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Summary

Video Processing for LCD-TVs

Since their introduction in the consumer market, TVs have seen steady technological
progress. Starting as monochrome, dim picture tubes, they have evolved to large
and colorful flat panel displays with a high resolution and contrast and, as such,
have earned a prominent place in many living rooms. The dominant position of
CRT displays as the preferred display type for TVs has been replaced by LCDs. An
important reason for this replacement is the form factor benefit that LCDs have over
CRT displays. Especially for large sizes, CRT displays become heavy and bulky.
The differences between LCD-TVs and CRT-TVs, however, go beyond just their
form factor. The displays use very different principles to create pictures from the
incoming TV-signal, and, therefore, the same TV-signal can be perceived differently
when displayed.

LCDs did not perform on par with CRT displays with respect to all picture
quality attributes at their introduction as consumer TV displays in the mid 1990s.
In particular, the perception of motion blur on LCD-TVs has been identified as
one of the most prominent shortcomings of LCD-TVs, but also noise is considered
more visible on LCDs compared to CRT displays. Since then, many picture quality
improvements for LCDs have been proposed in literature that reduce these short-
comings. In order to understand how picture quality on LCDs can be improved and
how the performance of several picture quality improvements can be compared, as-
pects of the registration, reconstruction and perception of TV pictures have to be
taken into account.

In this thesis, a framework is presented that can be used to model the regis-
tration, addressing, and the reconstruction of TV signals and to evaluate perceived
picture quality. The framework describes a registration and a reconstruction process
for TV signals, which are modeled using a sampling grid and a spatio-temporal aper-
ture. The visibility of the reconstructed signal is further modeled using a perception
window that is defined as a diamond shaped window in the frequency amplitude do-
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Summary

main. Also, motion is added to the framework by describing the motion trajectory
that can be observed from a picture sequence that contains a time-sequential dis-
placement of (part of) its content. The framework combines this motion description
with the motion-tracking capabilities of the Human Visual System (HVS). It allows
us to analyze how temporal display properties are perceived as spatial impairments.
In general, the framework is used to describe the influence of display properties on
the perception of display related perceptual attributes such as the visibility of pixel
structure, large-area flicker, motion judder, motion blur and the visibility of noise,
and to predict the performance of several video processing algorithms that improve
picture quality.

The visibility of motion blur on LCD-TVs has lead to several motion blur re-
duction algorithms for TV applications, including Scanning Backlights (SBL), Black
Frame Insertion (BFI), Gray Frame Insertion (GFI), Smooth Frame Insertion (SFI)
and Motion Compensated Frame Rate Conversion (MC-FRC). We use our frame-
work to analyze the performance and the limitations of these algorithms, showing
SBL, BFI and GFI are unsuitable for 50 Hz LCD-TVs because they introduce large-
area flicker. When the picture rate is below the large-area flicker threshold, either
SFI or MC-FRC can be used for motion blur reduction. In order to obtain the best
perceived motion portrayal on LCD-TVs, motion judder and motion blur have to
be prevented. From a signal-theoretical point of view, the conversion of film and
video to the highest possible reconstruction rate yields optimal motion portrayal.
If computational complexity and physical limitations of a display are taken into ac-
count, optimal motion portrayal might be obtained using a combination of methods
including MC-FRC, SFI and SBL.

The registration process of TV pictures is, in addition to the reconstruction
process, a source of motion blur. Hence, the perceived motion blur on LCD-TVs
is a combination of both motion blur sources. We, therefore, discriminate between
motion blur from the registration and the reconstruction process by referring to
camera blur and display blur, respectively. The perceived improvement of display
blur reduction is known to be limited when camera blur dominates. In a TV set,
display blur can be determined from the reconstruction properties of the known
display, while camera blur needs to be estimated from the TV’s input picture. In
this thesis, we introduce the Temporal Aperture Width (TAW) as a metric for
camera blur and describe the experiments that obtain estimates of camera blur for
a broad range of TV-broadcast signals. The results show that camera blur often
dominates over display blur on 100 Hz LCD-TVs, and, therefore, requires remedial
processing before justifying a further increase of the display rate.

Camera blur can be reduced with Motion Compensated Inverse Filtering
(MCIF). A practical implementation of MCIF is constructed using a FIR-filter
along the motion trajectory and requires an estimate of the camera blur (expressed

xii



by the TAW) and an estimate of the local motion vector. In this thesis, two fil-
ter approximations are obtained using a non-linear method and a trained-filter
method. Non-linear MCIF combines a linear FIR-filter that boosts spatial details
with clipping to enhance picture details and the transients of edges while limiting
visible overshoots. We found this method quite robust to noise, but conservative in
recreating sharpness in highly details areas. Trained-filter MCIF classifies different
structures and, for each structure, it applies an optimal filter that has been obtained
using a Least Mean Squares (LMS)-process. Compared to non-linear MCIF, this
method was found to be less noise robust, but better in recreating sharpness in
highly detailed areas.

In a final contribution, we use our framework to discuss how the differences
in display properties, between LCDs and CRT displays, also lead to a different
portrayal of noise present in the video signal. The differences in spatial aperture
make noise more visible on LCDs, especially for spatially up-scaled video signals.
Classical video noise filtering does not reduce this difference and, instead, noise
diffusion is proposed as a suitable alternative leading to noise masking rather than
noise filtering. It masks noise similarly as dithering is known to enable masking
of quantization artifacts. The wide temporal aperture of LCDs results in a mo-
tion dependent blurring of noise. This motion dependence is reduced with display
blur reduction. A further improvement of noise portrayal has been attempted by
temporally up-converting the noise. Although this leads to a difference in noise
perception, the temporal processing did not lead to an improvement.

In conclusion, we have modeled the registration, addressing, reconstruction and
perception of a TV signal, and used this model to prove that LCDs require display
specific video processing such as motion blur reduction and noise diffusion to ob-
tain the best picture quality for TV applications. We also elaborated the required
designs.

xiii
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Chapter 1

Introduction

Since the advent of commercial TVs in the late 1930s [1], the TV has conquered a
central place in almost every home as a source of news and entertainment[2]. Its use
as a receiver for broadcast pictures has been extended to portraying recorded content
since the 1970s, with the availability of video cassettes [3], and later, Laserdiscs
and DVDs [4], and recently, Blu-ray discs [5]. The TV provides an audio-visual
experience that is even considered addictive to some [6].

The popularity of TV sets, has created large markets for media producers, the
advertisement industry, broadcasters and electronics manufacturers [7], who, in
turn, have contributed to a steady stream of innovations in the area of TV content,
picture quality, ease-of-use, and interactivity. Ease-of-use has been improved by the
introduction of e.g. automatic tuning settings, channel presets, and remote controls,
while the viewing experience has improved with the introduction of color, picture
format conversions, and sharpness and color enhancements. Additional services
have been enabled with teletext and the connectivity to the internet.

Sound and picture quality, being important selling points, have improved from
the portrayal of small, low resolution, monochrome pictures with mono sound to-
wards large, sharp, colorful, bright and high resolution pictures with surround
sound. These innovations have been enabled by developments like the digitiza-
tion of the TV-broadcast chain, the wide adoption of common picture standards
such as MPEG [8], the conversion from Standard Definition (SD) signals to High
Definition (HD) signals, the widening of the picture aspect ratio from 4:3 to 21:9,
the picture rate increase to 100Hz and above and further improvements in display
technology.

For several decades, the preferred display technology for TVs has been the Cath-
ode Ray Tube (CRT) display [9]. It provides a means to construct a detailed picture
at high speeds using a scanning electron gun in a vacuum that excites a phosphor
sheet to create visible light [10]. Using red, green and blue color phosphors, col-
orful pictures can be created. The required vacuum, however, means thick and
heavy glass chambers are required for large screens. With the growing demand for

1



Introduction

increasingly larger screen sizes, this meant that CRT displays became very heavy
and bulky, eventually leading to their demise to the benefit of flat panel display
technologies, such as Plasma Display Panels (PDPs) and Liquid Crystal Displays
(LCDs).

Although flat panel displays outperform CRT displays with respect to their form
factor, at their introduction as a TV-display in the mid 1990s, flat panel displays
were inferior to CRT displays [11] in many other display aspects such as black level,
power consumption, motion, and noise portrayal. This has started a second wave
of innovations for picture quality improvements, that specifically address display
limitations. In this thesis, we will discuss the research in this area that focusses on
video processing algorithms for improving the picture quality of LCD-TVs.

In Section 1.1, we will give a brief introduction to TV-broadcasts and discuss
some of the relevant properties that influence picture quality on TVs. The problem
description and the goal of this thesis are given in Section 1.2, while the research
achievements are listed in Section 1.3. The outline of this thesis is provided in
Section 1.4.

1.1 Signal Processing for TV applications

A TV functions as the terminal in a chain, rendering media content that has been
registered, stored and transmitted. As such, we discriminate between three stages:
a registration stage, a broadcast or transmission stage and a reception stage of
which a simplified representation is illustrated in Figure 1.1. In this thesis, we will
mainly focus on the signal processing at the TV reception that is directly relevant
to describe the cause for the differences in picture quality on CRT displays and
LCDs. We only take the aspects of registration and transmission into account
that are important to understand picture quality differences between CRT displays
and LCDs. We will present a video framework that describes the registration and
reconstruction of TV-signals in the next chapter, but summarize the properties of
typical TV-signals and their format in this section to provide context.

TV-signals are typically registered by a camera, which captures light and con-
verts it to an electronic video signal that describes a sequence of pictures. A wide
variety of cameras exist, resulting in picture sequences of varying picture quality,
but more importantly also different signal types and formats. Consequently, sig-
nal format conversions such as resolution and picture rate conversions are required
to make the signals compatible for transmission or storage. In particular, the dif-
ferent registration rates for film (24 or 25 Hz) and video (50 or 60 Hz) cameras,
is important to take into account when optimizing picture quality further in the
video processing chain. The concepts of picture resolution and picture rate will be
explained in more detail in the next chapter.

2



Chapter 1: Signal Processing for TV applications

Figure 1.1: A simplified representation of a TV-broadcast chain. Before a TV-signal is received,

it can be edited, stored and converted to various formats. There are several means

for distribution, including satellite transmission, terrestrial transmission, and IPTV.

The TV reception reconstructs a picture form the transmitted TV-signal.

TV-signals can be distributed via various transmission means, such as satellite
[12], terrestrial or cable broadcast [13], IPTV [14], and DVD. In addition to the
broadcast of TV-signals, storage, editing and additional format conversions might
be required to match the TV-signal with the broadcast medium. Furthermore,
multiple video and audio signals (referred to as TV-channels) are contained in a
single broadcast signal and, at reception, one TV-channel is singled out. Each of
these processing steps can influence the picture quality.

An important difference in signal distribution (and, therefore, signal processing
steps) exists between analog and digital TV-broadcast systems. For analog TV-
broadcast systems, TV-signals consist of a stream of horizontal scan lines of pictures.
Each scan line contains luminance information and, in case of a color signal, color
information is encoded in one of the formats defined by the NTSC [15], PAL [16],
or SECAM [17] color systems. The horizontal resolution of an analog TV-signal is
defined by the signal bandwidth, the vertical resolution of a TV-signal is defined
by the number of lines, while the temporal resolution is determined by the delay
between consecutive pictures. For digital TV-broadcast systems, two standards
have been widely adopted, the Advanced Television Systems Committee (ATSC)
standard [18] and the Digital Video Broadcast - Terrestrial (DVB-T) standard [19].
Both digital broadcast systems are based on the MPEG transport stream and use
the MPEG-2 Video codec [20]. The MPEG video stream contains the description
of a digitized picture sequence, using an elaborate compression scheme [21]. At
reception the video stream is decoded.

Analog and digital broadcast systems differ in the way they tradeoff signal qual-
ity and bandwidth leading to very different types of picture degradations. This
leads to a large amount of picture quality aspects that have to be take into account
when optimizing picture quality in a TV. Another important signal processing step
to consider is, so called, interlace [22]. For both digital and analog TV-broadcasts,
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an interlaced video format is used, meaning that, alternately, only the even or odd
lines of a picture are transmitted. These half-pictures, called fields, are transmitted
at a rate equal to the standard AC mains supply frequency, which is e.g. 50 Hz in
many European countries and 60 Hz in e.g. North America. Although, the field rate
is independent of the rate at which images are registered, the picture registration
standards [23] are defined such that a complex format conversion is prevented. For
example, film cameras register pictures at a rate of 24 Hz, which is converted to 60
Hz by alternating a tripling and doubling of the pictures, or converted to 50 Hz by
doubling the pictures in combination with a speed-up with a factor of 25/24.

At the reception of the broadcast signal by a TV, additional signal processing
converts the TV-signal such that it can be rendered on the TV’s display. For this,
a TV contains a tuner, a video scaler and a display. The tuner singles out a TV-
channel and decodes this signal to a picture sequence. The picture properties of
the decoded signal follow from the registration and broadcast format. Typically,
registration related signal properties, such as the registration rate and registration
resolution, need to be estimated from the signal because this meta data is not part
of the broadcast format. The TV’s video scaler modifies the pictures sequence
to match the display format. The display, finally, renders the picture sequence,
converting the scaled picture sequence to light. A display typically comprises a
rectangular plane that has a matrix of light modulating elements, called pixels.
The scaled picture determines the display’s pixel luminance and color.

Additional, spatial and temporal signal processing is implemented in a TV’s
signal processing chain to not only make the broadcast signal suitable for display,
but also to improve picture quality by e.g. reducing noise, and improving sharpness
and the fluency of motion. An overview of such video enhancement algorithms for
TV applications is presented in [24]. In this thesis, we limit ourselves to motion
blur and noise visibility and the influence of LCDs on picture quality.

1.2 Problem description and goal

Despite the advantages in form factor and weight of flat panel displays in general
and LCDs in particular, the perceived picture quality of TV-signals on these displays
can be worse than on CRT displays. These differences in picture quality directly
follow from the differences in display technology. The black level, i.e. the minimum
amount of light that is emitted from the display, for example, of CRT displays is
determined by the excitation of the phosphors and the reflection by environment
light, while for LCDs this is mainly determined by the leakage of the LC-cell.

The biggest differences in picture quality between CRT displays and LCDs,
however, are visible in the perceived sharpness and noise. LCDs are capable of
better rendering small details sharply when they are static, but LCDs perform
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Chapter 1: Research achievements

worse in portraying moving details, causing an effect known as motion blur to be
visible on LCDs. The cause for motion blur on LCDs has been reported in literature
together with many proposals for motion blur reduction [25], [26], [27], [28], [29].
In this thesis, it is the goal to demonstrate that the framework can be used to
compare these motion blur reduction methods and to predict their performance
and limitations.

Furthermore, it is the goal of this thesis to understand to what extent display
improvements for motion blur reduction are visible when taking ino account that
the TV-signal is impaired with motion blur from the registration process. The goal
is to show, for TV applications, when each of the motion blur sources dominate
and to show how motion blur can be further reduced in case motion blur from the
registration process is dominant.

The cause for the difference in noise portrayal between CRT displays and LCDs
is less clearly understood and it is one of the goals of this research to identify the
main contributions to the observed differences and to propose a method to reduce
noise visibility for LCDs.

The difference in perceived sharpness and noise, caused by the particular display
technology suggests display specific signal processing is required to obtain the best
picture quality. It is the goal of this thesis to provide insight how to obtain an
optimal picture quality in terms of sharpness and noise when displaying TV-signals
on LCDs. This thesis describes how this depends on the signal, the display, and
perception.

1.3 Research achievements

In this thesis, we present the extension of a framework for video processing de-
scribed by Schroeder et al. and Klompenhouwer et al. in [30] and [31], respectively,
making it suitable to describe motion judder and the perception of noise on LCDs.
The extended framework has also been published in [32] where we demonstrate
its usefulness for explaining several display phenomena and the prediction of the
performance of video processing algorithms for LCD-TVs.

In addition, we have designed a video processing system for obtaining least-
impaired motion portrayal on LCD-TVs. This part of the research has been pub-
lished in [33]. It has been demonstrated that the extended framework can be used
to predict the performance of motion blur reduction methods, as we have published
in [34]. Motion judder reduction is combined with specific motion blur reduction
methods that prevent large area flicker. This has lead to efficient implementations
of motion portrayal improvements, which have been disclosed in [35] and [36].

To determine if the dominant cause for motion blur on LCD-TVs is induced
by the display or the registration process (i.e motion blur that is caused by the
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camera), we have developed and performed experiments to estimate the motion
blur in TV-signals for various broadcasts. We have presented the results of the
estimates in [37], and found that motion sharpness is often limited by the content
when portrayed on motion-compensated 100Hz LCD-TVs. We have developed and
evaluated two novel motion blur reduction methods for TVs that reduce the motion
blur that is induced by the signal’s registration process.

We have discovered, using the extended framework, why noise is more visible on
LCDs compared to CRT displays. In addition, we have designed and implemented a
video processing algorithm that improves noise portrayal of spatially up-scaled video
on LCD-TVs, called Noise Diffusion, and reported it in [38], and [39]. We have used
the extended framework to determine that the perceived motion dependence of noise
is reduced with motion blur reduction methods and that a further shaping of the
temporal noise characteristics changes the noise portrayal, although an improvement
has not yet been found.

1.4 Outline of this thesis

This thesis addresses the video processing for sharpness and noise portrayal im-
provements for television signals on LCDs by starting with a theoretical framework
in Chapter 2. This chapter extends the works of [30] and [31] by taking the influence
of LCD properties into account on the perception of TV-pictures. We will start with
this framework, for it is used throughout this thesis to model perceptual attributes
such as sharpness, flicker, motion judder, motion blur and noise visibility.

In Chapter 3, we use the framework to benchmark several motion blur reduction
methods that have been proposed in literature. Two methods, Smooth Frame In-
sertion (SFI) [28] and Motion Compensated Frame Rate Conversion (MC-FRC) [29]
are discussed in more detail, because these prove to be most suitable for TV applica-
tions. In this chapter, we conclude which signal processing and display adaptations
are required to obtain an LCD with optimal motion portrayal for TV-signals.

In Chapter 4, we turn to the question to what amount the registration process
of pictures contributes to motion blur on LCD-TVs compared to the reconstruction
process. We elaborate on the differences between both motion blur sources. Also,
we present the result from motion blur measurements on TV-broadcast to show
when the registration is the dominant motion blur source.

Two video-processing algorithms, suitable for TV applications, that reduce mo-
tion blur caused by the registration process are presented in Chapter 5. In this
chapter, we first describe the amplitude response of the theoretical inverse blur-
ring filter and show that a filter design that directly approximates this amplitude
response does not yield a useful filter for picture quality enhancement. The two
presented alternative methods deviate from the ideal inverse response, but yield an
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improved motion sharpness.
In Chapter 6, we discuss noise visibility on LCDs. We show to what extent,

in comparison to CRT displays, the increased visibility is caused by spatial and
temporal differences in the display’s reconstruction process. Furthermore, a spatial
noise shaping algorithm is presented specifically for TV-signals on LCDs. Also, the
dynamic properties of noise portrayal on LCDs are discussed in more detail and the
reduction of the motion dependence of noise on LCDs is described.

Finally, in Chapter 7, we conclude on the combined results presented in this
thesis. This leads to a design for a video processing chain specifically for improved
noise and motion portrayal on LCD-TVs based on the combined results presented
in Chapters 3, 4, 5, and 6. Also, future work is discussed in Chapter 7.
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Chapter 2

A video processing framework for display

systems

In the previous chapter, we introduced a TV as the receiving part in a video-
broadcast chain (recall Figure 1.1). In that chapter, we have briefly presented some
of the signal processing steps that affect the picture in between the registration and
display of a TV-signal to illustrate that pictures go through multiple processing
steps before being displayed. Because each step can influence the perceived picture
quality, it can be complicated to trace the cause of video impairments. As a result,
it is more difficult to find design solutions for picture quality enhancements without
an overview of the video-broadcast chain.

By using a video processing framework, we can describe the registration, trans-
mission, reconstruction, and perception of pictures in a structured manner. This
video processing framework is presented in this chapter. It describes a perceived
picture using a model of the video signal, the video processing chain and an ob-
server, and builds on the framework presented in [1], and [2], which extended the
earlier work described in [3] and [4] by including eye-tracking. Eye-tracking refers to
the capability of the Human Visual System (HVS) to smoothly pursue the motion
of objects [5]. The framework from [1] and [2] is summarized in this chapter and ex-
tended in spatial and temporal dimensions to include both the camera and display
response and some of the limitations of the HVS. We will refer to this framework
as the extended framework.

The extended framework describes how an observer perceives a registered picture
on a display. It describes the display as a reconstruction process of a light signal
that has been sampled during a registration process. As such, the video-broadcast
chain is simplified and generalized to three stages, as illustrated in Figure 2.1: a
registration stage that converts the continuous light signal into a stream of discrete
samples, a reconstruction stage that recreates a continuous light signal from the
stream of samples, and a perception stage that observes the reconstructed light.
The extended framework is used in the following chapters to describe perceptual
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Registration

light

Reconstruction Perception

samples
light

Figure 2.1: The three main steps in our framework are registration, reconstruction and percep-

tion.

attributes such as motion blur and noise visibility for TV-signals when displayed
on an LCD. We will use a CRT display for comparison.

This chapter is organized as follows: we will elaborate the framework in more
detail first, in Section 2.1. Details on the registration process are discussed in Section
2.1.1, the reconstruction is further elaborated in Section 2.1.2, and the perception
of the reconstructed light signal is detailed in Section 2.1.3. In Section 2.2, the
framework is used to describe the perceptual attributes that are addressed by the
video processing algorithms described in the remaining chapters. More specifically,
we will discuss the visibility of a discrete pixel structure in Section 2.2.1 and large-
area flicker, motion judder, and motion blur in Sections 2.2.2, 2.2.3, and 2.2.4,
respectively. Furthermore, in Section 2.3 a noise model is added to the framework.
In Section 2.4, some of the limitations of the framework are discussed and we will
conclude in Section 2.5.

2.1 The video processing framework

The video processing framework, discussed in [2], describes a perceived intensity
signal and relates it to an intensity signal that describes a light plane prior regis-
tration and broadcast. The framework is used, there, mainly to demonstrate how
the temporal pixel response influences the perceived picture quality. In this thesis,
we will adopt and extend this framework. We will put more emphasis on properties
of the registration process and present a more elaborate visibility model in this sec-
tion. We deviate from the existing framework by not normalizing the picture rate,
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to be able to include multiple picture rates.
Before describing the framework in detail in the remainder of this section, we

will first give a brief overview of the simplifications of the video-broadcast chain
that have been made for the framework. We can ignore certain signal aspects of
the video-broadcast chain, because we focus on the picture attributes that are most
apparent between LCDs and CRT displays, namely sharpness, motion portrayal,
noise visibility, and large area flicker.

Furthermore, by limiting the number of aspects to consider for the video-
broadcast chain we simplify our definition of optimal picture reconstruction and
optimal picture quality. We will define the reconstruction process as optimal when
the reconstructed picture is identical to the light signal just before registration up
to the limits of the HVS, i.e. the picture on a display is perceived identical to the
scene before registration. Picture quality is considered optimal when a picture is
perceived with as few impairments as possible. How picture quality is rated as a
function of picture degradations is, however, subjective.

We limit ourselves to the simplified case that the optimal reconstruction of
the light signal can be obtained by removing all possible impairments from the
picture such as noise and sharpness loss, while, in practice, some of the signal
impairments are considered part of the picture and should be reconstructed. For
example, transmission noise and compression artifacts [6] should be removed, while
the removal of film grain [7], motion judder [8], and other properties that contribute
to a certain rendering intent [9] are debatable. Especially, picture alterations applied
during editing and post production stages of the video-broadcast chain often make
a distinction between signal and signal impairments far from obvious. For the video
processing framework, we will ignore the deliberately degradation of a picture.

We will further limit ourselves in the number of picture formats that we will
consider. As indicated in the previous chapter, a wide range of registration and
broadcast formats exist, leading to many picture resolutions and picture rates. In-
stead of taking all these picture formats into account, we discriminate between
formats with a resolution smaller than the display resolution versus formats equal
or bigger than the spatial display resolution. This distinction is further discussed
in Section 2.1.2. In terms of temporal resolution, a discrimination is made be-
tween film and video with an assumed picture registration rate of 25 Hz and 50 Hz,
respectively.

Also, we implicitly assume pictures originate from a single registration source,
e.g. a camera and ignore, for example, graphic overlays [10] and Computer-
Generated Imagery (CGI).

In short, we will not take the following signal aspects into account:

Overlays A camera signal can be locally altered during post processing or at the
receiver, for example, to add information. Well known examples of overlays

13



A video processing framework for display systems

are subtitles in movies and TV-settings such as channel number and volume
level. Because these overlays are added at a later stage, their signal properties
such as noise level and resolution can differ from the camera signal. This com-
plicates the description of the picture and thereby the picture improvement
methods, presented in this thesis.

Rendering intent A certain atmosphere can be created by adding excessive film
grain, motion judder, or by color adjustments. Most often, these alterations
to the picture are applied at the editing stage of films, making them difficult
to detect at the receiver’s end. This complicates the estimation and removal
of e.g. transmission noise.

Color processing A TV-signal can be split into two components: luminance and
chrominance. For the picture quality attributes that we will consider like
resolution, sharpness and contrast, it suffices to investigate the luminance
component only [11].

Overscan For TV-signals, the displayed signal area is typically slightly smaller
than the registration area in order to alleviate border problems that occur
during signal processing and to facilitate latency requirements of legacy dis-
play types [12].

Interlacing The dominant part of TV-broadcasts are in an interlaced format, i.e.
for every picture only the even or odd lines are transmitted [13]. At the recep-
tion, the picture needs to be de-interlaced in order to apply format conversion
and to display the signal properly on a matrix display [14], such as LCDs.
Because the focus in this thesis is on the comparison of the perceived pic-
ture on a (non-interlaced) matrix display with the original continuous (non-
interlaced) picture, this part of the signal processing is not considered and
perfect de-interlacing is assumed. If required, interlace can be added easily to
the framework, as has been described in detail in [1].

NTSC The most relevant difference between the PAL broadcast standard [12] and
the NTSC standard [15], for the scope of this thesis, is the signal picture regis-
tration rate: 50 Hz for PAL, 60 Hz for NTSC. As a consequence of this picture
rate difference, film, registered at 24 Hz or 25 Hz, is broadcasted differently
for both standards. The PAL standard applies a picture repeat (implicitly
assuming a 25 Hz picture rate), while for NTSC, a doubling and tripling
are alternated [16] (implicitly assuming a picture rate of 24 Hz). Although
these differences influence motion portrayal, the descriptions and improve-
ment strategies described in this thesis apply to both broadcast standards,
and it suffices to only describe the PAL-standard.
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Irregular pull-downs and slow motions Camera registrations can be recorded
and played back at a different time scale. Often, this is implemented by
repeating or removing frames resulting in complex motion patterns [17]. In
this thesis, we limit ourselves to registration rates of 25 Hz and 50 Hz.

Intensity range definitions The picture luminance is encoded with a certain pre-
cision, by a black level, a white level, and a gamma value [18]. In this thesis,
we will assume a linear correspondence between light and signal intensity even
when there is normally a gamma function in between and do not consider sig-
nal quantization.

Camera imperfections Cameras have to balance sharpness and ringing for the
recorded signal due to non-ideal optics, filtering and registration of the cam-
era [19]. Often, this tradeoff is chosen such that the sharpest edges contain
some overshoots [20]. Furthermore, distortions caused by the lens, such as
chromatic abberations, can be visible. We will ignore camera post-processing
and model a camera as an ideal integrator and sampler, as described further
in the next section.

Although these limitations are relevant for picture quality and, therefore, reduce
the use of this framework for quantitative assessments, the extended framework
is still very useful to describe how pictures on a display are perceived. In the
following three sections, the extended framework is further defined, discussing the
registration, reconstruction and perception of pictures, respectively.

2.1.1 Picture registration

In this section, we will describe the first stage of the video processing framework. It
describes the registration of light and its conversion to pictures that are suitable for
broadcast. To describe the registration process, we model an ideal (monochrome)
camera and describe its output signal as the result of an integration and sampling
step.

An ideal camera can be considered as a device with a two-dimensional array of
light sensors that convert light to e.g. a current or voltage. The camera creates
pictures by sampling its light sensor at regular intervals. Each sample is considered
a pixel of the picture. As mentioned in the previous section, we will assume a linear
correspondence between light and sample intensity.

In line with the description in [21], we denote for the intensity of this contin-
uous light signal Ic(~x, t), with ~x = (x, y) the relative spatial position in the two
dimensional registration plane and t the time instance.

The camera’s acquisition process can be modeled as a repetitive (weighted)
integration of light in a space-time volume described by the camera’s aperture,
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Figure 2.2: The registration of the light plane Ic(~x, t): the boxes indicate the sample volume

Ac(~x, t) at the sample grid described by nx, ny at nt = n and distances (px, py) and

pt.

Ac(~x, t) at discrete positions (nx, ny, nt) limited by the camera’s registration plane,
as illustrated in Figure 2.2. The spatial picture resolution is determined by the
spatial dimensions of the camera aperture and the number of discrete positions
in the registration plane, while the temporal picture resolution is defined by the
temporal camera aperture and the repetition delay between samples. As such, if we
denote a sampling raster Λ(~x, t) with W and H samples in horizontal and vertical
direction, respectively, then the picture registration can be described as:

Ir(~x, t) = [Ic(~x, t) ∗Ac(~x, t)] Λ (~x, t) ,with

Λ (~x, t) =

 ∞∑
nt=−∞

H−1∑
ny=0

W−1∑
nx=0

δ(x− nxpx, y − nypy, t− ntpt)

 , (2.1)

where Ir(~x, t), is the registered picture, (px, py) is the pixel distance and pt the
picture period, also indicated in Figure 2.2. In our camera model, all samples
within a picture are considered to be recorded in parallel, ignoring the influence
of intra-picture registration delays, to be able to compare the video signal after
reconstruction directly with Ic(~x, t), similar to the description in [22].

We will first consider the influence of the camera aperture, Ac(~x, t), to be neg-
ligible, i.e. Ac(~x, t) = δ(~x, t). This simplification allows the direct comparison
between an ideally sampled and reconstructed signal, because the sampling of the
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continuous light signal can now be described by the direct sampling of Ic(~x, t):

Is(~x, t) = Ic(~x, t)Λ(~x, t) (2.2)

= Ic(~x, t)
∞∑

nt=−∞

H−1∑
ny=0

W−1∑
nx=0

δ(x− nxpx, y − nypy, t− ntpt),

with Is(~x, t) the sampled signal. This assumption for the camera aperture simplifies
the description of the influence of the reconstruction process. This simplification
will be removed in Chapter 4, to describe the effect of the camera aperture on the
perceived picture.

The sampled signal, Is(~x, t), is coded as a stream of samples, Is(n), that is
transmitted to the display, as will be further discussed in Section 2.1.2. Figure
2.3 illustrates sampling in space-time domain and its equivalent in the frequency
domain. For sake of clarity of the frequency plots, only one spatial dimension is
illustrated in the frequency domain. As a result, the spatial dimension f~x is denoted
by fx and can be considered an arbitrary 1D dimension in the spatial plane.

As is well known from signal processing theory [23], sampling in the space-time
domain creates repeat spectra in the frequency domain on a reciprocal sampling
grid, Λf (f~x, ft). The spatial frequencies of Ifs (f~x, ft) will be normalized to the
sampling rate, but as mentioned in the previous section, we will not normalize
the temporal dimension to be able to deal with multiple inter picture delays, e.g.
40 ms and 20 ms, corresponding to a 25 Hz film and a 50 Hz video picture rate,
respectively.

The sampling process influences the perceived picture and can lead to visible
artifacts when the sample rate is too low to portray high frequencies. Only frequen-
cies up to the Nyquist frequency (half the sampling frequency) can be portrayed.
Also frequencies close to the Nyquist frequency cannot be portrayed with full mod-
ulation, as described by Kell in [24].

For spatial frequencies, the resulting artifact is referred to as aliasing, and can
be visible as a distortion of both high and low spatial frequencies. For temporal
frequencies, artifacts due to sampling are visible in combination with motion, re-
sulting in stroboscopic motion and possible ambiguities in the motion trajectory.
These ambiguities are visible when the signal content mainly contains a dominant
repetitive spatial pattern.

In order to appreciate this, consider an example continuous light signal,
Ic,α(~x, t), that mainly contains a spatial frequency component centered around
f~x = fα. This signal can also be represented in the frequency transform, as
Ifc,α(f~x, ft) using the Fourier transform:

Ic,α(~x, t) � Ifc,α(f~x, ft), (2.3)

where � denotes the Fourier transform operation. For the example signal,
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Figure 2.3: Sampling in the space-time domain leads to repeat spectra in the frequency domain.
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Ic,α(~x, t), we can write:

Ic,α(~x, t) =
1
2

(1 + cos(2πfα~x))

�

Ifc,α(f~x, ft) =
1
2

[
δ(fx) +

1
2
δ(fx − fα) +

1
2
δ(fx + fα)

]
δ(ft). (2.4)

The example signal is constant over time. If we add a motion ~w = d~x
dt

[
px
pt

]
to

the continuous signal, Ic,α(~x, t) can be expressed as a video signal Ic,β(~x, t) that
displaces Ic,α(~x, t) over the vector ~w · fS , with fS = 1

px
the sample rate. This

derivation is similar to the derivation of [1]:

Ic,β(~x, t) = Ic,α(~x+ ~w · fS · t, t) = Ic,α(~x) ∗ δ(~x+ ~w · fS · t)
�

Ifc,β(f~x, ft) =
1
2

[
δ(fx) +

1
2
δ(fx − fα) +

1
2
δ(fx + fα)

]
δ(ft − ~wfSfx)

=
1
2

[
Ifc,α(0, 0) +

1
2
Ifc,α(fα,−~wfSfα) +

1
2
Ifc,α(fα, ~wfSfα)

]
.

(2.5)

When temporally sampling Ic,β(~x, t) at a picture rate of 50 Hz, as illustrated in
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0

Figure 2.4: Sampling can lead to an ambiguity in the perceived motion. A fast motion w1 of a

signal centered around spatial frequency fα can be perceived as a slower motion in

opposite direction w2.

Figure 2.4, we obtain Ifs,β(~x, t) in accordance with Equation 2.3:

Ifs,β(~x, t) = Ifc,β(f~x, ft)
∞∑

nt=−∞
δ(ft − ntfS)

=
∞∑

nt=−∞
Ifc,β(f~x, ntfS) · (2.6)

1
2

[
Ifc,α(0, ntfS) +

1
2
Ifc,α(fα, ntfS + ~wfα) +

1
2
Ifc,α(fα, ntfS − ~wfα)

]
.

The so-called stroboscopic ambiguity results, because a velocity ~w = ft
fα

can be
interpreted as any motion ~w = ft+ntfS

fα
with nt ∈ Z.

If we include the influence of the camera aperture, Ac(~x, t), to our model, this
ambiguity is partially alleviated. This can be made apparent by combining Equation
2.1 and 2.5 assuming the box shaped camera aperture, Ac(~x, t), from Figure 2.2.
For the camera aperture Ac(~x, t), we denote:

Ac(~x, t) = rect
(
x

ax

)
rect

(
y

ay

)
rect(Ftt),with

rect(ξ) =

{
1, if |ξ| ≤ 1

2

0, if |ξ| > 1
2

, and ~x =
(
x

y

)
�

Afc (f~x, ft) = a~xsinc(πf~xa~x)ptsinc(πptft), (2.7)

with Ft = 1
pt

(e.g. 50 Hz) the picture rate. This yields for the description of the
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Figure 2.5: The spatio-temporal frequency plot of Figure 2.4 with the attenuation due to the

finite camera aperture. The attenuation is indicated in blue.

registration signal:

Ir(~x, t) = [Ic(~x, t) ∗Ac(~x, t)] Λ (~x, t)

�

Ifr (f~x, ft) =
[
Ifc (f~x, ft)Afc (f~x, ft)

]
∗ Λf (f~x, ft)

=
[
Ifc (f~x, ft)

1
a~x

sinc(
πf~x
a~x

)ptsinc(πptft)
]
∗ Λf (f~x, ft). (2.8)

The attenuation is sketched in Figure 2.5 for the example signal. It illustrates that
the frequency components of Ifc (f~x, ft) and their repeats are attenuated by the
frequency response of the camera aperture. As such, the ambiguity is partly solved
as spatial details are attenuated by the temporal aperture for increasing velocities.

We will discuss this specific signal attenuation in more detail in chapters 4
and 5 and use Is(~x, t), i.e. the direct sampling of the registration plane Ic(~x, t),
when describing the reconstruction process by a display. In the next section, this
reconstruction process is further elaborated.

The sampled signal is transmitted as a stream of samples, Is(n). In order to
preserve the spatial sample correspondence, additional information about the data
format is transmitted. In case of analog TV-transmission, this is obtained by includ-
ing horizontal and vertical synchronization signals. In case of digital transmission,
this is obtained by encoding meta data. This aspect of the video-broadcast chain
is not important for our analysis and is considered outside the scope of this thesis.
Furthermore, we will ignore the scenario where the horizontal video data is trans-
mitted and portrayed as an analog signal and, hence, no sampling is performed in
the horizontal direction.
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2.1.2 Reconstruction on a display

The display’s conversion process from a video signal to light characterizes its picture
portrayal. The light generation has two aspects, the electro-optical relation between
intensity data and light output, and a spatio-temporal relation. In this section, we
will focus on the latter. We will explain the spatio-temporal relation by describing
the spatial and temporal extent of the reconstruction profiles, which are obtained
by measuring a display’s respective impulse response, for instance as described in
[25] and [26]I. Two display types are considered in this section: LCDs and, for
comparison, CRT displays.

The spatial and temporal resolution of the transmitted pictures, typically, do not
match their respective resolution of the display and, consequently, format conversion
is required. Although the implementation of format conversions are considered
outside the scope of this thesis, their influence on picture reconstruction for LCDs
with respect to that of CRT displays are discussed in the next two section by
assuming “ideal” resampling. The influence of this resampling on signal noise is
postponed to Section 2.3.

The spatial display aperture

In this section, the spatial apertures of CRT displays and LCDs, respectively, are
further elaborated. The spatial impulse response of a CRT display is the result of the
phosphor illumination when exited by a continuously scanning electron beam [27],
that corresponds to the response when a single pixel is intended to be activated. The
electron optics, consisting of an electron gun, deflectors, and focussing systems, yield
a spatial extent of the impulse response that can be approximated by a Gaussian
profile, i.e. the “Gaussian spot”, as described in [28] and by Equation 2.9 and
illustrated in Figure 2.6:

ACRT,s(~x) =
1

σ
√

2π
exp

(
− ~x2

2σ2

)
(2.9)

The horizontal scanning of a CRT display replaces the description of horizontal
resolution in terms of number of pixels with the bandwidth of the electron optics.
As such, the size of the Gaussian spot plays an important role in determining the
spatial reconstruction profile.

The “optimal” spot size is chosen as the trade-off between the visibility of line
structure, sharpness, and average luminance. Low intensities yield a small spot,
resulting in sharper images. However, if the spot size is smaller than the line
distance, a line structure can become visible and luminance decreases. For TV
applications, a large spot size is required to obtain enough luminance in daylight

IIn ??, the more difficult case where the pixel response is non-linear is also mentioned.
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Figure 2.6: The spatial impulse response of a CRT display (only one spatial dimension is shown).

The red and blue curve illustrate a large and small Gaussian spot size, respectively.

A large spot size results in a narrow frequency response and hence more attenuation

of high spatial frequencies.

environments and, therefore, visible line structure is less of a problem than obtaining
sufficient spatial sharpness.

In order to be able to compare the spatial display resolution of a CRT display
with an LCD, we chose an average (constant) impulse response as illustrated in
Figure 2.6, with σ = 1.0[px]. Furthermore, we assume the bandwidth of the scanning
beam not to be a limiting influence compared to the (horizontal) resolution of the
TV-signal. The frequency response of a CRT display directly follows from the
frequency transform of the Gaussian spot shape:

ACRT,s(~x) � AfCRT,s(f~x)

1
σ
√

2π
exp

(
− ~x2

2σ2

)
� exp

(
−πf2

~xσ
2
)
. (2.10)

The frequency transform of the Gaussian-shaped aperture, illustrated in Figure
2.6, shows for CRT displays that the Gaussian spot size determines the attenuation
of high spatial frequencies.

LCDs consist of a grid of switches that can modulate the light intensity of the
light that is created behind these switches. The light switches can be controlled
individually and thus function as the display’s pixels. We will assume when the
sitches are “off” no light is reconstructed, i.e. we neglect light leakage. The shape
of the pixels define the spatial impulse response. Because we ignore chrominance in
our framework, we will ignore the color filters of LCDs display’s and model them
as sketched on the left of Figure 2.7. Because the crosstalk [29] between pixels
for modern LCDs can be considered negligible and we only consider luminance
component, the spatial impulse response is approximated by a block function with
a width of ax, as shown in the center of Figure 2.7. The sinc-shaped frequency
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Figure 2.7: The spatial impulse response of a discrete pixel. The grid on the left shows the

pixel shape centered around the pixel positions (indicated by the dots). Typically,

the effective pixel size, ax, is reduced by the pixel border and pixel circuitry. The

impulse response of the corresponding pixel shape is shown in the center plot. The

maximum pixel size is indicated by the red curve. The blue curve shows an example

spatial aperture for an LCD. The right plot illustrates their respective frequency

responses.

response directly follows from the description of the rectangular pixel shape:

ALCD,s(~x) = rect
(

~x

a~xp~x

)
,with

rect(ξ) =

{
1, if |ξ| ≤ 1

2

0, if |ξ| > 1
2

�

AfLCD,s(f~x) = a~xp~xsinc (πf~xa~xp~x) , (2.11)

with px the pixel distance and 0 < a~x ≤ 1. Typically, the so-called “effective” pixel
size, ax, is reduced by the pixel border and pixel circuitry. The impulse response
that corresponds to the pixel shape is shown in the center plot of Figure 2.7. The
maximum pixel size is indicated by the red curve. The blue curve shows an example
spatial aperture for an LCD. The right plot of Figure 2.7 illustrates their respective
frequency responses.

This illustrates that for LCDs there is little attenuation of high spatial frequen-
cies compared to CRT displays. We will, therefore, consider the spatial attenuation
of LCDs negligible. In Section 2.2.1, we will discuss the possible influence that these
differences in spatial aperture have on the perceived sharpness.

The temporal display aperture

Similar to the temporal registration, discussed in Section 2.1.1, the temporal be-
havior of displays is defined by its temporal impulse response and picture rate.
In this section, we will elaborate on the temporal response of CRT displays and
LCDs, using a model of a stroboscopic display and a model of a hold-type display,
respectively.
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Figure 2.8: The temporal display aperture of a stroboscopic display (dotted line) and, specifi-

cally, a CRT display (solid line), for pt = 20 ms and 0 < at < 1. The short impulse

response of a CRT display leads to a very broad bandwidth, preventing any sig-

nificant attenuation of high temporal frequencies. Note that the amplitudes of the

responses are normalized.

A stroboscopic display is defined as a display with a temporal impulse response
that is shorter than the picture period. Characteristic for these displays is that a
constant input signal is rendered with a temporal modulation. CRT displays create
light by activating phosphors with a (scanning) electron gun. The fast decay of the
light intensity after the phosphors have been activated determine the temporal pixel
response. Typically, the phosphors decay to less than 1% of the starting intensity
within 1 ms, and can, therefore, be approximated by a short intensity peak, that
we will model as a narrow rectangle, as illustrated in Figure 2.8.

A second example of a stroboscopic display is an LCD with a scanning backlight
[30], as we will discuss in more detail in the next chapter, Section 3.2.1. We will
approximate the temporal extent of stroboscopic displays by a block shape as also
described by Equation 2.12.

AΠ,t(t) = rect
(

t

atpt

)
� AfΠ,t(ft) = atptsinc (πftatpt) , (2.12)

with 0 < at ≤ 1 the duration of the hold relative to the picture rate, pt. For CRT
displays, at is typically less than 10%, while for scanning backlights of LCDs at is
typically above 20%.

From Figure 2.12, we can see that the temporal attenuation on CRT displays is
very low and we can, therefore assume:

AfCRT,t(ft) = 1. (2.13)

Hold-type displays are defined as displays with a temporal response that pertains
during the entire picture period, i.e. no modulation occurs, for a static signal.
Using Equation 2.12, the temporal aperture of hold-type displays can be considered
a special case where at = 1. This is illustrated in Figure 2.9. For an actual LCD
response, however, as depicted in Figure 2.10, a block shape is not an accurate
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Figure 2.9: The temporal response of hold-type display and its frequency amplitude for pt =

20ms. The amplitudes are normalized.

approximation of the temporal response. An extensive analysis of the temporal
response of LCDs has been described in [31]. The impulse response typically follows
an exponential curve caused by the slow LC response [32]. Applying Overdrive
[33] to improve this LC response only guarantees the correct intensity value is
reached after one picture period. Figure 2.10 further shows that the actual response,
although slower than suggested by the block shape, is faster than a triangular
response. As such, we will consider an LCD’s temporal impulse response to be
bounded by Equation 2.12 with at = 1 and Equation 2.14:

A∆,t(t) = tri
(
t

pt

)
� Af∆,t(ft) = ptsinc2 (πftpt) ,with (2.14)

tri(ξ) =

{
1− |ξ|, if |ξ| ≤ 1

0, if |ξ| > 1
.

As such, the spectral description of the temporal response of a typical LCD at 50
Hz (pt = 1

50 ) is approximated by:

AfLCD,t(ft) = ptsincψ (πftpt) ,with 1 < ψ < 2, (2.15)

Intensity
1.0

0
t[ms]

|I  ( f )| 1.0

0
tf

F

f
t

20 50-50 [Hz]
100-10040

Figure 2.10: The temporal display response of an LCD (continues line) compared to a block

response and a triangular response (dashed lines) in time and frequency domain.

The amplitudes are normalized.
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where ψ = 1 corresponds to a fast display response and ψ = 2 corresponds to a
very slow display with Overdrive. We will assume throughout this thesis that the
temporal behavior of the display can be described by the impulse response given by
Equation 2.15.

Comparing the temporal frequency amplitude response of an LCD with that
of a CRT display, we can see LCDs show a strong attenuation of high temporal
frequencies, and in particular that at the picture rate, i.e. for ft = 1pt, there is no
modulation. In Section 2.1.3, we will further discuss the influence of stroboscopic
displays and the attenuation of temporal frequencies on the perceived picture.

Addressing the display

The stream of samples, Is(n), describe the registered picture Is(~x, t). The samples
need to mapped to the a location (both space and time) on the display. We will
discuss this step in this section and refer to it as the display’s addressing and can
be considered as a simplified representation of a video scaler [34].

A spatial resampling is often required in order to match the spatial signal res-
olution to the display resolution. From Section 2.1.1, we have discussed that the
samples, Is(n), represent a repetitive scanning of a rectangular frame, Is(~x, t), each
picture period pt. These samples are to be mapped to a rectangular display area
such that samples retain their relative position within the rectangle. We implicitly
assume the signal and the display have the same aspect ratio. Furthermore, be-
cause interlacing is ignored, we assume the horizontal and vertical resampling to be
identical. Without going into details how this spatial resampling is performed, we
denote the signal conversion in correspondence with [21], but without considering
color:

Ia(~x) = Da(~x) ∗ Is(~x)� Ifa (f~x) = Df
a(f~x)Ifs (f~x), (2.16)

with Ia(~x) the display’s addressing signal for each picture at a certain discrete
moment nt, Da(~x) the weighting function that describes the distribution of samples
to display positions, and Ifa (f~x) and Df

a(f~x) their respective frequency transforms.
Two cases are discriminated that are schematically illustrated in Figure 2.11:

Down-sampling The signal resolution is larger than the display resolution. The
signal samples are on a denser grid than the display’s. Spatial down-scaling
is required and the display spectrum is limiting the maximum displayable
frequency. This means that Is(~x, t) is resampled to Ia(~x, t) using a weighting
of samples from Is(~x, t) defined by weighting filter Da(x̃). The weighting filter
has a low-pass behavior to prevent aliasing.

Up-sampling The signal resolution is lower than the display resolution. The sam-
ples are converted to a denser grid and the resolution is limited by the signal.
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Figure 2.11: Resampling of Is(~x, t) to Ia(~x, t), for down-sampling (left) and up-sampling (right).

The samples of Ia(~x, t) are a weighted sum of the samples of Is(~x, t), defined by

Da(x̃). In case of down-sampling high spatial frequencies Is(~x, t) are removed. In

case of up-sampling part of Ia(~x, t) remains empty. Note the different scales on the

spatial frequency axes.

Also in this case each location in Ia(~x, t) is a weighted sum of samples from
Is(~x, t), using a weighting filter Da(x̃).

The difference between these two cases becomes important when the viewing dis-
tance is taken into account, in Section 2.1.3, and when noise is visible, as further
elaborated in Section 2.3.

The display’s picture rate is derived from Is(~x, t). Note that although t is a
continuous variable, Is(~x, t) and, therefore, Ia(~x, t) are only un-equal to 0 when
t ∈ n · pt. For TV-signals, the signal’s picture rate (i.e. the rate at which fields are
received) is not sufficient to determine the picture registration rate; it is required
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to determine and extract the actual picture period, pt.
An important case to consider is when the signal originates from film. A film

signal is received by a TV-system as a 50 Hz signal, while originating from a picture
registration rate of 25 Hz. The film signal, while its registration rate is high enough
to create the illusion of apparent motion [5], is transmitted with a 50 Hz picture
rate using a picture repeat, to prevent significant large-area flicker on stroboscopic
displays, we will explain large-area flicker further in Section 2.2.2. For a video
source, picture registration rate and picture display rate are typically identical.

In case of film, the picture repeat can be written as a picture pair with a delay of
a picture reconstruction period [35]. Thus, for film and video signals, respectively,
we can write for the spatio-temporal addressing signal:

Ia,film(~x, t) =
1
2

[Da(~x) ∗ Is(~x, t) + Da(~x) ∗ Is(~x, t− 1/50)] (2.17)

and

Ia,video(~x, t) = Da(~x) ∗ Is(~x, t). (2.18)

The picture repeat results in an attenuation of the temporal frequency spectrum.
We can derive this by describing a picture repeat as follows:

Ia,rep(~x, t) =
1
2

[
Ia(~x, t) + Ia

(
~x, t− 1

50
t

)]
�

Ifa,rep(f~x, ft) =
1
2
Ifa (f~x, t)

[
1 + exp

(
−j2πft

1
50

)]
(2.19)

From the magnitude response of Ifa,rep(f~x, ft) follows:∣∣Ifa,rep(f~x, ft)
∣∣ =

1
2

∣∣Ifa (f~x, ft)
∣∣ · ∣∣∣∣1 + exp

(
−j2πft

1
50

)∣∣∣∣
=

1
2

∣∣Ifa (f~x, ft)
∣∣ ·√1 + cos(πft

1
50

)

=
∣∣Ifa (f~x, ft)

∣∣ · ∣∣∣∣cos
(
πft

1
50

)∣∣∣∣ . (2.20)

From this we can conclude that the picture repeat in case of film results in an
attenuation, | cos

(
πft

1
50

)
|, of the signal’s temporal spectrum, with no modulation

at the registration rate of 25 Hz.
For a 60 Hz video-broadcast chain, such as used for the NTSC standard, the

picture registration rate is converted from 24 Hz, in case of film, to a reconstruction
rate of 60 Hz by an alternation of doubling and tripling the sampled pictures.
This repetition pattern is known as 3:2 pull down. Although this complicates the
derivation of the magnitude response, the perceived impairments and their remedies
are very similar to the 50 Hz video-broadcast system. We will discuss the perceptual
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Table 2.1: The reconstruction of a TV-signal on a display depends on signal and display type.

reconstruction addressing * display aperture
Id(~x, t) Ia(~x, t) * Ad,s(~x) ∗Ad,t(t)

Film,CRT (Da(~x) ∗ Is(~x, t) + Da(~x) ∗ Is(~x, t− 1/50)) * 1
σ
√

2π
exp

(
− ~x2

2σ2

)
Film,LCD (Da(~x) ∗ Is(~x, t) + Da(~x) ∗ Is(~x, t− 1/50)) * rect (50t)

Video,CRT (Da(~x) ∗ Is(~x, t)) * 1
σ
√

2π
exp

(
− ~x2

2σ2

)
Video,LCD (Da(~x) ∗ Is(~x, t)) * rect (50t)

attributes that result when the picture registration rate does not match the display
rate further in Section 2.2.3.

Finally, pictures are reconstructed on a display by creating light according to the
intensity signal Ia(~x, t) and a spatio-temporal display aperture, defined as Ad(x, t).
This yield a continuous light signal, Id(~x, t) as also described in detail in [31]. The
spatial and temporal aperture are considered orthogonal, yielding:

Id(~x, t) = Ia(~x, t) ∗Ad(x, t) = Ia(~x, t) ∗Ad,s(~x) ∗Ad,t(t) (2.21)

�

Ifd (f~x, ft) = Ifa (f~x, ft)A
f
d(fx, ft) = Ifa (f~x, ft)A

f
d,s(f~x)Afd,t(ft). (2.22)

We can now discriminate four important reconstruction functions, for displaying
film or video on a CRT display and on an LCD, as summarized in Table 2.1, or in
the frequency domain, as shown in Table 2.2. These four reconstruction functions
will be used to identify perceptual attributes and compare LCDs with CRT displays
in the following sections. The spectral components of the reconstructed signals
are illustrated in Figure 2.12 for film and video on a CRT display and an LCD. It
shows the temporal differences between film and video and the differences between
a CRT display and an LCD. This shows again that a CRT display is spatially more
bandwidth-limited, while an LCD is temporally more bandwidth-limited.

Table 2.2: The spectral equivalent of Table 2.1

reconstruction addressing display aperture
Ifd (f~x, ft) Ifa (f~x, ft) Afd,s(f~x)Afd,t(ft)
Film,CRT

(
Df
a(f~x)Ifs (f~x, ft)

∣∣cos(πft 1
50 )
∣∣) exp

(
−πf2

~xσ
2
)

Film,LCD
(
Df
a(f~x)Ifs (f~x, ft)

∣∣cos(πft 1
50 )
∣∣) 1

50 sincψ
(
πft

1
50

)
Video,CRT Df

a(f~x)Ifs (f~x, ft) exp
(
−πf2

~xσ
2
)

Video,LCD Df
a(f~x)Ifs (f~x, ft) 1

50 sincψ
(
πft

1
50

)
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Figure 2.12: The attenuation of the reconstructed film and video signal on a CRT display

and an LCD are the result of the signal repeat and display aperture. The picture

registration rate of 25 Hz for film yields a periodic temporal attenuation: (a) and

(c). A CRT display has a limited spatial aperture: (b), (a). The hold-type function

of an LCD results in a temporal attenuation: (d), and (c).
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2.1.3 Perception of displayed video

The third stage in the video-broadcast framework describes the perception of the
reconstructed picture. The spatial and temporal limits of the HVS determine the
required performance of a display system. More importantly, due to capability of the
HVS to track motion, the spatial and temporal display properties get interchanged
and the reconstruction on a display can no longer be considered independently of
motion. In this section, we try to add the limits of the HVS and the effect of motion
tracking to the framework, again in accordance with the work described in [2].

Similar to a camera, the HVS can be modeled by a spatio-temporal aperture.
This aperture can, however, not be easily obtained from a spatial and temporal
impulse response. Instead, a spatio-temporal aperture has been obtained from ex-
periments that determine a contrast sensitivity threshold to visual stimuli with
certain spatial and temporal frequencies, e.g. as described by [36]. From the con-
trast sensitivity thresholds, a Contrast Sensitivity Function (CSF) is derived. An
example of such a CSF, used in [1], is illustrated in Figure 2.13(a). For our analysis,
it is sufficient to approximate the aperture of the HVS by a spatio-temporal per-
ception window that only considers its approximate limits in the frequency domain,
as sketched in Figure 2.13(b) and described by Equation 2.23.

In contrast to the perception window described in [3], we use a diamond shaped
window to include the property of the HVS that temporal modulations of large
areas (low spatial frequencies) can be observed up to a higher picture rate than
temporal modulations of details (high spatial frequencies) [37]:

Afp,HVS(fx, ft) =
|f~x|
C~x

+
|ft|
Ct

< C, (2.23)

with C the contrast sensitivity limit and C~x and Ct the spatial and temporal scaling
of their respective frequency limits. The contour plot of Figure 2.13(a) should be
interpreted as indicative, as the contrast threshold depends on many parameters.
For example, this plot scales in the spatial dimension with viewing distance and in
spatial and temporal dimensions with signal luminance, contrast and the ambient
light. As a result, C~x and Ct depend on these parameters. As an approximation,
we will use a general rule of thumb that the HVS is capable of perceiving temporal
frequencies up to 70 Hz at sufficient luminance and large enough area (i.e. f~x ≈ 0).
Spatially, we have indirectly defined the maximum perceivable frequency to 0.5 · fS
by linking the perceivable spatial resolution to the display’s Nyquist resolution via
the viewing distance. In combination with Equation 2.23, it follows that this limit
holds only for temporally constant signals.

TV displays are designed such that in a typical living room condition, i.e. a
viewing distance of about 3 meters, the display resolution roughly correspond to
the spatial perception limit. For example, consider Figure 2.14 that illustrates a
typical living room scenario with a TV-setup. In our analysis, we will assume that
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Figure 2.13: The CSF shown in (a) has been derived from contrast sensitivity experiments. It

illustrates how the spatial and temporal contrast sensitivity of the HVS decreases

for high spatial and temporal frequencies. This property is approximated in our

model by the windowing function show in (b).

the viewer is always at a distance such that highest spatial frequency that can be
displayed (without taking the Kell-factor [24] into account) corresponds to the limit
of the spatial dimension of the perception window. The exact dependency between
contrast sensitivity and display environment is considered outside the scope of this
thesis, see [36] for further details. This simplification allows to approximate the
CSF with a contrast sensitivity window as depicted in Figure 2.13(b). We define
the signals within this diamond-shaped frequency window to be visible, and outside
this window invisible.

In order to take motion into account, recall Equation 2.5, we describe a continues
signal Ic(~x+ ~wt, t) that is displaced along a motion trajectory described by a vector
~w as a motion signal Im(~x, t):

Im(~x, t) = Ic(~x+ ~wt, t)� Ifm(fx, ft) = Ifc (f~x, ft − ~w · f~x). (2.24)

Furthermore, we take into account that the HVS is capable of accurately following
moving objects, by rotating the eyeballs and head. This tracking of objects allows
the HVS to perceive moving objects sharply despite its limited temporal resolution,
as it results in the moving object to be projected stationary on the retina of the
eyeballs. If a moving object is registered it position will change along the motion
vector ~w and reconstructed with the vector ~v = Da(~x)∗ ~w. The HVS can track this
reconstructed moving object similar to the moving object itself. In the framework,
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TV

3m
Figure 2.14: Typical TV-setup, where the spatial resolution of the display matches the approx-

imate spatial acuity of the viewer.

this corresponds to a transformation of coordinates:

(~xd, td)→ (~xe, te),

{
~xe = ~xd + ~v · t
te = td

with (~xd, td) and (~xe, te) referring to the coordinate systems of the display and
HVS, respectively. The tracking mechanism of the HVS compensates the motion
in Im(~x, t) such that the reconstruction of Ic(~x, t) is perceived. This also follows
directly from our description of Ife (f~x, t):

Ie(~x, t) = Id(~x− ~v · t, t)
�

Ife (fx, ft) = Ifd (f~x, fv), with fv = ft + ~v · f~x, andfw = ft + ~w · f~x
= Ifa (f~x, fw)Afd(f~x, fv)

=
[
Df
a(f~x)Ifs (f~x, fw)

]
Afd(f~x, fv)

=
[[

Df
a(f~x)Ifm(f~x, fw)

]
∗ Λf (f~x, fw)

]
Afd(f~x, fv)

=
[[

Df
a(f~x)Ifc (f~x, ft)

]
∗ Λf (f~x, fw)

]
Afd(f~x, fv). (2.25)

From the derivation of Equation 2.25, it follows that the eye-tracking “compen-
sates” the linear motion, ~w, such that the signal Ifc (f~x, ft) is perceived, although
for a different sampling grid Λf (f~x, fw) and with a different display aperture,
Afd(f~x, fv). Figure 2.15 shows an example motion of −75 Hz/(0.5 · fS), which

corresponds to a speed of 3
[
px
pt

]
, in case of a video signal on an HD-display.

Finally, to derive the perceived signal, the spatio-temporal perception window
as described by Equation 2.23 is added to our model. Thus we obtain:

Ifp (f~x, ft) =
[[

Df
a(f~x)Ifc (f~x, ft)

]
∗ Λf (f~x, fw)

]
Afd(f~x, fv)Afp(f~x, ft). (2.26)
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Figure 2.15: (a) A signal that contains a linear motion ~w results in a shearing of the spectrum.

(b) After sampling the signal is attenuated by the display. (c) When reconstructing

on an LCD temporal frequencies are attenuated. (d) When the signal motion is

tracked by the HVS the motion appears static, while the temporal display attenu-

ation appears to have a spatial and temporal attenuation.
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Figure 2.16: The perception of a motion pictures that are reconstructed on an LCD after motion

tracking. The sampled signal is attenuated by the display aperture and is further

limited by the perception aperture, Afp(fx, ft), (indicated in red) and the signal

resolution limit, |f~x| = 0.5 (indicated in blue).

Throughout this thesis, we will use this equation, together with Figure 2.16, that
both describe a perceived picture that contains motion, which is tracked. With
the resultign description we analyze perceptual attributes, such as pixel structure,
large-area flicker, motion judder, motion blur and visibility of noise, and show that
it can be used to predict the performance of enhancement algorithms that target
these.

2.2 Perceptual attributes

In this section, we will use the framework that we have derived to explain several
perceptual attributes. The influence of the display’s spatio-temporal aperture in
controlling the visibility of pixel structure, large-area flicker, motion judder, and
motion blur, are discussed in Sections 2.2.1, 2.2.2, 2.2.3, and 2.2.4, respectively.

2.2.1 Pixel discretization

To reconstruct a continuous signal from discrete samples, a reconstruction filter
needs to be applied to prevent aliasing [1]. As mentioned in Section 2.1.2, an
explicit reconstruction filter for spatial reconstruction of the discrete TV-signal
does not exist. Instead, the reconstruction filter is defined by the display’s spatial
aperture. As a result, two types of artifacts can be observed, jagged edges and
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Figure 2.17: The spatio-temporal frequency plot illustrates how the perception window scales

with viewing distance and the influence of the scaling filter Df
a(f~x) on the sampled

signal. In case the viewing distance is such that the highest spatial frequencies

can be seen and the signal is not “correctly” filtered, aliasing can be visible. The

“correctness” in this case refers to filtering such that alias is prevented. This results

in an attenuation of high spatial frequencies.

pixel structure. In this section, we will further discuss their visibility and how they
depend on the spatial aperture of the display and the viewing distance.

Aliasing is an artifact that can result from both the sampling and the recon-
struction stage and typically manifests itself as jagged edges or beats for high or
low spatial frequencies, respectively. We will focus on the aliasing artifacts that are
the result of “incorrect” reconstruction that lead to a visible pixel structure.

For this analysis, we consider the influence of the weighting filter Df
a(f~x), the

viewing distance and spatial display aperture. In order to investigate the visibility
of aliasing on an LCD compared to a CRT display, we first consider the influence
of the viewing distance and the spatial resampling function for a spatio-temporally
sampled signal, as illustrated in Figure 2.17. This figure illustrates the visibility of
Ifa (f~x, ft) for two different scaling filters and two viewing distances. It illustrates
that frequencies above Nyquist are visible when the viewer is closer to the display
then our defined ’ideal’ viewing distance. The spatial frequency content above
Nyquist that is visible is a combination of repeat spectra and pixel structure. As

36



Chapter 2: Perceptual attributes

0

fx

0

fx

ft 0

fx

ft

|ALCD,t (ft )|

CRT display LCD

ft

|A
LC

D
,s 

(f x )
|

|ACRT,t (ft )|
|A

C
RT

,s(
f x )

|

Hz50-50

-0.5

 0.5

-1.0

1.0 1.0

 0.5

-0.5

-1.0

-50 50 Hz

1.0

 0.5

-0.5

-1.0

-50 50 Hz

Figure 2.18: The spatio-temporal frequency plot of a video signal in case the viewing distance

and Df
a(f~x) are such that pixel discretization can be visible when displayed on a

CRT display or an LCD. In contrast to an LCD, the display apertures of a CRT

display attenuates high spatial frequencies.

shown in Figure 2.17, the signal repeats can be removed with a scaling filter at
the cost of sharpness reduction of Ifa (f~x, ft). Even when the scaling filter prevents
the visibility of repeat spectra, pixel structure might be observed. The frequency
amplitude response of the pixel structure is not part of our model, but we can
describe the influence of the spatial aperture of the display on the visibility of these
high spatial frequencies. This is shown for a CRT display and an LCD in Figure
2.18. From Figure 2.18, we conclude that high frequencies are attenuated by the
display aperture of a CRT display, but little by the display aperture of an LCD.
This makes LCDs more sensitive to showing pixel discretizations.

The visibility of pixel structure depends on the visibility of a pixels frequency
amplitude response after modulation at the spatial sampling frequency, fS . For
CRT displays, the spatial impulse response is typically wider than the pixel pitch
resulting in a narrow frequency response, recall Figure 2.6. Also for LCDs with
a large effective pixel area (i.e. ax ≈ 1) (recall Figure 2.7), the visibility of the
modulated spatial impulse response is considered small. We, therefore, assume the
visibility of pixel structure in TV applications negligible for both display types.

From the comparison of the spatial reconstruction profiles of an LCD with re-
spect to a CRT display, we conclude that LCDs, although capable of portraying
more sharpness, do not suppress aliasing like a CRT display. The absence of a spa-
tial reconstruction filter make LCDs more sensitive to portraying aliasing artifacts.
A perception test to quantify this difference between an LCD and CRT display has
not been performed as we found it too difficult to evaluate spatial sharpness and
aliasing independently from other differences between a CRT display and LCD that
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influence the sharpness impression, most notably contrast and luminance.

2.2.2 Large-area flicker

Large-area flicker is observed when the display has an intensity modulation of low
spatial frequencies (i.e. large areas) at a temporal frequency within the perception
window. This corresponds to the situation where the temporal sampling repeats of
the video signal are within the perception window and are not suppressed by the
display. For low spatial frequencies in a video signals, the first temporal repeats
at 50 Hz are within the perception aperture, Afp(f~x, ft) [5]. For the evaluation of
large-area flicker it, therefore, suffices to only add the influence of the first temporal
repeats.

As such we simplify Λf (f~x, ft) by substituting Λf1 (f~x, ft):

Λf1 (f~x, ft) =
∞∑

n~x=−∞

[
δ
(
f~x − nxp−1

~x , ft − Ft
)

+

δ(f~x − nxp−1
~x , ft) +

δ(f~x − nxp−1
~x , ft + Ft)

]
= Λfx(f~x) [δ(ft − Ft) + δ(ft) + δ(ft + Ft)] , (2.27)

with Λfx(f~x) the spatial sampling grid and Ft = 1
pt

= 50 Hz the picture rate. Using
this simplified sampling grid we can write for the perceived picture:

Ifp,LF(f~x, ft) =
[(

Df
a(f~x) ·

[
Ifc (f~x, ft − Ft) + Ifc (f~x, ft) + Ifc (f~x, ft + Ft)

]
∗ Λfx(f~x)

)
·]

Afd(f~x, ft)Afp(f~x,ft), (2.28)

or in the space-time domain:

Ip,LF(~x, t) =
[

1
2

(Da(~x) ∗ [Ic(~x, t) + Ic(~x, t) cos(2πFtt)]) Λx(~x)
]
∗

Ad,s(~x) ∗Ad,t(t) ∗Ap(~x, t), (2.29)

with Ifp,LF(f~x, ft) and Ip,LF(~x, t) the perceived picture in the frequency and space-
time domain, respectively. Note that we do not take motion and motion-tracking
into account for this analysis, because it is not necessary for describing large areasII.
From Equation 2.29, it follows that the input signal is modulated at the picture rate.

IIwe discard that the contrast sensitivity threshold of large area flicker is lower in the presence

of perceived motion, as reported in [38].
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Figure 2.19: The spatio-temporal frequency plots of the perceived picture (without motion) on

a CRT display (left) and on an LCD (right). The plot shows the influence of

the temporal display aperture on the suppression of the temporal signal repeat

(Λ1(f~x, ft) only considers the first sampling repeat), indicated by the dashed circles.

The repeats at 50 Hz are suppressed on a hold-type display, while large-area flicker

is visible at 50 Hz on a CRT display.

The perception of this modulation, however, also depends on the temporal display
aperture, Ad,t(ft).

For CRT displays, the display attenuation is negligible as we have seen from
Equation 2.13. For LCDs, the display attenuation at the sample frequency can be
written as (recall Equation 2.15):

AfLCD,t(
1
pt

) = ptsincψ(π) = 0, (2.30)

illustrating that LCDs, and hold-type displays in general, prevent the visibility of
large-area flicker. The display responses for low spatial frequencies at 50 Hz are
within the perception aperture and, hence, determine the suppression of large-area
flicker. To determine wether a displays shows large-area flicker the response at
(f~x ≈ 0, ft = 1

pt
) needs to be determined, as illustrated in Figure 2.19.

2.2.3 Motion judder

We define motion judder as the artifact that is visible when the motion portrayal of
a smoothly moving object is no longer perceived as smooth. This typically occurs
when the registration rate is low, such as 25 Hz for film. In this section, we analyze
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(c) Picture repeat on an LCD.

Figure 2.20: A linear motion, approximated at a low sample rate yields motion judder. (a)

A video signal sampled at 50 Hz and a film signal portrayed at 50 Hz with a

frame repeat on (b) a stroboscopic display and (c) a hold-type display. The top

row illustrates the motion along the motion vector ~w, the bottom row show the

same motion after motion tracking by the HVS. The object is no longer accurately

positioned along the motion vector.

how a picture rate of 25 Hz leads to motion judder and determine the influence of
the display aperture on the visibility of motion judder.

A hold-type display, such as described by Equation 2.12 (with at = 1), the
doubling of pictures to convert a 25 Hz picture rate for reconstruction at 50 Hz
(recall Equation 2.19), is identical to reconstructing the picture sequence at 25 Hz
without the picture repeat. We shall describe in this section, hold-type displays
still suffer from motion judder, even though when no repeats are used.

The link between temporal sampling and motion judder is shown in Figure 2.20
for a stroboscopic and hold-type display. It illustrates how a smooth motion is
approximated and the influence of the display aperture. Motion judder is caused
by details that are visible at the 25 Hz repeat.

In order to further analyze the perceived motion judder on a display, we will use
our extended framework. Recall the motion signal from Equation 2.24 and assume
the picture display rate of 50 Hz is obtained for a film signal by picture repeat as
described by Equation 2.19. Taking into account Λf (f~x, ft) has a temporal sample
density of 25 Hz, the first 2 temporal repeats are considered within the perception
window, i.e.:

Λf2 (f~x, ft) = Λfx(f~x)
2∑

n=−2

δ (ft − 2n · pt) , (2.31)
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Figure 2.21: The spatio-temporal frequency plot of a film signal for (a) low speeds and (b) high

speeds. The picture repeat does not suppresses all spatial frequency components

of the first picture repeat (25 Hz) when their is motion. At 25 Hz, lower spatial

frequencies are visible for fast motions than for slow motions. This is indicated by

the dashed circles.

with pt = 1
50 the picture delay.

Combining Equation 2.26, with Equations 2.20, 2.24, and 2.31, and recalling
that fw = ft + ~w · f~x, we can determine how the perceived picture is influenced by
a motion picture with a repeat:

Ifp,JUD(f~x, ft) =

[(
Df
a(f~x)

[
2∑

n=−2

∣∣Ifc (f~x, ft − 2n · pt)
∣∣ |cos (πfwpt)|

]
)
∗ λfx(f~x)

]
Afd,s(f~x)Afd,t(fv)Afp(f~x, ft). (2.32)

For slow motions, such as shown in Figure 2.15, it follows from Equation 2.32
that the picture repeat effectively suppresses the temporal repeat spectra at 25 Hz,
because then cos

(
π( 1

2pt
+ ~v · f~x)pt

)
≈ 0 holds. For fast motions, however, this is

no longer the case, as is also illustrated in Figure 2.21. The plots show the shearing
of the display aperture is a function of the speed of the motion that is tracked by
the HVS, resulting in a limited attenuation of the lower spatial frequencies at 25
Hz for increasing speeds. As a result, spatial details are perceived at a modulation
of 25 Hz. Hence, motion judder is flickering detail [21]. The effect of the display
aperture on the visibility of motion judder can be derived from Equation 2.32. The
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Figure 2.22: (a) The visibility of motion judder on a CRT display is not reduced by its display

aperture. (b) The visibility of motion judder on an LCD is partly reduced by the

display aperture. Motion judder is indicated by the dashed circles.

influence of the temporal display attenuation will be analyzed for LCDs. Recalling
the reconstruction signal for film on an LCD from Table 2.2, we can write for the
temporal display aperture of an LCD:

AfLCD,t(fv) = ptsincψ (πfvpt) . (2.33)

The perceived display attenuation at the first and second signal repeats are:

AfLCD,t

(
fv|ft =

Ft
2

)
= ptsincψ

(
π

(
1
2
− ~v · f~xpt

))
, and

AfLCD,t (fv|ft = Ft) = ptsincψ (π (1− ~v · f~xpt)) , respectively, (2.34)

with Ft = 1
pt

= 50.
Figure 2.22 illustrates the combined attenuation of signal repeat and display

aperture for a CRT display and an LCD. From this figure and from Equation 2.34,
we can see that large-area flicker is suppressed at 25 Hz (ft = 25 Hz, f~x = 0) by the
picture repeat, while at 50 Hz, it is suppressed on LCDs by the display aperture.
From Equation 2.34 and Figure 2.22 we conclude that, motion judder is not reduced
by CRT displays and only partly by LCDs.
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Comparing motion judder on LCDs and CRT displays, we can conclude that
the hold-type behavior of LCDs reduces the visibility of motion judder compared
to CRT displays, but does not remove it entirely. As such, motion judder reduction
is required for both display types for improving motion portrayal. For a detailed
analysis of the perception of motion judder, a more detailed model of the CSF of
the HVS has to be taken into account. This is considered outside the scope of this
thesis.

2.2.4 Motion blur

We define motion blur as: “the attenuation of the perceived high spatial frequencies
(i.e. a loss of detail) whenever the HVS tracks motion”. It can originate from the
temporal aperture during the registration process or from the temporal aperture
of the display, as previously explained in 2.1.1. We will only consider the display
aperture in this section, and assume the temporal aperture of the camera, Ac,t(t),
not to be limiting. This allows us to analyze the influence of the display aperture
on the visibility of motion blur. This analysis has been described in [31] in detail,
using a similar framework, and we will, therefore, only present it briefly.

The visibility of motion blur on displays can be derived from our model. The
attenuation of high spatial frequencies due to motion tracking follows directly from
the perceived picture, Ifp (f~x, ft), for the motion signal of Equation 2.24. High
spatial frequencies at the repeat spectra are outside of the perception window and
therefore considered invisible. Hence, motion blur is described without taking the
temporal frequencies into account. The perceived blur signal is thus obtained using,
ft = 0 and fv = ~v · f~x, yielding:

Ifp,BLUR(f~x, ft) =
([

Df
a(f~x)Ifc (f~x, ft)

]
∗ Λf (f~x, ~w · f~x)

)
Afd,s(f~x) ·

Afd,t (~v · f~x)Afp(f~x, 0). (2.35)

Equation 2.35 shows the temporal display aperture has become a speed dependent
spatial function and hence the temporal low-pass characteristic of a display becomes
a spatial low-pass filter that scales with motion.

For CRT displays, the temporal display attenuation has been considered negli-
gible and, hence, motion blur on CRT displays can be considered negligible. For
LCDs at 50 Hz, we obtain for the speed dependent temporal display aperture:

AfLCD,t(~v · f~x) = ptsincψ (π~v · f~xpt) . (2.36)

The spatial low-pass behavior, described by Equation 2.36, shows the spatial at-
tenuation that is perceived on an LCD is controlled by the LC behavior (ψ), the
perceived motion (~v) and the picture rate. We will see in the next chapter, these
three parameters are of importance when reducing motion blur. The attenuation
of high spatial frequencies can also be observed from Figure 2.23(b).
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Figure 2.23: The spatio-temporal frequency plots of the perceived picture on (a) a CRT display

and (b) an LCD. The perceived motion blur, indicated by the dashed circles, is

caused by the temporal aperture of the display.

Note that from Figure 2.23, the high spatial frequencies on a CRT display are
also attenuated by its spatial aperture. This attenuation does not depend on the
tracked motion, and, therefore, this is not motion blur.

2.3 Noise

Signal noise, in its broadest definition, is the part of the signal that does not con-
tribute to the signal information. For TV-signals, a more narrow definition is often
used and noise is described as a distortion of the signal by a noise source. Many
noise sources can be identified in the TV chain between camera and viewer, each
with its specific influence on the signal. We can discriminate three classes of noise
sources categorized by their position in the TV chain, recall Figure 2.1: noise from
registration, noise from the transmission channel, and noise from reconstruction.

Often, the most significant noise source in TV applications is the transmission
channel that adds coding artifacts or additive noise in case of digital or analog
transmission, respectively. In this section, we will focus on these two types of noise
and investigate how the display influences their perceived picture impairment by
modeling the noise signal and adding it to our framework. We will look at the
influences of the differences between the spatial and temporal apertures of CRT
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displays and LCDs on the perception of noise in Section 2.3.2.

2.3.1 Noise model

The analog transmission of a TV-signal is prone to different types of noise. With-
out going into details, we can discriminate, e.g., atmospheric interference, when
the signal is transmitted through the air, amplifier noise, interference from other
transmissions, and contact noise. All these noise sources have different spectral
characteristics. We will use a single noise model for all analog noise types, that
is described by a flat spectrum. This noise model is not accurate for accurately
quantifying noise visibility but useful to illustrate the influence of the registration
and reconstruction of pictures on noise visibility.

We model analog noise in the frequency domain IfNa(f~x, ft) with a constant
signal strength na for all frequencies:

IfNa(f~x, ft) = na. (2.37)

When a TV-signal is transmitted digitally, many of the analog noise sources are
eliminated. However, a different type of signal noise results from the lossy compres-
sion that is required to limit the signal bandwidth. The characteristics of the signal
distortion depend on the compression method. For example, an artifact resulting
from the commonly used DCT-based compression schemes (such as MPEG [39] and
H.264 [40]) is a visible “blockiness” that results from quantizing DCT coefficients
on a block-by-block basis. Digital artifacts typically are content dependent. For
the purpose of illustrating the influence of registration and reconstruction on dig-
ital noise, however, it is sufficient to use a model that describes the influence of
quantized DCT coefficients. Therefore, we introduce a model for digital noise that
describes signal independent harmonics of quantization errors of DCT coefficients.
As such, the digital noise is described by Equation 2.38

IfNd(f~x, ft) = nd

B∑
c=1

nc

(
δ

(
f~x −

c · fN
B

)
+ δ

(
f~x +

c · fN
B

))
δ(t), (2.38)

with nd the noise level, nc the quantization error of coefficient c, fN = fS
2 , and

B the block size. We will assume a common block size of 8 [px]. Note, that
the extended framework describes only one spatial dimension, and therefore, the
description of the block grid is 1D. Although this approximation does not visually
resemble blockiness, it is suitable for our noise analysis.

In order to determine the visibility of a noise signal on a display, we can apply the
framework as described by Equation 2.26, substituting the camera signal, Ifc (f~x, ft),
for the noise signal. We will assume a combination of analog and digital noise
described by IfN(f~x, ft) = IfNa(f~x, ft) + IfNd(f~x, ft). This yields for the perceived
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Figure 2.24: The noise model, for analog and digital noise, consists of a constant value in the

spatio-temporal frequency plane and discrete spatial frequencies that corresponds

to the DCT coefficients.

noise:

Ifp,N(f~x, ft) =
([

Df
a(f~x)IfN(f~x, ft)

]
∗ Λf (f~x, fw)

)
·

Afd(f~x, fv)Afp(f~x, ft) (2.39)

The combined noise sources are illustrated in Figure 2.24(a). Analog noise
remains a constant signal in the spatio-temporal frequency plane after temporal
sampling. The digital noise is repeated due to sampling. Figure 2.24(b) illustrates
the perception of the reconstructed noise signal without considering the display
aperture. In the next section, we will apply our framework to this noise signal to
analyze how its reconstruction is perceived on a CRT display and on an LCD in
combination with motion.

In the model, described by Equation 2.39, the perception of noise is controlled
by the perception window, Afp(f~x, ft): noise within the window is assumed visible,
while noise outside the perception window is assumed invisible. In practice, the
perceived noise also depends on the signal content through masking [41], but this
more complex dependence is considered outside the scope of this analysis. We stress
that this noise model is suitable for determining the influence of the reconstruction
process on the perceived impairment caused by noise, but cannot be used to quantify
noise visibility.
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2.3.2 Noise portrayal

It is known that noise is perceived differently on LCDs compared to CRT displays.
In this section we will show this difference is caused by differences in the display
aperture. We will show how analog and digital noise are attenuated by the display
aperture for a video signal with motion, similar to our analysis of motion judder
and motion blur.

The aperture of a CRT display, recall Equation 2.10, acts as a spatial low-pass
filter, reducing the high spatial frequencies of the analog noise. As a result, the
noise intensity is no longer constant but follows the spatial frequency behavior of
the CRT display. Similarly, the digital noise is attenuated. In case a motion signal
is tracked, this yields for the perceived noise:

IfN,CRT(f~x, ft) =Df
a(f~x)

[
na + nd

( B∑
c=1

nc · Λf
(
f~x −

c · fN
B

, fw

)
+

B∑
c=1

nc · Λf
(
f~x +

c · fN
B

, fw

))]
·

exp
(
−πf2

~xσ
2
)
Afp (f~x, ft) . (2.40)

This illustrates, that the noise intensity follows the spatial attenuation of the display
aperture, i.e. high spatial frequencies are attenuated, but this attenuation does not
depend on motion.

Similarly to Equation 2.40, the attenuation of noise caused by the LCD aperture
can be derived. Its temporal low-pass characteristic causes a spatial attenuation in
case motion is tracked, identical to motion blur. For the perception of noise on an
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LCD, in case a motion ~v is tracked, we can write:

IfN,LCD(f~x, ft) =
([

Df
a(f~x)IfN(f~x, ft)

]
∗ Λf (f~x, fw)

)
Afd,LCD(f~x, fv)Afp(f~x, ft)

= Df
a(f~x)

[
na + nd

( B∑
c=1

nc · Λf
(
f~x −

c · fN
B

, fw

)
+

B∑
c=1

nc · Λf
(
f~x +

c · fN
B

, fw

))]
·

ptsincψ (π(ft + ~v · f~x)pt)Afp(f~x, ft)

= Df
a(f~x)

[
naptsincψ (π(ft + ~w · f~x)pt) +

nd

( B∑
c=1

nc · Λf
(
f~x −

c · fN
B

, ~w · f~x
)

+

B∑
c=1

nc · Λf
(
f~x +

c · fN
B

, ~w · f~x
))]

Afp(f~x, ft).

(2.41)

From this equation we can see, the amplitude of the analog noise spectrum is no
longer flat but attenuated with Df

a(f~x)ptsincψ (π(ft + ~w · f~x)pt), which is a function
of motion. Also for digital noise a motion dependence results, due to the sheared
sampling grid Λf (f~x, t). The digital noise is displayed without attenuation for
ft = ~v ·f~x, while the temporal repeats of the digital noise are fully suppressed by the
temporal display aperture. The perceived noise for both display types is illustrated
in Figure 2.25. From the comparison between Figure 2.25(a) and Figure 2.25(b),
we can identify important differences between the perception of the impairments
caused by noise on a CRT displays and an LCD. The most important difference
for the perception of analog noise is the motion dependence of LCDs compared to
CRT displays. Whenever a motion is tracked on an LCD, analog noise appears
to be attenuated along the motion vector. This is observed as motion blurring of
noise. A difference in perceived digital noise between a CRT display and an LCD is
caused by the spatial attenuation of noise on a CRT display by its Gaussian spot.
This attenuation is not perceived on LCDs, making digital artifacts better visible
on LCDs. In chapter 6, we will discuss the visibility and motion dependence of noise
on LCDs in more detail and discuss noise reduction algorithms that tackle these.

2.4 Discussion

The extended framework, described in this chapter, can be used to investigate
certain perceptual attributes such as aliasing, large-area flicker, motion judder, and
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Figure 2.25: The spatio-temporal frequency plots of the perceived noise on (a) a CRT display and

(b) an LCD without the signal component. The perceived noise, follows from our

analysis, taking the influence of motion tracking, Da(f~x), the display aperture, and

the perception window into account. The influence of the display aperture causes

a motion dependent attenuation of analog noise on LCDs, while the attenuation

is independent of motion on CRT displays. The sampled digital noise is spatially

attenuated on CRT displays, while on LCDs only the repeat spectra are attenuated.

motion blur. A quantitative analysis of these phenomena for an objective quality
measure can, however, not directly be derived from this framework. This is mostly
because content dependence is not taken into account. We will summarize some of
the limitations of this framework to clarify its use.

In order to quantify the visibility of the described attributes the extended frame-
work is not directly useful. This follows from the simplification of the intensity
signal in our extended framework. We have not considered the opto-electric corre-
spondence between signal value and light output. The contrast and the luminance
output of a display partly determine the visibility of perceptual attributes such as
aliasing and large-area flicker. This directly follows from the CSF of the HVS, re-
call Figure 2.13(a). Also, this spatial and temporal perception window varies from
person to person, and as a function of (ambient) luminance [5]. Therefore, for quan-
titative analysis of perceptual attributes a perception experiment is better suited.
The framework, however, is better suited to understand causes for the perceptual
attributes and to help with design solutions.

The HVS is capable of accurately following registered motion in a video sequence.
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Especially when the video signal contains a motion at a constant velocity for a large
part of the display area, the motion tracking cue is strong, making it difficult to
break or prevent tracking. The HVS is, however, only capable of tracking a single
motion [42] and for more complex video signals, e.g. with objects moving in multiple
directions or varying velocities, the HVS chooses what motion to follow. In the case
of multiple motions, the extended framework is valid for the part of the video signal
that contains the tracked motion.

The visibility of (part of) the video signal depends on its environment [41]. More
specifically, the visibility threshold of a signal increases in the presence of a signal
that is similar in frequency content (and orientation). This concept is known as
masking and is most important for the visibility of noise. The visibility of noise
is reduced at edges or textured areas that contain more high spatial frequencies
compared to flat areas or gradients. In contrast, the visibility of motion blur and
motion judder depends on the presence of strong edges or details in the video
signal. This signal dependence makes it impossible to evaluate picture quality
aspects without taking the video content into account. For optimal picture quality,
however, a picture quality enhancement algorithm should take the most criticized
signal into account.

2.5 Conclusions

We have described the perception of display phenomena for TV applications using
an extended framework that is based on earlier work from [3] and [4]. In addition, we
have demonstrated how the extended framework can be used to investigate certain
perceptual attributes such as aliasing, large-area flicker, motion judder, and motion
blur.

Creating the best picture quality on TV-display requires a thorough understand-
ing of the TV-signal, its reconstruction on a TV-display and its perception by the
Human Visual System (HVS). We have extended a framework that models these
three stages of the video chain to make it suitable to understand important static
and dynamic display phenomena such as motion blur and noise visibility, for exam-
ple.

The framework models the spatial and temporal frequency amplitude of a TV-
signal, including its sampling and reconstruction process, and models their visi-
bility by the HVS. The extended framework has proven to be applicable in TV-
applications for demonstrating the differences between portraying pictures on an
LCD compared to a CRT-display. Moreover, the extended framework reveals that,
without dedicated video processing, LCDs perform worse than CRT displays, with
respect to motion and noise portrayal.
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Chapter 3

Optimal motion portrayal

For an optimal motion portrayal of video on Liquid Crystal Displays (LCDs), motion
blur and motion judder have to be minimized. Motion judder removal has been
available in consumer TV applications since the mid-1990s [1]. For motion blur on
LCD-TVs, several reduction methods have been investigated and implemented that
improve the LC-material [2], the panel driving [3], the backlight [4] and the video
signal [5].

Optimal motion portrayal on a display is achieved when the perception of mov-
ing objects, after registration and reconstruction on a display, is as close as possible
to the live perception, taking practical limitations into account of computational
resources and transmission bandwidth during registration, transmission and recon-
struction. Especially, the perceived sharpness of moving objects and the perceived
fluency of motion are important.

We have defined an extended framework that describes the perception of recon-
structed TV-signals in Chapter 2 in terms of a sample grid, spatial scaling function,
display and perception aperture. In that chapter, we have illustrated that the ex-
tended framework can describe the influence of the temporal display aperture of
LCDs for film and video signals on the perception of motion judder and motion
blur. The extended framework describes the frequency amplitude of a perceived
picture as follows:

Ifp (f~x, ft) =
[[

Df
a(f~x)Ifc (f~x, ft)

]
∗ Λf (f~x, fw)

]
Afd(f~x, fv)Afp(f~x, ft)

= Ifa,m(f~x, ft, ~w)Afd(f~x, fv)Afp(f~x, ft) (3.1)

with fv = ft + ~v · f~x, and fw = ft + ~w · f~x.

Equation 3.1 describes a TV-signal Ifa,m(f~x, ft, ~w) with an apparent motion, ~w,
that is reconstructed on a display and perceived by the HVS. The picture that is
to be displayed is described by the registered picture Ifc (f~x, ft) and motion ~w. The
display is defined by a sampling grid, Λf (f~x, ft), and a display aperture, Afd(f~x, ft).
The HVS is modeled by the visibility window, Afp(f~x, ft), and by motion tracking
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along the vector, ~v, that we will assume equal to the apparent motion on the display,
Df
a(f~x)~w.

In this chapter, we will benchmark several motion blur reduction methods using
the extended framework to describe their performance and discuss what methods
are most suitable to obtain optimal motion portrayal on LCD-TVs. In Section
3.1, motion judder reduction is briefly summarized. In Section 3.2, several motion
blur reduction methods are elaborated. Their implementation is discussed and
their advantages and disadvantages are described with the help of the extended
framework. In Section 3.3, we present a video processing system for implementing
optimal motion portrayal, taking into into account the picture registration rate,
display properties and several implementation aspects, similar to the description in
[6]. We will discuss the limitations of the proposed motion portrayal improvements
in Section 3.4 and draw conclusions in Section 3.5.

3.1 Motion judder reduction

In Section 2.2.3, we have analyzed the visibility of motion judder on LCD-TVs. A
picture rate of 25 Hz in case of film, causes spatial details to be perceived as moving
non-fluent [7]. In this section, we will briefly describe how this motion judder
is eliminated by resampling the video signal along the motion trajectory. This
concept is known as Motion Compensated Frame Rate Conversion (MC-FRC), and
is extensively described in [8].

In order to reduce motion judder, the registered pictures need to be derived from
the half-pictures contained in the TV-signal. This requires cadence detection [9] to
determine the picture rate of the registration process and de-interlacing to convert
half-pictures to their full resolution [10]. Once the registered picture sequence is
reconstructed, its picture rate determines if MC-FRC is applied, to obtain a picture
rate above the judder limit. From informal experiments on hold-type displays, the
judder limit has been determined at approximately 40 Hz for these display types.
When only film and video are considered, with a picture rate of 25 Hz and 50 Hz,
respectivelyI, motion judder reduction is applied for film.

The MC-FRC algorithm estimates motion from the picture sequence and cre-
ates pictures at a higher picture rate by interpolating pictures along the motion
trajectory at a higher temporal rate, as described in [8].

The combination of cadence detection and MC-FRC is schematically illustrated
in Figure 3.1. A picture rate of 50 Hz is created for both film and video. In
our framework, the MC-FRC algorithm corresponds to a change in the temporal
sampling grid. An up-conversion factor, F , leads to a judder-reduced perceived

IRecall from Chapter 2 that we ignore the NTSC transmission standard that uses 24/60 Hz.
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Figure 3.1: Film judder is removed by resampling the picture sequence along the motion tra-

jectories. First, the sequence is de-interlaced and the registration rate is detected,

yielding a picture sequence at film or video rate. In case of film, motion estimation

is required to resample the picture sequence along the motion trajectory. For both

film and video a picture sequence at the reconstruction rate and a motion vector

field per picture, MV (~x, t) results for further picture processing.

picture (recall Equation 2.26):

Ifp (f~x, ft) =
[[

Df
a(f~x)Ifc (f~x, ft)

]
∗ Λf

(
f~x,

fw
F

)]
·

Afd(f~x, fv)Afp(f~x, ft), (3.2)

with Λf (f~x, fwF ) the new sampling grid.
In practice, complex picture repeat patterns can exist, e.g. for slow motions

and cartoons [9], resulting in a more complicated frame rate conversion scheme
for handling multiple up-conversion factors. The up-conversion factor, F , should
always be chosen such that the resulting picture rate is above the judder limit.

3.2 Motion blur reduction

Motion blur has been defined in Section 2.2.4 as the attenuation of the perceived
high spatial frequencies (i.e. a loss of detail) when the HVS tracks motion. The
perceived attenuation is caused by the temporal display aperture as described by
Equation 2.35 and clarified with Figure 2.23. We have discussed that the temporal
aperture of LCDs is characterized by the LC behavior (modeled by ψ), and the
hold time. Motion blur is reduced by shortening the temporal aperture, which is
achieved by increasing the response speed of the LC material and by reducing the
hold time. The former is achieved by advances in material characteristics and by
applying overdrive [5], the latter is obtained by a hold time reduction method.
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In this section, we will assume the correct drive value is obtained within the
hold time and focus on hold time reduction methods. Several of these motion blur
reduction techniques have been disclosed in literature, such as Scanning BackLight
(SBL) [4], Black Frame Insertion (BFI) [11], pseudo impulse driving (which we will
call Grey Frame Insertion or GFI) [12], Smooth Frame Insertion (SFI) [13], and
MC-FRC. In the following sections, we will describe each method in more detail
and use the framework from the previous chapter to demonstrate the advantages
and disadvantages of each method.

3.2.1 SBL

Perhaps the most straightforward method to reduce the hold time of an LCD is to
simulate a CRT display by replacing a continuous backlight by a backlight that emits
light for only a fraction of the picture period, pt. Shortening the time that the back-
light emits light corresponds to a shorter temporal display aperture and, therefore,
less motion blur (recall Equation 2.12). The backlight can, e.g. be implemented
using stroboscopic lamps. This stroboscopic driving needs to be synchronized with
the panel driving in order to make sure the picture is visible when the LC-material
has responded to its drive value, because an LCD is typically addressed in a line
scanning order, the backlight needs to follow this scanning order [4]. Hence this
motion blur reduction method is referred to as Scanning BackLight (SBL). A sim-
plified representation of an SBL that assumes no spatial overlap of the light profiles
and ideal on/off switching is illustrated in Figure 3.2(a), for a backlight consisting
of 8 lamps and a hold time reduction of at = 1

2 .
From our framework, we can demonstrate that motion blur is reduced by com-

bining Equation 2.12 with Equation 2.26:

Ifp,SBL(f~x, ft) = Ifa,m(f~x, ft, ~w)Afd,s(f~x)AfSBL,t(fv)Afp(f~x, ft)

= Ifa,m(f~x, ft, ~w)Afd,s(f~x)atptsincψ (πfvatpt)Afp(f~x, ft). (3.3)

Equation 3.3 shows that the perceived picture, Ifp,SBL(f~x, ft), is attenuated by the
temporal display aperture, atptsincψ (πfvatpt), as a function of the tracked motion,
fv. In comparison with a continuous backlight, the attenuation of high spatial
frequencies is reduced because of the widening of the aperture by a factor 1

at
. A

more detailed analysis of using a scanning backlight for motion blur reduction has
been presented in [14].

The downside of this method is that the conversion of a hold-type displays to
a stroboscopic display introduces large-area flicker at a 50 Hz picture rate. From
Section 2.2.2, we have seen large-area flicker follows from the temporal display
response at the picture rate, ft = 50 Hz, for low spatial frequencies, i.e. f~x ≈ 0.
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Figure 3.2: An LCD with a scanning backlight with at = 1
2

. (a) The example backlight is divided

in 8 segments (vertical axis) that each emit light for a fraction of the picture period.

The “on”-time is shifted for each segment synchronous with the picture addressing.

(b) Motion blur is reduced compared to an LCD with a continues backlight (recall

Figure 2.23(b)) as indicated by the dotted circles at ft = 0. Also large-area flicker

at 50 Hz is visible, as indicated by the dotted circle at fx = 0, ft = ±50 Hz.

For SBL on an LCD, we thus obtain:

AfSBL,t(fv) = atptsincψ(π(ft + ~v · f~x)atpt)

= atptsincψ(πat), (3.4)

showing that large-area flicker is no longer fully attenuated compared to Equation
2.30, but a function of the hold time, at. As a consequence, motion blur reduction
has become a tradeoff with large-area flicker. Note that if the backlight amplitude
is constant, the intensity also scales with the hold time, at. However, for motion
blur evaluation, the (average) intensity needs to be normalized.

3.2.2 BFI and GFI

Without changing the backlight, a similar reduction of motion blur can be obtained
by applying Black Frame Insertion (BFI). This method doubles the addressing speed
of pixels by inserting black pictures, thereby, effectively reducing the hold time.
BFI can be implemented by doubling the picture rate and inserting pictures only
containing black every other picture or by changing the pixel circuitry to reset to
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Figure 3.3: the GFI method doubles the reconstruction rate, trying to generate all of the pic-

ture’s intensity in the first sub-picture, Ia,1(~x, t). The remainder of the intensity is

portrayed in the second sub-picture, Ia,2(~x, t).

a “black state” in between the addressing of pictures [11]. Similar to SBL, the BFI
method has the downside of causing large-area flicker. Furthermore, contrast and
backlight efficiency are reduced, because the light output is halved.

To alleviate these disadvantages, Gray Frame Insertion (GFI) has been proposed
as an improvement. This method redistributes the intensity of each pixel over two
sub-pictures such that as much of the intensity as possible is put in one of the
sub-pictures [12], as illustrated in Figure 3.3.

The perceived picture for the GFI method is not so easy to describe in the
framework, because of the content dependence of the intensity distribution. To
solve this we discriminate between dark content that can be redistributed fully to
one of sub-pictures, and bright content that, after distribution of intensities, is split
over two sub-pictures. We can then derive the perceived intensities for bright and
dark content separately and discuss its combination:

Ifp,dark(f~x, ft) = Ifa,m(f~x, ft, ~w)Afd,s(f~x)
1

100
sincψ(πfv

1
100

)Afp(f~x, ft),(3.5)

and

Ifp,bright(f~x, ft) = Ifa,m(f~x, ft, ~w)Afd,s(f~x)
1
50

sincψ(πfv
1
50

)Afp(f~x, ft). (3.6)

The hold time of dark content is halved, leading to a widening of the temporal
aperture, while for bright content the temporal display aperture is identical to the
temporal aperture of an LCD. The perceived picture for the GFI method is a content
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dependent mix between the perceived dark and bright content:

Ifp,GFI(f~x, ft) = Ifa,m(f~x, ft, ~w)Afd,s(f~x) ·[
M(Ifa (f~x, fw))ptsincψ(πfvpt) +(
1−M(Ifa (f~x, fw))

) pt
2

sincψ(πfv
pt
2

)]
Afp(f~x, ft), (3.7)

with M(Ifa (f~x, fw)) the mixing function that corresponds to the intensity distri-
bution that is illustrated by Figure 3.4(c). The mixing function is a function of
the local intensity of the input picture, making it more difficult to analyze the re-
sulting motion blur reduction and large-area flicker when using this method. In
Figure 3.4(a) and Figure 3.4(b), the perceived pictures for bright and dark content,
respectively, are illustrated.

Compared to a scanning backlight, the tradeoff between motion blur and large-
area flicker is not controlled by a parameter, at, but by the picture content. For
dark areas, the hold time is halved, while for the brightest areas, no hold time
reduction is obtained, leading to motion blur reduction and large-area flicker for dark
content, and blurry but large-area flicker-free pictures for bright content. A further
disadvantage of this method is the visibility of artifacts caused by the temporal
shift between the sub-picture pair in combination with eye tracking. In particular
for sharp moving edges, this leads to the visibility of false edges. This is illustrated
for an example picture in Figure 3.5.

3.2.3 SFI

Because GFI still results in large-area flicker being visible and limited motion blur
reduction is obtained for luminous pictures, yet another motion blur reduction
method, called Smooth Frame Insertion (SFI), has been proposed [13]. This method
also doubles the addressing rate of the display, but different from GFI, spatial fre-
quencies are redistributed such that high spatial frequencies are displayed for only
one of the two sub-pictures, while low spatial frequencies are displayed at both sub-
pictures. As such, SFI alternates sharp and blurred images while GFI alternates
light and dark images. The split is illustrated in Figure 3.6.

To proof that this frequency split reduces motion blur assume Ifa (f~x, ft) is split
at spatial frequency fa into low (LP) and high (HP) spatial frequencies, such that
IfLP(f~x, ft) contains only frequencies below fa and:

Ifa (f~x, ft) = IfLP(f~x, ft) + IfHP(f~x, ft)↔ IfHP(f~x, ft) = Ifa (f~x, ft)− IfLP(f~x, ft).(3.8)
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Figure 3.4: The GFI method reduces motion blur at the cost of large-area flicker for dark areas,

while for bright areas, motion blur is not reduced and large-area flicker is less visible.

By applying SFI, a blurred image and a sharp image are alternated, i.e.:

Ifblur(f~x, ft) = IfLP(f~x, ft), and

Ifsharp(f~x, ft) = IfLP(f~x, ft) + 2 · IfHP(f~x, ft)

= 2 · Ifa (f~x, ft)− IfLP(f~x, ft). (3.9)

The low spatial frequencies are displayed in both sub-pictures, while the high spa-
tial frequencies, IfHP(f~x, ft), are displayed only every other sub-picture. For the
temporal display aperture, we can, therefore, write (recall Equation 2.12):

AfLP,t(fv) = ptsincψ(π(ft + ~v · f~x)pt), and

AfHP,t(fv) =
pt
2

sincψ(π(ft + ~v · f~x)
pt
2

). (3.10)

By alternating Ifblur(f~x, ft) and Ifsharp(f~x, ft) at a high enough frequency, the average
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(a) Dark sub-picture. (b) Bright sub-picture.

(c) Input picture. (d) Simulated output.

Figure 3.5: Close-up of an example picture: The GFI method splits the input picture (c) in two

sub-pictures (a) and (b). (a) A simulation of the perceived picture is obtained by

projecting the dark and bright picture along the motion trajectory. Double edges or

lines might be perceived, as indicated by the dashed circle, at boundaries of bright

and dark content.

picture is perceived and we can denote:

Ifp,SFI(f~x, ft) =
[[

Df
a(f~x)

1
2

(
Ifblur(f~x,ft) + Ifsharp(f~x, ft)

)]
∗ Λf (f~x, fw)

]
·

Afd(fv, ft)Afp(f~x, ft)

=
[[

Df
a(f~x) ·

1
2

(
IfLP(f~x,ft) + IfLP(f~x,ft) + 2 · IfHP(f~x, t)

)]
∗ Λf (f~x, fw)]

Afd(fv, ft)Afp(f~x, ft)

= Ifa,m(f~x, ft, ~w) ·{
Afd,s(f~x)AfLP,t(fv)Afp(f~x, ft) if f~x < fa

Afd,s(f~x)AfHP,t(fv)Afp(f~x, ft) if f~x ≥ fa
. (3.11)

Equation 3.11 shows the perceived picture, Ifp,SFI(f~x, ft), can be considered to
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Figure 3.6: The SFI method doubles the reconstruction rate, trying to generate all of the spa-

tial details (with an amplitude gain of 2) in the first sub-picture. The low spatial

frequencies are portrayed in both sub-pictures.

have a different temporal display aperture for low and high spatial frequencies. It
shows that, for high spatial frequencies, the hold time is reduced by a factor of two,
resulting in less motion blur for these spatial frequencies. By choosing fa closer to
f~x = 0, more of the image spectrum profits from a reduced hold time.

Figure 3.7 shows the influence of SFI on the spatio-temporal frequencies of
the perceived picture. Doubling the picture rate and showing the high spatial
frequencies, (f~x > fa), only every other picture effectively reduces the attenuation
at ft = 0 but also at the sampling rate, ft = ±50 Hz. From the perception
window, we can see however, that a spatial frequency, fa can be chosen such that
the frequencies are outside the perception window at ft = ±50 Hz. Figure 3.7
also shows that the temporal display aperture for frequencies below fa prevents
large-area flicker at 50 Hz.

The above neglects clipping. In practice, clipping will occur, because
Isharp(f~x, ft) requires an intensity range that exceeds Ic(f~x, ft). For bright areas,
this might be compensated for by extending the intensity range by e.g. increasing
the backlight intensity or reserving head room. For dark areas, the larger intensity
range results in negative intensities that cannot be compensated for. As an alter-
native to clipping, a re-distribution of high spatial frequencies can be implemented
similar to the re-distribution of bright content for GFI (recall Figure 3.4). When-
ever clipping would occur, more of the high frequencies can be added to Ifblur(f~x, ft).
When comparing both compensation options, clipping leads to a local reduction of
contrast, while a re-distribution of high spatial frequencies leads to motion blur.
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Figure 3.7: The amplitude response of the perceived picture with SFI. The temporal aperture of

spatial frequencies above fa is widened, reducing motion blur. The temporal display

aperture is unaltered for spatial frequencies below fa, preventing large-area flicker.

With an informal experiment, we found both artifacts are perceived very similar.
The implementation complexity of SFI is mainly determined by the low-pass

filter required to obtain Iblur(~x, t). The ideal low-pass filter, suggested by Equation
3.8, needs to be approximated. An efficient approximation of a low-pass filter can
be implemented when using block averages with an integral image [15]. The size of
the filter support depends on the choice for fa. Larger filter supports are required
to approximate a low-pass filter with an fa closer to 0. Larger filter supports are
also required to reduce motion blur for faster motions (recall Equation 3.11 is a
function of the motion vector).

Typically, the size of the filter support is chosen with respect to the maximum
velocity (in pixels per frame) that needs to profit from motion blur reduction. For
example, we can consider horizontal motions up to 1.0 and vertical motions up 0.5
picture width per second translating to a displacement of 38, and 19 pixels per
frame, for an HD resolution at 50 Hz. We can determine a filter support size based
on these maximum displacements. The sharpness enhanced picture, Isharp(~x, t), is
easily obtained from Iblur(~x, t) and Ia(~x, t) using (recall Equation 3.8 and 3.9):

Isharp(~x, t) = 2 · Ia(~x, t)− Iblur(~x, t). (3.12)

We will compare the implementation complexity of SFI with other motion blur
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reduction methods in Section 3.3.

3.2.4 MC-FRC

The hold time can be reduced by a factor F by increasing the video sequence
to a denser temporal sampling grid with the same factorII. Instead of repeating
pictures, however, video needs to be reconstructed using interpolation along the
motion trajectories identical to motion judder reduction, as discussed in Section 3.1
and in detail in [16].

We can write for the perceived picture of the up-converted sequence:

Ifp,MCFRC(f~x, ft) =
[
Df
a(f~x)

[
Ifc (f~x, ft) ∗ Λf (f~x,

fw
F

)
]]
·

Afd,s(f~x)
pt
F

sincψ
(
π
fv
F
pt

)
Afp(f~x, ft). (3.13)

MC-FRC yields in a perceived picture, Ifp,MCFRC(f~x, ft), with a temporally denser
sampled picture registration. The new sampling grid, Λf (f~x, fwF ) increases the
reconstruction rate with a factor F , resulting in a reduced hold time and, therefore,
widening of the temporal display aperture.

For F = 2, we obtain a comparable hold time reduction with respect to SBL,
GFI, and SFI. The spatio-temporal frequency plot for this up-conversion factor,
illustrated in Figure 3.8, shows this. Figure 3.8 also shows that the denser sampling
grid after applying MC-FRC means there are no sampling repeats at 50 Hz and,
therefore, no large-area flicker is introduced. Also, this method does not have any
of the clipping problems of the SFI method.

Because the up-conversion factor is mainly restricted by practical limitations
such as the maximum panel refresh rate and computational resources, this method
is ideal for motion blur reduction from a theoretical signal processing point of view.
In practice, two additional aspects need to be taken into account. First, motion
estimation and the interpolation along the motion trajectory are non-trivial and
partially unsolved. In particular for occlusion areas [16], this leads to high com-
putational requirements or interpolation artifacts. Further interpolation artifacts
might result from implementation optimizations that are required to obtain the
real-time execution of this algorithm [17]. To alleviate the computational complex-
ity, MC-FRC factors are chosen such that most of the input pictures are part of
the output sequence, e.g. preferably using integer up-conversion factors. Second,
when increasing the picture rate, faster pixel-responses are required to obtain the
correct intensity each picture period. A slower response will limit the motion blur
reduction.

IIAlso here we do not consider the LC-response, i.e. an infinitely fast switching speed
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Figure 3.8: The amplitude response of the perceived picture with MC-FRC shows a reduction

of motion blur (indicated by dashed circles). There are no repeat spectra at 50 Hz

and, therefore, no large-area flicker at this frequency.

Despite these limitations, practical feasibility of MC-FRC for HD video signals
to frame rates of 100 Hz and higher has been shown for TV applications [17], [18],
and it is considered the winning motion blur reduction method. Furthermore, its
practical constraints might alleviate further over time.

3.3 TV-system aspects

The previous sections have demonstrated that optimal motion portrayal on LCD-
TVs are controlled by perceptual attributes such as the judder limit and the large-
area flicker visibility threshold, and by system limitations, e.g. the computational
complexity and the response speed of the LC material. With the framework, we
have described motion judder reduction using MC-FRC and have demonstrated the
distinct advantages and limitations of several motion blur reduction methods. The
computational complexity of each method obviously depends on its implementation
in a TV-system, but can be qualitatively described as summarized in Table 3.1. In
this section, we will present how optimal motion portrayal is obtained for real-time
TV-systems given the considerations discussed in the previous sections and today’s
boundary conditions. We will elaborate that the design freedom for obtaining op-
timal motion portrayal on LCD-TVs is limited to only few design considerations,
despite the apparent freedom of choice from multiple motion blur reduction options.
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Table 3.1: The complexity and limitations of several motion blur reduction methods for TV

applications.

method complexity limitation

SBL custom backlight driving large-area flicker

BFI pixel reset
large-area flicker, reduced backlight
efficiency

GFI
intensity distribution per
pixel

bright content: no motion blur re-
duction, dark content: large-area
flicker

SFI LP/HP split per picture
no motion blur reduction for high
contrast details

MC-
FRC

motion estimation and MC-
interpolation per picture

computational requirements and
unsolved occlusion problems

From experiments, it was found that the HVS is capable of perceiving judder
up to a refresh rate of approximately 40 Hz on hold-type displays. Above this
limit, non-fluency is observed as blur. From this experiment, it follows that TV-
signals originating from film (below the judder limit) need to be processed differently
than TV-signals originating from video (above the judder limit). Judder reduction
is preferably applied before motion blur reduction, because motion judder reduc-
tion addresses motion artifacts at a lower picture rate than motion blur reduction.
Applying judder reduction after motion blur reduction is possible from a signal
processing point of view, but more computational complex in practice.

As a result, motion judder reduction, as illustrated in Figure 3.1, is applied first.
For motion blur reduction, we can choose from the methods listed in Table 3.1 or
use a combination of options. SBL, BFI and GFI are, however, not suitable to
reduce motion blur for 50 Hz video signals because they create large-area flicker
which has been characterized as annoying [19].

This limits the options for motion blur reduction to SFI and MC-FRC. The best
choice between these two methods depends on subjective aspects and implementa-
tion aspects. The reconstruction rate, for example when applying SFI is 100 Hz,
while for MC-FRC, there is more design freedom for the reconstruction rate. For
example, if we want at least one third of the output pictures to be a non-interpolated
picture, we can consider reconstruction rates of 75 Hz, 100 Hz, and 150 Hz.

When comparing the implementation complexity of SFI and MC-FRC, described
in the previous sections, we conclude that MC-FRC is more dependent on the com-
plexity of the scene than SFI. When a picture contains multiple moving objects and
occlusions, this can lead to the visibility of more artifacts for MC-FRC. The picture
quality of MC-FRC, therefore, is dependent on the available system resources and
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Figure 3.9: The motion portrayal enhancement flow: MC-FRC is combined with SFI and SBL

for a cost effective motion judder and motion blur reduction. The registration rate

is detected from the TV-signal. In case the signal originates from film, MC-FRC

converts it to a picture rate above the judder limit. SFI is used to reduce motion

blur, obtaining a reconstruction rate above the large-area flicker limit. Above this

frequency, motion blur can be reduced further with a scanning backlight.

when limited resources are available, MC-FRC can lead to a lower picture quality
compared to the SFI-method.

The choice between SFI and MC-FRC further depends on the type of visible
artifact: a tradeoff needs to made between a limited motion blur reduction for
high contrast details and interpolation artifacts, when choosing SFI or MC-FRC,
respectively. Additionally, a difference in the amount of motion blur reduction has
to be compared, in case a picture rate other than 100 Hz is chosen for MC-FRC.

SBL can best be used to reduce motion blur on LCD-TVs when the picture
rate is higher than the large-area flicker visibility threshold, i.e. above ≈70 Hz,
under the assumptions that the pixel response is fast enough to obtain the correct
intensity within a picture period and that the influence of the spatial overlap of the
light profiles can be ignored. In this case, SBL is preferred over MC-FRC, because
it has a much lower computational complexity.

In case we chose SFI as motion blur reduction method, this yields a TV-system
as illustrated in Figure 3.9. It combines MC-FRC, SFI and SBL. MC-FRC is applied
only for TV-signals that originate from film to convert their picture rate to 50 Hz to
be above the judder limit. SFI is then applied for motion blur reduction, converting
50 Hz signals to 100 Hz, i.e. above the large-area flicker threshold. Further motion
blur reduction is obtained using SBL.

3.4 Discussion

We have presented a theoretical signal processing system that is capable of obtaining
optimal motion portrayal by reconstructing moving details above the judder limit
without creating visible large-area flicker. From theory, the conversion of film and
video to the highest possible reconstruction rate is optimal. If computational com-
plexity and physical limitations of a display are taken into account, optimal motion
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portrayal might be obtained using a combination of methods including MC-FRC,
SFI and SBL.

A formal perception study to compare the performance of SFI with MC-FRC has
not been performed as we found it too dependent on the implementation specifics.
The level of motion blur reduction of SFI depends on clipping limitations and the
size of the filter support that creates Iblur(~x, t), while, for MC-FRC, this level de-
pends on the up-conversion factor and occlusion errors. In addition, MC-FRC is
always present in the TV-system for judder reduction, and when comparing SFI
and MC-FRC for film content, the artifacts that result from the additional MC-
FRC need to be evaluated with the artifacts from the SFI method.

The dependence on the implementation specifics of both algorithms, also com-
plicates a cost evaluation between SFI and MC-FRC. The SFI implementation is
straightforward and scales with the filter support size. The cost of converting a film
sequence to 100 Hz instead of 50 Hz are more difficult to determine and we found
this depends heavily on the hardware specifications. This prevents a quantitative
analysis without specifying the hardware implementation.

The artifacts that result from MC-FRC might be alleviated if MC-FRC and SFI
are combined. For an up-conversion from 50 Hz to 100 Hz, interpolated pictures can
be blurred while “original” pictures are sharpened. The blurring effectively masks
interpolation artifacts, while the limitations of SFI are minimized by the MC-FRC.
Although the straightforward combination of methods requires more computational
resources than the individual motion blur reduction methods, a cheaper MC-FRC
might be used, depending on the masking ability of the interpolation artifacts of
SFI. This remains to be further researched.

The proposed system of Figure 3.9 reduces the hold time by reconstructing
pictures at 100 Hz, with the possibility to further reduce the temporal display
aperture with a scanning backlight. This raises the question to what extent the
temporal aperture should be reduced, given a backlight of sufficiently intensity and
short duty cycle. To answer this question, the limits of the HVS and the limits of
the registration process need to be taken into account.

For the limits from the HVS, we can derive a temporal display response from
the assumption that spatial details up to the display’s Nyquist frequency need to
be reconstructed at the maximum trackable motion speed, i.e. approximately 30
degrees/second [20]. For a typical resolving power of the HVS of 30 cycles/degree,
this would yield a rate of 30 · 30 = 9.0 × 102 cycles/second, corresponding to a
picture rate of 1.8× 103 Hz, or a hold time of 5.6× 10−4 s.

For the registration process, we have shown that the camera’s finite temporal
aperture, recall Equation 2.8, also causes motion blur. In the next chapter, we
will discuss to what extent motion blur from the registration process limits optimal
motion portrayal.
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3.5 Conclusions

Using the extended framework that was presented in the previous chapter, we have
reasoned about the effect of motion blur reduction methods on the improvement of
picture quality on LCD-TVs in this chapter. Specifically, we have modeled several
motion portrayal improvement methods, including Black Frame Insertion (BFI),
Gray Frame Insertion (GFI), Scanning Backlight (SBL), Smooth Frame Insertion
(SFI), and Motion Compensated Frame Rate Conversion (MC-FRC) for 50 Hz LCDs
and evaluated their performance.

From this analysis and using the framework, we can conclude that in TV-
applications large area flicker has to be considered in the design of motion blur
reduction methods and it follows that only MC-FRC and SFI are suitable motion
blur reduction techniques for LCD-TVs at broadcast picture-rates. The preference
of MC-FRC over SFI was found implementation specific. Furthermore, only at
frame rates above the large area flicker threshold (e.g at 100 Hz), SBL could best
be used to reduce motion blur.
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Chapter 4

The temporal aperture of broadcast video

When watching TV, the perceived picture is a reconstruction of a picture sequence
that has been registered. Ideally, the spatial and temporal properties of the recon-
structed picture outperform the Human Visual System (HVS) to make the perceived
TV picture indistinguishable from directly perceiving the scene without registration.
Using the framework, that has been presented in Chapter 2, we can describe the
influence of the registration and reconstruction process on the perception of pic-
tures and analyze whether these processes cause visible picture degradations. In
particular, we have demonstrated in Section 2.2.4 that the limited temporal aper-
ture of LCDs, leads to motion blur and, in Chapter 3, we have described how these
limitations can be alleviated.

In this chapter, we will focus on the influence of the registration process on
motion blur. Specifically, we investigate how much motion blur that is perceived
in typical TV-broadcasts originates from it. Because the perceived motion blur
is a combination of motion blur from the registration and reconstruction process,
as described in [1], we need to discriminate between two types of motion blur:
display blur and camera blur depending on their source being the reconstruction or
registration process, respectively.

Although both motion blur sources can be approximated by a low-pass filter
that, due to motion, is perceived as a spatial low-pass filter along the motion vec-
tor, there are important differences for TV applications. First, in a TV-set display
blur can be determined from the reconstruction of the picture by the known dis-
play, while camera blur needs to be estimated from the TV’s input picture. The
amount of camera blur can be known during registration, but is not transmitted to
a TV. Second, display blur reduction is a pre-processing algorithm in a TV, while
camera blur reduction requires post-processing of a degraded picture. Both reduc-
tion methods can suffer from noise enhancement, but the pre-processing step is, in
addition, limited by clipping [2]. Third, display blur is caused by eye movement
relative to the display, while camera blur is caused by camera motion relative to
the scene. The eye-movement is assumed to correspond to the apparent motion of
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Figure 4.1: Perceived motion blur as a function of camera blur and display blur [3]. The points

result from a perception experiment, the lines indicate equal perceived motion blur.

Camera blur and display blur are both normalized to the hold time of the display.

objects in the picture sequence, therefore, it is modeled by the motion estimation
of objects. For picture sequences that describe complex motions this assumption
not always hold. In contrast, the camera motion relative to the scene is the source
of the apparent motion of objects and, therefore, described by motion estimation of
objects.

The perception of the combined motion blur from display and camera was first
described in [1] and later verified in [3] by simulating and evaluating both motion
blur types. The results from the experiment, described in [3], are shown in Figure
4.1. This Figure illustrates the perceived motion blur from display and camera,
expressed in ∆T . For displays, ∆T is equal to the hold time, for cameras, ∆T is
equal to a camera’s shutter speed. Both have been normalized to the picture rate.

From Figure 4.1, it can be observed that the perceived motion blur reduction
when reducing display blur is limited if camera blur is dominant. For example,
when the display blur is reduced from ∆T = 0.75 to ∆T = 0.25 the difference in
perceived motion blur is almost 0.5 for a camera blur of ∆T = 0.25. The same
amount of display blur reduction leads to a much smaller perceived motion blur
reduction for a camera blur of ∆T = 0.75. From this observation, we can derive
that the amount of display blur reduction to apply in a TV should take the amount
of camera blur into consideration.

In this chapter, we describe the experiments designed to answer the question:
“What is the typical camera blur level of TV-broadcast signals?”. First, a new met-
ric, the Temporal Aperture Width (TAW) is introduced in Section 4.1 as a suitable
measure for camera blur. We will add the TAW to the extended framework. Second,
the measurement setup and procedure to determine the TAW from a broad range of
broadcast TV-signals is described in Section 4.2. The results of the measurements
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are presented for a cross section of TV-broadcasts in Section 4.3. The analysis of
these results is discussed in Section 4.4, where also the visibility of camera blur is
related to display blur on LCD-TVs. We will conclude in Section 4.5.

4.1 The TAW

To quantify display blur, many measures have been proposed such as the BEW
[4], NBET [5] and the MPRT [6] together with several measurement techniques
including pursuit cameras and the measurement of the temporal step and impulse
response of a display [7]. The plurality of display blur metrics have resulted from
many attempts to express motion blur of a non-linear temporal display response by
a single value. Especially if LC-response and backlight modulation are taken into
account, it was found that a single value can be a poor description of the motion blur
level [8]. In this section, we will show that, for camera blur, the temporal response
can be accurately described by a single value that we will call the Temporal Aperture
Width (TAW).

The registration process has been discussed in Section 2.1.1. It describes the
registration of light intensities by a periodic integration of light at discrete positions.
The conversion is modeled by a sampling grid and a spatio-temporal registration
aperture that can be described in the frequency domain according to (recall Equa-
tion 2.1):

Ifr (f~x, ft) =
[
Ifc (f~x, ft)Afc (f~x, ft)

]
∗ Λf (f~x, ft). (4.1)

The continuous picture, Ifc (f~x, ft), that is input to the registration is sampled at the
locations described by the spatio-temporal sampling grid, Λf (f~x, ft). Each sample
is the integration of intensities over the volume that is described by the aperture,
Afc (f~x, ft). We will show here that the temporal aperture of the registration process
causes motion blur, identical to the display aperture.

In the previous chapters, the camera aperture has been ignored for the descrip-
tion of the sampled signal, Is(~x, t) (recall Equation 2.3) to be able to directly com-
pare the continuous picture, Ic(~x, t), with the reconstructed picture, Id(~x, t). To add
camera blur to the framework, we add the influence of the temporal registration
aperture. For this, we replace the sampled signal, Is(~x, t), with the registration
signal Ir(~x, t). This adds the influence of the camera aperture, Ac(~x, t), to the
framework as follows:

Ir(~x, t) = [Ic(~x, t) ∗Ac(~x, t)]
∞∑

nt=−∞
δ(t− ntpt)

�

Ifr (f~x, ft) =
[
Ifc (f~x, ft)Afc (f~x, ft)

]
∗

∞∑
nt=−∞

δ(ft −
nt
pt

). (4.2)
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If we assume the spatial and temporal camera aperture to be independent, i.e.
Ac(~x, t) = Ac,~x(~x)Ac,t(t), we can consider the temporal aperture separately. Equa-
tion 4.2 than simplifies to:

Ir(~x, t) = [Ic(~x, t) ∗Ac,t(t)]
∞∑

nt=−∞
δ(t− ntpt)

�

Ifr (f~x, ft) =
[
Ifc (f~x, ft)A

f
c,t(ft)

]
∗

∞∑
nt=−∞

δ(ft −
nt
pt

). (4.3)

The temporal aperture, Afc,t(ft), of a camera is determined by its shutter which
controls the exposure time of the camera’s light sensitive sensor during each regis-
tration period. Assuming a fast switching shutter and a constant light sensitivity
during the exposure allows the temporal aperture to be expressed by a block func-
tion similar to Equation 2.12:

Ac,t(t) = rect
(

t

atpt

)
� Afc,t(ft) = atptsinc (πftatpt) , (4.4)

with 0 < at ≤ 1 the duration that the shutter is “open” and pt the picture period.
By describing the motion of objects relative to the camera registration and con-
sidering the simplified case of a rigid object with a linear motion, ~w, the apparent
motion of the registered objects can be described as a transformation of coordinates
of the object motion:

(~xc, tc)→ (~xm, tm),

{
~xm = ~xc − ~w · t
tm = tc

with (~xc, tc) and (~xm, tm) referring to the coordinate systems of the objects and
object registrations, respectively, i.e. the relative motion is described by:

Im(~x, t) = Ic(~x+ ~wt, t)� Ifm(f~x, ft) = Ic(f~x, ft − ~w · f~x). (4.5)

The registered picture is then described by the motion picture and a motion
dependent temporal registration aperture:

Ifr (f~x, ft) =
[
Ifc (f~x, ft + ~w · f~x)Afc,t(ft + ~w · f~x)

]
∗

∞∑
nt=−∞

δ(ft −
nt
pt

)

=
[
Ifm(f~x, ft)A

f
c,t(ft + ~w · f~x)

]
∗

∞∑
nt=−∞

δ(ft −
nt
pt

). (4.6)

Using Equation 4.6, we can write for each registered picture at t = ntpt:

Ifr (f~x,
nt
pt

) = Im(f~x,
nt
pt

)Afc,t(~w · f~x)

= Im(f~x,
nt
pt

)atptsinc (πatpt(~w · f~x)) (4.7)
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Figure 4.2: The TAW in relation to the camera exposure, motion vector and camera blur. A

moving object, results in a displacement for each registration as indicated by the red

arrow. When the registration spans a fraction of the picture period, the projection of

the moving object extents this same fraction of the motion vector, indicated by the

yellow arrow. As such the amount of motion blur, for a giving motion and picture

period, is determined by the TAW.

Equation 4.7 describes the camera blur of the registered picture, illustrating that
the registration is spatially attenuated as a function of the motion vector and, atpt.
As a result, we can use atpt to characterize the temporal aperture and we will
refer to it as the Temporal Aperture Width (TAW). For the simplified registration
model that describes a camera with a block-shaped temporal aperture, the TAW is
identical to the camera’s shutter speed.

In Figure 4.2, the relation between camera exposure, camera blur and TAW
is illustrated, showing that, for each picture, the camera’s exposure results in a
integration of a time interval instead of a time instant. Consequently, the regis-
tration of a moving object is a projection over a distance along the motion vector.
The length of the projection is a fraction of the motion vector length that equals
atpt||~w||. In the next section, we will describe how the blur extent can be estimated
for determining the TAW.

4.2 TAW measurement setup and procedure

The estimation of camera blur has been thoroughly investigated in the area of as-
tronomy and still picture processing [9], [10], [11]. In [9], a method is proposed that
estimates the blur characteristics from the spatial cepstral domain, from multiple
sub-images to attenuate signal characteristics in favor of the blur characteristics.
The cepstral domain is used to detect the periodic behavior of the frequency am-
plitude of the temporal aperture, Afc,t(ft), but was found to be sensitive to noise.
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Therefore, the cepstral domain method was replaced in [10] with a method that es-
timates the blur extent from the autocorrelation of the signal’s directional intensity
derivative. This method assumes a single constant motion for each picture. It was
extended in [11] to be able to cope with motion gradients that result, for instance,
from zooming motions or panning motions with large depths (parallax). Because
this method is still not suitable for arbitrary moving objects, we will present a new
TAW estimation algorithm in this section.

The TAW can be estimated at every location in the picture where a motion has
been registered. For video, a motion estimator can determine an individual motion
vector for many positions in the image. This simplifies the camera blur estimation,
as it allows to normalize an estimated blur length, ||~b(~x, nt)||, along the motion
vector, to a blur time that directly corresponds to the TAW, according to:

TAW = atpt =
||~b(~x, nt)|| · pt
||~w(~x, nt)||

(4.8)

with ~b(~x, nt) and ~w(~x, nt) the blur extent and motion vector, respectively. Equation
4.8 shows that, when the motion vector and blur extent are known, the TAW can be
estimated for each picture and at each position where there is motion. Because the
TAW can be expected constant within a picture sequence, improved robustness can
be obtained by only using areas with favorable contributions to the measurement
of ~b(~x, nt) and by exploiting temporal consistency across consecutive pictures. The
TAW estimation algorithm, therefore, should find suitable locations in the picture
that are likely to yield accurate motion and blur extent estimates, to obtain a single
robust estimate.

We will discuss the blur extent measurement first in Section 4.2.1 and illus-
trate the measurement results for some example sequences. Next, the data set and
the measurement procedure to determine the TAW from broadcast TV-signals is
discussed in Sections 4.2.2 and 4.2.3, respectively.

4.2.1 Blur extent measurement

The blur extent is estimated from the autocorrelation (AC) of the signal derivative
along the motion vector. This derivative is approximated by determining Im(~x, nt)−
Im(~x−px, nt). The AC of this derivative is determined and the position of its (first)
minimum can be assumed to correspond to the length of the blur extent, ||~b(~x, t)||,
as reported in [10] and illustrated in Figure 4.3.

A single TAW estimate is obtained per picture by combining measurements from
multiple locations. From Equation 4.8, it follows that, e.g. for slow motion the
measurements is less accurate, because the blur extent and TAW both scale with
the motion vector. Also a low picture contrast makes the estimate less accurate
when the picture is polluted with noise. A robustness improvement is therefore
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Figure 4.3: The position of the minimum of the AC of the image derivative corresponds to

the blur extent. (a) The signal intensity Ic(~x, t) along the motion vector, ~w(~x, nt),

contains a blurring, ~b(~x, nt), due the the temporal camera aperture Ac,t(t). The blur

extent is shown for an impulse response with and without the influence of Ac,t(t).

(b) illustrates the signal derivative of Ic(~x, t) along the motion vector. (c) The AC

of (b) shows the position of the (first) minimum of the AC corresponds to ||~b(~x, nt)||.
(d) Example measurements of the AC for an example picture.

obtained by discarding measurements that are likely to yield erroneous results, by
passing each measurement location through a cascade of selection criteria before
determining the autocorrelation. In addition, autocorrelation results are further
pruned by calculating an reliability estimate for each measurement, based on the
autocorrelation result. Only the measurements with the highest reliability estimate
are used to calculate the TAW of a picture. An overview of the TAW estimation
algorithm is illustrated in Figure 4.4. We will first discuss the selection criteria, the
reliability estimate and the combination of estimates, below.

Selection criteria

The cascade of selection criteria is based on the motion vectors and the picture
content. For the motion vectors, the following criteria are used to reject blur extent
estimates:

high speeds The signal is attenuated as a function of the motion. Faster motions
result in larger blur extents, while the noise level can be expected constant. As
a result, the SNR, and therefore the reliability of the TAW estimate, reduces
for increasing speeds. Therefore, locations with ||~w|| > VMAX, are ignored. A
typical value for VMAX, depends on the fastest motion that can be accurately
found by the motion estimator, in our experiments VMAX = 64 p~x has been
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used.

low speeds For low speeds, the influence of the spatial camera aperture, i.e.
Ac,x(~x), can not be ignored. The influence of focus blur, scaling, and/or
compression, would typically lead to an over-estimate of the camera blur.
Also, for low speeds, the resolution of the blur measurement is low and the
sensitivity to noise high. Therefore, locations with ||~w|| < VMIN, are ignored.
In our experiments, we used VMIN = 4 p~x.

motion edges The camera blur, as expressed by Equation 4.7, does not hold when
locally the motion vector is not constant. Consequently, the estimates at edges
in the motion vector are unreliable, even if the motion estimates themselves
are accurate. These locations are found by verifying the consistency of the
motion along the vector, i.e. if ~w remains constant over its length, ||~w||.
Locations that fail the consistency check are discarded.

Sufficient contrast is required for an accurate blur extent estimate. Therefore, for
the image content the following selection criterium applies for the image content:

flat areas A low SNR reduces the reliability of the camera blur estimate. There-
fore, flat areas are detected using a local activity metric [12] and removed
from the blur extent measurements.

Reliability estimate

For the picture locations that pass all selection criteria, a blur extent is calculated
from the autocorrelation of the intensity derivative, as illustrated by Figure 4.3.
The global minimum of each AC is an estimate of the TAW [9]. The measurements
are combined to a single estimate for each picture using a reliability estimate for
each measurement as described in [3]. The reliability is determined from the shape
of the autocorrelation function. The following AC features are combined:

value at AC[0] The autocorrelation at lag 0 of the picture derivative, corresponds
to the amount contrast and picture detail.

slope at AC[0] From Figure 4.3(c), it follows that, ideally, the autocorrelation
starts with a steep negative slope.

slope at min(AC[]) From Figure 4.3(c), it follows, ideally, a steep negative slope
is expected before the minimum.

The reliability estimate is obtained by assigning weightsI to each of the shape fea-
tures and calculating the weighted average. A high reliability is used as an additional
requirement for the measurements per picture. The accuracy of each measurement
is considered proportional to the motion vector size.

IFor typical weights, we refer to [3].
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Figure 4.4: Camera blur estimation is performed on selected locations. Candidates are discarded
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of the minimum is determined together with features to estimate a measurement

reliability. All measurements of a picture are ranked based on the reliability and

added to a histogram over an interval controlled by the motion vector size. The

maximum of the histogram yields the TAW.

Combining estimates

The single TAW estimate per picture is determined from the histogram of all
measurements as described in [3]: the histogram is constructed by distributing each
measurement over an interval equal to the motion vector size. The TAW follows
from the maximum of this histogram. This estimation procedure is schematically
shown in Figure 4.4. The implementation of the TAW estimation algorithm returns
a TAW estimate for each picture.
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The TAW estimation algorithm has been successfully tested on example
sequences with known shutter settings. The estimation results are illustrated
together with a picture from each sequence in Figure 4.5.

It was demonstrated that this method is quite resilient to both analog and
digital noise, and can cope with low contrasts and focal blur [3]. The method fails
to provide an accurate estimate only in case of very little motion, or in case of very
high noise levels in the picture or motion vector field. In this case, the reliability
check discards the estimates and no measurement is returned.

4.2.2 Measurement data

In order to analyze a large set of TV-broadcast signals, fragments from the TV-
channels listed in Table 4.1 have been captured from satellite, Astra 1 and Astra
3, using a 50 Hz HD-capable satellite receiver (Dreambox DM800 HD). A mix of
HD and SD channels, containing both film and video, have been processed. The
TV-channels, listed in Table 4.1, have been chosen to cover diverse content. From
each channel 100 fragments of 250 fields were recorded. The recordings were spread
over a period of 3 months.

HD-1 and EXQI were chosen because the channels broadcast a broad range of
HD content, including documentaries, movies, concerts, and commercials. CNN was
added to include typical news content. Eurosport was included for sport content,
such as soccer, that is likely to contain fast camera pans. The other channels were
chosen to diversify the content and signal quality range.

4.2.3 Measurement procedure

The 1200 recorded fragments are not directly suitable for TAW estimation, because
the start times of the recorded fragments have been chosen arbitrary and, as a
result, each decoded fragment of 250 fields can contain multiple scene cuts and a
mix of cadence patterns and registration rates.

Because we only assume the TAW to be constant in-between scene cuts, we need
to split the recorded fragments at the scene cuts. This has been implemented using
the setup illustrated in Figure 4.6. First, a cadence detector is used that locates
scene cuts and discriminates video and film content [13]. Only the sequences that
are confidently identified as video or film and are longer than 25 pictures are used
to estimate the TAW.

For most satellite broadcasts an interlaced format is used. This complicates the
TAW estimation and, therefore, de-interlacing [14] is applied obtaining progressive
sequences at 25 Hz and 50 Hz in case of film and video, respectively. Motion was
estimated for each picture sequence using an efficient true motion estimator [15].
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(a) Jogging 90 (b) Motion vector overlay

(c) Jogging 180 (d) Motion vector overlay
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Figure 4.5: (a)-(h) The four example sequences and their motion vectors fields. The arrows

indicate the displacement from current to previous picture. The sequences have

been registered with a shutter speeds of 90, 180, 270 and 315 degrees, respectively.

Normalized to the picture rate, pt, these shutter speeds correspond to a TAW of

0.25, 0.50, 0.75, and 0.875, respectively. (i) The normalized estimated TAW as a

function of the picture number, nt for each sequence.
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Table 4.1: TV-channels for the TAW estimations.

Channel format description

HD-1 HD
A European HD channel featuring registrations
of sports events and shows

EXQI HD
A Belgian channel featuring registrations of cul-
tural events

CNN SD An American news channel
Eurosport SD A European sports channel
ZDF Docu SD A German documentary channel
BVN SD A Dutch public infotainment channel

Tele5 SD
A German channel with mainly classic movies and
series

AstraHD promo HD A European HD show reel
Kabel Eins SD A German news and entertainment channel

NT1 SD
A French channel with mainly American movies,
series, and films

RTL TV SD A German channel with news, and entertainment

VOX SD
A German entertainment channel similar to RTL
TV

For each sequence, thus obtained, the TAW is assumed constant and a single TAW
value is estimated.

4.3 Results

The measurement results that follow from the setup described above are presented
in Table 4.2 and Table 4.3 for the 12 TV-channels.

Table 4.2: Classification percentage of video and film for each TV-channel.

TV-channel video film rest TV-channel video film rest
HD-1 19 20 61 Tele5 33 13 64
EXQI 15 8 77 AstraHD promo 31 5 64
CNN 26 0 74 Kabel Eins 25 13 62

Eurosport 10 30 60 NT1 25 10 65
ZDF Docu 9 12 79 RTL TV 21 17 62

BVN 23 17 60 VOX 24 21 55
Total 22% 14% 64%
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Figure 4.6: The measurement setup to estimate the TAW for the 1200 fragments. The fragments

are decoded and based on their content converted to video or film sequences. Multiple

sequences can result from a single recorded fragment if scene cuts are detected.

Motion is estimated for each sequence and a single TAW is determined for each

sequence.

Table 4.2 shows the percentage of film and video sequences with a sequence
length larger than 25 pictures that were reliably detected and the percentage of
sequences that could not be reliably estimated. It lists the percentage of sequences
classified as film and video. The majority of unclassified sequences, (64% of the
total sequences), turned out to contain no or very little motion, and are, therefore,
not applicable to measure motion blur. Note that this also indicates that for almost
64% of the sequences motion blur is no issue at all.

For both the film and video sequences the cumulative histograms of measured
TAWs are presented in Table 4.3 for each TV-channel and for the total of video and
film sequences. Note the difference in time scale for film and video. The cumulative
histograms allow a quick visualization of the percentage of TAWs shorter than a
certain value. For example, on HD1 for about 30% of the video sequences a TAW
shorter than 10 ms has been found.

The results from Table 4.3 show differences per channel and a large spread in
TAWs. Also note that for CNN no film format was detected. We will further
analyze and explain these results in Sections 4.4.1 and 4.4.2.
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Table 4.3: Cumulative histograms of the TAW for video and film sequences for each TV-channel.

The table lists the cumulative TAW estimates for video and film for each TV-channel.

For 50 Hz video, the TAW lies between 5 and 20ms, while for film at 25 Hz the

TAW lies between 10 and 40ms. The vertical axis shows the cumulative fraction with

respect to the total number of estimates.
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Table 4.3 – continued from previous page
TV-channel video film
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Table 4.3 – continued from previous page
TV-channel video film
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4.4 Discussion

In this section, we will analyze the results from Table 4.2 and 4.3 in more detail
to derive the typical camera blur level and compare this to the display blur on
LCD-TVs. For this, we will first, in section 4.4.1, discuss the limitations of the
measurement setup and describe how they can be taken into account. In Section
4.4.2, the results are further analyzed by determining the typical motion speed with
respect to the TAW estimate. The visibility of camera blur on hold-type displays
is further discussed in Section 4.4.3.

4.4.1 Limitations of the estimator

The TAW estimation has been validated on the test sequences illustrated in Figure
4.5 with known blur and motion. Furthermore, the robustness to transmission noise,
MPEG-artifacts, and spatial blur has been identified in [3].
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From these validation and robustness experiments, several causes for inaccu-
racies of the blur extent measurement have been identified for measurements on
broadcast TV-signals. The main limitations are listed here:

• As mentioned in the previous section, in case there is little or no motion or
in case the film detector cannot confidently determine the content type, the
amount of motion blur cannot be determined.

• For low speeds, the camera’s temporal aperture does not always dominate
and the spatial aperture can not be neglected. Although the TAW estimator
discards speeds below VMIN, where the influence of the spatial aperture is
expected largest, large spatial burring can cause an over-estimate of the TAW.
Spatial sharpness enhancement or limitations in the signal’s dynamic range,
on the other hand, can lead to an under-estimate of the TAW.

• Noise, such as film grain or lossy compression artifacts, distort the AC and,
thereby, can reduce the accuracy of the measurement. It has been determined
in [3] that the accuracy of the estimate reduces significantly for additive white
Gaussian noise when PSNR < 33 dB. Also MPEG-coding showed a decreas-
ing accuracy for bit rates below 10 Mbps (HD sequences encoded with main
profile, high level).

• Temporal format conversion, for example from 60 Hz to 50 Hz, by means
of non-motion compensated temporal averaging causes a non-fluent motion
and inconsistent motion blur from picture to picture. This hinders a correct
motion and cadence detection and will lead to an over-estimate or under-
estimate if the temporal averaging leads to extra blurring or double images,
respectively.

• In case of non-constant scene lighting, such as stroboscopic scene lights, the
temporal aperture of the signal is no longer block-shaped, as described in
Equation 4.4 and can, therefore, no longer be simply expressed by its width
alone. In these cases, the perceived blur is more than the TAW estimate will
return.

• Graphics and graphic overlays do not always match the camera model, making
a single measurement per picture or sequence impossible. In these cases, our
TAW estimation method typically finds the TAW that corresponds to the
lowest of the multiple TAWs.

Inaccurate measurements of the TAW caused by the influence of the spatial
aperture, noise sources, and graphic overlays can be detected whenever a large
deviation in TAW measurements is found within a picture. Similarly, inaccuracies
caused by temporal format conversion are detected by large deviations in TAW
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measurements between consecutive pictures. Non-constant scene lighting is difficult
to detect and will lead to incorrect results.

4.4.2 Analysis of the estimation results

The results presented in Table 4.3 cannot be used directly to determine the occur-
rence rate of certain TAW values due to the limitations mentioned in the previous
section. Therefore, we will discuss the accuracy of the TAW measurements and how
to relate the results to motion blur and to the temporal display aperture in this
section.

Since, compared to film, more accuracy is expected from video sequences due
to more motion and less focal blur [16] only the video sequences have been further
analyzed. Also shorter TAWs have been found for video sequences. Video sequences
containing a 60 Hz to 50 Hz format conversion were excluded from the analysis. As
a result, the recordings from the CNN channel had to be discarded.

It is insightful to determine the TAW of the video sequences as a function of
motion speed, because the visibility of motion blur (and therefore the relevance of
the TAW) increases with motion. Also the accuracy and reliability of the TAW
measurements increase with the motion speed (with our setup, up to approximately
1.0 picture width per second, pw/s) as the resolution increases and the influence of
the spatial aperture decreases.

To assign a “typical” speed to a sequence, the 80% level of the cumulative
histogram of motion vector sizes has been determined for each picture, i.e. the
motion vector size for which 80% of the motion vectors is smaller. Next, the 80%
level over all pictures within a sequence has been determined. Although the 80%
level is somewhat arbitrary, the average vector size has not been chosen, as this
is typically very low, e.g. in case of a moving object in front of a large static
background. The motion speeds as a function of TAW values for the video sequences
are shown in Figure 4.7. The motion speed is shown in picture width per second.

From the figure, it can be seen that the correlation between the measured TAW
and motion amplitude is low. TAW values between 7.0 ms and 19 ms have been
measured for motion speeds between 0.16 pw/s and 1.0 pw/s. No motion speeds
below 0.16 pw/s have been accurately measured and motion speeds above 1.0 pw/s
have been excluded as mentioned above. Figure 4.7 shows the majority of video
sequences have TAWs between 10 and 20 ms regardless their typical motion.

This result can be used to determine the influence of camera blur on the total
perceived motion blur. In the next section we will discuss the combination of camera
blur and display blur.
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Figure 4.7: The TAW as a function of typical motion speed for various video sequences. The

scatter plot shows no clear correlation between TAW and motion amplitude or be-

tween TAW and channel. Furthermore, the plot shows the majority of the estimates

are in between 10 ms and 20 ms.

4.4.3 Camera blur on LCD-TVs

Of special relevance for hold-type displays is the occurrence of TV-signals that have
less camera blur than display blur, because when the amount of camera blur is
similar to the display blur, limited gain is to be expected from (further) display
blur reduction. It was shown at the beginning of this chapter how motion blur is
perceived as a function of camera blur and display blur. The amount of camera
blur can be used to determine to what extent display blur should be reduced.

Taking the limitations of the TAW measurements of the previous section into
account, we can derive from Figure 4.7 and Figure 4.1 that for a TAW between
7.0 ms and 19 ms on a 50 Hz LCD (i.e. a hold time of about 20 ms) display blur
becomes the dominant motion blur source, while for motion blur reduced LCDs,
that typically have a hold time of about 10 ms, camera blur is the dominant motion
blur source. The low occurrence rate of TV-broadcast signals with a TAW smaller
than 10 ms indicates that a further display blur reduction (e.g. a picture rate higher
than 100 Hz) is expected to only give a small perceived motion blur reduction.

It, therefore, makes more sense to reduce camera blur. In the next chapter, we
will discuss how camera blur reduction can be implemented for TVs.
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4.5 Conclusions

We have shown it is necessary to discriminate between two causes of motion blur:
camera blur and display blur caused by the picture registration and the picture
reconstruction process, respectively, to determine the amount of perceived motion
blur.

We have demonstrated with the extended framework and with TAW measure-
ments that, for motion compensated 100 Hz LCD-TVs, the registration process often
is the dominant motion blur source at these high picture rates. We have derived
this conclusion by first introducing the TAW as a metric for camera blur, followed
by describing a TAW-estimation method that is suitable for TV-applications, and,
thirdly, by measuring the TAW on a broad selection of TV-broadcast signals.
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Chapter 5

Motion compensated inverse filtering for

camera blur reduction

Various motion blur reduction methods have been discussed in Chapter 3 that
improve the motion sharpness on LCD-TVs by improving the display response. We
have defined display blur and camera blur in Chapter 4 to discriminate between
two sources of motion blur and we have derived that for LCD-TVs with display
blur reduction (e.g. 100 Hz LCD-TVs) camera blur typically is the dominant blur
source. In this chapter, we will address camera blur reduction.

Camera blur is caused by the camera’s temporal aperture. As explained in
Section 4.1, a camera registers light during a finite time, causing a spreading of
the reflected light over an area of the camera’s sensor when objects move. We
have described camera blur as the attenuation of the video signal by the temporal
registration aperture using Equation 4.4. In this chapter, we will describe how
the video signal can be enhanced to compensate for this attenuation. Because
this signal enhancement attempts to invert the camera blur, which is a motion
dependent attenuation, we refer to this method as Motion Compensated Inverse
Filtering (MCIF). MCIF has also been proposed in [1] to compensate display blur,
but in this chapter, we will only consider it for camera blur reduction.

In the context of TV-applications, camera blur is a video signal property, mean-
ing that a TV-signal is already degraded before its reception. This is different from
display blur that is caused by the TV-display. We will discuss MCIF implemen-
tations that are suitable for TV-applications in this chapter. The properties for
the MCIF filter follow straightforwardly, after motion and the TAW have been es-
timated from the video signal. In Section 5.1, the frequency response for MCIF is
derived using the framework of Chapter 2. Although the sharpness enhancement
filter that follows is straightforward, a suitable implementation for real time ap-
plications, such as TV, is not. We will demonstrate in Section 5.2 that a direct
approximation of the filter does not improve perceived picture quality. In addition,
we will discuss two filter implementations for MCIF in this section that are suitable
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for TV-applications. The performance of the MCIF implementations are compared
with each other in Section 5.3. The MCIF algorithm, when implemented for LCD-
TVs, is part of a processing chain that also implements display blur reduction and
spatial sharpness enhancement. The position of MCIF in this chain and the influ-
ence of other sharpness enhancements are discussed in Section 5.4. Implementation
considerations and future work are discussed in Section 5.5. We will conclude in
Section 5.6.

5.1 Theory

In Section 2.2.4, we have described display blur using Equation 2.35 as the perceived
spatial attenuation of the addressing signal, Ifa (f~x, ft), when taking eye-tracking
and the temporal display aperture, Afd,t(~v ·f~x), into account, similar to the research
described in [2]. Explicitly, the attenuation for 50 Hz LCDs has been described
using Equation 2.36. Camera blur has been modeled in Section 4.1 using Equation
4.7. In this section, the perception of camera blur on a display is described and the
inverse filter for camera blur reduction is derived.

Consider the registration of a moving object, resulting in the displacement, ~w,
of the object’s location for each successively registered picture nt. The appearance
of the object is reconstructed on a display with a scaled displacement, Da(~x) ∗ ~w,
for each picture. With Da(~x) the weighting function that described the scaling
function, as defined in Equation 2.16. We can describe the perceived camera blur
when this reconstructed motion is tracked by the HVS, i.e. when ~v = Da(~x) ∗ ~w,
with ~v the motion vector corresponding to tracking. In this case, the perceived
combined camera and display blur can be expressed as:

Ifp,BLUR2(f~x, ft) =
(
Df
a(f~x)

[
Ifc (f~x, ft)Afc (f~x,w)

]
∗ Λf (f~x, ft)

)
·

Afd (f~x,v)Afp(f~x, ft), (5.1)

with v = ft+~v ·f~x and w = ft+ ~w·f~x the description of the motion at reconstruction
and registration, respectively. Using a sampling grid, Λf (f~x, ft), and a perception
window, Afp(f~x, ft), the perceived picture, Ifp,BLUR2(f~x, ft), is attenuated by the
registration aperture, Afc (f~x,w), and the display aperture, Afd (f~x,v).

The attenuation of the video signal by both motion blur sources is illustrated
in Figure 5.1, for a 50 Hz and 100 Hz LCD-TV. It illustrates that the attenuation
of spatial details by camera blur resembles that of display blur. It also show that a
faster display only reduces display blur.

The amplitude response of the spatial enhancement filter to compensate camera
blur is the inverse of the attenuation from the temporal camera aperture, |Afc,t(ft+
~v · f~x)| for ft = 0, described by Equation 4.4. I.e. we can write for the amplitude
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Figure 5.1: The perceived camera blur on a 50 Hz and 100 Hz LCD, respectively, for a signal

originating from a camera with a TAW of 15ms. The attenuation by the camera is

indicated in the spatio-temporal frequency plot in yellow. The dashed circles indicate

motion blur is caused by camera and display attenuation in case of 50 Hz LCD, but

mainly by the camera in case of a 100 Hz LCD.

response of MCIF:

|Hf
MCIF(~v · f~x)| = 1∣∣∣Afc,t(~v · f~x)

∣∣∣ =
1

|atptsinc(π(~v · f~x)atpt)|
, (5.2)

with atpt the TAW, and ~v the motion vector of the reconstructed object on the dis-
play. The amplitude response of this filter comprises a 1D high-pass filter, oriented
along the 2D motion vector, as illustrated in Figure 5.2. The amplitude response
has infinite gains at f~v = n/(atpt||~v||) with n ∈ Z\{0}, corresponding to the fre-
quencies that have been fully suppressed by the temporal registration aperture. In
the next section, we will demonstrate that these high gains complicate a practi-
cal implementation of MCIF, and describe suitable implementations of MCIF for
TV-applications.
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Figure 5.2: The ideal MCIF frequency response, (a) along the motion vector, ~v, and (b) in the

spatio-temporal frequency plane.

5.2 Implementation

The infinite gains of Equation 5.2 can only be approximated when using a FIR
filter [3] or an iterative approach [4]. Although this would suggest an IIR filter [5] is
preferred, the complexity of motion in typical video signals and the limited signal to
noise ratio of typical TV-broadcasts, make an IIR filter unstable [6] and, therefore,
impractical. An iterative approach, such as described in [4], is also not suitable for
TV-applications, because its high number of iterations would prevent meeting its
real time constraints, or would require too high memory bandwidth and processing
power. As a result, we will restrict ourselves to FIR filters.

MCIF applies a spatial filter along the motion vector for each pixel in the picture.
As such, we can consider MCIF as a spatial processing on each individual picture of
the picture sequence Ia(~x, t), i.e. Ia(~x, nt) with nt the sample number. The motion
blur scales with the size of the motion vector and the TAW, and the MCIF filter
characteristics should scale accordingly. As such, MCIF filtering requires a motion
vector estimate for each pixel and an estimate of the TAW. These processing steps
are schematically illustrated in Figure 5.3.

The alignment of the sharpness enhancement filter along the motion vector re-
quires rotating the 1D filter to match the motion direction and scaling the filter
with atpt||~v||. In practice, such a filtering can be implemented by fetching the lu-
minance of Ic(~x, nt) at a non-integer pixel grid using e.g. bilinear interpolation, as
illustrated in Figure 5.4. Special care is required at the borders of moving objects,
i.e. occlusion areas [7]. The inverse filter should take occlusion areas into account
and discriminate between covering and uncovering areas, because the motion blur
model, described by Equation 5.2 does not hold at motion vector edges. Further-
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tion, ~x to process the input images Ic(~x, nt). The MCIF algorithm itself is can be

considered to consist of three parts: pre-processing, filtering, and post-processing.

For each input image a filter output image Io(~x, nt) is returned.

more, for picture quality enhancement, the sharpness enhancement filter preferably
inverts motion blur without enhancing noise too much.

We will first discuss a naive implementation to approximate the inverse filter
in Section 5.2.1 before describing two filter design strategies in Section 5.2.2 and
5.2.3 that are suitable for TV-applications. Occlusion areas and the prevention of
noise enhancement are discussed in Section 5.2.4, where additional pre- and post-
processing are discussed that improve robustness to these artifacts.

5.2.1 Direct sampling

A straightforward approach to obtain a FIR filter that approximates Equation 5.2 is
the direct sampling of the amplitude of the frequency response, followed by applying
the Inverse Discrete Fourier Transform (IDFT)[8]. To appreciate this, consider a
normalized frequency spectrum in the range from 0 until 2π, sampled equidistantly
using L samples. We can write for this sampled frequency response, HDS[k]:

Hf
DS[k] =

∣∣∣Hf
MCIF

(
ej

2πk
L

)∣∣∣ e−j L−1
L πk, (5.3)

with k = 0, 1, . . . , L− 1. The FIR filter is then obtained by applying the IDFT:

h[n] =
1
N

N−1∑
k=0

HDS[k]ej
2πkn
N . (5.4)

This approach has the advantage that the accuracy of the approximation is easily
controlled by the number of filter taps, L. Using this method, the number of filter
taps for the inverse filter should scale proportional with atpt||~v||, resulting in a
new filter approximation for each blur length. In practice, however, the choice for
the number of filter taps is a tradeoff between accuracy of the approximation and
computational complexity. An example of two such approximations are shown in
Figure 5.5 for 19 and 39 taps, respectively, for a blur length of atpt||~v|| = 15 px.
Figure 5.6 shows the approximations from Figure 5.5 applied to an example picture
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Figure 5.4: Filtering along the motion vector requires fetching of intensity values on a none

integer grid along the (scaled) motion vector. The scaled motion vector, indicated

by the white arrow, determines the position of the sample positions, indicated by

the black dots. The intensity values at these location are calculated from the nearest

intensities. This is illustrated for the bottom left sample position. In case of bilinear

interpolation, its intensity is calculated from the surrounding 4 pixel locations (white

dots), using the distances ∆x1 and ∆x2 to proportionally weight the intensities.

from a sequence containing a horizontal motion of ||~v|| = 30 [pxpt ] and a TAW of
0.5 · pt.

The comparison of the input picture with the filtered results, shown in Figure
5.6(c), shows that the perceived sharpness is increased, but other types of artifacts
are created, such as noise and the visibility of overshoots at edges, that may be
equally disturbing. As a result, the perceived picture impairments are not reduced.
The shortcoming of this naive filter method is that it optimizes the accuracy of the
filter approximations to match the ideal inverse filter, without taking the infinite
gains and perceptual attributes into account.

1.0

|H        ( f  )|f
vMCIF

max

vf
π0

Figure 5.5: Two approximations of Equation 5.2 by directly sampling its amplitude response.

The figure shows the amplitude response of the “ideal” response (dashed line) and

an approximation that uses 19 and 39 taps, in red and blue, respectively.
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(a) Picture from the Trainloop sequence.

(b) Estimated motion vector field.

(c) The 19-taps (middle) and 39-taps (right) filter applied to the input picture (left).

Figure 5.6: (a) A single picture from the Trainloop sequence, containing a horizontal motion of

30
[
px
pt

]
, and registered with a TAW of 0.5pt. (b) The estimated motion vector field

is shown as a color overlay. White arrows indicate the displacement vector from

the previous to the current picture. (c) A close-up (red dashed line) of the same

Trainloop picture with MCIF applied on the luminance of this picture using the

19-taps (left) and 39-taps (right) filter.

103



Motion compensated inverse filtering for camera blur reduction

h        (a v)
2.0

-1.0

0 a v

MCIF t

t
-1.0 1.0

0 vf

|H        ( f  )|f
vMCIF

π

Figure 5.7: The filter characteristics of the 1D enhancement filter and its frequency response.

The impulse response of the sharpness enhancement filter (left) and the amplitude

of its frequency response (right).

5.2.2 Non-linear MCIF

An alternative FIR filter design improves the perceived motion sharpness using an
approach similar to spatial non-linear sharpness enhancement using a Luminance
Transient Improvement (LTI) as described in e.g. [9]. A linear FIR-filter that
boosts spatial details is combined with clipping, enhancing picture details and the
transients of edges while limiting visible overshoots. To apply the method described
in [9] to MCIF, the processing needs to be adaptive to the local motion vector as
we will describe in this section. This method deviates from the previous filter
method, since it no longer attempts to find the inverse filter response. Because it
still attempts to invert the perceived blurring, however, we will still refer to this
method as an MCIF implementation.

The non-linear sharpness enhancement is a two-step process. In a first step, a
1D-sharpness enhancement filter is applied along the local motion vector, similar
to the direct sampling method described in Section 5.2.1. An example of such an
enhancement filter is shown in Figure 5.7. From the frequency response of this filter,
we can see it does not approximate the ideal inverse that is illustrated in Figure
5.5. Instead, this filter enhances the mid-frequencies only. By limiting the boost of
high spatial (or even reducing them) less noise is enhanced, which improves noise
robustness compared to the direct sampling method. The number of filter taps that
approximate the enhancement filter is chosen to scale proportionally with atpt||~v||.
This filter improves sharpness, but results in undesirable overshoots at edges.

Therefore, in a second step, the overshoots are reduced by limiting the output
of the sharpness enhancement filter to the local intensity extremes, as illustrated
for a 1D signal in Figure 5.8.

Figure 5.9 illustrates the result of this filter method, when applied to the example
picture of Figure 5.6(a). It shows a reduction of motion blur without creating
significant overshoots at edges. Also, noise in flat areas is enhanced much less
compared to the direct sampling method.
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Figure 5.8: Non-linear sharpness enhancement in two steps. (left) A linear sharpness enhance-

ment filter (blue line) is applied along the motion blurred edge (red line). (right)

The filter output is limited to the intensity extremes of the blurred edge, resulting

in an improved edge response without overshoots, as indicated by the green dashed

line.

From informal paired comparisons, it was found that this non-linear method is
preferred over the direct sampling method, especially for noisy signals and examples
with strong edges. For textured areas, i.e highly detailed areas, this method is often
perceived as too conservative in reconstructing sharpness. Therefore, a further
improvement can be expected by adapting the processing locally depending on
the local structure of the picture. Instead of constructing a set of heuristics to
discriminate different local structures, a structure controlled trained-filter approach
is considered in the next section.

5.2.3 Trained-filter MCIF

Mean Square Error (MSE) optimal inverse filters can be found using a training
approach [10]. The method uses a training set that is created from blur-free video
data by adding motion blur and noise. The filter that, when applied to the degraded
signal, obtains the minimum difference compared to the blur-free (and noise-free)
video data is then determined. This requires a classification to sort data similarity,
an energy function that defines a quantifiable difference metric, and a representative
data set of sufficient size. This training method is illustrated in Figure 5.10.

For the training, we simulate motion blur by filtering blur-free pictures along a
motion vector with an averaging filter of a fixed length, i.e. we choose a certain
blur length, atpt||~v||. Furthermore, some noise is added to the video signal that is
representative for the degradation of the video signal during analog transmissionI.
Each pixel in the image is classified based on its local structure. Therefore, to
classify each pixel, N of its surrounding pixels are encoded into 1 bit, Qn, with

ICoding artifacts have not been taken into account for this analysis
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Figure 5.9: Non-linear filtering method, applied to the example picture from Figure 5.6(a); over-

shoots are limited at strong edges to the extremes of the original picture and noise

enhancement is prevented in flat areas.

Adaptive Dynamic Range Coding [10]:

Qn =

{
0, if Ir(~x+ T ~∆(n), nt) > Iavg(~x, nt)

1, if Ir(~x+ T ~∆(n), nt) ≤ Iavg(~x, nt)
, (5.5)

with T =
(
||v|| cos(θ) − sin(θ)

sin(θ) ||v|| cos(θ)

)
,

and with Iavg(~x, nt) the average intensity of the N surrounding pixels and ~∆(n) the
location of the n-th surrounding pixel relative to the motion vector, ~v, with length
||v|| and orientation θ. The class code Q is determined from the registered picture
Ir(~x, t) that has been created by degrading Ic(~x, t). Similarly, additional informa-
tion can be encoded, such as the dynamic range and average intensity, Iavg(~x, nt),
resulting in a class code Q:

Q =
N∑
n=1

2Qn . (5.6)

An example classification process that is used for MCIF is illustrated in Figure
5.11.

For each class, an optimal filter is obtained and stored in a Look-Up Table
(LUT). The optimal filters are found by determining the filter that yields the lowest
error for the reconstructed image. An objective measure is needed, preferably in line
with subjective quality. For sharpness evaluations, the LMSE [11] can be used that
finds the minimum squared difference between the blurred and blur-free pictures
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Figure 5.10: Training process: a set of blur-free images Ic(~x, nt) is degraded by motion blur,

obtaining a set of blurred images, Ir(~x, nt). For each position in the image, a class

is obtained, based on its local structure. For each class, Q, an LMSE optimization is

performed to obtain filter[Q], that attempts to reconstruct Ic(~x, nt) from Ir(~x, nt).

These filters are stored in a LUT using the class code for indexation.

Ir(~x, nt) and Ic(~x, nt), respectively. I.e, the LMSE finds the filter for which

E =
M∑
m=1

(Ic,m(~x, nt)− filter[Q] ∗ Ir,m(~x, nt))
2
, (5.7)

is minimal, with M the number of samples, and Ic,m(~x, nt) and Ir,m(~x, nt) the m-th
sample of the blur-free and blurred pictures.

The classification process for MCIF has been thoroughly researched in [12]; an
extensive search of all possible symmetric filter structures using up to 19-bits for
the classification with the filter window of Figure 5.12(a), using one bit per pixel
and an additional two bits to encode the dynamic range, yields an MSE-optimal
filter structure as illustrated in Figure 5.12(b). For this evaluation, a test set of 145

rI (x,n )

01100011100101001 10=

dynamic
range

>?

Q

reorder

t

I     (x,n )avg t

Figure 5.11: The classification process determines a class code based on the local structure in a

pixel window (white line) relative to the motion vector (white arrow).

107



Motion compensated inverse filtering for camera blur reduction

rI (x,n )t

(a) The filter window aligned with

the motion vector.

(b) The optimal filter structure using

17 coefficients.

Figure 5.12: The filter window, shown in (a), consists of a line along the motion vector and a box

around the center pixel. The intensities within the filter window (typically, located

at non-integer pixel locations) are obtained as explanation in Figure 5.4. For all

symmetric filters up to 19 coefficients, an MSE optimal trained-filter table has been

created using the method of [12], yielding the optimal filter structure shown in (b).

HD images was used.

In contrast to the previous filtering method, the filter coefficients are dependent
on the picture content, while the number of coefficients is independent from the blur
length. Also, a 2D-filter structure is used instead of a 1D-filter structure. In order
to apply the filters, the classification process is reused to obtain the class code, as
illustrated in Figure 5.11. The class code is the index of the LUT that contains
the optimal filter. Using the classification window described by Figure 5.12, aligned
with the motion vector, the intensities of Ir(~x, nt) within the aperture are fetched
similar to the explanation in Figure 5.4 and convolved with the filter.

The result of this filter method is illustrated in Figure 5.13 for the example
picture in Figure 5.6(a). This example illustrates sharpness is improved and picture
details are reconstructed without visible noise enhancement or significant overshoots
at edges. From experiments, it was found this method performs well in reducing
motion blur, but is sensitive to misclassifications in case of noise leading to possible
artifacts. Also, near edges of the motion vector field, this method was found more
difficult to optimize, compared to the non-linear filtering method. Because the
training set is based on perfect motion vectors, vector inconsistencies have not been
encoded in during the classification process. This is considered future work.

In the next section, we will discuss how additional pre- and post-processing
can alleviate artifacts that result from vector field edges or noise. The pre- and
post-processing are applicable to the non-linear and trained-filter based MCIF im-
plementation.
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Figure 5.13: Trained-filter based MCIF, applied to the example picture from Figure 5.6(a); mo-

tion blur is reduced, overshoots at edges are limited and noise is suppressed.

5.2.4 Pre- and post-processing for MCIF

Robustness to noise and artifacts is important for MCIF to be successful in TV-
applications. Therefore, additional processing steps (recall Figure 5.3) have been
added to reduce the sharpness enhancement in cases where there is an increased risk
of creating visible artifacts. Mainly, we reduce the sharpness enhancement when the
SNR is estimated to be low and when motion is not consist. The implementation
of this fall-back mechanism is applied partly before and partly after the MCIF
operation. We refer to these steps as pre- and post-processing and will discuss
them together in this section.

The pre- and post-processing steps use a noise estimate and the motion vector
field to control the MCIF enhancement. The processing steps are schematically
illustrated in Figure 5.14. The combination of both processing steps adapts the
sharpness enhancement based on the SNR and vector edges.

The output of MCIF, using one of the filter methods described above, can be re-
duced by attenuated the filter coefficients or by mixing the enhanced output with the
original (blurred) picture. For example, the filter coefficients of the linear enhance-
ment filter can be made a function of the (detected) noise level for the non-linear
filter method, while for the trained-filter approach, the noise level could be added
to the training and classification processII.

Instead of (only) reducing the amount of enhancement, noise filtering can be
combined with motion blur reduction. The estimated motion blur provides a local
measure of the signal characteristics, and can, hence, be used to determine the local

IIIn both cases, the computational complexity will increase, but especially extending the clas-

sification, leads to a doubling of the training and LUT for each bit.
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Figure 5.14: A pre- and post-processing step are added to MCIF to prevent artifacts. The

pre-processing step alters the filter (gain) and motion vector field (MV), based on

the estimated SNR and vector field edges, respectively. The post-processing step

applies a noise filtering and/or gradual fall-back in case the estimated SNR is low.

signal to noise ratio, which is typically input to noise reduction. Noise estimation
and noise filtering are commonly part of the TV’s processing chain and the imple-
mentation details for the post-processing step are, therefore, considered outside the
scope of this thesis.

For high speeds, in combination with a high TAW, the signal is attenuated to
an extend that all signal details are below the noise level. Note that the signal to
noise ratio of a picture is a function of atpt|~v||. For large amounts of blurring, the
signal to noise ratio is low, making it unlikely the described MCIF implementations
yield a perceived improvement. Therefore, as part of the pre-processing step, the
gain of the sharpness enhancement filter is proportionally reduced from a certain
blur length.

For very low speeds, a similar attenuation of the sharpness enhancement is im-
plemented when overlap with static sharpness enhancement needs to be prevented.
Otherwise, exaggerated sharpening might be observed. Static sharpness enhance-
ment can be a part of the TV’s processing chain, but also camera processing typically
boosts high spatial frequencies to improve the perceived sharpness [13].

Special care needs to be taken at object edges. The inverse filter should take
occlusion areas into account and discriminate between covering and uncovering
areas. Ideally, picture data from background objects that are covered by foreground
objects are retrieved from previous or following pictures [14]. Furthermore, at object
edges of foreground objects, the relative contribution of foreground and background
needs to be determined. In more efficient implementations, however, we can prevent
processing over the borders of motion vector edges by reducing the vector length
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Figure 5.15: The length of the motion vectors are reduced to prevent processing over object

edges. This is achieved by determining the extent of the consistency along the

motion vector. The extent is determined by checking the consistency of the motion

vector from the each pixel location towards both ends of its vector. The minimum

extent of these two is used to keep the filter symmetric. The figure shows the motion

vectors (black arrow) of a moving object at some example locations. The reduced

vectors are indicated in white. For clarity, we have assumed in this example that

the estimated motion vector edge is perfectly aligned with the object edge.

near edges in the motion vector field. Although this no longer complies to the
MCIF filter defined by Equation 5.2, it yields a gradual reduction of the sharpness
enhancement at object borders without the need for picture data from multiple
pictures. This concept is explained in Figure 5.15.

5.3 Results

The non-linear and trained-filter MCIF methods, described in Section 5.2.2 and
5.2.3, have been evaluated on a test set, consisting of HD picture sequences. The
TAW of the test sequences were known and the motion vectors were estimated
for each sequence. The filter gains and vector lengths have been attenuated as
described in the previous section to minimize noise and artifacts at object edges. In
this section, we will summarize some of the observations of the results to compare
the advantages and disadvantages of the two MCIF methods.

Three snapshots from the test set are illustrated in Figure 5.16 together with
their respective estimated motion vectors and TAW values.

The main differences between non-linear MCIF and trained-filter MCIF can be
observed along strong edges and in textured regions. The differences along edges
have been observed for instance in the Trainloop sequence and differences in tex-
tured region can be observed in the Barcelona sequence as is shown in Figure 5.17
and Figure 5.18, respectively. The Trainloop sequence shows a controlled overshoot
for the non-linear method along vertical edges, while the trained-filter method en-
hances edges without overshoot, but for this example shows an artifact due to a
misclassification, as indicated by the dashed circle. In highly detailed areas, such

111



Motion compensated inverse filtering for camera blur reduction

(a) Trainloop (b) Motion vector overlay

(c) Barcelona (d) Motion vector overlay

(e) Running Girl (f) Motion vector overlay

Figure 5.16: Three snapshots from test sequences and their motion vector fields. (a) Snapshot

from the Trainloop sequence with a TAW of 10 ms and (b) its motion vector over-

lay. The arrows indicate the displacement vector from the previous to the current

picture. (c) Barcelona sequence with a TAW of 20 ms and (d) its motion vector

overlay. (e) Running Girl sequence with a TAW of 20 ms and (f) its motion vector

overlay.
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(a) non-linear MCIF (b) trained-filter MCIF

Figure 5.17: Close-up of an edge from the Trainloop sequence of Figure 5.16(a) using (a) non-

linear MCIF and (b) trained-filter MCIF. The non-linear MCIF shows a sharpened

edge. The trained-filter method also enhances the edge but shows some artifacts

close to the edge (indicated by the dashed circle) due to a misclassification.

as shown in the Barcelona sequence, the trained-filter method is better capable of
enhancing small details.

For both methods, the pre- and post-processing, discussed in Section 5.2.4, has
been used to prevent an increase in halo visibility at vector edges. For the non-
linear method this prevention was found to be more effective, however, than for the
trained-filter approach. Further research is required to determine the cause of the
limited effectiveness of post-processing for trained-filter MCIF. An example of the
differences is shownIII in Figure 5.19 for the Running Girl sequence. The leg of the
girl has a different motion than the grass at the background. The resulting edge
in the motion vector field leads to a visible artifact for the trained-filter approach,

IIINote that an accurate evaluation of halo artifacts requires the observation of a sequence,

instead of a single picture.

(a) non-linear MCIF (b) trained-filter MCIF

Figure 5.18: Close-up of a detailed region from the Barcelona sequence of Figure 5.16(c) using (a)

non-linear MCIF and (b) trained-filter MCIF. The trained-filter method enhances

small details more, than the non-linear method.
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(a) non-linear MCIF (b) trained-filter MCIF

Figure 5.19: Close-up of a detailed region from the Running Girl sequence of Figure 5.16(e)

using (a) non-linear MCIF and (b) trained-filter MCIF. The prevention of halos is

less effective for trained-filter MCIF compared to non-linear MCIF, as indicated by

the dashed circle.

despite the pre- and post-processing steps. This is indicated by the dashed circle.
Other differences between the MCIF methods relate to their implementation:

the non-linear MCIF requires multiple passes along the motion vector for filtering
and to determine and limit the dynamic range, while trained-filter MCIF can be
implemented with a single filter pass, but uses a 2D filter and a (large) LUT. Even
without the restriction of a certain hardware implementation, these implementation
differences make a fair quality comparison for TV-applications difficult. It was found
difficult to evaluate the quality of MCIF independently from display blur reduction
and the execution order of other video processing algorithms. In the next section,
these system aspects are further discussed. Due to these difficulties a perception
experiment to benchmark the perceived quality of the enhancement methods for
LCD-TVs has not been performed.

5.4 System Aspects

The video processing steps required to display a TV-signal on an LCD-TV form
a processing chain of video algorithms. We will discuss the location of MCIF in
this processing chain without detailing each video algorithm separately. The order
of the video processing steps is important, because the video algorithms depend
on the output of others. Preferably, video algorithms that correct transmission
limitations are placed early in the video chain, while video algorithms that correct
display limitations are placed at the end of the video chain [15].

In order to limit the number of possibilities of processing orders to investigate,
we limit ourselves to the influence of the relative position of MCIF with respect
to Motion Compensated Frame Rate Conversion (MC-FRC) and Static Sharpness
Enhancement (SSE), because these are expected to have the most influence on the
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MCIF result.
Applying MCIF before SSE, for example, can yield a sharpness enhancement of

possible artifacts that result from MCIF. Applying SSE before MCIF can distort
motion blur. For trained-filter MCIF, this causes possible misclassifications, in
particular when SSE overcompensates the spatial blurring. One could argue that
these misclassifications can be prevented when the same pre-processing is used for
training the data, but the dynamics and user-preferences of a TV-system would
have to be taken into account in the classification, resulting in high computational
complexity. For non-linear MCIF, the distortion of motion blur by SSE leads to a
possible over-sharpening. Although not further investigated, the TAW might also
be influenced by SSE.

The interaction between MCIF and MC-FRC can lead to artifacts mainly at
occlusion areas. The gradual enhancement reduction of MCIF near motion vector
edges, as described in Section 5.2.4 can increase the visibility of halo artifacts [16] in
these regions. Picture content at halo boundaries might be enhanced when MCIF
is applied after MC-FRC, while the halo reduction that is typically embedded in a
MC-FRC algorithm might be hampered when applying MCIF before MC-FRC.

To illustrate the different outputs that are obtained for different execution or-
ders, we have implemented three video processing chains with different execution
orders of MCIF, SSE and MC-FRC, as illustrated in Figures 5.20, 5.21, and 5.22
using an example picture. The results are demonstrated for the non-linear MCIF
method and the trained-filter MCIF method. Motion has been estimated using an
efficient true-motion estimator [17], and the TAW has been determined using the
method described in the previous chapter.

When comparing these execution orders, differences between processed pic-
tures are visible. It was found that trained-filter MCIF reconstructs details better
compared to non-linear MCIF. This is particularly noticeable for text. Further-
more, an increase in the visibility of halos can be observed if SSE is applied af-
ter MCIF. For the example sequence shown in Figure 5.22, with execution order
MC-FRC→SSE→MCIF, non-linear MCIF was preferred with respect to low halo
visibility, while the execution order MC-FRC→MCIF→SSE, as shown in Figure
5.21, using trained-filter MCIF was preferred with respect to the perceived sharp-
ness. From further informal experiments, it was found that the preference for an
execution order depends on the test sequence, with no clear preference for any of
the three options.

5.5 Discussion

In this section, we will discuss further system aspects to consider for the non-
linear and trained-filter based MCIF implementations. The combination of camera
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Figure 5.20: A video processing chain with the execution order MCIF→MC-FRC→SSE using

non-linear MCIF and trained-filter MCIF. The trained-filter MCIF reconstructs de-

tails better than non-linear MCIF. This is mainly visible in the text. Halo artifacts

or more visible when using the trained-filter MCIF is this case.
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Figure 5.21: A video processing chain with the execution order MC-FRC→MCIF→SSE, using

non-linear MCIF and trained-filter MCIF. The trained-filter MCIF with this exe-

cution was perceived the sharpest compared to the other execution orders.
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Figure 5.22: A video processing chain with the execution order MC-FRC→SSE→MCIF, using

non-linear MCIF and trained-filter MCIF. In general, trained-filter MCIF recon-

structs details better than non-linear MCIF. Compared to the other execution

orders, this implementation and using non-linear MCIF yielded the lowest halo

visibility.
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blur reduction and display blur reduction is further detailed in Section 5.5.1 and
implementation considerations for MCIF in a video processing chain are further
discussed in Section 5.5.2.

5.5.1 MCIF and display blur reduction

In Section 4.4.3, we have concluded camera blur is the dominating motion blur
source on LCD-TVs that have display blur reductions, such as smooth frame inser-
tion or MC-FRC, described in Chapter 3. From the implementations of camera blur
reduction in combination with display blur reduction and SSE, we have observed a
further sharpness enhancement is perceived for the tested sequences.

In [1], MCIF is proposed for display blur reduction instead of camera blur reduc-
tion: a sharpening along the motion vector can pre-compensate for the perceived
display blur. Although it was shown this yields an improved motion sharpness,
MCIF for display blur reduction, however, only correctly reduces the perceived mo-
tion blur when the estimated motion is identical to the tracked motion, i.e. when
~v = Da(~x)∗ ~w. Especially for the example when a picture sequence contains a small
(static) object in front of a moving background, applying MCIF for display blur
reduction leads to an incorrectly enhancement background when the small object
is observed. Note that we have also used the assumption, ~v = Da(~x) ∗ ~w, to de-
scribe the perception of camera blur, but camera blur reduction only depends on
the motion estimate ~w.

5.5.2 Implementation considerations

In section 5.4, we have shown the position of MCIF with respect to MC-FRC and
SSE yields different results. There is no ideal position in a sequential video process-
ing chain to position MCIF, because there are advantages and disadvantages for
each execution order as described in Section 5.4. Better quality might be obtained
if SSE and MCIF are tuned to prevent “overlap” in the sharpness enhancements.
This is considered future work.

MCIF and SSE are pixel operations and, therefore, their execution times scale
linearly with the spatio-temporal resolution. If these algorithms are placed after
MC-FRC, their execution rates increase with the picture rate up-conversion factor.
Therefore, to minimize computation costs, MCIF (and SSE) should be placed before
MC-FRC. An additional disadvantage of placing MCIF after MC-FRC is that the
picture rate of the motion vector field must be increased with the picture rate
up-conversion factor.

In case the picture rate is difficult to detect from a TV-signal, due to for example
hybrid film/video sequences or (low quality) picture rate conversions in the TV-
broadcast chain, MC-FRC typically uses a fall-back scenario that portrays a picture

119



Motion compensated inverse filtering for camera blur reduction

repeat, because judder is preferred over incorrect MC-FRC [7]. A similar fall-
back scenario is required for MCIF in case the motion vectors are expected to be
unreliable to prevent sharpness enhancement along an incorrect motion vector. This
is considered future work.

5.6 Conclusions

We have demonstrated with the extended framework and with TAW measurements
that, for motion compensated 100 Hz LCD-TVs, a motion-portrayal improvement
is best obtained by reducing camera blur.

We have presented two methods for robust reduction of camera blur, namely,
non-linear Motion Compensated Inverse Filtering (MCIF) and trained-filter MCIF.
Both methods use an estimate of the TAW and filtering along the local motion
vector. The methods differ in their filter design. Non-linear MCIF combines lin-
ear sharpness enhancement with clipping, similar to non-linear sharpness enhance-
ment after spatial up-scaling, while trained-filter MCIF classifies the local structure
along the motion vector and applies the MSE-optimal filter that has been obtained
through a training process. Both methods have been evaluated and non-linear
MCIF has been found most robust to noise, while a trained-filter was found best at
restoring picture details.
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Chapter 6

Noise portrayal improvement

When LCD-TVs were first introduced in the consumer market, it was found that
noise was perceived as more annoying on these display types compared to CRT
displays. Apparently, the display properties cannot be neglected for the noise por-
trayal in broadcast television. Methods to improve noise portrayal on modern TVs
start from understanding how the display affects it, but we will demonstrate in this
chapter that, next to the display properties, also display specific video processing
plays a role in noise portrayal.

In Section 2.3, we have used our extended framework to analyze the perception
of analog and digital noise. Particularly, we have discussed the influence of the
spatial and temporal display aperture of CRT displays and LCDs. In this chapter,
we shall discuss the cause of the LCD’s unfavorable noise portrayal and, based on
this understanding, propose measures to improve the perceived noise behavior rather
than just reducing the signal noise level.

Current noise reduction techniques for modern TV-systems, as described in a
recent overview [1], are typically based on digital filtering methods that have been
researched for decades [2]. Typically, noise level reduction is obtained by trying
(adaptively) to discriminate between noise, details and edges and obtain smoothing
of noise with spatial and temporal filters without affecting the details. Noise is re-
duced by averaging noisy pixels. Noise filtering comes with disadvantages, however,
[3], because signal and noise cannot be fully separated. Consequently, spatial noise
filtering reduces high frequency picture content and blurs the image, while the effect
of temporal noise filtering is limited in case of motion. Noise filtering, therefore is a
tradeoff between noise visibility and sharpness. Furthermore, when noise reduction
neglects how the display affects noise portrayal, it is not possible to determine how
to optimally set this tradeoff for best picture quality.

Instead of focussing on the noise level of the signal, we shall analyze how the
display affects noise portrayal in Section 6.1. In Section 6.2 and 6.3, we use the
analysis to propose means that can improve the noise portrayal on LCDs by exploit-
ing the LCD’s display aspects instead of reducing the signal-noise level. In Section
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6.4, we will discuss how the proposed algorithms can be combined with traditional
noise filtering. We will conclude in Section 6.5.

6.1 Noise on LCDs

To determine how the display affects noise portrayal, we analyze the reconstruction
of a noisy TV-signal and consider the relevant display specific video processing.
For LCDs, spatial format conversion is important to consider when analyzing the
spatial display properties and motion blur (reduction) is relevant when analyzing
the role of the temporal display properties on noise portrayal. We will use our
theoretical framework for this analysis. We will, first, discuss the influence of the
reconstruction process on the perception of noise for a spatially up-scaled picture
(without taking motion into account). Second, the motion dependent blurring of a
noisy signal is further discussed, when a viewer tracks motion.

Recall the noise model described by Equation 2.39 and how it describes the
reconstruction on a CRT display and an LCD with Equation 2.40 and 2.41, respec-
tively. In general, noise can be a function of location, ~x, and signal, Ic(~x, t), but in
this chapter, we will assume that signal and noise can be modeled as a simple sum
of a noise-free signal and a noise signal, as described by Equation 6.1:

Ia(~x, t) = [Da(~x) ∗ (Ic(~x, t) + IN (~x, t))] Λ(~x, t), (6.1)

with Ia(~x, t), the addressing signal, as the sum of a noise-free signal, Ic(~x, t) and a
noise signal, IN (~x, t), scaled with scaling function, Da(~x), and sampled according
to the spatio-temporal sampling grid Λ(~x, t).

The portrayal of a spatially up-scaled noisy TV-signal is considered, because
with the dominant availability of SD video, often the signal resolution is lower than
the display resolution. Spatial up-scaling methods for TV applications combine
up-sampling to a denser sampling grid with sharpness enhancement to prevent that
the picture appears blurred. Non-linear sharpness enhancement methods, such as
described by [4] and [5] are preferred because, compared to linear sharpness enhance-
ment, they are better capable to reconstruct details and edges without enhancing
noise.

Figure 6.1 illustrates the amplitude response for a perceived, up-scaled, noisy
picture using an example up-scaling factor of 2. The Figure shows a bandwidth
limited signal that has been up-scaled to the display resolution, such that the signal’s
spatial spectrum is extended. The creation of spectral content above the Nyquist
frequency of the input signal, Ic(~x, t), follows from the non-linear enhancements.
For this example, the non-linear up-scaling described in [4] has been used. We
can observe that this method mainly creates new spectral content for signal edges
and picture details, while this method recedes to linear interpolation in flat and

124



Chapter 6: Noise on LCDs

50-50-100
ft

100Hz

fx

CRT display

0

0.5

-0.5

|ACRT,t (ft )|
|A

C
RT

,s 
(f x )

|

(a) Noisy up-scaled picture on a CRT display.

50-50-100
ft

100Hz

fx

|ALCD,t (ft )|

|A
LC

D
,s 

(f x )
|

LCD

0

0.5

-0.5

(b) Noisy up-scaled picture on an LCD.

Figure 6.1: A spatially up-scaled noisy picture (a) on a CRT display and (b) on an LCD. The

combination of the noise-free signal, Ifc (f~x, ft), and the noise signal, IfN (f~x, ft), is

depicted after spatial up-scaling with a factor of 2. Ideal up-scaling implies that

noise is unaltered, while the signal is reconstructed to the new Nyquist frequency

at |f~x| = 0.5. The spatial attenuation of a CRT displays makes the limited noise

resolution less visible compared to LCDs. This is indicated by the dashed circles.

low-detail areas to maintain noise robustness. As a result, such an up-scaled noisy
picture seems already noise-filtered.

Furthermore, due to the differences in spatial aperture between LCDs compared
to CRT displays, the effect of scaling noise is more visible on LCDs. This is demon-
strated for an example picture of which a close-up is shown in Figure 6.2I. The
figure shows a close-up of a noisy picture for the case when the picture resolution
matches the display resolution and when the picture is up-scaled with a factor of
2, using the method described in [4], simulated on a CRT display and an LCD.
A CRT display has been simulated by applying a Gaussian low-pass filter that is
representative for a CRT’s spot size (recall Section 2.1.2). Obviously, a Gaussian
low-pass filter can be used on an LCD to reduce the visibility of noise, but this
would also remove the spatial sharpness benefit of LCDs.

The differences in noise perception in Figure 6.2 confirm that, for noise portrayal,
video processing has to be taken into account together with the display properties.
More importantly, from Figure 6.1, we can observe that up-scaled noise appears
low-pass filtered, and therefore therefore, additional noise filtering is not suitable to

IRecall the spatial reconstruction model for the spatial aperture from Section 2.1.2.
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(a)

(b) (c)

(d) (e)

Figure 6.2: (a) A noisy example picture. (b), (d) A close-up of a noisy picture, simulated on

a CRT display and an LCD, respectively. (c), (e) A close-up of an up-scaled noisy

picture on a CRT display and an LCD, respectively. A CRT has been simulated

by applying a Gaussian low-pass filter that represents a CRT’s spot size. A larger

difference in perceived noise can be observed on LCDs, i.e. (d) versus (e), than on

CRT displays, i.e. (b) versus (c).

reduce its visibility. We will present an alternative algorithm that improves noise
portrayal on LCDs in Section 6.2.

The temporal aspects of noise portrayal are determined by the picture period, pt,
and the temporal display aperture, Ad,t(t). Especially when motion is tracked by
the viewer, the temporal reconstruction of noise is perceived differently on LCDs
compared to CRT displays, because motion translates the temporal aperture to a
spatial aperture. This difference has already been discussed in Section 2.3.2 and
is illustrated for a noisy signal in Figure 6.3. The temporal hold-characteristic of
LCDs causes a motion dependent blurring of the noise. As is shown in Figure
6.4, this motion dependence is particularly visible for analog noise (recall Equation
2.37).

This suggests that, just as the spatial aperture, the temporal display aperture
needs to be taken into account for noise portrayal improvement. In Section 6.3, we
will further discuss how the motion dependence of the perceived noise is reduced in
combination with motion blur reduction.
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Figure 6.3: A noisy picture (a) on a 50 Hz CRT display and (b) on a 50 Hz LCD display when

motion is tracked. On an LCD, analog and digital noise are attenuated as a function

of motion while on CRT displays only digital noise is attenuated as a function of the

tracked motion.

6.2 Improving spatial noise portrayal on LCDs

In this section, we will explain how a noise portrayal improvement has been realized
on LCDs by changing the spatial noise characteristics. The algorithm and its im-
plementation are discussed in Section 6.2.1 and the results are presented in Section
6.2.2.

6.2.1 Noise shaping

Noise reduction is typically applied at the earliest possible stage in a TV’s video
processing chain, thus before stages such as de-interlacing, cadence detection, Mo-
tion Compensated Frame Rate Conversion (MC-FRC), spatial scaling, and color
enhancement [6]. This is partly because it is easier to model the signal properties
of noise before video processing has been applied, but also because noise-reduced
signals can improve the robustness of these video processing stages.

We have shown in the previous section, however, that up-scaling and the spatial
aperture of an LCD, cannot be neglected for noise perception. Addressing these
aspects is preferably located after spatial up-scaling, to be able to address the
full spatial resolution of the display. Moreover, we have shown that up-scaling with
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(a) (b) (c)

Figure 6.4: (a) An example noisy picture. (b) and (c) show a close-up of the image region

indicated by the red dashed line when motion is tracked, simulated on a CRT display

and on an LCD, respectively. On LCDs, noise is perceived as blurred in the direction

of the motion. Motion vectors are indicated by the white arrows.

non-linear sharpness enhancement yields a picture that already seems noise-filtered,
because its limited spatial resolution makes it look more “coarse”. We propose to
add an alternative noise improvement method at the end of the video processing
chain that, instead of filtering, masks noise. The proposed video processing chain
is indicated in Figure 6.5.

The concept of masking a signal with a second signal is well known in the field of
visual perception [7]. It is based on the observation that the background on which
a stimulus is shown largely determines its visibility. Experiments have shown that
the visibility of a signal can be either complicated or facilitated by adding a second
signal. This depends on the similarity of the spatial frequencies (and its orientation)
compared to the signal that is to be masked. As such, a signal can be added after
spatial up-scaling that aims at maximizing the masking of IN (~x, t) and minimizing
the masking of Ic(~x, t), while being less visible than IN (~x, t).

We have realized a noise shaping algorithm that reduces the visibility of the
frequencies close to the Nyquist frequency of the input signal by adding spatial
frequencies just above this frequency using an implementation similar to that of

cadence 
detection

+
de-interlacing

I (x,t)c I (x,t)a
noise

filtering
motion

estimation
+

MC-FRC

spatial 
scaling

+
sharpness

enhancement

noise
maskingI (x,t)N

+

Figure 6.5: Noise reduction is commonly placed at the beginning of a TV’s processing chain,

but in order to take signal processing and the display aperture into account, noise

masking is added at the end of the video processing chain. We assume the video

processing chain, amongst others, consists of cadence detection and de-interlacing,

MC-FRC, spatial scaling and non-linear sharpness enhancement.
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Figure 6.6: The error diffusion scheme for reducing the visibility of quantization errors. An input

sequence, Ii(~x, nt), is quantized creating a quantized output signal, Io(~x, nt), while

the quantization error is filtered and recursively subtracted from the input signal.

error diffusion [8]. Error diffusion is commonly used for reducing the visibility of
quantization artifacts, which are often spatially low-frequent errors. It removes
the low frequencies of the quantization errors using an error-filtering scheme as
illustrated in Figure 6.6.

We will show how error diffusion can be adapted to reduce the visibility of up-
scaled noise instead of reducing the visibility of quantization errors, i.e. how to
de-correlate the noise signal, IN (~x, nt), instead of a quantization error. Similar to
error diffusion, this results in a signal with mainly high spatial frequencies that
extend to the Nyquist frequency of the display.

Clearly, we need a method to estimate, IN (~x, nt), from the noisy input pictures,
I ′c(~x, nt) = Da(~x)∗(Ic(~x, nt)+IN (~x, nt)). We shall call this signal Ie(~x, nt). Similar
to error diffusion, Ie(~x, nt) is added to I ′c(~x, nt), while a filtered version of Ie(~x, nt)
is recursively subtracted. A basic implementation of this noise masking scheme is
shown in Figure 6.7.

For each up-scaled noisy picture, I ′c(~x, nt), the error signal, Ie(~x, nt), is added
using an error diffusion scheme. The clipping operation prevents the output signal
to reach values outside the input range after adding the error signal. The error signal
is obtained in a three step process from I ′c(~x, nt) as illustrated in Figure 6.8: First,
a rough separation between frequencies in Da(~x)∗ Ic(~x, nt) and Da(~x)∗ IN (~x, nt) is

max
I’(x,n )c Σ

Σerror
filter

t I (x,n )a t
+

-

+

-

I (x,n )e t
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Σ

+
+

Figure 6.7: The error diffusion scheme is adapted for noise instead of quantization errors.
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Figure 6.8: An error signal, Ie(~x, nt), is generated from the input signal, I′
c(~x, nt), using a noise

filter, a non-linear distortion, and a noise-controlled gain. The noise filter splits

Da(~x) ∗ Ic(~x, nt) and Da(~x) ∗ Ic(~x, nt), and therefore depends on Da(~x).

performed by applying a noise filter on I ′c(~x, nt). The noise-filter is chosen such that
it mainly contains high frequency input noise, i.e. Da(~x)∗IN (~x, nt). Without going
into detail, we note that this implies that the noise-filter characteristics depend on
the up-scaling factor and the noise characteristics. Next, the signal is non-linearly
distorted using:

Io(~x, nt) =


−1, if Ii(~x, nt) > 0

0, if Ii(~x, nt) = 0

1, if Ii(~x, nt) < 0

, (6.2)

where Io(~x, nt) is the distorted result of Ii(~x, nt), generating a discrete-distributed
signal with a controlled amplitude, containing an estimate of Da(~x) ∗ IN (~x, nt). In
addition, the amplitude of the signal is adjusted with gain GA to match the global
noise strengthII. GA is controlled by a noise estimator [9] that measures the noise
strength on I ′c(~x, nt).

Adding Ie(~x, nt) effectively generates a masking signal with a broad spectrum,
while the error filter guarantees that only high frequencies are added, similar to
error diffusion.

6.2.2 Results

A close-up of the output image is illustrated in Figure 6.9, together with the result
after applying noise shaping. A spatial up-scaling factor of 2 has been used for this
example. The horizontalIII amplitude response is given in Figure 6.10, illustrating
that high frequency components are added. The amplitude responses that are shown
are obtained by averaging the amplitude responses of each picture row.

To evaluate the noise shaping method, subjective tests were conducted using
19 expert and non-expert viewers in a controlled environment that simulates liv-
ing room conditions [10]. Three example SD sequences containing film grain and

IIA noise estimator that provides a global noise level is assumed to be present in the TV’s

processing chain.
IIIThe processing is applied in 2D, the same holds for the vertical direction.
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(a) Example without noise shaping. (b) Example with noise shaping.

Figure 6.9: The spatially scaled example picture from Figure 6.2 simulated on an LCD.

transmission noise have been shown on a 30-inch LCD-TV that applies non-linear
up-scaling to its display resolution of 1280x768 pixels. Sequences with and without
noise shaping were presented simultaneously in a double blind paired comparison
test in correspondence with [10], and observers were asked to select the picture with
the highest picture quality. Figure 6.11 shows a snapshot of the three sequences
that have been used for the subjective assessment. It shows a paired comparison
on a single display, to prevent differences between displays.

The results of the subjective assessment, presented in Table 6.1, show that the
results from our proposed noise shaping algorithm is preferred. All ranking results
from the subjective tests have been translated into quality scales using a Probit-
regression model [11]. We emphasize that the values on the quality scale are relative
values, related to the percentage of people that rank one sequence above the other.

The statistical significance of the difference in quality has been further evaluated
with a post-hoc test. The resulting confidence intervals are listed in Table 6.1

0 f
 

on
o�

f

|I (x,n )|a

x

Noise di�usion 
log t

f

N

Figure 6.10: The horizontal amplitude response of the example pictures form Figure 6.9. An

amplitude increase of high spatial frequencies can be seen when applying noise

shaping. The amplitude responses are the average response over the picture rows.

131



Noise portrayal improvement

Sequence 1

Sequence 2

Sequence 3

Figure 6.11: Snapshots of the sequences that are used for the subjective assessment. In a paired

comparison setup, the preference is evaluated in terms of picture quality.
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Table 6.1: Results from the paired-comparison perception test.

Sequence Z-score
Confidence Interval

(percentage)
Preference
probability

Sequence 1 0.589 74.5 0.76
Sequence 2 0.140 29.4 0.55
Sequence 3 0.589 74.5 0.76

Overall 0.440 55.6 0.64

illustrating the quality increase for sequence 2 was not significant, while for the
sequences 1 and 3 it is significant. Although further research is required, we expect
the quality difference of sequence 2 to be insignificant, because this sequence was
perceived to contain only a small amount of noise.

6.3 Improving dynamic noise portrayal on LCDs

The motion dependent blurring of noise that is observed on hold-type displays can
be reduced by shortening the temporal display aperture, Ad,t(t). Hence, in contrast
to spatial sharpness enhancement, improving motion sharpness also reduces noise
visibility. We will describe the influence of shortening the temporal display aper-
ture on noise portrayal in Section 6.3.1 by exploring the scenario where MC-FRC
converts the picture rate from 50 Hz to 100 Hz, although the same improvement in
noise portrayal is obtained for the other motion blur reduction techniques presented
in chapter 3. In Section 6.3.2, we will investigate if a further reduction of perceived
noise can be obtained when the temporal noise characteristics are changed.

6.3.1 Temporal aperture reduction

The motion dependent blurring of noise, as illustrated in Figure 6.4, is particularly
visible on LCDs at a 50 Hz picture rate. With the up-conversion of the picture
rate from 50 Hz to 100 Hz with MC-FRC, motion blur is reduced and also the
motion dependence of noise is reduced. To illustrate this, consider an up-conversion
algorithm that interpolates pictures using an average of the picture data from a
previous and next picture along the motion trajectory, as illustrated in Figure 6.12.
The Figure illustrates the picture content along the motion vector is the same, while
the noise changes from picture to picture.

The motion vector is estimated from the frame-by-frame displacement of Ic(~x, t).
As a result, the temporal interpolation of the noise signal, IN (~x, t) can be described
as a temporal averaging filter along the motion trajectory. In order to derive how
this interpolated noise is reconstructed on an LCD, we consider the frequency am-
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pt

w(x,t)

previous
next

Figure 6.12: Interpolation of a picture in between a previous and next picture. The picture is the

average of the previous and next picture interpolated along the motion trajectory.

In case of a moving noisy square, this results in a displacement of this object in

between the positions at the previous and next picture, containing the averaged

noise from previous and next picture.

plitude of the perceived noisy picture to consist of the addition of a signal and a
noise component:

Ifp (f~x, ft) = Ifp,c(f~x, ft) + Ifp,N (f~x, ft), (6.3)

with Ifp,N (f~x, ft) the spectrum of the perceived noise component, as described by
Equation 2.39. By considering that the signal is discrete in the temporal dimen-
sion, we can determine the contribution of each sample from the noise component,
IfN(f~x, ntpt), to the output pictures every t = nt. The amplitude response of the
temporal averaging of IfN(f~x, ft) can be described as:

∣∣∣IfN2(f~x, ft)
∣∣∣ =

1
2

∣∣∣IfN (f~x, ft)
∣∣∣ ·∣∣∣∣12 exp
(
j2πft

pt
2

)
+ 1 +

1
2

exp
(
−j2πft

pt
2

)∣∣∣∣
=

1
2

∣∣∣IfN (f~x, ft)
∣∣∣ · |1 + cos (πftpt)|

=
1
2

∣∣∣IfN (f~x, ft)
∣∣∣ · cos2

(
πft

pt
2

)
. (6.4)

For the amplitude response of the perceived noise component on an LCD with
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MC-FRC from 50 Hz to 100 Hz, we can thus write:∣∣∣Ifp,N(f~x, ft)
∣∣∣ =

[[
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where the perceived noise,
∣∣∣Ifp,N(f~x, ft)

∣∣∣, is the combined result of the noise signal∣∣∣IfN(f~x, ft)
∣∣∣, the reconstruction, described by a sampling grid, Λf (f~x, ft), a scal-

ing function, Df
a(f~x), and an aperture,

∣∣pt
2 sincψ

(
πfv

pt
2

)∣∣, and the perception win-
dow,

∣∣Afp(f~x, ft)
∣∣. The equation illustrates that MC-FRC results in an attenuation,

1
2

∣∣∣IfN (f~x, ft)
∣∣∣ · cos2

(
πft

pt
2

)
, of the perceived noiseIV. This is also shown in Figure

6.13, illustrating a reduction of the perceived noise compared to a 50 Hz LCD (re-
call Figure 6.3(b)). The reduction of the motion dependence of noise is obtained
by the improvement in display aperture, while the interpolation along the motion
trajectory attenuates noise in directions other than the (tracked) motion trajectory.

6.3.2 Shaping the temporal noise characteristics

In addition to MC-FRC, two other methods have been investigated for improving
the temporal noise behavior. A first method alternates the noise-level threshold
of a spatial noise reduction algorithm, such that the threshold is high for interpo-
lated pictures and low for non-interpolated pictures. This yields more noise filtering
for interpolated pictures at the cost of attenuated picture details, while details are
preserved for non-interpolated pictures at the expense of limited noise attenuation.
The modulation of the noise-level threshold is set such that the average noise reduc-
tion without eye-tracking is perceived similar to the noise reduction that is obtained
without modulating the threshold. This method shortens the temporal aperture of
noise, similar to SFI.

Noise-level alternation

Alternating the noise level at 50 Hz leads to a noise signal with an amplitude
response identical to a 50 Hz noise signal. However, the temporal frequency response
of the reconstruction has been widened reducing the motion dependence of noise.

IVWe have implicitly assumed the motion is tracked by the observer, i.e. ~v = Da(fx)~w.
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Figure 6.13: The perceived noise on an LCD after temporal up-conversion from 50 Hz to 100 Hz.

MC-FRC results in a temporal filtering of the noise in the direction of the motion

trajectory.

To illustrate how the temporal alternation of the noise level is perceived on a 100 Hz
LCD, we consider, as an example, the special case where the interpolated pictures
are noise-free, and the non-interpolated pictures are assumed to have twice the
average perceived noise level. We can denote the alternating noise component using
a superposition of two sampling grids according to Equation 6.6:

ΛA(~x, t) =
1
2

Λ(x, t) (1 + cos(100πt))

�

ΛfA(f~x, ft) =
1
2

Λf (f~x, ft) ∗
(
δ(ft) +

1
2
δ(ft −

1
pt

) +
1
2
δ(ft +

1
pt

)
)

=
1
2

Λf (f~x, ft) +
1
4

Λf (f~x, ft −
1
pt

) +
1
4

Λf (f~x, ft +
1
pt

)

=
1
2

(
Λf (f~x, ft) + Λf (f~x, ft −

1
pt

)
)

=
1
2

Λf (f~x, 2 · ft), (6.6)

with ΛA(~x, t) the new sampling grid, Λ(~x, t) the sampling grid that corresponds to
a 100 Hz display and pt = 1

50 . The amplitude response of the noise component of

136



Chapter 6: Improving dynamic noise portrayal on LCDs

50-50-100
ft

100Hz

fx

|ALCD,t (fv )|
|A

LC
D

,s 
(f x )

|

-0.5

0.5

LCD

0

(a) Noise-level alternation method.
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Figure 6.14: The perceived noisy picture on a 100 Hz LCD after applying temporal noise reduc-

tion using (a) noise-level modulation and (b) generation of noise at 100 Hz.

the perceived picture can then be written as:∣∣∣Ifp,N(f~x, ft)
∣∣∣ =

[
Df
a(f~x)

[∣∣∣IfN(f~x, ft)
∣∣∣ ∗ ΛfA

(
f~x,

fw
2

)]]
·∣∣∣pt

2
sincψ

(
πfv

pt
2

)∣∣∣ · ∣∣Afp(f~x, ft)
∣∣ . (6.7)

This is also illustrated in Figure 6.14(a). Compared to MC-FRC (recall Equation
6.5), this method does not attenuate the amplitude response with cos2

(
πft

pt
2

)
along

the motion trajectory and 50 Hz repeat spectra are visible.

Temporal noise up-conversion

A second method has been investigated that attempts to temporally up-convert
the noise component, IfN(f~x, ft). This is achieved by replacing the noise from the
interpolated pictures with new noise samples. This is obtained by extending the
previous method by adding noise to the interpolated pictures. The noise level of
the added noise is matched to the noise level of the non-interpolated pictures. This
widens the temporal amplitude response of the noise component, yielding a result
that is comparable to the previous method, as illustrated in Figure 6.14(b). The
main difference between both amplitude responses are the repeat spectra of digital
noise when applying noise-level modulation.
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In practice, however, the temporal up-conversion of pictures that are polluted
with digital noise might lead to similar repeat spectra, because when blockiness
and ringing do not follow the motion trajectory of the picture content a 50 Hz
spectral component remains. Because we have focussed on the temporal aspects of
the perception of analog noise, this has not been further investigated.

6.3.3 Results

Comparing the amplitude responses of Figure 6.14 and 6.13 with the amplitude
response of noise on a 50Hz LCD, shown in Figure 6.3(b), we can see the reduction
of motion dependence is obtained by decreasing the temporal attenuation of the
display. However, the noise alternation method shows a trade-off between the noise
amplitude and its motion dependence. In this section, we will briefly discuss the
experiment that subjectively compares the methods.

An example 50 Hz picture sequence without visible noise has been degraded
with additive noise and temporally up-converted using an efficient true-motion es-
timator [12] to create a 100 Hz picture sequence. In addition, a second picture
sequence has been obtained by applying a noise reduction algorithm that applies
spatially-weighted adaptive noise filtering [13] to the interpolated pictures. The
noise reduction threshold was set high enough to yield significant noise filtering. A
third sequence was created from the second by adding noise to the noise reduced
pictures. A snapshot of the example picture sequence is shown in Figure 6.15, to-
gether with the output from the intermediate processing steps to obtain the three
sequences.

In an informal paired comparison test on 100Hz LCDs, the perception of noise
was evaluated for the 50Hz picture sequence, together with the 100 Hz up-converted
sequence and the two 100 Hz sequences with temporal noise processing, i.e. the
sequences represented by Figure 6.15(c)-6.15(f). The difference in motion depen-
dence between the 50 Hz and the 100 Hz sequences was clearly visible. The per-
ceived differences between the 100 Hz sequences, however, were small. Although
expert viewers were capable of observing differences between the 100 Hz sequences,
no further reduction of the motion dependence of noise and noise amplitude was
observed.

6.4 Discussion

In this section, we will discuss the usage of the spatial and temporal noise portrayal
improvements in combination with traditional noise filtering and briefly touch on
some of the design considerations of these noise portrayal improvements, in the
context of a TV-processing chain.
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(a) (b)

(c) (d) (e) (f)

Figure 6.15: A snapshot from an example 50 Hz picture sequence. (a) The input picture without

visible noise and (b) its estimated motion vectors (after adding noise). The arrows

indicate the displacement from a previous to a current picture. The picture sequence

is degraded by analog noise and temporally up-converted to 100 Hz. (c) shows

a close-up of the noise. (d) shows an interpolated picture. (e) Noise reduction

is applied to the interpolated pictures. (f) Noise is added to the noise-reduced

interpolated pictures to generate noise at 100 Hz.

From the perception test described in Section 6.2.2, it follows that noise shaping
can improve the perceived picture quality of noisy sequences. Noise shaping must
be implemented after spatial scaling and its performance depends on the up-scaling
factor and the influence of the sharpness enhancement on noise that is typically
accompanied with spatial scaling. We have assumed in this chapter that sharpness
enhancement only affects the noise-free signal, but in practice, noise and signal are
not fully separable. As a result, noise shaping also makes a tradeoff between noise
portrayal improvement and reduction of details.

Furthermore, in case the video signal has been spatially up-scaled prior to the
TV-reception, the spatial resolution of the registration source needs to be estimated
from the received signal. This is considered future work.

A further complication is the noise-level estimate that is input to noise shaping
method. Typically, noise has already been estimated, just before or in combination
with noise filtering early in a TV’s video processing chain. This existing noise-level
estimate, however, cannot be used for noise shaping, because the noise-level has
changed after noise filtering and sharpness enhancement. Instead, the noise-level
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has to be estimated again just prior to noise shaping or, alternatively, the noise-level
needs to be modeled based on the the video processing steps in between the noise
estimate and noise shaping (recall Figure 6.5). In case video processing resources
are limited, such as in a real-time TV-set, a balance needs to be found between
dedicating resources to existing noise filtering or noise shaping to obtain the best
noise portrayal. It requires further research to find the optimal combination of noise
shaping and noise filtering.

The results from the informal evaluations, described in Section 6.3.3, where we
changed the temporal behavior of noise after MC-FRC from 50 Hz to 100 Hz suggest
that no further noise portrayal improvement is obtained. The average picture qual-
ity might however improve, in case artifacts at interpolated pictures are reduced by
the noise filter. For example, the visibility of halos [14] might be attenuated. This
could be interesting for future research.

6.5 Conclusions

Video noise is found to be more annoying if a video is shown on an LCD than when
shown on a CRT display. The influence of the display on noise portrayal has been
investigated using the framework and was found to not only reside in the display’s
spatial and temporal aperture, but also in display specific video processing. In
particular, when spatial up-scaling is used to convert a low resolution TV-signal to
the high resolution of the display, the spatial aperture of an LCD was found to reveal
the limited resolution of the up-scaled noise. In addition to the identification of the
cause for increased noise visibility on LCDs, we have presented a novel algorithm,
called Noise Diffusion, that shapes the spatial noise characteristics such that the
noise spectrum is extended up to the display’s Nyquist limit.

Furthermore, we have used the extended framework to reveal that the tempo-
ral display aperture of an LCD leads to a motion-dependent blurring of the noise.
We have shown that this motion-dependence is reduced together with motion blur
reduction and we have investigated if shaping the temporal noise behavior by al-
ternating the noise level and by temporal up-conversion of noise leads to an noise
portrayal improvement. Although we found a change in noise behavior, it has not
perceived as a clear improvement.
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Chapter 7

Conclusions

In this chapter, we give an overview of the conclusions that can be drawn from the
research that has been derived from this framework. In Section 7.1, we will present
the conclusions on motion portrayal and noise portrayal, that follow from chapters 3,
4, and 5 and summarize the framework’s boundaries. The video processing methods
for optimal motion and noise portrayal that have been presented and evaluated in
this thesis, are combined in Section 7.2, to present the video processing chain for
optimal picture quality on LCDs. Further research that deserves investigation is
discussed in Section 7.3.

7.1 Video processing for improving LCD-TVs

Creating the best picture reconstruction on TV-display requires a thorough under-
standing of the TV-signal, its reconstruction on a TV-display and its perception
by the Human Visual System (HVS). We have extended a framework that models
these three stages of the video chain to make it suitable to understand important
static and dynamic display phenomena such as motion blur and noise visibility, for
example. The framework models the spatial and temporal frequency amplitude of
a TV-signal, including its sampling and reconstruction process, and models their
visibility by the HVS. The extended framework has proven to be applicable in TV-
applications for demonstrating the differences between portraying pictures on an
LCD compared to a CRT-display. Moreover, with the extended framework can be
used to explain that, without dedicated video processing, LCDs perform worse than
CRT displays, with respect to motion and noise portrayal.

Our extended framework, presented in Chapter 2, allows reasoning about the
effect of video processing techniques to improve the picture quality of LCD-TVs.
Specifically, we have modeled several motion portrayal improvement methods, in-
cluding Black Frame Insertion (BFI), Gray Frame Insertion (GFI), Scanning Back-
light (SBL), Smooth Frame Insertion (SFI), and Motion Compensated Frame Rate
Conversion (MC-FRC) for 50 Hz LCDs and evaluated their performance. From this
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analysis using the framework, we can conclude that in TV-applications large area
flicker has to be considered in the design of motion blur reduction methods and it
follows that only MC-FRC and SFI are suitable motion blur reduction techniques
for LCD-TVs at broadcast picture-rates. Only at frame rates above the large area
flicker threshold (e.g at 100 Hz), SBL could best be used to reduce motion blur.

To obtain best motion portrayal, we have shown it is necessary to discriminate
between two causes of motion blur: camera blur and display blur caused by the
picture registration and the picture reconstruction process, respectively. We have
demonstrated with the extended framework and with TAW measurements that, for
motion compensated 100 Hz LCD-TVs, a motion-portrayal improvement is best
obtained by reducing camera blur, because the registration process often is the
dominant motion blur source at these high picture rates. We have derived this
conclusion by first introducing the TAW as a metric for camera blur, followed by
describing a TAW-estimation method that can be used for TV-applications, and,
thirdly, by measuring the TAW on a broad selection of TV-broadcast signals.

We have presented two methods for robust reduction of camera blur, namely,
non-linear Motion Compensated Inverse Filtering (MCIF) and trained-filter MCIF.
Both methods use an estimate of the TAW and filtering along the local motion
vector. The methods differ in their filter design. Non-linear MCIF combines lin-
ear sharpness enhancement with clipping, similar to non-linear sharpness enhance-
ment after spatial up-scaling, while trained-filter MCIF classifies the local structure
along the motion vector and applies the MSE-optimal filter that has been obtained
through a training process. Both methods have been evaluated and non-linear
MCIF has been found most robust to noise, while a trained-filter was found best at
restoring picture details.

Video noise is found to be more annoying if a video is shown on an LCD than
when shown on a CRT display. The influence of the display on noise portrayal
has been investigated using the framework and was found to not only reside in the
display’s spatial and temporal aperture, but also in display specific video processing.
In particular, when spatial up-scaling is used to convert a low resolution TV-signal to
the high resolution of the display, the spatial aperture of an LCD was found to reveal
the limited resolution of the up-scaled noise. In addition to the identification of the
cause for increased noise visibility on LCDs, we have presented a novel algorithm,
called Noise Diffusion, that shapes the spatial noise characteristics such that the
noise spectrum is extended up to the display’s Nyquist limit.

Furthermore, we have used the extended framework to reveal that the tempo-
ral display aperture of an LCD leads to a motion-dependent blurring of the noise.
We have shown that this motion-dependence is reduced together with motion blur
reduction and we have investigated if shaping the temporal noise behavior by al-
ternating the noise level and by temporal up-conversion of noise leads to an noise
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portrayal improvement. Although we found a change in noise behavior, it has not
perceived as a clear improvement.

It needs to be noted that, although the current framework is very useful to de-
rive causes for many important display phenomena that can observed on TVs, its
simplifications make it not directly suitable for quantative analysis. Mainly, this
limitation follows from the simplifications of the model that have been listed at the
beginning of Section 2.1. Furthermore, we have assumed ideal spatial and temporal
resampling for the reconstruction of the picture, thereby neglecting the display’s
pixel structure, pixel arrangement and driving. Also, in practice, spatial up-scaling
can lead to enhancement of noise, while, temporally, up-conversion can lead to inter-
polation artifacts, in particular when motion is incorrectly estimated. The current
framework is unsuitable to describe these artifacts accurately. Moreover, the visi-
bility of spatial and temporal frequencies have been modeled by a diamond-shaped
window function in the frequency domain (recall Figure 2.13), while, in practice,
the sensitivity of the HVS is a smooth function of, amongst others, intensity and
spatial and temporal frequencies.

7.2 Optimal picture quality on LCD-TVs

Compared to CRT-displays, LCDs can profit from dedicated motion blur reduction
and noise shaping to obtain a better overall perceived picture quality than CRT
displays. The picture quality can be improved by reducing camera blur e.g with
MCIF. We conclude on the design of motion sharpness and noise portrayal improve-
ment for LCD-TVs in Sections 7.2.1 and 7.2.2, respectively, and present the video
processing chain that combines both enhancements, in Section 7.2.3.

7.2.1 Motion sharpness

The spatial aperture of LCDs allows for portraying more sharpness compared to
CRT displays, but on 50 Hz LCD-TVs this sharpness is only observed without
motion. To obtain a sharp picture also when there is motion, camera blur and
display blur need to be reduced. As mentioned before, display blur is reduced by
SFI and MC-FRC, possibly in combination with SBL when a frame rate above the
large-area flicker threshold is reached.

To reduce camera blur, we have shown the TAW needs to be estimated first
from a TV-signal. We have proposed an algorithm for TAW estimation which is
needed to control MCIF. We have presented two methods to obtain approximations
of the inverse filter, non-linear MCIF and trained-filter MCIF, and how they can be
implemented for TV-signals. Non-linear filtering was found to be robust to noise
but limited in reconstructing sharpness in textured areas. Trained-filter MCIF was
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found to perform better in reconstructing details without visible overshoots at edges,
but more difficult to prevent artifacts. Pre- and post-processing methods have been
implemented to prevent artifacts at edges of objects and in the motion vector field.

When camera and display blur reduction are successfully applied, optimal mo-
tion sharpness on LCD-TVs is obtained that is only limited by the Human Visual
System (HVS) or the signal quality, i.e. the presence of noise.

7.2.2 Noise

The perception of noise partly depends on the display’s reconstruction process. In
the spatial dimension, the display’s ability to reconstruct high spatial frequencies
influences the attenuation of noise. In the temporal dimension, a long hold time
results in a motion dependence of the perceived noise.

For an optimal noise portrayal on LCD-TVs, Noise Diffusion improves the spa-
tial noise behavior, while the temporal noise behavior is improved by reducing the
temporal display aperture.

7.2.3 Video processing chain

In Chapter 3, the video processing chain to obtain optimal motion portrayal for
LCDs has been shown in Figure 3.9. When extending this chain with MCIF, as
illustrated in Figure 5.20 and noise diffusion, as illustrated in Figure 6.5, a video
processing chain is obtained for LCD-TVs that can reduce motion blur further and
improve its noise portrayal. This is schematically shown in Figure 7.1.

The figure shows that motion estimation is used for MC-FRC, the TAW estimate,
and MCIF, and, as such, we conclude it plays a central role to obtain best picture
quality on LCD-TVs.

7.3 Future work

Further work could be targeted at extending the framework to take more signal
properties into account in order to make it more suitable for quantitative analysis
of display phenomena. In particular, the approximation of the perception window
by a diamond shaped threshold window prevents a quantitative description of mo-
tion blur. Also, a more detailed model of the TV-signal is required, e.g. by adding
content dependence, gamma, the Kell factor, interlace, spatial registration proper-
ties, color and 3D to make a quantitative analysis of display phenomena possible.

Further work on camera blur reduction could integrate motion sharpness with
existing spatial sharpness enhancement. We have seen in Section 5.4 that an ideal
cascade of motion blur reduction and spatial sharpness enhancement does not ex-
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Figure 7.1: Example video processing chain for LCD-TVs, combining motion blur reduction,

camera blur reduction and noise diffusion. Motion and camera blur are estimated

from the (de-interlaced) TV-signal. MCIF is applied to reduce camera blur, depend-

ing on the registration rate, SFI or MC-FRC is applied to reduce display blur, spatial

scaling is applied to match the spatial signal resolution to the display, noise diffusion

is applied to improve noise portrayal and SBL reduces display blur further. The

motion estimate is input to the TAW estimation, MCIF and MC-FRC.

ist when these methods are applied independently. Therefore, we recommend to
improve the spatial and temporal sharpness simultaneously.

We have demonstrated that spatial noise shaping reduces the perceived picture
impairment. Noise filtering, however, serves a similar purpose and it could be
investigated wether a similar picture quality improvement is obtained when the
required resources for noise shaping are used for (more advanced) noise filtering.
Alternatively, it deserves further investigation to determine if the integration of
noise filtering and noise shaping yields a better noise reduction.
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Samenvatting

Sinds hun introductie in de consumentenmarkt, kennen tv’s een gestage technologis-
che groei. Begonnen als monochrome contrast-arme beeldbuizen, zijn ze geëvolueerd
tot grote kleurrijke platte beeldschermen, met een hoge resolutie en een hoog con-
trast waarmee ze een prominente plek in veel huiskamers hebben veroverd.

De dominante positie van beeldbuizen als de geprefereerde schermtechnologie
voor tv’s is overgenomen door LCD’s. Een belangrijke reden voor deze overname is
het voordeel in vormfactor dat LCD’s bieden boven beeldbuizen. Met name bij grote
afmetingen worden beeldbuizen zwaar en omvangrijk. Er zijn echter meer verschillen
tussen LCD-tv’s en beeldbuis-tv’s. De beeldschermen berusten op erg verschillende
beeldreconstructie principes voor de weergave van tv-signalen, waardoor eenzelfde
signaal anders wordt waargenomen.

Tijdens hun introductie in de consumentenmarkt voor tv’s, halverwege de jaren
90, presteerden LCD’s niet zo goed als CRT schermen voor alle beeldkwaliteitsat-
tributen. Met name de zichtbaarheid van bewegingsonscherpte is gëındentificeerd
als een van de prominenste tekortkomingen van LCD-tv’s, terwijl ook ruis als zicht-
baarder wordt erkend op LCD-tv’s in vergelijking met beeldbuis-tv’s. Sindsdien zijn
er vele beeldkwaliteitsverbeteringen voorgesteld in de literatuur deze tekortkomin-
gen teniet doen. Om te begrijpen hoe beeldkwaliteit op LCD’s kan worden ver-
beterd en hoe de effectiviteit van verschillende beeldverbeteringen kunnen worden
vergeleken moeten aspecten van de registratie, reconstructie en perceptie van tv-
beelden in acht worden genomen.

Dit proefschrift beschrijft een raamwerk voor de registratie, adressering, recon-
structie en perceptie van een tv-signaal waarmee de invloed van de eigenschappen
van een LCD op de perceptie van tv-signalen kan worden geanalyseerd. Het reg-
istratie en het reconstructie procédé kunnen beiden worden gemodelleerd met een
bemonsteringsraster en een spatiotemporele apertuur. De waarneming van het gere-
construeerde signaal wordt vervolgens gemodelleerd met een perceptie ruimte die
in het frequentie-amplitude domein gedefinieerd is als een ruitvormig venster.

Het volgen van de waargenomen beweging wordt toegevoegd aan het raamw-
erk door de bewegingstrajecten te beschrijven opdat een vertaling van temporele
beeldeigenschappen naar spatiële eigenschappen analyseerbaar worden. Het raamw-
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erk combineert deze beschrijving van beweging met het vermogen van het Menselijk
WaarnemingsSysteem (MWS) om bewegingen te volgen. Het stelt ons in staat om
te analyseren hoe temporele beeldschermeigenschappen worden waargenomen als
spatiële degradaties. Generiek wordt het raamwerk gebruikt om enerzijds de invloed
van beeldscherm eigenschappen op de waarneming van beeldscherm-gerelateerde
perceptieve attributen te beschrijven, zoals de zichtbaarheid van een pixel-structuur,
vlakflikker, bewegingsartefacten en bewegingsonscherpte en de zichtbaarheid van
ruis, en anderzijds om de effectiviteit van verschillende beeldverbeteringsalgoritmen
te voorspellen.

Bewegingsonscherpte is één van de meest opvallende tekortkomingen van LCD-
tv’s. Dit heeft tot verschillende algoritmes die bewegingsonscherpte tegen gaan,
waaronder Scanning Backlights (SBL), Black Frame Insertion (BFI), Gray Frame
Insertion (GFI), Smooth Frame Insertion (SFI) en Motion Compensated Frame
Rate Conversion (MC-FRC). We gebruiken het model om de kwaliteit en de
beperkingen van deze algoritmes te analyseren en tonen aan dat SBL, BFI en GFI
ongeschikt zijn voor LCD-tv’s op 50 Hz, omdat ze vlakflikker creëren. Wanneer
de beeldverversingsnelheid onder de grens voor vlakflikker ligt, zijn enkel SFI en
MC-FRC geschikt voor de reductie van bewegingsonscherpte. Om de beste be-
wegingsweergave te krijgen op LCD-tv’s moeten bewegingsartefacten en beweging-
sonscherpte voorkomen worden. Vanuit een signaaltheoretisch standpunt wordt
optimale bewegingsweergave behaald door film en video naar een zo hoog mogeli-
jke verversingsnelheid te converteren. Als de verwerkingssnelheid en de fysische
beperkingen van een beeldscherm echter worden meegenomen, wordt een optimale
bewegingsweergave bereikt middels een combinatie van MC-FRC, SFI en SBL.

Het registratie procédé vormt een eigen bron voor bewegingsonscherpte. De
waargenome bewegingsonscherpte op LCD-tv’s is een combinatie van beide type
onscherptes en de winst die te behalen is met de reductie van bewegingsonscherpte
door het beeldscherm is beperkt wanneer de bewegingsonscherpte door de cam-
era overheerst. Derhalve moet er onderscheid worden gemaakt tussen beeldscherm
onscherpte en camera onscherpte. Bovendien kan beeldscherm onscherpte worden
bepaald vanuit de beeldreconstructie van het bekende beeldscherm, terwijl camera
onscherpte moeten worden geschat uit het tv-beeld. Dit proefschrift introduceert de
Temporal Aperture Width (TAW) als een maat voor camera onscherpte en beschri-
jft de experimenten om deze schattingen uit een brede selectie van tv-uitzendingen.
Het resultaat laat zien dat camera onscherpte vaak overheerst bij de beeldscherm on-
scherpte die behoort bij 100 Hz LCD-tv’s. Dientengevolge zijn beeldbewerkingen als
herstelmaatregel nodig, voordat verder beeldschermverbeteringen gerechtvaardigd
zijn.

Camera onscherpte kan worden gereduceerd met Motion Compensated Inverse
Filtering (MCIF). Voor een praktische implementatie van MCIF, zijn een schatting
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van de camera onscherpte (uitgedrukt in TAW) en een schatting van de lokale beweg-
ingsvector vereist om de onscherpte in de richting van de beweging te verminderen,
gebruikmakende van een FIR-filter. In dit proefschrift worden twee benaderingen
verkregen van zo’n filter, met behulp van een niet-lineaire methode en een ingeleerde
filter methode. Niet-lineaire MCIF combineert een lineair FIR-filter dat spatiële de-
tails versterkt met een bereik beperking om beeld details en overgangen bij randen
te verbeteren, terwijl een zichtbaar overdreven versterking wordt voorkomen. Deze
methode is robuust tegen ruis bevonden, maar conservatief in het recreëren van
scherpte in sterk gedetailleerde gebieden. MCIF dat gebruik maakt van ingeleerde
filters classificeert verschillende structuren en past voor iedere structuur een opti-
maal filter toe dat is verkregen uit een LMS-minimalisatie procédé. In verhouding
tot niet-lineaire MCIF is deze methode minder robuust tegen ruis bevonden, maar
beter in staat om scherpte in sterk gedetailleerde gebieden te creëren.

Als laatste toevoeging is het raamwerk gebruikt om te behandelen hoe de ver-
schillen in de apertuur tussen LCD’s en beeldbuizen tot een verschil leiden in weer-
gave van signaalruis. Door het verschil in spatiële apertuur is ruis zichtbaarder op
LCD’s, met name voor spatieel opgeschaalde video signalen. Klassieke video ruisfil-
ters verminderen dit verschil niet en, in plaats daarvan, is ruis diffusie voorgesteld
als geschikt alternatief, dat leidt tot ruis maskering in plaats van het filteren van
ruis. Het maskeert ruis vergelijkbaar met de maskering van artefacten bij kwanti-
satie. De brede temporele apertuur van LCD’s zorgt voor een bewegingsafhankelijke
onscherpte van ruis. Deze bewegingsafhankelijkheid wordt gereduceerd met de re-
ductie van beeldscherm onscherpte. Een verdere verbetering van de ruisweergave is
gepoogd door de ruis temporeel op te schalen. Hoewel dit leidt tot een verschil in
de waarneming van ruis, heeft dit niet geresulteerd in een verbetering ervan.

Samenvattend hebben we de registratie, adressering, reconstructie en percep-
tie van een tv-signaal gemodelleerd en het model gebruikt om aan te tonen dat
LCD’s beeldscherm specifieke beeldbewerking nodig hebben, zoals de reductie van
bewegingsonscherpte en ruis diffusie om de beste beeldkwaliteit te behalen voor
tv-applicaties. Bovendien hebben we het ontwerp hiervan toegelicht.
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