts
created by algorithms 6 and 7 in dark areas. Many subjects found the visibiliy of those watermark
artifacts unacceptable, which is re ected in the general preference for the algorithms: gorithms 6
and 7 are clearly disliked in the basketball, ship and tree sequence, all of which ctain dark areas,
but their performance is rather good in the palm sequence because that sequence does not contai
dark areas.

7.2.2 Proportions and con dence intervals

The stars in gure 7.2 indicate voting results that are “statistically di erent from guessing'. This
means that with 95% con dence the algorithm that was preferred by this sample of testsubjects
will also be preferred by the entire population. The stars were computed by consticting con dence
intervals for the proportions in the matrices. A con dence interval for a proportion de nes which
part of the entire population will share, with a certain con dence, the same preference a the test
subjects. For example, if 12% of the test subjects prefers algorithm 5 over algithm O on the ship
sequence, which part of the entire population will have, with 95% con dence, the same prefence?
The 95% con dence interval for a proportion of 12% for a group of seventeen testubjects is
approximately [0:018 0:496] , which means that, with 95% con dence, 1.8% to 49.6% of the entire
population will also prefer algorithm 5 over algorithm 0 on the ship sequence. Avoting result is
“statistically di erent from guessing' when its con dence interval does not include 0:5.

The correct computation of con dence intervals for proportions is a matter of debate among
statisticians. There are many methods to construct con dence intervals, each withits own ad-
vantages and disadvantages. The method that was used in this project is described i[8]. It is
a conservative method for constructing con dence intervals, that is also used by the prception
group of the Nat.Lab.

For simultaneous probabilities, the usual 95% con dence level to construct con dence intervals
must be corrected for the number of algorithms tested simultaneously in the vitbility test. In order
to have 95% con dence over all probabilities, the con dence interval for the individual proportions
should be constructed with a con dence level of 1 0:05=8) =1 0.05=28 99:82% for eight
algorithms. The con dence intervals that were constructed using the settings discussedlzove, are
illustrated in gure 7.4. It is obvious that the proportions 0%, 6%, 12%, 88%, 94% and 100% will
be marked as statistically signi cant, because their 95% con dence interval does nbinclude 0.5.

7.3 Ranking of the algorithms

Based on the voting results of gure 7.2, a ranking of the algorithms was corsucted. The ranking
of the algorithms, illustrated in gure 7.3, is based on the assumption tha every observer associates
a number on a quality scale with every algorithm. Then it is assumed that an dserver compares
algorithms by simply comparing the quality numbers he associated with the #gorithms, and that
he will vote for the algorithm with the highest quality number.

The quality numbers for each algorithm are computed by converting the proporions in a
voting result matrix to so called z-scores’ The z-scores are summed per column, resulting in
a single quality number for every algorithm. These quality numbers are divded by the number
of algorithms, to normalize the numbers and make them comparable with quaty humbers from

2The z-score of a proportion is the number that cuts o that pro  portion of the total area under the curve of the
normal distribution.
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Figure 7.4: Con dence intervals used for the proportions of the visibility te st. These intervals were con-
structed using the method of [8] for a sample size of 17 at a con dexce level of approximately 99.82%. The
con dence intervals of the proportions 0%, 6%, 12%, 88%, 94% and 100% do not include 0.5.

other visibility tests. Finally, the quality number associated with alg orithm 1 is subtracted from
all quality numbers. Algorithm 1 is used as a quality reference in this project,and it is therefore
desirable to set it to zero on the quality scale.

A minor imperfection in the computation of the ranking occurs when one algorithm is always
preferred over another algorithm, i.e. when a proportion in the voting result marix is 100%. Such
a proportion does not really t on the quality scale, because its corresponding z-sae is in nity (or
minus in nity for the 0% complement). To t these algorithms on the quality scal e, the 0% and
100% proportions in gure 7.2 are “corrected' to 1% and 99% before convertinghem to z-scores.
This correction had no e ect on the nal results and conclusions of this project.

A general rule of the paired comparison method is that the results that are obtainedfor each

video sequence may only be accumulated over all video sequences when the ranking of the algo-

rithms is the same for all video sequences. However, the ranking of the algorithsin this visibility
test is di erent for every video sequence. The results are therefore not accumulated and presenl
separately for each video sequence.

The grouping beneath the ranking of the algorithms indicates which algorithms ae statistically
equivalent to each other. A group is de ned as a maximum set of consecutively ranked afgithms,
with no statistically signi cant di erence between any two members of the group. For example in
gure 7.3(a), algorithms 3 and 4 are statistically equivalent, and algorithms 4 and 5 are statistically
equivalent, but algorithms 3 and 5 are not. Therefore, algorithms 3 and 4 aren the same group
and algorithms 4 and 5 are in the same group, but algorithms 3 and 5 are in dierent groups.

7.4 Conclusions

Generally speaking, the algorithms can be divided into two groups: algorihms 0, 3, 4 and 5 usually
perform better than algorithms 1, 2, 6 and 7. This is true for all tested segiences except for the
palm sequence, where two remarkable things occur in the ranking and grouping of the algtéihhms:

Algorithms 6 and 7 perform much better on the palm sequence than on the other sequences
of the visibility test. This can be explained by the fact that algorithms 6 and 7 were found to
perform poor in dark areas, but well in normal and light areas. Due to the abgence of dark
areas in the part of the palm sequence that was used in the split screen arrangement dfiet
visibility test, the test subjects rated algorithms 6 and 7 higher than in the other sequences,
which did contain dark areas.

Algorithms 3 and 5 are statistically equivalent to algorithm 0. Apparently, adding lumi-
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nance clipping to the current watermarking algorithm su ciently reduced the visibilit y of
the watermark to make the watermarked sequence indistinguishable from the unwagrmarked
sequence. However, algorithm 3 is rated higher than algorithm 5, which is unexpectedsa
the only di erence between them is that algorithm 3 uses the medium depth settings and
algorithm 5 uses the soft depth settings.

Although the ranking and grouping of algorithms in the tree sequence is much confornthe general
preference of the test subjects, two things are di erent here as well:

The di erence in quality between algorithms 0 and 1 is not so large. Usually, ajorithm O

is rated above 3 on the quality scale, but it is rated below 2 for the tree sequenceThe
reason for this is that algorithm 1 does not create very severe watermark aiacts in the tree
sequence. Therefore, the quality of the watermarked video sequence is quite acceptable and
not very di erent from the unwatermarked sequence.

Algorithms 6 and 7 are considerably worse than algorithm 1, as they are rad approxi-
mately -1 on the quality scale. The tree sequence contains many dark areas in whicigo-
rithms 6 and 7 are notoriously bad. Therefore, most test subjects considered the watmark
artifacts of algorithms 6 and 7 to be unacceptable.

The poor performance of algorithms 6 and 7 is mainly due to the excessive amotnf watermark
energy they embed in dark areas. The invisibility of their watermark will impr ove much when the
hard settings of the luminance clipping module are better tuned for dark areas.

Itis di cult to draw any more general conclusions on the quality of the watermar king algorithms
with respect to the visibility of the watermark, as the content of the video sequence plays an
important part in the visibility of the watermark. Furthermore, the qual ity of the watermarking
algorithms should also be judged on robustness of the watermark. Therefore, ad@bnal conclusions
are left to chapter 9, in which the robustness of the algorithms is included in the ealuation of the
algorithms and an overall verdict on the quality of the algorithms is given.
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Chapter 8

Robustness

The invisibility of the watermark is one aspect of the quality of a watermarking algorithm. Another
important aspect is the robustness of the watermark. Generally speaking, the robustness of a
watermark is the amount of processing a watermarked video sequence can withstandefore the
embedded watermark becomes undetectable. Invisibility and robustness are opposite glitees
of a watermark: when a watermark is very robust, it probably is not very invisible; when the
watermark is absolutely invisible, it will most likely be easily lost during video processing. Every
watermarking algorithm attempts to attain perfect invisibility at hig h robustness. For a complete
evaluation of the quality of the new watermarking algorithms, this chapter considers the robustness
of the watermarks.

8.1 Robustness measures

The robustness of a watermark is usually measured by the detection level of the waterark after
a watermarked video sequence has been exposed to some relevant video processing. e cdshe
Philips watermarking algorithm, the detection level of the watermark is the value of the peak in the
correlation bu er computed by the watermark detector (see [11] for details on the deection of the
watermark). The type and severity of video processing that is relevant to applyto a watermarked
video sequence before measuring the robustness of the watermark depends upon the applicataf
the watermarking algorithm. For broadcast monitoring, the following vi deo processing is relevant:

1. MPEG compression
. satellite uplink/downlink

. digital to analog and analog to digital conversion

2
3
4. PAL to NTSC and NTSC to PAL conversions
5. noise reduction

6

. scaling, rotating and shifting

The video processing that is used in this project to measure the robustness of the wateiarking
algorithms must satisfy certain conditions: the measurements should be repeable, they should
be computationally feasible and relatively easy to perform. It should alsobe possible to measure
the detectability of the watermark at several processing intensities, ranging fom very mild to very
severe.

The rst video processing option, MPEG compression, is very easy to perform as MEG com-
pression software is readily available. Measurements of robustness after M compression are
easy to repeat and verify, and are a good indication of the robustness of the watmark. Further-
more, it is highly relevant, because MPEG compression is frequently used in theransmission and
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storage of video sequences today. The second option, satellite uplink/downlink, isipossible to re-
alize in the environment of the Nat.Lab., and was therefore no candidate for thisproject. Option 3
is not very convenient because it involves a lot of work. Additionally, the corversion will not have a
great impact on the detectability of the watermark, since the watermark was esgcially designed to
withstand such processing. This is also true for the PAL to NTSC conversion, Wich has no serious
impact on watermark detectability and is therefore not a good indicator of watermark robustness.
Noise reduction is a good indicator of watermark robustness, because it is in ®snce the opposite
of embedding a watermark. It can also be easily repeated and veri ed, and is computainally
feasible. Finally, the combination of scaling, rotating and shifting is computationally intensive, or
it requires and analog mixer which makes the results irreproducible.

After careful consideration of the above pros and cons of the suggested video procesgbptions,
MPEG compression was selected as the ideal measurement of watermark robustness.

8.2 Detection level after MPEG compression

Philips internal MPEG-2 compression software was used for the compressiorf the video sequences.
The software compresses the input video sequence to a MPEG-2 bitstream at a speci ed congs-
sion level. It automatically decompresses the compressed bitstream back into anncompressed
video sequence. The output video sequence will be di erent from the input video sequence, be-
cause MPEG-2 compression is a lossy compression method.

In the visibility test, 4 video sequences were watermarked using 7 watermarking lgorithms,
resulting in 28 di erently watermarked video sequences. Each of these sequences was coegsed
at ve levels of compression: no compression, 8 Mbit/s (little compression), 6 Mbit/s and 4 Mbit/s
(both moderate compression) and 2 Mbit/s (high compression). The robustness oftte watermarked
in uncompressed video was used as a reference. The other compression levels were selected because
they cover the range of compression levels that occur in the video broadcast chain, and becse
the visual quality of the bitstreams ranges from very acceptable (at 8 Mbit/s) to unacceptable (at
2 Mbit/s). The compression and decompression of all sequences at all compression éé&v resulted
in 140 video sequences.

The Matlab implementation of the Philips watermark detector was used to measue the detec-
tion levels of the 140 video sequences after compression. The detector was set to accumaland
add up 24 elds (the equivalent of 12 frames) from a video sequence and to compute the cer
lation between the accumulated elds and a secret watermark pattern, for four secret wagrmark
patterns, in units of standard deviation. In each of the four resulting correlation bu ers, the peak
value was determined and the value of the four peaks was averaged. The average pesltue was
used as the detection level for that video sequence.

8.3 Results

The detection levels of all video sequences after MPEG-2 compression are listed inkig B.2 in
appendix B, and are illustrated in gure 8.1. They are grouped by source video sequenceand
compression level. The black bar corresponds to the detection level of algorithm 1f ehe visibility
test, which is the current watermarking algorithm. It is a reference for the other algorithms. The
gray bars belong to algorithms 2 through 7, from left to right. The following general conclusions
can be drawn:

Detection levels decrease as compression increases. At 2 Mbit/s, the detection levelvsry
close to or just below the default detection threshold of 5.

The detection level of algorithm 2 matches the detection level of algorithm 1.

The detection level of algorithms 3 and 5 are signi cantly less than the detection ével of
algorithm 1.
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Figure 8.1: Detection levels of the watermarking algorithms after MPEG- 2 compression, in units of stan-

dard deviation. Each gure lists the current watermarking algor ithm (black) and algorithms 2 through 7
from the visibility test for di erent levels of MPEG-2 compre ssion. The solid line indicates the detection
threshold. If the peak in the correlation drops below the detction threshold, the watermark is not detected
or a wrong payload is retrieved.
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The detection level of algorithms 4, 6 and 7 are close to, but less than the detectiotevel of
algorithm 1.

It is evident from gure 8.1 that the detection levels of the ship sequence are generallyjower than

the detection levels in the other sequences. This is probably caused by the absence of camera
motion in the sequence. Without camera motion, the background of the sequence is statiand is
not averaged out by adding elds during detection. As a consequence, the correlation between the
watermark and the sequence is much lower.
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Chapter 9

Conclusions

The results of the visibility test from chapter 7 and the robustness test from chapter 8 are combined

in gure 9.1 on page 62. This gure shows the trade-o between the visibility and t he robustness of
the watermarking algorithms of the visibility test. The robustness of the original, unwatermarked
version (algorithm 0) is set to 0, and the robustness of the current watermarkng algorithm (al-
gorithm 1) is set to 1. The robustness indexes of the other algorithms are computedefative to
algorithms 0 and 1. The error bars indicate the maximum spread in robustness fodi erent levels

of MPEG-2 compression. The “x'-es mark the robustness index of the uncompressed video sequence.

The following general conclusions are drawn from the results:

Using the soft depth settings instead of the medium depth settings improves the invisility
of the watermark, at virtually no change in the robustness of the watermark.

The e ect of the improved depth settings can be seen by comparing algorithm 1 to alge
rithm 2, and by comparing algorithm 3 to algorithm 5. In both pairs, the algorithms di er
only in the depth settings they use: algorithms 1 and 3 use the medium depth settings, and
algorithms 2 and 5 use the soft depth settings. The general e ect of the change in depth
settings on these algorithms is an improvement in visual quality and a condalation of ro-
bustness. The improvement in visual quality is statistically signi cant in the basketball and
ship sequence, and not statistically signi cant in the palm and tree sequence.

Employing motion compensation improves the invisibility of the watermark, at a small de-
crease of watermark robustness.

The e ect of motion compensation on the performance of the watermarking algathms can be
seen by comparing algorithm 1 to algorithm 4, and by comparing algorithm 6 b algorithm 7.

In both pairs, the algorithms di er only in motion compensation: algori thms 1 and 6 do not
use motion compensation, and algorithms 4 and 7 do use motion compensation.h& general
e ect of motion compensation on these algorithms is an improvement in visuaquality and a

small decrease of robustness. The improvement in visual quality of algorithnd with respect
to algorithm 1 is statistically signi cant in all sequences. The improvement in visual quality

of algorithm 7 with respect to algorithm 6 is statistically signi cant in the basketball and
ship sequence, and not statistically signi cant in the palm and tree sequence.

Adding luminance clipping with the soft setting to a watermarking algorithm impr oves the
invisibility of the watermark, but seriously degrades watermark robustness.

The e ect of luminance clipping with the soft settings can be seen by comparing algothm 1
to algorithm 3, and by comparing algorithm 2 to algorithm 5. In both pai rs, the algorithms
di er only in luminance clipping: algorithms 3 and 5 use luminance clipping with the soft
setting, and algorithms 1 and 2 do not use luminance clipping. The general e ect of luminance
clipping with the soft setting on these algorithms is an improvement in visud quality, but
a considerable degradation in robustness. The improvement in visual quality istatistically
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Figure 9.1: Trade-o between visibility and robustness for the eight algorithms of the visibility test. The
robustness of the original, unwatermarked version (algorithm 0) is set to 0, and the robustness of the
current watermarking algorithm (algorithm 1) is set to 1. The r obustness indexes of the other algorithms
are computed relative to algorithms 0 and 1. The error bars indi cate the maximum spread in robustness for
di erent levels of MPEG-2 compression. The “x'-es mark the robu stness index of the uncompressed video
sequence.
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signi cant in the basketball, palm and ship sequence, and not statistically signi cant in the
tree sequence.

Simultaneously applying motion compensation and the improved depth settings is themost
promising improvement of the visibility of the watermark.

It is expected that the cumulative e ect of motion compensation and the improved depth
settings will give a signi cant improvement in watermark visibility, w ith only a marginal loss
of watermark detectability.
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Chapter 10

Discussion

In retrospect, there are several remarks to be made about the research method this project and
about the results obtained in the various experiments. This chapter addresses thesssues and
discusses some ways the project could have been improved.

In uence of test sequences on pattern selection

The research into the pattern selection methods was based on a limited set of tesequences. In
the research results, the diagonal Iters are excluded in the lter based selection methds, and no
group of diagonal coe cients is used in the DCT based methods. This might indicate tat indeed

diagonally oriented patterns play a less important role in the visibility of the watermark. However,

it might also indicate that the video sequences that were used to evaluate the selectiomethods
did not contain appropriately oriented patterns of su cient strength to bring wat ermark artifacts

in diagonal patterns to light.

Simpli cation of the Y-prediction block-matcher

Section 5.3.2 proposed to simplify the implementation of the Y-prediction blo&-matcher by not
estimating the motion for the blocks at the edges of the elds, but setting the motion vectors of
these blocks to zero. During the evaluation of the motion estimation moduletiwas noted that the
xed zero motion vectors caused drag during fast camera movement. The zero motion veots at
the edges slowed down the convergence of neighbouring blocks to the motion of the cara.

The drag e ect is undesirable, since it disturbs a correct estimation of the motion ina video
sequence. It could have been avoided rather easily by setting the motion vector for aadge block
to the motion vector of the closest block for which a motion vector was estnated.

Randomization of paired comparisons

In the visibility test, the paired comparisons were not fully randomized between dservers. For
every pair of watermarking algorithms, the location of each algorithm in the split screen arrange-
ment of the display was xed. For example, in the comparison between algorithm 5 ad algorithm 2
on the tree sequence, algorithm 5 would always be on the left side and algorithrd would always
be on the right side of the display for every observer. It would have been betterd cancel out any
bias towards one side of the display by choosing the location of the algotitms at random for every
observer.

The location of the algorithms was not randomized between observers, because thatould
make it somewhat more complex to generate the test scripts. To keep the test scriptsimple, it
was assumed that a bias towards one side of the display does not existOne might object to the

Lvisibility test purists might argue that the display charac teristics of the left side of the monitor are probably
di erent to those of the right side of the monitor, and theref  ore a bias towards one side of the monitor will most
likely exist. However, the dierence in display characteri stics is considered to be very minor with respect to the
watermark artifacts.
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assumption that when an observer is in doubt about which algorithm he prefers, he nght always
select the same side of the display as his default choice. However, it is highly unlikelthat all

observers used this mechanism to vote when they were in doubt, or that they all chose theame
side of the display when they used this mechanism. Therefore, it is reasonable to assenthat the
data are unbiased. Nevertheless, it would have been better to have randomized the loganhs of the
algorithms on the display as well, and not to have economized on the e ort invaved in generating
the test scripts.

Repetition of paired comparisons

Another way to remove any bias for either side of the display is to repeat every paed comparison.
The second time the same algorithms are presented to the observer, the locatiasf the algorithms
on the display is swapped. If the observers are biased towards one side of the diapl repeating
the comparison and swapping the algorithms would cancel that out.

However, repeating each comparison would also double the time an observer woultked to
complete the entire visibility test. Without repetition, the duration of the v isibility test was 45
minutes per observer on average, which is about the maximum amount of time thacould be
demanded from the observers. It was assumed that many of the them would have refusethdir
cooperation if the total time involved in the visibility test would be 90 minutes or more. Therefore,
the visibility test did not include a repetition of the paired comparisons.

Automatic voting program

A novelty in this visibility test was the automatic voting program. The o bvious advantage of the
voting program was that voting results are automatically available in digital form. Unfortunately,
the interface of the voting program was less forgiving to voting mistales than a written vote. For
example, if a test subject accidentally double-clicked a button to cast a vote on a comp#son, two
votes were recorded and the next comparison would be skipped. A wrong vote was alsecorded
when a test subject did not vote for the video sequence of his preference, but instead for the
sequence he disliked most. Apparently, this was a likely mistake among waterark experts, who
are often asked to spot the watermark instead of nding the best video sequence.

The interface of the voting program can be improved to overcome these errors.First, the
problem of double-clicking can be solved by turning voting into a two-step process: eect the
button corresponding to the sequence of preference, and press another button to proceed to the
next comparison. Pressing two di erent buttons involves mouse movement and thus @ninates
double-clicking mistakes. Second, the problem of not voting for preference but for dislikesiharder
to solve. Adding the possibility to recast the previous vote will work, but only when the voter is
aware of his inverted voting. This problem is better solved by proper training of the test subject
prior to the visibility test.

The problems with the voting program only came to light after experiencing them during the
visibility test. It was decided not to change the interface of the voting program at that point, but
to continue with the same interface and correct the mistakes as much as pasde by hand.

Usefulness of the visibility test

It is the view of the author that a visibility test is a rather poor instrument to measure the true
quality of a watermarking algorithm. The viewing conditions during a visibil ity are completely
di erent from real-world viewing conditions:

During a visibility test, the same video sequence is viewed over and over again, uihieven the
smallest watermark artifact has been evaluated. In reality, every frame ofa video sequence
is only viewed for a brief moment.

Video sequences are sometimes viewed from 20 centimeters distance in a visibiligst, while
in reality a normal viewing distance is a few meters.
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Subjects in a visibility test must be told where the watermark artifacts will appear in a video
sequence, or they probably would not detect them. In real life, nobody knows what to look
for.

Due to the in uence of the viewing conditions, it is incorrect to proclaim that a watermark is
invisible based on the outcome of a visibility test, irrespective of the vewing conditions of the test.
Instead, the results of a visibility test should be regarded as a relative mease of quality that
depends on the viewing conditions of the test.

Measurements of visibility and robustness

There is a disparity between the visibility measurements and the robustness measuresnts: the
visibility of the watermark was only measured on one half of the screen, becausé the split screen
arrangement of the visibility test, but the robustness of the watermark was meaured on the entire
screen. If any of the watermarking algorithms created strong watermark arifacts outside the visible
part of a video sequence, the artifacts would have had no e ect on the visibility measuements, but
most likely would have had a positive e ect on the robustness of the watermark Unfortunately, it
was technically impossible to conduct the visibility test on the full screen, or meaure the robustness
of the watermark only on the half of the screen that was used in the visibility test.
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Chapter 11

Recommendations

Based on the results of this research project, the following recommendations ammade regarding
the suggested improvements of the current watermarking algorithm:

The soft depth settings should be used for the directional Iters. The settings are isted in
table 7.2 in chapter 7.

The feasibility of motion estimation and motion compensation on the current product plat-
form (Philips TriMedia) should be investigated. If possible, the current watermarking algo-
rithm should be extended with motion compensation, as described in chapters 4 throug 6
and in gure A in appendix A.

The settings of the luminance clipping algorithm should be tuned to better match the £nsi-
tivity of the human visual system. Luminance clipping should only be added to the curent
watermarking algorithm if satisfactory invisibility and robustness of the watermark are at-
tained.

It is recommended that the following three subjects are investigated to further improve the motion
sensitive watermarking algorithm.

Diagonal Iters

The accuracy of the pattern selector is likely to improve in regions with diagona patterns
when the output of the diagonal Iters is included in the selection decision. It could be
investigated how the pattern selector can pro t from the output of the up diagonal and lower
diagonal lters.

Selection mask

Currently, the pattern selector returns a boolean selection mask, indicating whib pixels
might expose the watermark when they are in motion. It could be worthwhile to extend
the boolean selection mask of the selector to include information about the oeintation of
the pattern that the pixel belongs to. For example, instead of containing true values for the
pixels of the staircase in the basketball sequence, the selection mask could contaialues that
indicate that those pixels are selected because they are part of a strong horizontatructure.
It could be investigated how motion adaptation could preserve more watermek energy by
combining the direction of the motion and the orientation of the pattern.

Motion estimator

It is essential for a good motion sensitive watermarking algorithm © have a motion estimator
that is highly accurate for low velocities, because watermark exposure is mbspparent in
low velocities. The estimator does not need to be very accurate at high velocities.

The current implementation of the Y-prediction block-matcher does not satisfy this require-
ment entirely, as it can only discern between zero velocity and a velocity of 1 pixel pr eld.
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Ideally, the estimator should be modi ed to have an estimation accuracy of 0.3 pixels per
elds at low velocities. It could be investigated how the accuracy of the motion etima-
tor could be increased for low velocities, and how motion adaptation could benet ly the
increased accuracy.

Additionally, several recommendations can be made regarding related research tags.

70

Noise estimation

The amount of watermark energy that can be embedded in a video sequence depends in
part on the amount of distortion that is already present in the video sequence. Therefte,
estimating the amount of noise in the input material can help to properly adjust the depth
settings of the directional lters to a wide range of input material.

De-interlacing

The current watermarking algorithm operates on interlaced video sequences. The \ilsility of
the watermark might improve when the elds of the video sequence are de-interlaced befer
the directional lters are applied. When the directional lters are applied to de-interlaced
elds, their response will have a closer relationship to the spatial frequencies thatare per-
ceived by a human observer, and the local strength of the watermark could be determied
more accurately. The Y-predication block-matcher could be used to implement a simple
de-interlacing algorithm.

Dynamic watermark

Motion artifacts are inherent to watermarking algorithms that are committed to a static
watermark, such as the spread-spectrum watermarking techniques. In these algdhims,
the watermark remains at a xed position on the screen and does not move along h
moving objects. Thus, motion artifacts can only be avoided by embedding the wiermark
very lightly in moving objects, as it has been attempted in this project. Howeer, using
a dynamic watermarking algorithm could be a successful alternative solution to the “dity
window' problem. In a dynamic watermarking technique, the watermark is no longer 4 a
xed position on the screen, but moves along with moving objects. Hence, it will nothave
any motion artifacts.
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Appendix A

Algorithms

All watermarking algorithms developed in this project were implemented in C. The algorithms
were constructed from basic modules, that were connected together and executed using the Video
Processing Pipeline (VPP) research tool. This appendix describes the VPP network that de ne
the nal algorithms that were used in the visibility test, and describes the networks that were used

in the pattern selection and motion adaptation experiments.

FILE.IN
FILTER_V

FILTER_H FILTER_U
DIR_WM_GENERATOR

FILTER_L

FILE.OUT

Figure A.1: Components and connections of the current watermarking algorithm. A video sequence is
read from an input le and passed to the four directional Ilters. Th e output of the directional Iters is col-
lected by the directional watermark generator, which multiplies each output with the appropriate directional
watermark pattern and a global scaling factor. The clip module rounds and clips the resulting watermark to
integer values in the range[ 5;5]. Finally, the clipped watermark is added to the original video sequence
and written to an output le.
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FILE.IN
FILTER_V

FILTER_L LUMINANCE_MASK
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FILTER_H FILTER_U
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Figure A.2: Components and connections of watermarking algorithm with luminance clipping. A video
sequence is read from an input le and passed to the four directional Iters and a module that computes
the luminance mask of the video sequence. The luminance mask contais the maximum allowable changes
to the video sequence based on the luminance value of its pixels. He output of the directional Iters
is collected by the normalized watermark generator, which mutiplies each output with the appropriate
directional watermark pattern and a global scaling factor. The resulting watermark is normalized by dividing
it by 5 and limiting the watermark values to the range [ 1;1]. Next, the normlumenclip module performs
a point-wise multiplication of the normalized watermark and th e luminance mask, and rounds the resulting
values to integers. Finally, the rounded watermark is added to the original video sequence and written to
an output le.

FILE.IN
FILTER_V

NORM_WM_GENERATOR

FILTER_L LINE_AVERAGE
MOTION_ESTIMATOR

FILTER_H FILTER_U

NORMCLIP

ADD

FILE.OUT

Figure A.3: Components and connections of directional watermarking algorithm with motion adaptation.
A video sequence is read from an input le and passed to the four directional Iters and a section that av-
erages the lines of the elds in the video sequence and estimateshie motion. The output of the directional
Iters is collected by the normalized watermark generator, which multiplies each output with the appro-
priate directional watermark pattern and a global scaling factor. The resulting watermark is normalized
by dividing it by 5 and limiting the watermark values to the range [ 1;1]. Simultaneously, the selection
module computes a selection mask for the video sequence basem the output of the directional lters and
several threshold settings. Next, the normalized watermark fom the watermark generator is adapted to the
motion in the sequence by applying local scaling factors that d@end on the selection mask and the estimated
motion. The motionadapt module produces normalized watermarks, which are multiplied by 5 and rounded
and clipped to integers in the range[ 5;5] by the normclip module. Finally, the clipped watermark is added
to the original video sequence and written to an output le.
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FILE.IN
FILTER_V

NORM_WM_GENERATOR

FILTER_L LINE_AVERAGE LUMINANCE_MASK

MOTION_ESTIMATOR
NORMLUMENCLIP

FILTER_H FILTER_U

SELECT_FILTER_B13

MOTION_ADAPT

ADD
FILE.OUT

Figure A.4: Components and connections of the watermarking algorithm with luminance clipping and
motion adaptation. A video sequence is read from an input le and passed to the four directional lters,
to a module that computes the luminance mask of the video sequemc and to a section that averages the
lines of the elds in the video sequence and estimates the motion. The output of the directional Iters is
collected by the normalized watermark generator, which multiplies each output with the appropriate direc-
tional watermark pattern and a global scaling factor. The resulting watermark is normalized by dividing it
by 5 and limiting the watermark values to the range[ 1;1]. Simultaneously, the selection module computes
a selection mask for the video sequence based on the output ohé directional Iters and several threshold
settings. Next, the normalized watermark from the watermark generator is adapted to the motion in the se-
quence by applying local scaling factors that depend on the seléion mask and the estimated motion. Next,
the motion adapt module writes a normalized watermark to the normlumenclip module, which performs
a point-wise multiplication of the watermark and the luminance m ask, and rounds the resulting values to
integers. Finally, the watermark is added to the original video sequence and written to an output le.

FILE.IN
FILTER_V

FILTER_U FILTER_L

FILTER_H

MASKER

PLUG.OUT

Figure A.5: Components and connections of the experimental network to evaluate péern selection meth-
ods based on the directional Iters. A video sequence is read fran an input le and is watermarked by
the current watermarking algorithm. Simultaneously, the outpu t of the four directional Iters is passed to
the selection module, which can be any of the modules selectter _p, select Iter _b33 or select lter _b13.
The selection module computes a selection mask based on thealues of the directional Iters. The masker
module receives the selection mask, together with the origial video sequence and the watermarked video
sequence. It suppresses the watermark in the pixels that are dected in the selection mask by substituting
the pixels in the watermarked sequence with the corresponding piels from the unwatermarked sequence
when they are selected. Finally, the plug.out module sends theoutput of the masker module to the video
hardware.
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FILE.IN
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Figure A.6: Components and connections of the experimental network to evaluate péern selection meth-
ods based on DCT transformation. A video sequence is read from aninput le and is watermarked by the
current watermarking algorithm. Simultaneously, the DCT modul e computes the DCT transformation of
the input sequence on an 8 8 blocks basis. The transformed sequence is passed to the seflen module
which computes a selection mask based on the DCT coe cients. The masker module receives the selection
mask, together with the original video sequence and the watermeked video sequence. It suppresses the
watermark in the pixels that are selected in the selection magk by substituting the pixels in the watermarked
sequence with the corresponding pixels from the unwatermarked sguence when they are selected. Finally,
the plug.out module sends the output of the masker module to té video hardware.

BLOCK
FILTER_V

FILTER_U FILTER_L

FILTER_H

DIR_WM_GENERATOR

PLUG.OUT

Figure A.7: Components and connections of the experimental network to measure thevisibility of the
watermark in a moving block. The block module generates framesportraying a moving block. The frames
are watermarked using the current watermarking algorithm. The mixer module creates a spatial mix of
the frame containing the unwatermarked block and a frame containing the watermarked block. Finally, the
plug.out module sends the output of the mixer module to the vide hardware.
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Appendix B

Data and settings

The rst two sections of this appendix list the raw data from the visibility and robustness test. The
last two sections list the settings of the luminance clipping component and the motn adaptation
factors of the watermarking algorithms that were evaluated in the visibility test.

B.1 Visibility data

Table B.1 contains the raw data of the visibility test. Every block in the t able list 112 votes of
one test subject. The rst column of the votes is a letter from the setf B, P, S, T g indicating
which video sequence was used (basketball, palm, ship or tree sequence). The second and third
column contain the number of the algorithm (0{7) that was used on the left and right or the top
and bottom side of the screen. The fourth column indicates the vote from the observer-1 means
the observer preferred the algorithm listed in the second column, and 1 means that the olesver
preferred the algorithm from the third column.

Table B.1: Visibility data

s37-1s05 13T67 1B01-1B0S5-1B17-1T12-1B57-+-1
S45 1B02-1B25 1B47-1 P47 11P56 11S46-1P35 1
T47-1B45 1B04-1P13 1P07-1TO01-1T35 1{S03-1
P34-11S34 1T26-1S57-4S15 13P57 11T36-1B36-1
B35 1 T56-1T45 1 T37-1P36-1S67 1P25 1 S01-1
P45 11T46-1T34-1B37-1P06-1T27-1B24 1 B46-1
T16-1P67 1]P05 1S 17 11S04-1P01-1S24 1T241
TO7-1B13 1S14 1P16 1lB03-1P26 1lT05-1|T23 1
B67 11B34 1S56-1S13 13P14 1 T04-1TO3-1P03 1
TO6-1T02-1B14 1S06-1S36-1P46 11P04-1BO07-1
P12 1 S26-1S25 1P37-1B23 1 P24 1S02-1T57-1
B12 1T15 1 T17-1B06-1B15 1 S47-1P23 1P02-1
B16-1T14 1B27-1S23 13T1T13 1 P17 1]P15 1 S07-1
B56-1S12 1T25 1 B26-1S35 13P27 1 S16-1S27 1

(continued on next page)
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Table B.1: Visibility data (continued)

S26-1B02-1B13 1 P16 11T25-1 B34 11S07-1T14 1
S47-1P24 11P56-1S46-1P34-1B17-1S12 1S04-1

T23-1BO07-1P37 11S13 1B57-1P45 1TO7-1BO01-1

P36-1T36-1S23 1T67 1T12-1T06-11P04-1BO06G6-1
so0os5-1s06-y7T13-1sS03-3P27 1]P15 1T37 1P 35-1

T46-1 S35 13T7T45-1T56-1T01-1B27-1P03 11S01-1

T34 1/S$S25 13T7T17-1P13 1P46 1)/P 25 1/S 45-1S36-1
B35-1B05-1B45-1P06-1B67 11P01-1S15 1P47 1

Ss67 133jT03-1P12 1T47-1S14 1T16-1B26-1PO07-1

T35 1 B16-1P26 1 S27-1S56-1S02-1S24 1PO051

s34 13T7T27-1T15-1P02-1B36-1S17-1B56-1P57-1

B151B37-1T04-1P14 1B04-11B23-1T26-1P231
T24 1 B14 1T7T02-1S57-1jP17 1lB25-1S37-1B12 1

B47-1 P67 11B03-1TS57-1T05-1B46-1B24 1 S 16 -1

B15 1 T05-1 P25 1 P36-1B24 1B05-1B04-1T231
S07-1B36-1P45 1 S46-1P04-1S12 1T24 1]TO0G6-1

B17 11T01-1T45-1B23 1 S14 1T27 1/T14 1 B16 1

PO2-1S02-1PO07-1T251/P14 1B56-1S13 1T16 1

B35 1B57-1S57-1T37-1T04-1B47-1B26¢-1S 06 -1
P24 1B01-1B02-1T47-1S17 P35 1 S36-1PO06-1
P67 11P57-1T57-1T12 11T02-11S05-1P56-1T261
S15 137T03-1T131/S16 11B34 1P34-1P15 1 S47-1
B12 11P47 11S 34 1S25 1T35 1 P46 -1P23 1S 03-1

S241S45 1B07-1S351B141S01-1jT17 1]S56-1

S67 1B45 1B46-1T36-1B67 11P16-1P13 1 PO01-1

pPO3-1SsS37-1jP12 1 S27 13P27 1B27-1P05-1B37-1

T46-1 P26 11T34 1]T56-1B25 1 B06-1S 23 1S26 1

T67 1P37-1T07-1S04-1T15 1|P17 1lB03-1B13 1

B42-1T07-1B10 1 T0S5 1 B32-1B47-1P04-1T51-1

T13 1 T06-1 P24 1 T43 1P53 1 P70 1T32-1 P67 1

T52-1B36-1T45 1 B57-1P10 1S63 1S60 1BO05-1
T57-1T63 1/S14 1P54-1T16-1B26-1P15 1 S621

S501SsS34 13yP47 1T46-1T21 1 B04-1B71 1T37-1

s3013P141B16-1B31-1P71-1T27 11B73 11P231

T40 1 T30 1 B60 1S17 1S04-1T71 1 B201S45 1
P13 1S67 1P63 1B27-1B03-1S46-1P06-1TO01-1
P21 1T56-1B12 1S6114S51-11T76 1/S47-1B45 1
P16 11B64 11B52-1P56-1S56-1T42 11T20 1 B35 1
B56-1B341B76 1S02-1T41-1 P27 11S12 1S 42-1

T35-1T26-1S27-1B15 1 S57-1P43 1P02-1S01-1
B41-1P64 1lPO0OS5 1S73 JT47-1B07-1P301S231
P62-1P52-1S31-4yP75 1 S701P73 1 S5S25 1S351

(continued on next page)
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Table B.1: Visibility data (continued)

S27 1T7T45 1 S01-1B07-1S46-1B04-1S57-1S631
POS5-1PO02-1TO06-1S67 1jP27 1l1P23 11S02-1T52-1

P13 1 T63 1{P21 1 T40 1 B71 1S 70 P47 1lT56 -1
PO6-1B42-1T13 1P10 1P70 11B15 1 B20 1S 42-1

T41-1 T35 1 T21-1T46-1S611P67 1B16-1B41-1

T37-1T71-1T05 1 P64-1S301B64 1P04-1S31-1

B03-1S17 1T27-1T16-1B34 1P24 1 TO07 1/BO05-1
B73 1 S50 1§T47-1 P43 1 P56-1P53-1B101B60 1
T301P14 1 P16 1)/P54-1B45 1 S62 1T20 1P52-1
P15 1S25 1P731B32-1P71-1B36-1P62-1S 34 1
TO1-1B27-1T76 11T26-1B57-1B47-1S12 1S04-1
T32-1S351S601B56-1T51-11S14 1T43-1S45 1
S47-1P75 1 S56-1P301B26-1P63 1 S51-1T42-1

$231SsS73 13T57-1B12 1B76-1B35 1 B31-1B52-1

T351$34 3y7T57-1P13 1 B35 1 T16-1S31-1P0S5-1

B151T51-1PO0G6-1B73 1P16 1P15 1 T47-1PO02-1

B0O3-1P21-1S701S141B41-1S5011B16-1B47-1

P30 1B31-1T07-1T41-1 T30 1P54-1B34 1P62-1

S51-1B57-1T43-1T06-1B45 1{T32 1{P71-1BO05-1

P47 117T01-1T56-1T40 1/TO0OS5-1/P67 1B04-1BO07-1
S631S57-11P63 1 S23 1B26-1P04-1T26-1S60 1
p70-1s01-3T21-1 P75 1 T13 1{P10 1 S56-1B60 1
P14 1 S46-1P73 1 T63 11S04-1S8S25-1T52-1S621
$351B42-1B27-1S17 13jP52-1B76 1/S12 1B36-1

P53 1 S27-1T76-1P43 1 T37-1B64 1 B32-1S47-1
P64-1B201 S02-1S61 1T46-1 P24 1B52-1S 731

S67 1B56-1T42 1 S42-1T45-1B12 11P23 1S 301

P56-1T201S45 1B711B10 1 T27-1 P27 11T711

B41-1B45 1B04-1T76-1S47-11S45 1B64 1 S301

B56-1T37-11P62-1P56-1T51-1S31-1B57-1S671

s51-13P27 1BO07-1P02-1B76-1S63 1T16-1T35-1

B351SsS17 33P30 1yTOG6-1P71-1T32 1/P23 1T20 1

P14 1T63 1 S57-1JP24 1 S12 1S56-1S70 1B151

P75 1 P16 1]T13 1{T01-1P63 11S60 1B26-1S611
P15 1P701B10 1P67-11S27-11B47-1S35 1T711

S50 1T42-1B32-1B36-1S01-1B05-1T45-1 P53 1

T0OS5-1T43-1S46-1P54-1T26-1T57-1TO07-1T521

B27-1B42-1P43 1P21-1B31-1B20 1 S34 13P47 1
T27 1,7T30 1 P73 1 P04-1T46-1 P05 1|T56-1T40 1
S04-1S2513P131B711T47-1S62 1P52-1T21-1
B12 1 P10 1B731S42-1P64-1S73 1P06-1S 231
B03-1B52-1B16-1T41-1B34 1 S02-1B60 1 S 141

(continued on next page)
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Table B.1: Visibility data (continued)

B04-1T32-1T57-1TO0O1-1lP13 1 B45 1/S62 1B151

P23 1 Ss70 13P71-1S35 1P04-1B60 1 S12 1P16 1

S611P14 1 S46-1B41-1T46-1P27 1lB52-1B10 1

B31-1P63 1S601S42-1B56-1S31-1T71 1 S57-+-1

B64 11P53-1P70 1B16 1)/P54-1P64-1T26-1B76-1
T35 1 S63 13T56-1S301P47 1lB71 1/S 25 1B36-1

P52-1T42-1T7T211 S04-yP56-1S27 1P24 1 P67 1

B42 1S 45 1T45 1, S$S56-1T41-1B20 1T05-1T63 1

T51-1T13 1P05-1T52-1B57-1S01-1T47-1PO06G6-1

B351 B34 1S02-1T43 1P43 1S47-1P73 1P211

S17 1s231B26-1P101B12 1B05-11S50 1P62-1

T37-1S$S14 137T07-1T201B32-1P02-11T40 1{P151

B0O3-1 P30 11T76-1B27-11S67 1B47-1S51-1B731

P75 1 T27 1173 11B07-1S34 1yT7T30 1 TO6-1T16-1

T32-1S$42-143S45 13PO05 1S70-1T57-1P63 11T63 1

B73 1 P75 1T71 1 P23 1P14 1T56-1B64 1/TO0G6 -1

B711S$S301S8$831-1B07-1T43-1B26-1B15 1 B76-1

T27-1P10 1T13 1/P04-1P70 11S56-1T37-1B52-1
T30-1S$S01-34yP73 1P67-1B60 1 TO7-11S73 1B12 1

S27 1sS63 13T76 1]T35 1 T51-1{S51-1S25 1B45 1

S571s$2317s02-1B101S47-1B16-11T01-1P62-1

S34-1P53 1 P52-1B34-1P56-1T41-11P15 1BO03-1

S601S14 13P47 11B47-1T45 1 B56-1S35 1T26-+-1
P0O6-1B31-1B36-1S46-yJP54-1P43 1 B57-1P301

S61-1S04-1yT7T46-1T52-1B05-1B32-1T21-1S621

T40 1 B20 1P02-1T201T47-1S50 1P13 1S121
B41-1B351B27 1P71-1P27 1B04-1S17 1yTO05-1

B42-1T16-1P24 1 T42-1P16 1lP21-1P64-1S67 1

S01-13P43 11S701B47 1]B15 1S02-1S42-1S121

B10 1 P02-1T26-1B12 1 S47-1P75 1P64-1T52-1
P62-1S45 1T16-1S23 1T06-1B56-1S73 1B71-1

S17 1S$S57-1S301P16 11T45 1B04-1B45 11P13 1
T32-1B03-1S63 1P05-1B05 1]T35 1|T0S5-1B34 1
B32-1P211B42-1 P10 1T51-1T71 1 P67 1/T56 -1
B52-1T41-1B60 1 S04-1]S67 yP71-1P53 1 PO04-1

T211$S56-4P06-1B16 1)/P56-1B57-1B73 1S621
BO7-1T76-1S51-1S50 1T7T37-1 P73 1 B76-1B36-1

P15 1P63 1 S14 1T46-1B41-1P47 1lB35 1P 141

B31-1P23 1P30 1TO01-11S46-1P52-1B64 1B201
$31-1S25 13763 1 P70 1 T30 1S35 1B27 1T40 1
T27 11B26 1/P54-1T13 1]T57-1T43-1T42-1S 341
TO7-1 P27 11P24 11S60 JT47-1T201S61-1S271
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Table B.1: Visibility data (continued)

S42 1P141 s27-1B41-1P02-1P63 1S 12 1T26 1

TO7-1 P10 1 S301B16-1B64 1B601B31-1T27-1

T32-1 P27 11T05-1S04-1JT63 1B20 1|T57-1 P05 1

B04-1S67 13jT71 1 B42-1S63 1T01 1 S50 17S17 1
T42 1 P62 11P75-1B07-1B36-1P23 1 S60 1P64-1
B10 1 T21-1P43 1S01-1T43 1 T40 1/T37-1T45 1
P30-1S231S141P0G6 1/T47-1P71-1P15 1 T201

B45 1 S51-1S46-1P04-1P13 1S34 1P73 1P47 1

P54 1 T06-1S73 1S57-yB57-1S701P70 1T16-1

B711B05-1B26-1P52-1T51 1 S35 1S02-1P531

S47 1337T35-1T76 11P67 11B34 1S31-1S56-1P24-1
T13-1S2513B03-1P56 1B12 1B27-1B35-1B731

B47-1S62 1T41 1 S45 1T7T46 1,S61 1T30 1 B56-1

B52-1P16 1B15 1 T56-1B32-1B76-1T52-1P21-1

s301PO0S5-1S62 13P71-1B12 1P53-1T57-1T27-1

B60 1P52-1T40-1P73 1P30 1B56-1T13-1S57-1

P21-11S31-1B73 1/S12 1T16-1T35 1 B36-1PO06-1
P63 11P13 1 S35 1P24 1 P47 1P 43 1S 23 1T26-1
Ss61-1B10 1/P56-1T05-1T52-1T51-1B04-1S701
T46 1]7T32-1T43 1 P27 11B20 1B57-1T45-1S17 1

P54-1P02-1TO06-1B03-1B27 11S01-1B71-1BO05-1

B34-1B64 1B07-1B351B26-1S46-1B41-1S04-1
S50 1T47 11B45-1B52-1P04-1B42-1S45-1T56-1

S251S42-14P23 1 P70 1P64-1B16 1|S 67 1]T63 1

T71-1T201S$S601B32-1T37-1TO07-1T42-1 P15 1

S51-1S34 11P62-1T41-1S63 1B47-1T76-1S 141

P16 11B15 1 S02-1S27 1S47-11S8S56-1S73 1T21-1
P10 1 P75 1 B76-1P67 11P14 11TO01 1/B31-1 T30 1

TO5-1T56-1T52 1S47-1B76-1T40 1 B711B42-1

s27-43T7T711T51-1TO07-1T47-1B07-1T21-1B12 1

S611S25 13B27 1S57-1B341S341P54-1S51-1
P27 131P04-1S50 1jJP301B201P52-1B36-1PO0S5-1

B10 1 B47-1T06-1P75 1P23 1 T43-1P47-1P10 1
B32-11T26-1B57-1S5S04-1T7T35 1 P16 1B16-1B641

$231B05-1S701S67 1P63 1S301B15 1S351

B52-1P06-1P71-1S$S42-1S73 1P62-1S14 1T20 1

T631$02-13S6013T27-1 P70 1B35 1 P64 11B73 1

S45-3T7T57-17T32 1 T76-1B31-1S12 1S62 1S31-1

B41-1B60 1 P21-1P24 1 T41-1B45 1P14 1 BO04-1
T46-1 P15 1 B03-1P56-1S46-1T301T42-1P731

s631P67 11P53-1T37-1T01-1S01-1B56-1S17 1

T16-1 P13 1 T45-1S56-1T13 1P02-1P 43 1B26-1

(continued on next page)
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Table B.1: Visibility data (continued)

T37-1S14 13P75 1 T43-1B41-1T57-1B47-1B03-1

P21-1S31-1S46-1B05-1T47-1T56-1S 23 1B64 1

P62-1P54-1S30 1T7T63 1 P64-11P73 1T41-1T27-1

Ss50-1B52-1B04-1T26-1 P15 1 S70 1B60 1 P13 1

B42-1B45 1PO05-1TS51-1P53 1T30 1P24 1 S67 1

S62-1sS34-1yB10 1P04-1B31-1T16-1{S60 1P141

T46-1B57-1B34 1B711S02-1P02-1T71 1 B56-1
P43 1 T35 1B27-1B16 1/T21-1B32-1T01-1P63 1
B151B35 1 s73 13P301T52-1T76 1/P47-1P671

S27 1s61 13T7T07-1S63 1P231S35 1T40 1 BO07-1
s51-1B76-1P71-1S04-1S12 1T7T06-1B73 1S01-1

B36-1P56-1P52-1P27 1 S47-1T20 1 PO06-1S57-1
B26-1T42-1 P70 11P10 1T05-11S56-1S45 1B201
Ss17 13B12 1 T13 1 T32-1T45 1/S25 1S42-1P16 1

T13-1P30-1P04-1P14 11T41-1T21-11S67 1B52-1

B0O5-1P62-1P24 1P73 1P64-1P71-1S 45 1P 02-1
S04-1T7T47-1B03-1P56-1P15 11S17 1S14 1B26-1

S121S$S631B16-1T52-1P16 1lB35 1/S30 1B12 1

BO7-1B64 1B32-1P13 1B101P70 1P23 1P47 1

T45-1s25 13y17T32 1 T201 T0O6-1P0O06-1B57-1P75 1

P63 1B31-1S34 1B73 1 T711P21-1P54-1S31-1
B60 1 T56-1S01-1B42-1T26-1P52-1S70 1B76-1

S601S5017sS731B45 1 B36-1B41-1S51-1S47-1

S35 1T42-1P05-1B47-1T37-1B04-11T46-1 P10 1

S27 1s02-1sS621S611T7T35 1 T76-1B27-1B201

P27 1B34-1T7T301T40 1 TO1-1P43 11T16-1TO07-1

T51-1B15 1sS57-13T63 1 T57-1P67-1B56-1P53-1

T43-1T27-1S42-13T05-1B71 1 S56-1S46-1S23-1

B351P67 11S01-1T32 11S$S31-1P10 1TS56-1B711

B60 1 S62 1B57-1S$S51-1T35 1 B52-11B03-1P14 1

S35 1T43-1B15 1P16 11P54-1B64 1S 12 1B07-1

B56-1T01-1T41-1TO0S5-1B731S67 1jT21-1P71-1

Ss56-3T57-1 P24 1 T16-1P301B16-1B12 1S50 1

ToO7-1s17 3s27 133jP02-1 P73 1S 25 1P06-1P 431
S70 1P63 1T71 1 S04-1T63 1 T45 1 P04-1S 231
P70 11P21-1T301 P53 1/ S46-4yT37-1T51-1P271

B32-1B04-1S42-1B36-1T40 1 T26-1 P23 1 S34-1

T13 1 T06-1T76 11B41-1S57-1]P62-1S02-1S731

T20 1 S47-1B76-1B47-1S63 1B201T46-1B10 1

PO5-1BO05-1 P15 1 B26-1S601B34 1P52-1T42-1
B45 1B31-1T27-1T47-1T52-1 P47 1S 30 1P 56 -1
B27-1P75 1P64-11P13 1B42-1S61-1S45-1S14 1
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Table B.1: Visibility data (continued)

T37-1P47-1 P13 1 B16-1B27-1S23 1B31 1 T35 1

B101T51 1]T01-1S46-1S57-11S04-1S301P151
T47-1B52 1B34 1T201S01-1P62-1T27-1T41-1

T42-1B57-1T06-1B56-1B32 1P14 11P53 1S 351

Ss56-1P301P54 1 B71 1T56-1T301 P06 1]T711
T76-1S45-1S17-1S25 1S5011S27-1B45-1S671

P67-1S42-1P52-1S63 1B05-1P63 1 T63 1 B731

B36-1T40 1 B47-1P64-1B60 1P02-1T45-1|T16-1

P10 1P43 11P56 11B64 11B07-1B76-1S73 1B04-1
T13-1S47-13T7T211 S601B42-1S34 1B03-1S611

P24-1P04-1P16-1B15 1 B35 1S51-1P75 1P 05-1

T43-1T26-1 P23 1S12 1T05-1S701P70-1T521
B41-1P21-1B201 P73 1 T46-1S5S31-1T32 1S141
so02-1s62 13P71-1 P27 11T57-1B26-1TO07-1B12 1
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B.2 MPEG data

Table B.2 lists the watermark detection level in the watermarked video sequences dhe visibility

test after MPEG-2 compression. The stars mark the compression levels where a wamg payload
was retrieved from the watermarked sequence. The data in the table are graphicallyjlustrated in

gure 8.1 in chapter 8.

Detection levels for the basketball sequence
Algorithm | Uncompressed 8 Mbit/s 6 Mbit/s 4 Mbit/s 2 Mbit/s

1 66.39 38.42 30.32 20.25 9.21
2 65.85 39.54 30.84 20.53 9.13
3 52.76 22.85 17.26 11.44 5.23*
4 60.97 31.93 24.42 15.92 6.85
5 52.97 23.85 17.68 11.61 5.20*
6 67.57 39.97 31.59 21.54 10.30
7 66.51 38.65 29.89 19.94 9.29

Detection levels for the palm sequence
Algorithm | Uncompressed 8 Mbit/s 6 Mbit/s 4 Mbit/s 2 Mbit/s

1 50.15 29.45 24.24 18.09 9.49
2 50.03 30.46 25.19 18.58 9.58
3 28.77 12.33 9.68 7.33 4.37*
4 45.25 24.44 19.74 14.48 7.82
5 30.62 13.09 10.73 7.31 4.64*
6 43.93 23.87 19.76 14.58 7.62
7 42.96 22.76 18.74 14.07 7.08

Detection levels for the ship sequence
Algorithm | Uncompressed 8 Mbit/s 6 Mbit/s 4 Mbit/s 2 Mbit/s

1 29.03 17.85 15.43 12.21 7.99
2 30.63 18.90 16.17 12.74 7.83
3 11.35 6.48 5.86 5.10* 4.25*
4 23.22 13.84 11.94 9.57 6.25
5 13.12 7.04 6.08 5.11* 4.33*
6 22.47 13.36 11.55 9.32 6.40
7 21.15 12.30 10.82 8.73 5.70

Detection levels for the tree sequence
Algorithm | Uncompressed 8 Mbit/s 6 Mbit/'s 4 Mbit/s 2 Mbit/s

1 51.85 29.41 23.90 15.94 9.01
2 51.45 30.46 24.76 16.95 9.16
3 36.63 13.38 10.92 7.11 4.94*
4 47.89 25.04 20.18 13.51 7.14
5 37.85 14.84 11.72 7.58 4.85*
6 48.93 25.88 21.15 14.46 8.15
7 48.10 24.60 20.07 13.63 7.76

Table B.2: Watermark detection level in the watermarked video sequence after MPEG-2 compression.
The stars mark the compression levels where a wrong payload waretrieved from the watermarked sequence.
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B.3 Luminance clipping settings

2001/825

Table B.3 lists the settings of the luminance clipping component of the new watermaking algo-
rithms. Each setting of the component consists of 256 values, which correspd to luminance levels
0 through 255. The values are listed from left to right, top to bottom. The values determine the
maximum change to a pixel of the corresponding luminance value.

Soft luminance clipping setting
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Table B.3:

The soft and hard setting of the luminance clipping module of the newwatermarking algorithms.

Each setting consists of 256 values, corresponding to luminance lgels 0 through 255, listed from left to right,

top to bottom.
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B.4 Motion adaptation factors

Table B.4 lists the motion adaptation factors that were used in the motion sensitive video water-
marking algorithms of the visibility test (algorithms 4 and 7). The ta ble lists ranges of velocities
and the corresponding adaptation factor for that range. The motion adaptation curve in gure 6.4

in chapter 6 illustrates the data in this table.

velocity range  factor velocity range  factor velocity range  factor
0.00- 1.00 1.0000| 16.64 - 16.79 0.3281| 21.61 - 21.73 0.6797
1.00 - 8.12 0.0000| 16.79 - 16.94 0.3359| 21.73 - 21.84 0.6875
8.12 - 8.43 0.0078| 16.94 - 17.09 0.3438| 21.84 - 21.95 0.7031
8.43 - 9.00 0.0156| 17.09 - 17.23 0.3514| 21.95 - 22.07 0.7109
9.00 - 9.27 0.0234| 17.23 - 17.38 0.3594| 22.07 - 22.18 0.7188§
9.27 - 9.80 0.0313| 17.38 - 17.66 0.375Q| 22.18 - 22.29 0.7266
9.80 - 10.54 0.0391| 17.66 - 17.80 0.3906| 22.29 - 22.41 0.7344
10.54 - 10.77 0.0469| 17.80 - 17.94 0.3984| 22.41 - 22.65 0.7500Q
10.77 - 11.00 0.0547| 17.94 - 18.08 0.4063| 22.65 - 22.76 0.7654
11.00 - 11.45 0.0703| 18.08 - 18.22 0.4141 22.76 - 22.87 0.7734
11.45-11.66 0.0781] 18.22 - 18.36 0.4219| 22.87 - 22.98 0.7813
11.66 - 11.87 0.0859| 18.36 - 18.49 0.4297| 22.98 - 23.09 0.7891
11.87 - 12.29 0.1016| 18.49 - 18.76 0.4373| 23.09 - 23.19 0.8047
12.29 - 12.49 0.1094| 18.76 - 18.89 0.4531 23.19 - 23.30 0.8125
12.49 - 12.69 0.1250| 18.89 - 19.16 0.4688| 23.30 - 23.41 0.8203
12.69 - 12.88 0.132§| 19.16 - 19.29 0.4766| 23.41 - 23.52 0.835¢9
12.88 - 13.27 0.1406| 19.29 - 19.42 0.4922| 23.52 - 23.62 0.8438§
13.27 - 13.45 0.1563| 19.42 - 19.54 0.500Q| 23.62 - 23.73 0.8514
13.45 - 13.64 0.1641| 19.54 - 19.67 0.5078| 23.73 - 23.83 0.8672
13.64 - 13.82 0.1719 19.67 - 19.80 0.5154| 23.83 - 24.04 0.875(Q
13.82 - 14.00 0.1797| 19.80 - 20.05 0.5313| 24.04 - 24.15 0.8828§
14.00 - 14.18 0.1875| 20.05 - 20.17 0.5469| 24.15 - 24.25 0.8906
14.18 - 14.53 0.1953| 20.17 - 20.30 0.5547| 24.25 - 24.35 0.8984
14.53 - 14.70 0.2031| 20.30 - 20.42 0.5703| 24.35 - 24.56 0.9063
14.70 - 14.87 0.2109| 20.42 - 20.54 0.5859| 24.56 - 24.76 0.9297
14.87 - 15.03 0.2188| 20.54 - 20.66 0.5938| 24.76 - 24.96 0.9375
15.03 - 15.20 0.2266| 20.66 - 20.78 0.6094| 24.96 - 25.06 0.9453
15.20 - 15.36 0.2344| 20.78 - 20.90 0.6172| 25.06 - 25.16 0.9531
15.36 - 15.52 0.2500| 20.90 - 21.02 0.625Q| 25.16 - 25.26 0.9609
15.52 - 15.84 0.2578| 21.02 - 21.14 0.6328| 25.26 - 25.36 0.9688§
15.84 - 16.03 0.2656| 21.14 - 21.26 0.6406| 25.36 - 25.46 0.9764
16.03 - 16.19 0.2734| 21.26 - 21.38 0.6484| 25.46 - 25.55 0.9844
16.19 - 16.49 0.2891] 21.38 - 21.49 0.6563| 25.55 - 25.65 0.9922
16.49 - 16.64 0.3203| 21.49 - 21.61 0.6719| 25.65 - 35.78 1.000Q

Table B.4: Motion adaptation factors for the range of velocities returne d by the Y-prediction block matcher,
in pixels per eld. The velocity range A - B should be read as: fromA to, but not including, B.
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