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Abstract
3D video can offer real-life viewing experience by providing depth impression. 3D
technology has not yet been widely adopted due to challenging 3D-related issues, ranging
from capturing to post-processing and display. At the capturing side, lack of guidelines
may lead to artifacts that cause viewers headaches and nausea. At the display side, not
having 3D content customized to a certain aspect ratio, display size, or display
technology may result in reduced quality of experience. Combining 3D with highdynamic-range imaging technology adds exciting features towards real-life experience,
whereas conventional low-dynamic-range content often suffers from color saturation
distortion when shown on high-dynamic-range displays. This thesis addresses three
important issues on capturing and post-processing 3D content to achieve improved
quality of experience.
First, we provide guidelines for capturing and displaying 3D content. We build a 3D
image and video database with the content captured at various distances from the camera
lenses and under different lighting conditions. We conduct comprehensive subjective
tests on 3D displays of different sizes to determine the influence of these parameters to
the quality of 3D images and videos before and after horizontal parallax adjustment.
Next, we propose a novel and complete pipeline for automatic content-aware 3D
video reframing. We develop a bottom-up 3D visual attention model that identifies the
prominent regions in a 3D video frame. We further provide a dynamic bounding box that
crops the video and avoids annoying problems, such as jittering and window violation.
Experimental results show that our algorithm is both effective and robust.
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Finally, we propose two algorithms for correcting saturation in color images and
videos. One algorithm uses a fast Bayesian-based approach that utilizes images’ strong
spatial correlation and the correlations between the R, G, and B color channels. The other
algorithm takes advantage of the strong correlation between the chroma of the saturated
pixels and their surrounding unsaturated pixels. Experimental results show that our
methods effectively correct the saturated 2D and 3D images and videos. Our algorithms
significantly outperform the existing state-of-the-art method in both objective and
subjective qualities, resulting in plausible content that resembles real-world scenes.
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1 Introduction and Overview
3D video can offer real-life viewing experience by providing depth impression.
Although 3D technology has been under development for more than a century, it has not
been widely adopted by the consumer market compared with the conventional 2D
counterpart. This is due to many challenging 3D-related issues, ranging from capturing,
compression, transmission, to displaying and content post-processing.
In recent years, Hollywood studios produce most of their high-budget movies in 3D.
A common complaint from many 3D viewers, especially those watching content on home
3D displays, is the headache, nausea, and/or visual fatigue. Although viewers are often
amazed by the pop-out 3D effects, extensive use of it tends to introduce heavy visual
fatigue. Presently, Hollywood producers use empirical experience to ensure that they
create high quality 3D content. Unfortunately, the effects of the capturing rules followed
have not been quantified nor systematically proven to achieve a high quality 3D viewing
experience.
Advances in 3D technology have made 3D displays and videos more popular in the
recent years. A variety of 3D displays are available, ranging from high-resolution 3D
TVs with a typical 16:9 aspect ratio to low-resolution mobile devices, which often have
4:3 and 3:2 aspect ratios. 3D images and videos usually have to undergo changes in size
and aspect ratio to adapt to different displays. 3D content shown with a wrong aspect
ratio (inconsistent with the display) suffers from distortions or lose of resolution, which
significantly reduces its perceived quality.
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In summary, although there has been a lot of progress in the area of 3D, 3D video
systems can only be a lasting success if the perceived image quality and viewing comfort
are significantly better than those of conventional 2D systems. Current 3D technologies
fail to meet these criteria. 3D capturing, processing and display technologies need to be
improved, and a more realistic reproduction of contrast and color is needed. The latter
can be accomplished by the use of high dynamic range (HDR) imaging and display,
which will provide a greater range of luminance and a wider color gamut. It is, thus, of
great interest to combine the 3D immersive experience with HDR capabilities in order to
produce a true to life viewing experience.
In this thesis, we propose novel techniques for capturing and post-processing
stereoscopic 3D content that ensure high quality 3D viewing experience. In Chapter 2,
we provide capturing guidelines for an improved viewing experience in 3D TV and 3D
mobile displays. Chapter 3 presents a smart video reframing technology that
automatically adjusts aspect ratios for 3D video while keeping the most important content
within the cropped frames. In Chapter 4, we describe two color correction methods for
enhancing the quality of HDR images and videos generated from low dynamic range
(LDR) content.
The following sections of this introduction and overview chapter offer the
background information on 3D and HDR technologies as well as literature reviews of the
topics covered in each of the following research chapters. Section 1.1 introduces 3D and
HDR related technologies, including 3D video representation, 3D displays, HDR imaging
technology, and quality metrics for visual media. Section 1.2 presents camera setup
2

options for 3D capturing and the need for horizontal parallax adjustment for regulating
depth perception. A literature review on 2D and 3D reframing is provided in Section 1.3.
Section 1.4 states the background information and existing methods for color
desaturation. Section 1.5 concludes the introduction with a summary of the scientific
contributions of this thesis.

1.1 3D and High Dynamic Range Video Technology Overview
Stereoscopic 3D (S3D) refers to the technique that represents 3D video with two
offset (left and right) videos that will be viewed separately by the left and right eyes.
These two-dimensional videos are then combined in the brain to give the perception
of 3D. In Sections 1.1.1 and 1.1.2, we provide an overview of the major techniques used
in S3D video representation and S3D displays, respectively. An overview of HDR
technology is given in Section 1.1.3, followed by a brief review of the available quality
assessment methods in Section 1.1.4.

1.1.1 Stereoscopic 3D Video Representation
S3D is currently the most popular 3D format. It is widely used in 3D cinema, 3D Bluray discs, 3D displays, 3D projectors, and 3D broadcasting, such as cable and the
Internet. There are several ways to represent S3D videos [1]. Representing the left and
right views separately with full resolution, shown in Figure 1.1(a), is perhaps the most
straightforward way. It, however, doubles the data rate of a conventional 2D video. In
order to use the existing 2D infrastructure and equipment for 3D compression and
transmission, frame-compatible S3D formats are widely used. These formats spatially or
temporally multiplex the left and right views into one video stream. Spatial multiplex is
3

(a)

(b)

(c)

(d)
Figure 1.1: Popular stereoscopic 3D formats. (a) Left and right views of the full resolution format,
(b) side-by-side frame-compatible format, (c) top-and-bottom frame-compatible format, and (d) 2Dplus-depth format.

typically performed by down-sampling the left and right views horizontally or vertically
by two, and putting the downsampled views side-by-side or top-and-bottom, respectively.
Examples are shown in Figure 1.1(b) and Figure 1.1(c). The resolution of the integrated
video is often that of the 2D video, for example 1920×1080 pixels high-definition (HD)
resolution. Temporal multiplex usually interleaves the left and right views as alternating
frames or fields. The frame rate of each view may be reduced to keep the data rate
equivalent to that of a single view.
4

Depth-based representations, such as the 2D-plus-depth format shown in Figure
1.1(d), enable the generation of virtual views through depth-based image rendering
techniques. The depth map can be computed by matching videos of two or multiple views
[2], [3], [4], [5], generated solely based on the 2D video [6], [7], or it can also be directly
measured by range cameras [8], [9], [10]. These formats allow adjustment of depth
perception in S3D displays based on features such as display sizes and viewing distances,
to achieve the best viewing experience.

1.1.2 3D Display Technologies
3D displays show two slightly offset views to the viewer’s left and right eyes. There
are many techniques for doing this [11]. Many displays pair with special glasses in order
to separate multiplexed two views into the left and right views for each eye. These glassbased displays are classified into displays using passive glasses and displays using active
glasses.
Passive glasses are again divided into color-multiplexed and polarization-multiplexed
approaches. A classic and inexpensive color-multiplexed approach uses the anaglyph
glasses. It uses complementary colors, such as red and cyan [12], to multiplex the left and
right views. This technique, however, experiences the loss of color information and the
increased degree of crosstalk [13], [14]. Another color-multiplexed approach is from
Infitec GmbH (Ulm, Germany). It uses two slightly different sets of primary colors (i.e.,
different wavelengths of red, green, and blue) to project the left and right views. The
paired glasses precisely pass one set of wavelengths, ensuring that each eye sees the
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correct view [15], [16]. This technique provides full color spectrum and full resolution. It
is used in Dolby 3D cinema technology.
A competitive method used in 3D cinema by RealD is the polarization-multiplexed
projection system [17]. It multiplexes the two views so that their states of polarization of
light are mutually orthogonal. It employs a circular polarization instead of a linear
polarization to allow more head tilt before crosstalk becomes noticeable. Compared with
the Infitec approach, this method uses low cost passive glasses, but it requires the use of a
special screen to effectively control the polarization direction. Another polarizationmultiplexed method horizontally interleaves the left and right views on a flat panel
display. Then, the interleaved pixel rows are orthogonally polarized by the
micropolarizers attached to the display [18]. Low cost passive glasses are used to separate
the two views. This, however, results in a reduced vertical resolution.
Active shutter glasses use time-multiplexed approach. The left and right frames are
alternatively displayed on a screen at a high frame rate. The liquid-crystal-based glasses
temporally alternate between blocking the left eye and the right eye, so that each eye only
sees the view intended for it. This requires precise synchronization between the display
and the glasses, which makes the glasses battery operated, heavy, and pricy. This
technique is currently popular in 3D home theaters.
Contrary to all glasses-based displays, autostereoscopic displays apply parallax
barrier or lenticular lens [19], [20], [21] technologies to block or direct light to different
directions simultaneously in order to separate views without using any glasses. Such
displays can provide two views or multiviews, which provide greater viewing freedom
6

and are suitable for multiple users. The spatial resolution of each view is reduced
according to the number of views provided. Autostereoscopic displays are often found in
portable 3D devices such as LG and HTC cell phones, the Nintendo 3DS, and Fujifilm
3D cameras, and multiview displays, which typically provide between five and a few
dozen views.
3D displays have many sizes, various optimal viewing distances, and different aspect
ratios. Given the same 3D content, special adjustments are needed in order to obtain an
optimal viewing experience on a particular 3D display. Adjustment of content aspect
ratio will be discussed in detail in Chapter 3 of this thesis.

1.1.3 High Dynamic Range Imaging Technology
Recently, high dynamic range (HDR) displays have gained significant interest in
industry. Dynamic range refers to the ratio between the maximum and minimum values
of a physical measurement. It is known that the dynamic range of conventional displays
is very limited compared to the range of intensities perceivable by the human visual
system. Conventional displays usually have a dynamic range of about two orders of
magnitude; whereas the human visual system has an overall dynamic range of nearly ten
orders of magnitude, and can simultaneously perceive intensities over a range of about
five orders of magnitude [46], [67]. This has motivated the development of HDR content
capturing and display technology.
Tone mapping (TM) operators [68], [69], [70], [71], [72], [73], [74], [75] convert
HDR content to LDR in order to show HDR on a conventional LDR display devices
whereas inverse tone mapping (ITM) creates HDR images and videos from LDR content.
7

Recently developed HDR displays [76] have greatly extended the limited dynamic range of
conventional cathode ray tube (CRT), liquid crystal display (LCD), and projector-based
displays. Akyüz et al. [77] shows that HDR displays produce pictures with more appealing
subjective quality than conventional LDR displays. While new displays tend to offer higher
dynamic ranges, HDR capturing technology is still at the early development stages. In
order to take advantage of the HDR displays and enable this market, it is necessary to
create HDR content from conventional LDR images and videos. This is possible by using
efficient inverse tone mapping (ITM) techniques. One challenge that affects the quality of
the resulting HDR content in this process is color distortion that is due to saturation in the
original LDR content and results in disturbing perceptual artifacts when shown on HDR
displays. The problem is more severe for 3D HDR. Hence, designing algorithms that
eliminate the LDR to HDR color distortion is of high importance.

1.1.4 Quality Assessment Methods for Visual Media
Image and video quality refers to a characteristic of the visual media that passes
through an imaging pipeline. The pipeline, composed of capturing, processing,
compression, transmission, and display, may introduce distortion or artifacts to the visual
content. Hence, quality assessment is critical to the development and evaluation of the
technologies related to image and video content.
Quality assessment methods for visual media are generally classified into objective
metrics and subjective evaluations. Objective metrics use mathematical models to
approximate the results of subjective quality assessment, providing the advantage of
automatic and fast calculation. Quality of experience (QoE), also known as quality of
8

user experience, is a subjective measurement of a user's perceptual experiences with
visual media.
The most traditional and widely used objective metric is the peak signal-to-noise ratio
(PSNR). However, PSNR values do not always perfectly correlate with a perceived visual
quality due to the complexity of the human visual system (HVS). Recently a number of
more complicated and precise metrics were developed, for example VDP [22], SSIM
[23], CIELAB ∆E [101], S-CIELAB [102], and FSIM [24]. Furthermore, HDR-VDP [25]
and HDR-VDP-2 [26] were developed to evaluate high-dynamic-range (HDR) content.
Most of the objective metrics are designed for conventional 2D content, yet in many
situations they are not good indicators of the corresponding subjective quality. The
development of quality metrics for new video features, such as 3D and HDR, is still in a
preliminary stage. Hence, subjective evaluations are mostly used to measure the quality
of 3D content.
Many “subjective video quality measurements” are described in the ITU-T
recommendation BT.500 [43]. The idea is to show video sequences to a group of viewers
and analyze the viewers’ ratings on the quality of each video sequence. Depending on the
nature of the testing and the visual content, details of the subjective test procedures may
vary greatly.

1.2 Capturing and Displaying Stereoscopic 3D Content
Stereoscopic 3D technology has become one of the main driving forces in the
consumer electronics market and the entertainment industry [1]. Hollywood studios are
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releasing most of their high-budget movies in 3D and there is a vast selection of 3D TVs
available for regular consumers. In addition, other devices capable of displaying
stereoscopic content will soon be offered in the market. Many viewers, however, are yet
to be convinced of the value of 3D technology. Some of the criticism expressed is
directly related to the headaches and nausea, which are more evident when 3D content is
viewed on home 3D displays. In order to increase the quality of stereoscopic content for
household displays, it is necessary to gain a better understanding of the technical and
artistic challenges of this medium. Over the years, stereographers have empirically
obtained a few rules of thumb for capturing stereoscopic content [28], [29], [30].
Unfortunately, this pragmatic set of recommendations has not been quantified and there
has not been an effort to systematically measure its effectiveness.

1.2.1 Camera Setup
One of the main factors for capturing high-quality stereoscopic content is the proper
setup of the two cameras, since it allows content creators to control the 3D effect [30].
There are basically two options for setting up the cameras. The first option is having the
cameras converge as shown in Figure 1.2. For this example, the camera axes converge on
the little girl. When the 3D video is displayed, the image of the girl will appear on the
plane of the screen since, for this object, there is no disparity between the left and right
views. In the case of the building, however, there will be a difference along the x
(horizontal) axis between the right and left views. This is known as a positive horizontal
parallax and it makes the building appear to be behind the screen. Changing the angle of
convergence between the cameras can be used to control which objects will pop out from
the screen and which objects will remain inside. Unfortunately, this camera configuration
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has shown to have side-effects that produce undesirable distortions to the stereoscopic
depth [31]. The main distortion caused by this setup, known as the keystone effect [32],
creates vertical disparities in the four corners of the screen.

Figure 1.2: Toed-in camera set up for capturing stereoscopic video. The cameras are set up so
that their axes converge on a particular object. This object will appear in the plane of the 3D
screen.

The second option, which seems to be more popular, consists of setting up the two
cameras in parallel (see Figure 1.3). The cameras converge at infinity and the resulting
3D scene appears to be entirely in front of the screen. Each photographed object in this
case is known to have a negative horizontal parallax. This negative parallax occurs when
the left view of an object is located further to the right than the right-view version of the
same object. The three different possible types of horizontal parallaxes (negative, zero
and positive) are illustrated in Figure 1.4.
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Figure 1.3: Parallel camera set up for capturing stereoscopic video. The cameras are parallel and
their axes converge at infinity. All the photographed objects appear to be in front of the screen.

Figure 1.4: (a) Examples of negative, zero, and positive horizontal parallaxes. The red objects are
from the left view and the cyan objects are from the right view; (b) when watching 3D content,
negative parallax results in objects popping out of the screen, zero parallax positions objects on
the screen, and positive parallax results in objects appearing behind the screen.
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1.2.2 Horizontal Parallax Adjustment
It is commonly accepted that being exposed for a considerable amount of time to
objects that appear to be in front of the screen (i.e., with negative parallax) makes viewers
uncomfortable. As described before, when 3D content has been shot with two parallel
cameras, all the objects have negative parallax and, therefore, it is a good practice to
modify the content in order to reallocate the 3D effect behind the display. In order to do
this, it is necessary to modify the depth information that is produced when the 3D content
is captured. One solution is proposed in [33], employing an algorithm that modifies
horizontal disparity in a nonlinear fashion by warping the input video streams.
Unfortunately, for image regions with frequent and strong changes in disparity, this
warping scheme can lead to visible distortions. Another way of changing the depth
information is by reducing the negative horizontal parallax of 3D videos by shifting the
left frames towards the left and the right frames towards the right. Although this action
introduces black lines on the vertical edges of the frames, this inconvenience can be
sidestepped by cropping the content (to match the aspect ratio) and then scaling it up.

1.3 Reframing Technology Overview
3D-capable devices are currently available to consumers in many aspect ratios. 3D
TVs, usually larger than 40”, feature a 16:9 aspect ratio, whereas smaller screens, such as
the ones found on tablets and mobile devices, usually have 4:3 and 3:2 aspect ratios,
respectively (see Figure 1.5). Stereoscopic 3D media creators tailor their content for a
specific aspect ratio (usually 16:9). Unfortunately, playing this content on 3D displays
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with aspect ratios that are different to the intended one may degrade the quality of the
viewing experience.

Figure 1.5: Different aspect ratios.

1.3.1 Existing Reframing Solutions
Several solutions have been proposed in order to compensate for this variation in
aspect ratios (see Figure 1.6). The straightforward option is to add black bars to the
screen, which can be horizontal (also known as letterboxing) or vertical (also known as
pillarboxing), depending on the original and new aspect ratios [45]. The main problem
with this option, as illustrated in Figure 1.6(b), is that a significant part of the screen will
remain unused. This is particularly problematic for small devices, since important parts of
the frames become too small to see. A second option, exemplified in Figure 1.6(c),
consists of squeezing the content so that it fits within the new aspect ratio (anamorphic
video). Another alternative is cropping the borders of the video frames so that the
modified frames have the proper aspect ratio (see Figure 1.6(d)). This technique, known
as centered cropping, eliminates visual information without taking into account that these
regions might actually be of interest to the viewers.
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(a)

(b)

(c)

(d)

Figure 1.6. Different methods for displaying a video frame with a 16:9 aspect ratio on a screen
with a 4:3 aspect ratio: (a) a video frame with a 16:9 aspect ratio, (b) letterboxing method, (c)
anamorphic method, and (d) centered cropping method.

An alternative solution is to involve humans throughout the reframing process.
Human observers can detect the important visual points on the screen and control the
location of the bounding box (i.e., the region of the frame that will prevail after the
reframing process). This process, known as pan and scan, ensures that the modified
content will be meaningful to the viewers, but it is evidently expensive, time-consuming,
and not suitable for real-time applications. A better solution is to have an automatic
process that identifies the main visual information and keeps it inside the bounding box.

1.3.2 Visual Attention Model and Automatic Reframing Techniques
Several methods have been proposed for automatic content reframing. A vast
majority of these schemes, however, deal exclusively with 2D still images [46], [47],
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[48]. For the case of automatic 2D video reframing, [49] and [50] propose schemes that
aim to preserve visually important regions as well as temporal stability. The Visual
Attention Model (VAM) used in [50] is taken from [51], [52]. Two Kalman filters are
used to ensure good temporal consistency. The objective of the filters is to smooth the
change in the values of the bounding box center coordinates on every frame.
Color and depth are employed to create a visual attention model for 3D images in
[53]. Results and conclusions, however, were drawn using data from merely five stereo
images.
An early proposal for a visual attention model for 3D video is found in [54]. The
proposed scheme uses cues such as stereo disparity, image flow, and motion. Relative
depth was employed as a target selection criterion. This scheme is able to detect the
moving object that is closest to the cameras. Although this solution might be useful for
some videos, it will not provide acceptable results for complex scenes like the ones
usually found in commercial videos made by the entertainment industry.
Another VAM for 3D video is presented in [55]. The model uses features such as
depth information, luminance, color, and motion. This scheme, however, was developed
and tested on multiview videos, and the disparity is computed based on a graph cuts
algorithm for multiview reconstruction. It cannot be directly applied to stereoscopic video
content. This VAM also uses some very computational expensive steps, which is
unsuitable for near real-time applications.
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1.4 Color Distortion Due to Saturation in Low Dynamic Range
Content
Legacy images and videos store only a small dynamic range of information due to the
limitations of the capturing and display devices. The very bright or dark parts of a scene are
clipped to the upper or lower displayable limits, and as a result information is lost. Special
attention has been paid to the restoration of the clipped pixels. Over the last few years,
several methods [78], [79], [80], [81], [82] have been developed to enhance the luma of the
clipped pixels, so that the enhanced clipped regions have higher dynamic range and look
more realistic on HDR displays.

1.4.1 Existing Algorithms for Saturated-Pixel Enhancement
Meylan et al. [79] apply a simple piecewise linear tone scale function, composed of
two slopes, one applied to the diffuse areas and one applied to the specular reflected
areas, in order to particularly enhance the specular highlights. In [80], the Median Cut
algorithm and Gaussian filter are applied to estimate the light source density map. Then a
luma expansion is applied to enhance the clipped regions. In [81], a smooth brightness
enhancement function is obtained by blurring a binary mask with a large kernel of
approximately Gaussian shape. A semi-automatic classifier was developed in [82] to
classify the clipped regions as lights, reflections, or diffuse surfaces. Each class of objects
is enhanced with respect to its relative brightness. All of the above schemes enhance only
the luma, while the chroma enhancement is not considered.
For a clipped pixel, often not all three red (R), green (G), and blue (B) channels are
clipped, nor does the same amount of clipping occur in each channel. If clipping changes
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the R, G, B color ratios of a pixel, then the result is color distortion. In fact, color
distortion occurs very often. Although people are accustomed to the clipping effect in
highlights, where the distorted color is desaturated and close to white, the distorted colors
near the midtone produce a very noticeable and disturbing effect. Figure 1.7 gives an
example of color distortion caused by the clipping effect. Figure 1.7(a) is a correctexposure image, and Figure 1.7(c) is the corresponding over-exposed image, where the
yellow pixels reveal obvious color distortions due to the clipping. We enhance the luma
of the clipped image using the best possible values (i.e., the ground truth luma of the
correct-exposure image), while keeping the chroma distortion unchanged. The lumaenhanced image is shown in Figure 1.7(e). Figure 1.7(b), (d), and (f) depict the plots of
RGB intensities versus the pixel-position along the same horizontal line shown in Figure
1.7(a), (c), and (e), respectively. From Figure 1.7(c) and (d), we observe that the red
channel is saturated for most pixels on the shoe (non-shoelace part); and for this reason
this part appears yellow in Figure 1.7(c) rather than being orange as in the correctexposure picture (in Figure 1.7(a)). As shown in Figure 1.7(e), enhancing only the luma
does not solve the color distortion problem. In fact the color distortion in this image
appears at least as disturbing as in the clipped image (Figure 1.7(c)). Ideally, instead of
changing all the color channels as it is done by luma enhancement, we want to enhance
only the clipped color channel(s). Figure 1.7(f) shows that enhancing luma makes the
unclipped channels (i.e., G and B) less accurate. Therefore, we need an algorithm that
corrects color and at the same time enhances luma of a clipped image.
A few methods were developed to enhance the color saturation and fill in clipped
regions. One category of the enhancement methods is to remove the specularity from the
18
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Figure 1.7: Example of color distortion due to clipping. (a) A correct-exposure image, (c) the
corresponding over-exposed image, and (e) the enhanced image with corrected luma for clipped
pixels. (b), (d), and (f) are the plots of the RGB intensities versus the pixel index along the highlighted
horizontal lines of images (a), (c), and (e), respectively.

highlighted area, and reconstruct the highlighted object assuming only diffuse reflection
exists [83], [84], [85]. These methods are particularly useful as a pre-processing before
tasks such as stereo matching, segmentation, and object recognition. The highlight19

removed images, however, do not reflect the real scene under the original lighting.
Hence, these approaches cannot restore the lost information due to clipping. Wang et al.
[86] proposed an effective HDR image hallucination approach for adding HDR details to
the over-exposed and under-exposed regions of an LDR image. The method assumes that
high quality patches exist in the image with similar textures as the regions that are over or
under-exposed. It corrects both the luma and the chroma, while it fills in detailed textures
for the over-exposed and under-exposed regions. This approach, however, is semiautomatic and it needs the user’s input to identify textures that can be applied to fill in the
under-exposed or over-exposed areas. This manual intervention is often undesirable.
An automatic method proposed by Zhang and Brainard (ZB) [87], which we shall
henceforth refer to as the ZB algorithm, uses a statistical approach to fix saturation for
over-exposed pixels in color images. This work exploits the correlation between the
responses of RGB color channels at each pixel, and estimates the clipped color channel(s)
using the Bayesian algorithm based on the corresponding unsaturated color channel(s)
and the prior distribution parameters. The algorithm has low computational cost, and is
effective when the statistical properties of the saturated regions are consistent with that of
the unsaturated region in the image.
In what follows, we briefly describe the ZB algorithm, since it is the state of the art
desaturation algorithm as well as the starting point of the algorithm proposed in Section
4.1. The ZB algorithm uses Bayesian framework for estimating the true values of the
saturated pixels. The joint distribution of the RGB color channels was used as the prior
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information. A multivariate normal distribution model is used to model the relation
among the R, G, and B channels as follows:
  µ  Vs
 Xs  Xs 
 =   ~ N   s , 

  µ k  V ks
 X k + e k   Yk 





Vk + Vek  
V sk

(1.1)

where X s is an ns × 1 vector of the true values of the saturated color channel(s), X k , Yk ,
and ek are nk ×1 vectors of the true values, measured values, and measurement errors of
the unsaturated color channel(s), and ns + nk = 3 . The mean values of X s and X k are
represented by µ s and µ k , respectively. The variances of X s , X k , and ek are Vs , Vk ,
and Vek , respectively. The Vsk denotes the covariance between X s and Yk , and we have

Vsk = Vks T .

Given the measured pixel values Yk = k of the unsaturated color channel(s), the
conditional distribution P( X s | Yk = k ) of the saturated channel(s) is normal with a mean

µ x and a variance V x [96], shown in (1.2) and (1.3):
s

s

µ x = µ s + Vsk (Vk + Ve ) −1 (k − µ k ),
s

k

T

V xs = Vs − Vsk (Vk + Vek ) −1Vsk .

(1.2)

(1.3)

Then, the saturated channel(s) X s is estimated by computing the expected value of the
posterior distribution, as follows:

E[X s | Yk = k , Ys ≥ s ] ,
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(1.4)

which can be calculated given (1.2) and (1.3).
The conditional variance V xs of the saturated color channel(s) X s is smaller than the
unconditional variance Vs . This variance reduction and hence more accurate value
estimation is due to the additional available information provided by the strong channel
correlation Vsk .

Based on (1.3), a large covariance Vsk results in a small V xs , which means small
estimation uncertainty. The correlation between color channels is the key in the ZB
algorithm to estimate the saturated color channel(s) based on the unsaturated color
channel(s). The correlation between color channels, however, varies within an image,
especially between regions of different chroma. The ZB algorithm, on the other hand,
uses the same statistical model to correct all saturated areas in an entire image. Adapting
the model to reflect local correlation may improve the desaturation performance.

1.5 Thesis Outline
In this thesis, we present novel methods for improving the quality of viewing
experience for stereoscopic 3D content. This includes providing 3D capturing and display
guidelines, automatic 3D video reframing, and color correction for saturated 3D content.
In Chapter 2, we provide guidelines for 3D image and video capturing through a
series of systematic subjective evaluations. We present a comprehensive 3D image and
video database with the content captured at various distances from the camera lenses and
under different lighting conditions. We conducted subjective tests to assess the perceived
3D quality of these videos and images which were shown on 3D displays of different
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sizes. In addition, we adjusted the horizontal parallax of the content to verify and quantify
via subjective tests whether and how much this change could increase the viewer’s
quality of experience. Finally, we provide guidelines of acquisition distances between the
cameras and the real scene.
In Chapter 3, an automatic content-aware reframing solution for stereoscopic 3D
video is presented. Since 3D displays have various aspect ratios (e.g., 16:9, 4:3, and 3:2),
watching 3D videos with the wrong aspect ratio decreases the quality of the viewing
experience. We have developed a smart reframing solution that uses a visual attention
model for stereoscopic 3D video to identify the prominent visual regions of every
stereoscopic frame. Our method uses several saliency indicators such as depth, edges,
motion, brightness, and color. Additionally, our method provides a dynamic bounding
box that avoids annoying reframing issues, such as jittering and window violation.
Experimental results over a great variety of videos show that our proposed reframing
algorithm is both effective and robust.
Finally, in Chapter 4 we present two methods for correcting the color-saturation
problem caused by the limited dynamic range of conventional low dynamic range
content. The color-corrected content can be shown on a high dynamic range display,
through inverse tone mapping. In Section 4.1, we present a Bayesian-based color
desaturation algorithm. Unlike the previously proposed state-of-the-art Bayesian
algorithm, which uses all unsaturated pixels in an image to estimate the prior distribution,
our method uses local statistics for correcting each disconnected saturated region. Our
method utilizes the inter-channel correlation as well as the strong spatial correlation of
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images. Experimental results show that our method results in a significant improvement
over the state-of-the-art color-desaturation algorithm.
Both the state-of-the-art algorithm and the algorithm we proposed in Section 4.1 use
the correlations between R, G, and B color channels, which may not be the most suitable
way for exploiting the relationships among color pixels. The pixels could be more
strongly correlated in the spatial domain and in some other color spaces. In Section 4.2,
we propose another effective color-desaturation algorithm, which exploits the strong
correlation in chroma between saturated pixels and their surrounding unsaturated pixels.
The algorithm automatically restores both the luma and chroma of the clipped pixels.
Extensions to videos and 3D content are also proposed for wider applications.
Experimental results show that this algorithm outperforms both the state-of-the-art
algorithm and the algorithm proposed in Section 4.1 in both objective and subjective
quality evaluations, yielding 2D and 3D content with higher dynamic range and vivid
color.
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2 Guidelines for an Improved Quality of Experience in
3D TV and 3D Mobile Displays
Stereoscopic 3D movies have become widely popular all over the world. In addition,
3D TVs and mobile devices have already been introduced to the consumer market.
However, while some manufacturers are introducing 3D cameras and movie studios are
using proprietary solutions, there are no guidelines for consistently capturing high quality
stereoscopic content. As a result, problems such as headache and visual fatigue are
preventing 3D technology from being widely adopted and compete with its conventional
2D counterpart. Having guidelines for capturing and displaying 3D images and videos
will result in improved 3D quality of experience and hence boost broad adoption of 3D
technology by the consumer market. In this study, we tested the effect that different
distances (measured from the 3D camera setup to the photographed objects) and lighting
conditions have on the quality of the stereoscopically captured images and videos when
viewed on home 3D TVs and 3D mobile devices.
Developing a reliable objective quality metric for 3D content has proven to be very
challenging [34], [35]. Therefore, researchers have mainly relied on subjective
evaluations such as [36], [37], [38], [39], [40] to identify the key factors for producing
high-quality stereoscopic content,
In order to successfully assess user experience, the opinion scores must be taken from
an adequate sample of typical users carrying out representative tasks in a realistic context
of use [41]. Because of this, more meaningful results will be obtained if the media
employed for these tests resembles content that is actually being shown on 3D TVs (i.e.,
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featuring people and objects in ordinary surroundings instead of an artificial lab setting).
Testing both images and video sequences is also desirable since spectators might perceive
quality differently for different types of content.
We have created our own stereoscopic image and video database that is comprised of
scenes depicting people and landscapes with various distances between the cameras and
the subjects. Our subjective assessment exercise is comprised by three stages. During the
first stage, several viewers of different ages watched and rated the stereoscopic images
that we captured using various distances between the cameras and the subjects. For the
second stage, the content consisted on stereoscopic video sequences that were shot using
the same combination of distances as in the previous test. Viewers were asked again to
rate the 3D quality of the content. Finally, we performed subjective evaluations to verify
and quantify the influence in 3D quality of experience caused by the adjustment of the
horizontal parallax.
The rest of the chapter is organized as follows. Section 2.1 describes the 3D content
acquisition and alignment processes. The subjective evaluation environment and
parameters are specified in Section 2.2. In Section 2.3, we present the statistical analysis
of the subjective test scores and discuss the findings of the tests. We conclude the chapter
in Section 2.4.

2.1 Acquisition and Alignment
2.1.1 Equipment
In order to capture stereoscopic video and images we employed two identical HD
cameras with the same firmware and settings. These cameras were aligned in parallel and
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attached to a bar that was specifically made for them. Subsequently, the bar was secured
to a tripod as shown in Figure 2.1. Since zoom lenses may differ [37], only an extreme
end of the zoom range was used. A single remote control was employed to start both
cameras simultaneously and obtain the best possible synchronization.

Figure 2.1: Stereo camera setup consisting of two identical HD camcorders.

2.1.2 Image and Video Capturing
The stereoscopic video and image capturing process is illustrated in Figure 2.2. Both
cameras capture slightly different images of the same event. Each event on our database
consists mainly of a person or object standing in front of the camera with a wall or a
building as background. For all videos, the object of interest is the one that is closest to
the cameras. The camera is always kept still while the people and some objects move
moderately. There are four important distances that need to be considered for every
stereoscopic image or video pair. They are described in Table 2.1.
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Figure 2.2: Capturing a live-action event with two parallel cameras CL and CR; dcam is the
distance between the cameras, dmin is the distance from the cameras to the closest point, dobj is the
distance from the cameras to the main object (usually a person), and dmax is the distance from the
cameras to the background.

Table 2.1: Distances considered when capturing stereoscopic images and videos for our database
Distance

Description

Values

dcam

Distance between the two cameras

77 mm

dmin

The distance between the cameras and the closest
point captured in the stereoscopic image or video pair

0.5 m, 1 m, 2 m,
3m

dobj

The distance between the cameras and the main
object (usually a person). In most cases, dobj = dmin

0.5 m, 1 m, 2 m,
3m

dmax

The distance between the cameras and the furthest
background. If the sky is visible, then dmax is considered
to be infinity

5 m, 10 m, 50 m,
infinity

2.1.3 Temporal Synchronization
Three out of thirty videos were unsynchronized by a few frames and were manually
synchronized before further processing.
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2.1.4 3D Content Alignment
Even though the cameras are carefully lined up, a small amount of vertical disparity
between the left and the right views of a stereoscopic image/video is unavoidable.
Therefore, it is usually necessary to vertically align the left and right views. This
alignment process is performed for every stereoscopic image and video pair in our
database.
In addition, for the third stage of our quality assessment process, we also eliminate
the negative horizontal parallax so that the photographed objects do not appear to pop out
of the screen. This alignment process involves horizontal frame shifting. By eliminating
all negative disparities we avoid stereoscopic window violations [29] (i.e., when objects
that pop out of the screen are only partially shown thus providing the brain with two
conflicting depth cues). However, eliminating negative disparities through shifting may
result in large positive disparity regions in the background of a scene, which cause eye
divergence. Since the background is usually not the point of interest, especially in the
case of video, such divergence does not have a strong negative impact to the quality of
the content. This is later verified by the results of our subjective tests in Section 2.3.5.
Both vertical and horizontal alignments involve frame shifting and are performed
automatically using features that are common to both left and right videos. The objective
is to be able to implement this method on 3D TV displays and achieve this “correction”
in real-time. Our method uses the Scale Invariant Feature Transform (SIFT) algorithm to
identify matching features on both views [42]. Having the coordinates to these common
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features allows us to compute the parallax between the left and right views of the
photographed objects. The following steps describe in detail this algorithm:
1. The first frame of both the left and right videos is downsampled by a factor of 2
(horizontally and vertically) to reduce the number of computations in the next steps
and allow real-time implementation.
2. The features of the downsampled left and right frames are obtained using SIFT.
3. The features of the left frame are matched to the features of the right frame. The top
ten percent of all matching features, whose vertical disparities are considerably
different from the median disparity value of all matching features, are detected as
outliers. These outlier features are removed to ensure the stability of the algorithm.
The Cartesian coordinates of rest of the matching features are stored.
4. ∆y, the amount of pixels that each original frame will be shifted vertically, is found
by computing the median of all the y coordinates of matching points between the
two frames and then multiplying by 2 (to compensate for the downsampling).
5. ∆x, the amount of pixels that each original frame will be shifted horizontally, is
computed by finding the largest negative value of all the x coordinates of matching
points between the two frames and then multiplying by 2 (to compensate for the
downsampling). The negative number with the largest absolute value of the x
coordinates represents the photographed point in space that is closest to the cameras
(dmin).
6. Finally, the shifted frames are cropped and then enlarged using bicubic
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interpolation so that they maintain the same size they had before the shifting
process (1080 pixels × 1920 pixels).
An example of a 3D video frame before and after the shifting algorithm is shown in
Figure 2.3(a) and Figure 2.3(b), respectively. For illustration purposes, the stereoscopic
frames are displayed in anaglyph (red and cyan) mode. Notice how the superimposed left
and right frames are vertically misaligned in Figure 2.3(a). This problem has been solved
in Figure 2.3(b). In addition, the two frames have been horizontally shifted to produce a
zero parallax for the closest object (in this case, the photographed individual); the relative
positions of the objects behind the subject indicate positive parallax.

(a)

(b)

Figure 2.3: A stereoscopic video frame from an indoor sequence with dmin = 3 m, dmax = 5 m and
presented in anaglyph mode for illustration purposes: (a) without any vertical and horizontal
shifting, (b) after both vertical and horizontal shifting plus cropping and interpolation to preserve
the 16:9 aspect ratio.

2.2 Evaluation Environment
2.2.1 Displays
Our subjective tests were conducted on four different sizes of stereoscopic displays,
namely, a 2.8” 3D camera display, a 22” 3D LCD display, a 55” 3D LED TV, and a 65”
3D Plasma TV. The 2.8” display is an autostereoscopic display that can be viewed
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without glasses, and the other three displays are paired with different 3D active shutter
glasses. The detailed specifications of the four displays are listed in Table 2.2.

Table 2.2: Properties of the 3D displays used in our test
Size
2.8”
22”
55”
65”

Resolution
Approx. 230,000 dots
1680 x 1050
1920 x 1080
1920 x 1080

Refresh Rate
-- -120Hz
240Hz
600Hz

Glasses
No glasses needed
3D active shutter glasses
3D active shutter glasses
3D active shutter glasses

2.2.2 Database
The images have a resolution of 3840 pixels × 2160 pixels, and the videos have a
resolution of 1920 pixels × 1080 pixels and frame rate of 30 frames per second. The
database includes thirty images and thirty video sequences with various combinations of
dmin, dobj, and dmax, where dmin is in {0.5, 1, 2, 3} meters, dobj is in {0.5, 1, 2, 3} meters,
and dmax is in {5, 10, 50, infinity} meters. We also prepared a different set of ten images
and four videos as training sequences for our test. All images and videos were shot in a
natural environment rather than a lab setup. The main objects in the scenes are often
people, chairs, toys, and buildings (see a sample in Figure 2.4).

2.2.3 Observers
Nineteen observers participated in the first stage of our test, including six females and
thirteen males. Their ages ranged from 23 to 59, with an average age of 33. In the second
and third stages of our test, another twenty subjects participated, including seven females
and thirteen males. The average age was 32. All observers are non-expert in viewing 3D
images and videos, and they were screened for visual acuity using the Snellen chart and
color vision using the Ishihara test.
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(a)

(b)

(c)

(d)

(e)

(f)

(g)

(h)

(i)

Figure 2.4: The left view of some images and video frames from our 3D database.

2.2.4 Testing Procedure
We set up the viewing conditions for the subjective assessment according to Section
2.1 of the ITU-R BT.500-11 [43]. A single stimulus method has been adopted for the
subjective quality evaluation. Before the subjective evaluation on each display, we ran a
training session to show to the subjects the quality range of our stereoscopic images and
videos, without imposing the quality of the content.
In the first stage of our test, thirty test images were used and were shown in a random
order on three displays, i.e., the 2.8” 3D camera display, the 22” 3D display, and the 55”
3D TV. During the test, each stereoscopic image was shown for five seconds followed by
a five-second interval of a 2D mid-grey image with the image index as a grading and
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relaxation period. One to three observers participated in each viewing session. In the
second and third stages of our test, sixty ten-second test video sequences were shown on
the 65” Plasma TV, with a four-second break of a 2D mid-grey image as a grading and
relaxation period. The sixty videos are two versions of the thirty videos in our database.
One version is processed for vertical alignment, and the other is processed by applying
horizontal and vertical shifts so that the closest object is at the depth of the screen. The
order of the sixty videos is randomized so that videos with similar capturing parameters
are inconsecutive and the two versions of the same video are kept far from each other.
Two observers conducted the test in each testing session. In all of our tests, the viewers
were seated in line with the center of the display, and at the distances that were
recommended by the manufactures of the displays.

2.3 Analysis and Results
2.3.1 Detection of the Outliers
Before analyzing the scores provided by the observers, we first detect the outliers
according to the subjective scores they gave. The screening process is based on the
guidelines provided in Section 2.3.1 of annex 2 of ITU-R BT.500-11 recommendation
[43]. For each image or video, we first determine the normality of its score distribution
by computing the kurtosis coefficient, which is defined as the fourth moment about the
mean divided by the square of the second moment about the mean minus 3. In other

words, the jth kurtosis coefficient is:

1 M
4
∑ ( xij − x j )
m4
M
i =1
kurtosis j =
−3=
−3,
2
( m2 ) 2
 1 M
2
 M ∑ ( xij − x j ) 
 i =1


score of the jth image or video from the ith observer and
34

xj

where xij is the

is the average score of the jth

image or video over all M observers. The score distribution is considered normal if -1 ≤
kurtosisj ≤ 11  kurtosis  1, and non-normal otherwise. To check if the ith observer
is an outlier, we initialize two counters

Pi

and

Qi

to zeros. The counter values are then

updated based on the score xij (for all i), as follows:
where

cj = 2 ,

if xij ≥ x j + c jσ j
if xij ≤ x j − c jσ j

then Pi = Pi + 1,
then Qi = Qi + 1,

if the score distribution of the jth image or video is normal; and

c j = 20

,

otherwise. σ j is the standard deviation of the scores of the jth image or video. Finally, if
Pi + Qi
P − Qi
> 0.05 and i
< 0.3 ,
N
Pi + Qi

where N is the number of test images or videos, the observer i

is considered as an outlier.
One out of nineteen observers was detected as the outlier in the first stage of our test,
and another one out of twenty subjects was detected as the outlier in the second and third
stages. All the scores of these outliers were eliminated from the subsequent calculation.
Therefore, the data analysis in the three stages is based on the scores provided by
eighteen, nineteen, and nineteen valid observers, respectively.

2.3.2 Score Computation
We take the average score across all valid observers for each image or video as the
mean opinion score (MOS). To assess the credibility of the mean opinion score, we use
confidence intervals to indicate the reliability of an estimate. The Student's t-tests [44] are
used to compute confidence intervals with the significance level being 95%.
In the following three sections, we will present the results of our three experimental
stages. We will analyze the influence of capturing parameters (i.e., lighting conditions,
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dmin, dmax, and dobj not being the foreground object) to 3D image quality, 3D video
quality, and 3D video quality after horizontal parallax adjustment.

2.3.3 Stage One: Influence of Capturing Parameters to 3D Image Quality on
Three Sizes of Displays
We first analyze the quality scores from the first stage of our experiment and reveal
how the quality of 3D images is affected by the lighting condition, dmin, dmax, and dobj not
being the foreground object.
2.3.3.1 Influence of lighting condition to image quality
Our 3D image database includes eight sets of images. Each set was captured with the
same distance parameters (i.e., dmin, dobj, and dmax) but under two different lighting
conditions (outdoor on a sunny day and indoor). For every image, our cameras provided
the best exposure parameters. However, indoor images tend to have a more uniform light
distribution whereas outdoor images have some bright regions that contrast with some
dark ones. We grouped these images by their lighting conditions and the mean opinion
scores of the indoor images and outdoor images are compared in Figure 2.5. Indoor
lighting results in slightly higher 3D quality than the outdoor lighting for all three sizes of
displays. The quality difference between these lighting conditions, however, is
insignificant. Therefore, in the following subsections, the mean opinion score of each
capturing-parameter set is the average score over the indoor and outdoor scenes.
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Figure 2.5: The mean opinion scores and their confidence intervals versus different sizes of 3D
displays under different lighting conditions.

2.3.3.2 Influence of dmin to image quality
We compare the subjective quality between images taken at different dmin when dmin is
the same as dobj. Figure 2.6 shows the mean opinion scores and confidence intervals
versus dmin at different dmax distances. The figure indicates that for the same dmax, the
image quality increases with dmin and levels off when dmin is beyond two meters. The
confidence intervals when dmin is 0.5 meters are smaller than those when dmin is large. In
other words, the observers consistently provided low scores when the closest object was
very close to the cameras. Figure 2.6 shows the results based on scores from the three
displays. The quality trend affected by dmin is the same for all three sizes of displays.
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(a) 2.8” display

(b) 22” display

(c) 55” display
Figure 2.6: The mean opinion scores and their confidence intervals on different sizes of displays at
various dmin (0.5m, 1m, 2m, and 3m). Parts (a), (b), and (c) show the results associated with the 2.8”,
22”, and 55” displays, respectively. The four subplots correspond to the cases when dmax are 5m, 10m,
50m, and infinity.

2.3.3.3 Influence of dmax to image quality
We compare the quality scores between images with different dmax while keeping the
same dmin. No clear trend is observed from Figure 2.7. Thus, we conclude that dmax does
not strongly affect the quality of 3D content. Again, the same conclusion can be drawn
for different sizes of displays.
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Figure 2.7: The mean opinion scores and their confidence intervals with various dmax (that is, 5m,
10m, 50m, and infinity) at different dmin on three sizes of displays.

2.3.3.4 Influence of dobj not being the foreground object to image quality
We tested a few images where the object of interest is not the closest object in the
image, that is, when dobj is greater than dmin. We compared image sets with the same dobj
and the same dmax, but various dmin. The mean opinion scores and confidence intervals
associated with different sizes of displays are shown in Figure 2.8. In each group of
images, the left most bar is associated with the image where dmin equals dobj, and the other
bars are associated with images where dmin is less than dobj. Having compared the four
sets of images, we observe that the quality of most images is impacted to certain extent
when some foreground objects, such as floor and ceiling, appear closer to the cameras
than the object of interest.
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Figure 2.8: Comparison of the mean opinion scores and confidence intervals for four groups of
content. Each group of content was captured at the same dmax and dobj with different dmin. Group 1
was captured at dmax=10m and dobj=2m, group 2 was captured at dmax=10m and dobj=3m, group 3
was captured at dmax=infinity and dobj=2m, and group 4 was captured at dmax=infinity and dobj=3m.

2.3.4 Stage Two: Influence of Capturing Parameters to 3D Video Quality
Having discussed the influence of capturing parameters to 3D image quality, we
study the influence of the same parameters to 3D video quality in the second stage of our
experiment. All 3D videos in our database are with moderate motion. The subjective test
was performed on a 65" 3DTV.
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2.3.4.1 Influence of lighting condition to video quality
The statistical results of video quality are compared between the indoor and outdoor
videos with the same set of parameters. No significant difference is found between videos
taken under these lighting conditions. The conclusion is consistent with that of stage one.
2.3.4.2 Influence of dmin to video quality
In this comparison, we chose videos where dobj equals dmin. These videos were
divided into four groups according to the value of dmax. The subjective quality between
videos taken at different dmin is compared in each group. Figure 2.9 shows the mean
opinion scores and confidence intervals versus dmin at different dmax distances. For the
same dmax, the video quality increases with dmin and levels off when dmin is greater than
two meters. The confidence intervals when dmin is 0.5 meters are generally smaller than
those with large dmin. This reflects the consistency of the observers’ opinions on the low
quality videos, where the closest objects were too close to the cameras. The same trend
was found in stage one of our test.

Figure 2.9: The mean opinion scores and their confidence intervals at various dmin (that is, 0.5m, 1m,
2m, and 3m). The four subplots correspond to the cases when dmax are 5m, 10m, 50m, and infinity.
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2.3.4.3 Influence of dmax to video quality
We examine the influence of dmax to the video quality scores. Figure 2.10 shows the
mean opinion scores of videos with different dmax while keeping the same dmin. No clear
trend is found based on Figure 2.10, although the quality scores vary with dmax. The result
is also consistent with that from stage one.
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Figure 2.10: Comparison of the mean opinion scores at dmax equal to 5m, 10m, 50m, and infinity,
with different dmin.

2.3.4.4 Influence of dobj not being the foreground object to video quality
We chose three groups of videos. Within each group, the videos are captured with the
same dobj, the same dmax, and different dmin. Sample frames of some of these videos are
shown in Figure 2.11. The mean opinion scores and confidence intervals of each group
are shown in Figure 2.12. Based on the ratings of videos in group 3, we note that the
grass being the foreground is annoying to the observers. The patterned floor in groups 1
and 2, however, increases 3D quality. Most observers prefer to watch videos with the
patterned floor popping out of the screen and appearing in front of the object of interest.
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Group 1:

Left: dmax=10m, dobj=2m, dmin=2m;

Group 2:

Left: dmax=10m, dobj=3m, dmin=3m;
Middle: dmax=10m, dobj=3m, dmin=2m;
Right: dmax=10m, dobj=3m, dmin=1m.

Group 3:

Left: dmax=infinity, dobj=2m, dmin=2m;

Right: dmax=10m, dobj=2m, dmin=1m.

Right: dmax=infinity, dobj=2m, dmin=1m.

Figure 2.11: Frames from three groups of videos used to examine the influence of dobj not being the
foreground object.
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Figure 2.12: Comparison of the mean opinion scores and confidence intervals for three groups of
videos before horizontal parallax adjustment on the 65-inch display. Each group of content was
captured at the same dmax and dobj with different dmin. Group 1 was captured at dmax=10m and
dobj=2m, group 2 was captured at dmax=10m and dobj=3m, and group 3 was captured at
dmax=infinity and dobj=2m.
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Since the results presented in Stage One and Stage Two are mainly consistent, we
conclude that the influence of capturing parameters to 3D image quality and video quality
are the same, providing no very fast motion is included in the video. Therefore, in Stage
Three, we will focus only on 3D videos.

2.3.5 Stage Three: Influence of Capturing Parameters to 3D Video Quality after
Horizontal Parallax Adjustment
The horizontal parallax adjustment was proposed to improve the 3D quality using
simple post processing. In this section, we reveal how the parallax adjustment described
in Section 2.1.4 affects the quality of 3D content.
2.3.5.1 Influence of lighting condition to video quality after horizontal parallax
adjustment
Despite the quality changes brought by the horizontal parallax shifting, the influence
of lighting conditions to 3D quality remains the same. In other words, there is still no
significant quality difference between indoor scene with uniform artificial lighting and
outdoor scene under direct sunlight.
2.3.5.2 Influence of dmin to video quality after horizontal parallax adjustment
The quality of 3D content after parallax adjustment is again significantly affected by
dmin. Figure 2.13 shows the quality scores for videos with various dmin before and after
horizontal parallax adjustment. The quality increases with dmin and it levels off at dmin
equals 2m for videos both before parallax adjustment and after. The quality improvement
by parallax adjustment is significant, with an exception of one video where dmax=5m and
dmin=dobj=3m. This exception is due to the fact that in this specific setup the depth bracket
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(i.e., the amount of 3D space used in a shot or a sequence) is very small hence there is
little room for quality improvement by parallax adjustment.

Figure 2.13: The mean opinion scores and their confidence intervals at various dmin (that is, 0.5m,
1m, 2m, and 3m). In reading order, the four subplots correspond to the cases when dmax are 5m, 10m,
50m, and infinity. The blue lines represent data before horizontal parallax adjustment and the pink
lines show the data after horizontal parallax adjustment.

We can also conclude that although the horizontal parallax adjustment has greatly
improved the quality of 3D content, very small dmin still leads to unsatisfactory quality
(i.e., the mean opinion score is below 50 on a 0 to 100 rating scale in all four subplots in
Figure 2.13), and hence, needs to be avoided in the capturing process.
We computed the mean opinion scores of all 25 test videos, that dmin equals dobj,
before and after horizontal parallax adjustment. The scores of all 25 video sequences
indicate that viewers perceive horizontally adjusted videos to possess higher quality than
non-adjusted ones, with an average quality-score gain of 19.86%.
2.3.5.3 Influence of dmax to video quality after horizontal parallax adjustment
Figure 2.14 shows the influence of dmax to the quality of 3D after horizontal parallax
adjustment. It is interesting to know that the shape of Figure 2.14 is very similar to Figure
2.10, except that the quality level of each curve is raised.
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Figure 2.14: Comparison of the mean opinion scores at dmax equal to 5m, 10m, 50m, and infinity,
with different dmin.

2.3.5.4 Influence of dobj not being the foreground object to video quality after horizontal
parallax adjustment
We tested the same three groups of videos that are shown in Figure 2.11 where the
closest object in the scene is not the object of interest. The quality score of each group of
videos after horizontal parallax adjustment are shown in Figure 2.15. Having compared
the three groups of videos, we observe that the video quality is affected to certain extent
when some foreground objects appear closer to the cameras than the object of interest.
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Figure 2.15: Comparison of the mean opinion scores and confidence intervals for three groups of
videos after horizontal parallax adjustment. Each group of content was captured at the same dmax
and dobj with different dmin. Group 1 was captured at dmax=10m and dobj=2m, group 2 was
captured at dmax=10m and dobj=3m, and group 3 was captured at dmax=infinity and dobj=2m.
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The second video in group 2 receives higher quality score because its content is hilarious
and viewers tend to enjoy it more.
2.3.5.5 A 3D quality model based on capturing parameters
In this section, we derive a quality model for 3D videos. We only consider videos
with adjusted horizontal parallax, since this simple adjustment significantly improves the
video quality, and therefore is highly recommended.
Among the capturing parameters we considered, dmin and dmax are the most influential
to 3D quality. In order to determine the effect of dmin and dmax on 3D quality, we consider
the geometry of the stereoscopic imaging process shown in Figure 2.16. In this figure, the
green tree is an object in the real world, and the red and blue trees are the images of the
tree in the left and right cameras, respectively. The grey tree shows the position of the
blue tree when the left image is superimposed on the right image. The parameter u is the

Figure 2.16: Geometry of the stereoscopic imaging process.
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lens-to-object distance, v is the lens-to-image-plane distance, dcam is the distance between
the two cameras, and p is the horizontal parallax between the same object on the right and
left images.
Based on Figure 2.16, we have









(2.1)

Furthermore, the relation among the imaging parameters can be described as




 







(2.2)

where f is the focal length of the camera. Based on (2.1) and (2.2), the horizontal parallax
p can be rewritten in the following form:
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Note that p is negative for a parallel camera setup. When u >> f , equation (2.3)
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After horizontal parallax adjustment, all parallaxes are changed by

pixels,

making the smallest negative parallax becoming zero, and all other negative parallaxes
becoming positive. The new range of horizontal pixel parallax after image interpolation
(for keeping the original resolution) is:
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The 3D video quality after horizontal parallax adjustment is a function of the
maximum pixel parallax x.
Therefore, we model the subjective test quality scores < as a function of &. That is,

<  =>&? , where &  012 · " · ( · 3
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parameters of the stereoscopic cameras, then & becomes:
&  0.077 · 0.043 · 1920 · 3
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which can be simplified as
&  6.3571 · 3
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We further perform a curve fitting by plugging in various capturing parameters (dmin and

dmax) and their corresponding quality scores < to the equation <  =>&? . Then, the
function =>&? is approximated by a second order polynomial as
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<  =>& ?  0.0003& M  0.0315&  72.2322

(2.7)

Since & is a function of dmin and dmax, the 3D quality < can also be represented as a

function of dmin and dmax, which is shown in Figure 2.17. From the figure, we observe that

a small dmin significantly reduces the 3D quality, while a small dmax increases the 3D
quality to some extent. The effect of dmax is negligible when dmin is large.
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Figure 2.17: A function of quality in terms of dmin and dmax.

Although the above model is based on the specific camera setup used in our capturing
process, the relationship holds in general. To obtain a pleasant 3D viewing experience,
the above model can be considered as a useful guideline at the stereoscopic content
capturing stage. Based on the desired quality, certain capturing parameter sets should be
avoided.

2.4 Conclusions
We conducted comprehensive subjective tests to determine the influence of a few
capturing parameters (i.e., lighting conditions, dobj, dmax, and dobj not being the foreground
object) on the quality of 3D images, quality of 3D videos, and quality of 3D videos after
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horizontal parallax adjustment when viewed on 3D TVs and 3D mobile devices. The
influences of these parameters are consistent over different sizes of displays and over
images and videos before and after horizontal parallax adjustment. The parameter dmin is
the main factor affecting the 3D quality. Having dobj (object of interest) not being the
foreground object slightly degrades the 3D quality, whereas the lighting conditions
(indoors and outdoors) and dmax do not have a significant effect on 3D quality. The
automatic horizontal parallax adjustment algorithm that we implemented has greatly
improved the 3D quality of experience by 19.86%. Despite such quality improvement,
very small dmin still leads to poor quality and hence needs to be avoided in the capturing
process.
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3 Smart Stereoscopic 3D Video Reframing
As described in the introduction, the 2D VAM and reframing problem have been well
studied (Section 1.3.2). In comparison the body of work on 3D VAM and reframing is
much more limited.
In this chapter, we propose an automatic 3D video reframing algorithm based on a
novel 3D VAM. Unlike previously proposed 2D and 3D VAMs, our 3D VAM considers
depth as well as other saliency indicators such as luminance, color, and motion to identify
prominent regions of stereoscopic 3D content. The model is proven to be effective for a
great variety of 3D videos that are commonly encountered in real life as opposed to very
few images/videos captured in a simple lab environment. This 3D VAM is robust, cost
efficient, and suitable for real-time implementation. Additionally, our 3D reframing
method provides a dynamic bounding box that slides smoothly from frame to frame and
keeps the visually important regions within the box. The smooth temporal transition of
the bounding boxes is again achieved by computational efficient steps.
The rest of this chapter is divided as follows. Section 3.1 presents our novel 3D
reframing algorithm, including the proposed 3D visual attention model, the choice of the
bounding box, and the temporal smoothing process. Section 3.2 shows our experimental
results and analysis. The subjective evaluations are discussed in Section 3.3. Finally,
conclusions are drawn in Section 3.4.
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3.1 Proposed Automatic 3D Video Reframing Algorithm
Figure 3.1 shows the block diagram of our proposed automatic reframing algorithm.
As it can be seen, our approach consists of a 3D visual attention model and a smart
reframing algorithm with smooth transition. The 3D VAM computes luminance,
disparity, motion, and color to generate a local edge saliency map, a disparity saliency

×

Figure 3.1. Block Diagram of the proposed reframing algorithm.
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map, and a global texture saliency map. These three maps are then fused into one to
identify the salient areas of a 3D scene. The smooth transition of bounding boxes is
achieved by applying a few constraints and filtering processes, as depicted in Figure 3.1.
In the following subsections, we describe our 3D visual attention model and reframing
process.

3.1.1 3D Visual Attention Model
We have developed a visual attention model for stereoscopic 3D content that
combines data obtained from three different types of saliency maps, namely, the local
edge saliency map NO , the disparity saliency map N , and the global texture saliency map

NP . The final combined saliency map N0 is obtained using a weighted average of the three

maps:

N0  QO R>NO ?  Q R>N ?  QP R>NP ?

(3.1)

where each β is a scalar, and QO  Q  QP  1.

Local edges emphasize the boundary of the objects contained in each video frame. By
obtaining the edges of these objects, we create a “line drawing” of the scene that
emphasizes regions with changing surfaces. This information is useful since “busy”
regions tend to be appealing to the human eye.
Disparity-based saliency assumes that objects that are close to the camera draw more
visual attention than distant objects. This information can be obtained by comparing the
left and right views of a stereoscopic frame.
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In addition, global texture saliency refers to basic visual features that attract people’s
attention such as color, spatial frequency, brightness, and motion. In particular, the
combination of motion and depth is crucial for identifying the main visual regions of a
video frame.
Figure 3.2 provides an example of how our scheme employs these three basic maps to
produce a definitive saliency map for 3D video. Figure 3.2(a) shows the left view of the
original side-by-side 16:9 3D frame. The local edge saliency map, disparity saliency map,
and global texture saliency map are respectively shown in Figure 3.2(b), (c), and (d). The
combined saliency map is given in Figure 3.2(e). The map suggests that the most salient
region is the person, which is the only section of the frame with significant movement

Figure 3.2. An example of the proposed 3D visual attention model and its saliency maps. For
illustration purposes, we only show the left frame. (a) Original frame (horizontally squeezed since
it is the left half of the side-by-side 16:9 3D frame); (b) local edge saliency map sl; (c) disparity
saliency map sd; (d) global texture saliency map sg; (e) combined saliency map sc based on all
three maps; (f) resulting cropped frame with a 4:3 aspect ratio.

55

(the sequence is handheld so there is relative movement in the entire frame). The colorbar
beside Figure 3.2(e) indicates the color and its corresponding saliency value for all
normalized saliency maps, that is, Figure 3.2(b), (c), (d), and (e).
In the following three subsections, we describe the methods for computing the three
saliency maps in detail.
3.1.1.1 Local Edge Saliency Map
We compute a local edge saliency map for each frame. For simplicity, this map is
obtained by computing the gradient of the frame’s luminance component L. The
magnitude of this gradient is then chosen as the local edge saliency map Sl., as shown in
the following equation:
NO  STUS.

(3.2)

An example is shown in Figure 3.2(b).
3.1.1.2 Disparity Saliency Map
People tend to give more importance to objects that are closer to them than to the
ones that are further back. Information about the closeness of objects can be obtained by
comparing the left and right views of each frame. In what follows, we show the steps for
computing a disparity-based saliency map.
In this work, we aim at developing a real-time reframing solution. In order to retain a
fast algorithm, we first downsample the left and right views of each stereoscopic frame
by a factor of 2. We then extract and match distinctive feature points between the
downsampled views employing a very fast shift-invariant feature matching algorithm [56]
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[57]. Disparities of each pair of matching points are computed. Next, we remove some
pairs of the matching points to further ensure the matching accuracy of the remaining
points. This is done by discarding the points with large vertical disparities and points with
horizontal disparities that heavily deviate from the majority of the points. A pruning
algorithm [33] is then used to retain a set of sparse feature points in order to further
increase the robustness and accuracy. This pruning algorithm trims the less robust points
based on their temporal stability. To this end, we match and track all feature points
among the neighboring 2$  1 frames, i.e., frames $  $ to $  $ . The feature points
are then sorted according to their repeat time, which indicates the stability of the

feature points over time. Next, the pruning algorithm removes low stability points that are
near a high stability point if there are little disparity differences between the low and high
stability points. This process spatially prunes clustered points, while preserving points
that are associated with objects of different disparities. In detail, a greedy algorithm is

used. Let >&, V? be an unprocessed feature point with the highest stability, and W>&W, VW?
be any other feature point in the same frame. From the set of feature points, we remove
all points W that satisfy

x
xW
y
yW
cX
XYd >x, y?_  a
X
d] >xW, yW? X d (,
]
d^ >x, y?
`d^ >xW, yW?b

(3.3)

where e >&, V? and f >&, V? are the horizontal and vertical disparities, respectively, at

point >&, V?, and ( is an isotropic distance threshold measured in spatial and disparity
spaces. The pruning process is repeated until all feature points in a frame are processed.
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A point is removed if it is temporally less robust and its disparity is similar to a more
robust neighboring point.
Subsequently, a dense disparity map (one value per pixel) is generated by linearly
interpolating the sparse feature points based on Delaunay triangulation [58]. Areas near
the frame boundary are usually not included in any Delaunay triangles. These regions do
not have any interesting points, and are not the region of interest. Therefore, we assign
the maximum disparity value to them. See the dark blue area in Figure 3.2(c) as an
example. The disparity-based saliency map is finally obtained by assigning high saliency
to small disparity values and low saliency to large disparity values. Figure 3.2(c) shows
an example of this type of map. The robust feature points are superimposed on the
disparity saliency map Sd.
3.1.1.3 Global Texture Saliency Map
It has been reported [59] that viewers pay special attention to basic visual features
such as color, brightness, and motion. Therefore, it is important to use this information to
determine the salient objects of video frames. Although several computational models
have been proposed to simulate human visual attention [60], we decided to use the
scheme proposed in [61] as a starting point for our own global texture saliency map since
it is fast and produces better results than other state-of-the-art schemes. As in [61], we
also use the Quaternion Fourier Transform (QFT) [62] to produce a saliency map. An
important difference, however, is that we adaptively assign different weights to the four
channels, and we use the 3D disparity saliency map to weigh the motion channel. This
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allows us to control which of the features will have a stronger impact on the global
texture saliency map and the final VAM.
We represent each pixel with a special type of complex number called a quaternion q
[62] which includes four terms:
<

 g#  h  i.

(3.4)

The terms a, b, c, d are real numbers associated with the four channels. The complex
operators i, j and k are orthogonal to each other. The quaternion can also be written as a
complex number whose “real” and “imaginary” components are themselves complex
numbers:
<  j  kh

(3.5)

where A = a + bi and B = c + di.
For every pixel, we express information related to color, intensity, and motion in the
form of a quaternion. This allows us to obtain a quaternion video frame. Each quaternion
video frame is composed of two color channels, an intensity channel, and a motion
channel. The color channels C1 and C2, are, respectively, red/green and blue/yellow
following the ‘color opponent-component’ system introduced in [63]. The intensity
channel, I, is the average value of the R, G and B components. Each of these three
channels (two colors and intensity) is normalized to one.
In our algorithm, we propose the following modifications to the motion channel for
fast implementation and improved performance compared with [61]. To compute the
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motion channel M, we first compute the absolute difference between the intensity values
of the current frame and a previous frame, as follows:
∆m  |m >$?  m>$  $F ?|,

(3.6)

where I(n) is the intensity of the current frame n, I(n - n0) is the intensity of a previous
frame, and n0 is a small positive integer, which will be determined based on experiments
over many test sequences. The empirical value will be determined later in Section 3.2.

Then, this absolute difference ∆m is normalized so that the highest value equals 1. For
every pixel, the motion channel M is defined as:

R>∆m ?, when R>∆m ? u vw ,;
op
0,
otherwise,

(3.7)

where N is a normalization operator, and vw is a threshold that satisfies 0 < τM ≤ 1. The

purpose of setting some values to zero is to eliminate all the information related to small
movements or slight brightness changes that the video might have, and only focus on the
significant motion information.
The quaternion frame q in our proposed method is represented as follows:
<  R>N ?o  x y z  xM yM zM  xG mzG ,

(3.8)

where µi, i = 1, 2, 3 satisfies z{M  1, z | zM , zM | zG , zG | z , zG  z zM ; N is the
normalization operator; x , xM , and xG are constant values between 0 and 1.

Compared to directly taking the four channels (i.e., M, C1, C2, and I) as the quaternion

terms <  o  y z  yM zM  mzG as in [61], we have added weights to each of the four
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channels as shown in equation (3.8). This decision was taken after implementing the
original scheme and conducting several subjective tests with a small group of people. We
have determined that, for 3D videos, the motion channel is more relevant than the other
three channels to create an effective global saliency map. Therefore, we highlight the
motion channel M with respect to the other three. We use the normalized disparity map
R>N ? as the weighting factor for channel M, since for the same amount of movement,

the motion associated with a foreground object is perceived to be more important than
that associated with a background object. By incorporating the 3D disparity information,
we are able to obtain an effective 3D global texture model.
We then apply the Quaternion Fourier Transform (QFT) to every quaternion frame q
and obtain the transformed signal Q. The QFT is a special frequency transformation that
treats a color image as a vector field (the quaternion). The phase spectrum of the QFT
specifies where each of the sinusoidal components resides within the image. Locations
with less periodicity (more texture) stand out and are recognized as the map’s salient
points. We implemented this method using the quaternion toolbox for Matlab available in
[64].
In order to obtain the global texture saliency map Sg for each frame, we represent Q in
polar form and normalize the magnitude of each of its elements to 1. The resulting
function, Q’ only contains the phase information of Q. We then apply the inverse QFT to

Q’ to obtain q’. The saliency map is obtained by filtering the magnitude of q’ with a
Gaussian filter. Finally, we dilate the resulting map to obtain significant clustered
regions.
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An example of a global texture saliency map Sg is shown in Figure 3.2(d). The map
indicates that the most salient regions of the frame are the person, the books, and the
computer screen.

3.1.2 Automatic 3D Video Reframing with Smooth Transition
Our automatic stereoscopic 3D video reframing solution produces the three saliency
maps described in Section 3.1.1 and fuses them to create a single model for visual
attention. There are several proposals for combining saliency maps such as the schemes
detailed in [47]. In our method, the maps are normalized and averaged to obtain the
combined saliency map, which is later shown to be very effective for 3D reframing
For the case of video, decisions on how to crop a frame so that it fits the new aspect
ratio cannot be solely based on the information available from its associated saliency
map. We also need to consider the cropping locations of the previous frames so that we
can ensure that the location of the bounding box does not change abruptly, producing a
shaky video. In order to do this, we have designed a scheme that provides a smooth
temporal transition bounding box.
The first goal of our scheme is to identify the area in the saliency map with the
highest “energy.” The energy in an area is defined as the summation of all saliency values
within this area. For fast implementation, an accumulated energy matrix is pre-computed.
We normalize the accumulated energy matrix so that the maximum value in the matrix is
1. The value of this matrix at each location P, denoted as E(P), is calculated as the energy
of the rectangular region defined between the pixel on the top-left corner of the map and
the current pixel }. Then, the energy in any rectangular region in the map can be later
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computed as three summations rather than requiring the sum of all the pixel values in this
area. As shown in Figure 3.3, the energy in the rectangle jky~ can be simply computed
as:

 >jky~?   >j?   >k?   >~?  >y?.

(3.9)

Figure 3.3. The energy in the rectangle ABCD is defined as E(ABCD) = E(A) - E(B) - E(D) +
E(C).

Based on the desired aspect ratio, we crop the frame leaving the rectangular region
that contains the highest energy.
Quite often, parts of an object have high saliency values whereas other parts have low
values. Reframing solely based on the energy of a saliency map may result in cropping
some important object. In order to avoid this, we propose to use a very simple yet
effective approach. First, we reduce the size of the bounding box by w pixels when
searching for the highest energy area. The value w – which is based on video resolution is empirically determined later on (in Section 3.2) through extensive experiments. . Next,
we expand the bounding box by w pixels on all sides with the purpose of including the
entire important object in the cropped new frame. This shrinking and expanding approach
also implicitly brings the salient area towards the center of the new frame. Furthermore,
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this scheme reduces the probability of experiencing a window violation after reframing.
Figure 3.4 illustrates the effect of applying the shrinking and expanding algorithm. Figure
3.4(a) shows the original frame. Figure 3.4(b) depicts a bounding box that contains the
maximum energy superimposed on the saliency map, which is obtained using our
algorithm described in Section 3.1.1. Figure 3.4(c) is the corresponding cropped frame,
which leaves out a part of the girl on the right most side. This undesirable result is
because the left bottom corner of the saliency map contains higher energy than the right
side of the girl in white. On the contrary, the result after applying the shrinking and
expanding algorithm is shown in Figure 3.4(d) and (e). The shrunk window is depicted

(a)

(b)

(c)

(d)

(e)

Figure 3.4. Illustration of the shrinking and expanding algorithm. (a) Original frame; (b)
bounding box that contains the maximum energy superimposed on the combined saliency map;
(c) the cropped frame associated with the bounding box in (b); (d) bounding box (solid line)
obtained with our proposed shrinking and expanding algorithm superimposed on the combined
saliency map; The dotted line is the shrunk bounding box that contains the maximum energy; (e)
the cropped frame associated with the bounding box in (d).
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with dotted lines, where contains the maximum energy of its size; whereas the expanded
bounding box is shown in the solid lines, containing all three girls in the frame and
bringing them towards the centre of the cropped frame. The success of this step brings the
entire algorithm towards “understanding objects” while it eliminates the complex
procedures introduced by steps such as “object segmentation”.
In order to reduce the computational cost and ensure smooth temporal transition for
the cropping window, we first make sure that the locations of the consecutive frames are
spatially constrained if no scene change is detected. That is, the location difference of two
consecutive frames is smaller than a threshold δ. The value of δ, which will be specified
in Section 3.2, is determined by the resolution of the original video and the amount of
motion generally occurred in a sequence.
Although a constraint of cropping locations is set in the previous step, local jerks still
exist. This is often caused by small differences on the consecutive saliency maps which
are resulted from insignificant motion or lighting changes. For this reason, when
choosing the bounding box for the current frame, we give higher priority to the bounding
box location of the previous frame. To this end, if the energy increase associated with the
new location is less than a threshold τE, we keep using the previous location. The value of
τE will be derived in Section 3.2 as a result of performance evaluations using many video

sequences.
Further reduction of flickering may be achieved by keeping temporal variations
below 0.5 Hz, which is based on the temporal frequency response of the human visual
system [65]. To achieve this, we employ a 29 tap windowed linear-phase FIR lowpass
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filter with a cutoff frequency of 0.5Hz to the bounding box location, to further ensure the
smoothness of the cropping window over time. Finally, the cropping locations are
rounded to integers after applying the temporal filter in order to avoid spatial
interpolation of a frame. The effects of giving high priority to the prior location and using
the temporal filter are illustrated in Figure 3.5. It shows the trajectory of the bounding
box location for the sequence “Lounge”. Figure 3.5(a) depicts the result without using the

(a)

(b)

(c)

(d)

Figure 3.5. Illustration of the effects of giving high priority to the prior location and using
temporal filter to the trajectory of the bounding box. Bounding box locations (a) without giving
high priority to the prior location or using the temporal filter; (b) only using the temporal
filter; (c) only giving high priority to the prior location; (d) giving high priority to the prior
location and using the temporal filter.
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prior location information or using the temporal filter. In this case, the trajectory is very
noisy, thus resulting in major jittering. Figure 3.5(b) shows the result after only applying
the temporal filter. The trajectory is smooth, however the bounding box moves back and
forth too frequently, which is annoying and undesirable. The result of only giving high
priority to the prior location is shown in Figure 3.5(c), where sudden location jumps lead
to dramatic transitions. Figure 3.5(d) gives the trajectory when both the high priority is
assigned to prior location and the temporal filter is applied. The smooth and relatively
slow location change removes the jittering problem and provides pleasant reframed video
sequences.

3.2 Experimental Results
We captured dozens of HD (high definition) stereoscopic video sequences using a
JVC Everio GS-TD1 3D camcorder. Each video frame is composed of a side-by-side left
and a right view, each with an 8:9 aspect ratio, resulting in a 3D frame with a 16:9 aspect
ratio. This format is widely accepted by 3D displays of 16:9 aspect ratios. The resolution
of the side-by-side frame is 1920 pixels × 1080 pixels.
We reframed these videos to a 4:3 aspect ratio (i.e., a 2:3 aspect ratio for each view)
using the proposed method. In what follows, we present the values for the parameters
used in the 3D reframing algorithm. These values are carefully determined through
extensive experiments and provide effective and robust reframing results for a large
variety of video sequences. We used a value of 5 for n0, which means that the motion
channel uses information from the current frame at time n and the frame at n - n0. The

threshold τM was set to 0.6 and the weights x , xM , and xG were all set to 0.1. In our
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experiment, we use $  14 in the pruning algorithm. In other words, we compute the
stability of the feature points by tracking them over 29 (that is, 2$  1) frames. We use

(  10 as the isotropic threshold of the pruning algorithm. The local-edge, disparity, and

global-texture saliency maps play important roles in the process of generating a final map
that accurately identifies the prominent regions of a 3D video frame. We empirically
chose to employ QO  1/3 , Q  1/3 , and QP  1/3 in the fusion algorithm for

generating a combined 3D saliency map. The proposed weights balance very effectively
the effects of the three saliency maps.
For HD stereoscopic video sequences, we employ w equal to 100 pixels in the
shrinking and expanding stage. We found in our experiments that a δ value of 15 pixels is
able to sufficiently track the moving objects and maintain a relatively constrained
position of the bounding box. The energy increase threshold τE is set to 1% to effectively
avoid the location change caused by small energy variations in the consecutive frames.
The following five examples show how our 3D VAM computes and combines the
three saliency maps into a single meaningful map for various video sequences. In Section
3.1.1, Figure 3.2 shows a frame from the sequence “Lab” and the various saliency maps
obtained with our method. The disparity map (Figure 3.2(c)) emphasizes the objects that
are closer to the cameras, mainly the chair at the left of the frame and the person working.
On the other hand, the global texture map (Figure 3.2(d)) highlights three main regions:
the person, the books, and the computer. Once the maps are put together as in Figure
3.2(e), most of the energy is concentrated on the person since she is prominent in both the
disparity and the global texture maps.
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Figure 3.6 shows the various saliency maps created for one of the frames of a
sequence called “Playground”, which was captured with a handheld camera. In this
example, both the disparity map (Figure 3.6(c)) and the global texture map (Figure
3.6(d)) indicate that the most relevant region of the frame is the little girl. The global
texture map highlights her because she is moving, while she is emphasized by the
disparity map because she is close to the 3D camera. The combined saliency map (Figure
3.6(e)) clearly indicates that the little girl occupies the most salient region of the frame.
This map informs our reframing method where to place the bounding box.

Figure 3.6. A frame from the sequence "Playground." (a) Original frame (horizontally squeezed
since it is the left half of the side-by-side 16:9 3D frame); (b) local edge saliency map sl; (c)
disparity saliency map sd; (d) global texture saliency map sg; (e) combined saliency map sc based
on all three maps; (f) resulting cropped frame with a 4:3 aspect ratio. In this example, both the
disparity saliency map and the global texture saliency map identify the little girl as the most
salient region. The combined map informs our method where to place the bounding box.

Another example is illustrated in Figure 3.7, which includes a frame from the
sequence “Main Mall,” captured with a 3D camera placed on a tripod. In this case, both
the local edge map (Figure 3.7(b)) and the disparity map (Figure 3.7(c)) highlight the
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bicycles. On the other hand, the global texture map (Figure 3.7(d)) highlights the people
walking down the street as the main object on the frame. Finally, the combined map
(Figure 3.7(e)) identifies all the main regions of the frame. This allows our method to
select a bounding box for reframing purposes. Figure 3.7 is a clear example of the
importance of employing a vast number of features to identify the objects of highest
visual interest for each stereoscopic video frame. The combination of the various saliency
maps provides an accurate visual attention model for 3D content.

Figure 3.7. A frame from the "Main Mall" sequence. (a) Original frame (horizontally squeezed
since it is the left half of the side-by-side 16:9 3D frame); (b) local edge saliency map sl; (c)
disparity saliency map sd; (d) global texture saliency map sg; (e) combined saliency map sc based
on all three maps; (f) resulting cropped frame with a 4:3 aspect ratio. In this case, the local edge
map and the saliency map highlight the bicycle, which is closer to the 3D camera. However, the
global texture map highlights the regions with motion (people walking). The combined map
includes all the salient points in the frame and the bounding box is chosen accordingly.

Figure 3.8 shows a frame for the sequence “Black Truck.” This is a good example of
a challenging video sequence. Here, both the local edge map (Figure 3.8(b)) and the
global texture map (Figure 3.8(d)) fail to identify the person walking as a salient object.
There are many reasons for this. While it is true that the person is moving, the camera is
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also moving and tracking the person. Thus, all the pixels in the screen are changing
positions on every frame, and the person remains relatively steady. Therefore, the person
walking appears not to be important for these maps. In addition, the person is wearing
gray and dark green clothes, which blend him in with the background. Instead, the local
edge map emphasizes the sky which is bright and the leaves which have a lot of texture.
The global texture map highlights the high contrast regions, that is, the silhouette of the
black truck and the sky. It is only the disparity map (shown in Figure 3.8(c)) which
recognizes that the individual is close to the cameras and, therefore, highlights him.
When the three maps are combined as shown in Figure 3.8(e), the resulting bounding box
manages to feature the person walking which is important in the frame.

(a)

(d)

(b)

(c)

(e)

(f)

Figure 3.8. A frame from the "Black Truck" sequence. (a) Original frame (horizontally squeezed
since it is the left half of the side-by-side 16:9 3D frame); (b) local edge saliency map sl; (c)
disparity saliency map sd; (d) global texture saliency map sg; (e) combined saliency map sc based
on all three maps; (f) resulting cropped frame with a 4:3 aspect ratio. In this case, the local edge
map and the global texture map do not recognize the person as a salient object. The disparity
map, however, identifies its proximity to the cameras and highlights it. The combined map
includes all the salient points in the frame and the bounding box is chosen accordingly.
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Some extreme targeting aspect ratios, such as cropping from 16:9 to 1:2, were also
used to test the performance of our algorithm. For the case of 1:2 aspect ratio, w equals
35 pixels was used in the shrinking and expanding step. Results verified that the most
salient objects were remained in the reframed video sequences. An example is provided
in Figure 3.9, where the person is identified as the most prominent object and is centered
in the cropped frame, even with the very narrow cropping window.

Figure 3.9. A reframing example using an extreme aspect ratio, demoed on a frame from the
sequence "Run and Jump." (a) Original frame (horizontally squeezed since it is the left half of
the side-by-side 16:9 3D frame); (b) local edge saliency map sl; (c) disparity saliency map sd; (d)
global texture saliency map sg; (e) combined saliency map sc; (f) resulting cropped frame with a
1:2 aspect ratio.

3.3 Subjective Evaluations
In our subjective evaluations, we used fifteen representative stereoscopic video
sequences that feature various scenarios, from capturing a single still object to tracking
several people walking (towards the same direction and towards the opposite directions
simultaneously); from having people running at a far distance to having the same person
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running close to the camera. Some videos were recorded with a handheld camera and
others had the camera mounted on a tripod. Most of the videos feature people working,
playing, or walking, and we included both indoor and outdoor sequences. The lengths of
the videos are from 10 to 43 seconds.
The features of the test video sequences are listed in Table 3.1. For each test
sequence, the thumbnail of the left view of a representative frame is shown in
Figure 3.10.
Table 3.1: Features of the 3D test video sequences
Index

Video Name

Camera Motion

Scene Complexity

1

Playground

Slightly shaky

Medium

2

Kids Playing

Zoom & shaky

High

3

Magic Rope

None

Low

4

Black Truck

Tracking

High

5

Main Mall

Pan & zoom

High

6

Run and Jump

None

Medium

7

Tree

None

Low

8

Greeting

None

High

9

McMillan Building

Pan & shaky

High

10

Lab

Slightly shaky

Low

11

UBC Flag

Pan & shaky

Low

12

Bicycle

Zoom & shaky

Low

13

Girls Walking

Tracking

High

14

Talk

Minor tracking

Medium

15

Lounge

Tacking

Medium

The subjective test was conducted on a 46” 3D LED monitor (Hyundai S465D). The
display has a resolution of 1920×1080, and is paired with circular polarized glasses. The
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viewing conditions for the subjective assessment were set up based on the
recommendation in Section 2.1 of the ITU-R BT.500-11 [43].

Figure 3.10. The left view of representative frames of our 3D test video sequences. In reading
order: video 1 to video 15.

For comparison purposes, we provided two reframed versions for each video. One
generated from our proposed scheme, and the other obtained by cropping each frame
equally from the left and right sides, namely, the centered cropping scheme. Centered
cropping is a popular and straightforward reframing technique. Since most of the
important objects in a video are located near the centre of the frame when capturing, this
scheme gives reasonably good results and it is a good reference point for comparing our
approach.
For each video, we first showed its original version with a 16:9 aspect ratio, followed
by two reframed videos of a 4:3 aspect ratio. The two reframed versions were shown in a
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random order. Before each video was played, a four-second interval of a 2D mid-grey
image with the index of the upcoming video was shown as a relaxation period. After each
reframed video was shown, another four-second interval of a 2D mid-grey image was
used as a grading period. We ran a training session at the beginning of the test using three
videos that are different from the test sequences. The training session was arranged to
familiarize the subjects with the test procedure as well as the quality range of our
reframed videos, without imposing their quality.
The observers were asked to rate how well each reframed version preserves the
important regions and minimizes viewing discomfort such as window violation in a
stereoscopic 3D scene. The reframing quality is rated on the five-point discrete grading
scale, where scales 5 to 1 respectively represents “excellent”, “good”, “fair”, “poor”, and
“bad”.
Eighteen non-expert observers, including six females and twelve males, participated
in the subjective test. Their ages ranged from 19 to 61, with an average age of 32.5. Three
observers were identified as outliers based on the screening guidelines provided in
Section 2.3.1 of annex 2 of ITU-R BT.500-11 recommendation [43]. Therefore, only
scores of the fifteen valid subjects were used in the following analysis. We take the
average score across all valid fifteen observers for each reframed video as the mean
opinion score (MOS). Confidence intervals are used to indicate the reliability of an
estimated mean opinion score. The Student's t-tests are used to compute confidence
intervals with the significance level being 95%.
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For the fifteen test video sequences, the results of the centered cropping algorithm
and our proposed algorithm are shown in Figure 3.11. Our smart reframing technique
outperforms the centered cropping scheme on all fifteen sequences. The performance
gain ranges from 0.133 to 2.80 scales in MOS. An average gain of 1.14 scales out of 5 in
MOS is achieved over all fifteen test videos.

centred cropping
proposed
5
4.5

Quality Score

4
3.5
3
2.5
2
1.5
1

1
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7
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14

15

Video Index

Figure 3.11. Comparison of the mean opinion scores and their confidence intervals of the fifteen
test video sequences.

From Figure 3.11, we observed that sequences 3 and 10 received very low scores for
the centered cropping algorithm and very high scores for the proposed algorithm. This is
because the salient objects, such as the person’s elbow in video 3 and the computer
screen in video 10, are partially or totally cropped by the centered cropping technique,
resulting very bad subjective quality for the corresponding video. The bad reframing is
especially noticeable when it appears in a significant portion of the sequence. On the
other hand, the videos generated by our technique are of much higher quality in
comparison. This provides us an insight that a perfectly reframed video does not appear
to be surprisingly good, whereas a video with salient regions cropped off is very
noticeable and annoying to the viewers.
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Figure 3.11 also shows that sequences 1, 8, 9, 11, and 15 have received similar ratings
between the two algorithms, with our proposed method having slightly higher MOS. By
carefully examining the videos, we found that most of the original test sequences tend to
keep the objects of interests in the center of the frame and track them when they move.
This applies to sequences 1, 9, 11, and 15. For these sequences, the centered cropping
algorithm naturally keeps the prominent area and results in a good performance. Video 8,
on a contrary, was captured on a tripod without any panning or zooming. It features two
people entering the scene from opposite directions, greeting each other, and leaving the
scene from opposite directions again. This is a tough sequence for any reframing
technique, even for human observers. When two important people are located at the
frame boundary, one on the left and the other on the right, there is no obvious choice for
what person to follow during reframing. Our algorithm chose to follow the person that is
closer to the camera. This receives acceptable subjective results. The centered cropping
algorithm, on the other hand, keeps it as a steady scene. It offers reasonable results, since
the two people quickly entered and left the scene even in the original video, leaving very
limited additional information to track for. In other words, keeping a person half a second
longer in the scene does not affect the overall quality.
Lastly, it is worth comparing videos 6 and 7. They were captured at the same location,
both using a tripod, and mainly focusing on the same person. The main difference is that
in video 6 the person ran and jumped close to the camera, while in video 7 he was far
from the camera until the very last two seconds. Our algorithm believes that the person in
video 6 is the salient object and keeps tracking him, while in video 7 it treats the waving
tree as the most salient object before the person ran closer to the camera and drew more
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attention. Subjective tests verified that these reframing results closely reflect the viewers’
opinion.

3.4 Conclusions
In this chapter, we have proposed a novel and complete pipeline for smart 3D video
reframing. This solution allows us to display high quality stereoscopic content on screens
with different aspect ratios than the one chosen for the original content.
We first proposed a bottom-up 3D visual attention model that identifies the prominent
regions in a stereoscopic 3D video frame. The model combines disparity, edges, motion,
luminance, and chrominance information to generate a saliency map.
We then developed an automatic reframing approach to create a bounding box for
each frame based on the saliency map of the current frame and also saliency maps
associated with the neighbouring frames. Special attention was paid to avoid the
important objects from being cropped or located right at the border of the new window.
In addition, the temporal jerkiness of the cropping window was avoided. This was
achieved by keeping the previous location of the bounding box instead of the one
obtained with the current saliency map if the energy changes were below a certain
threshold. In addition, a temporal low-pass filter was employed to the bounding box
locations in order to further ensure the temporal smoothness of the cropping locations.
The proposed algorithm is easy to implement and computational efficient. Although
our current Matlab implementation does not provide a real-time performance, the
algorithm will be implemented so that it is suitable for real-time streaming. The results
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show that our proposed scheme is very effective and robust for a great variety of
stereoscopic video sequences. It works well for 3D videos that are captured with a tripod
or handheld, still or panning, indoor or outdoor, with slow or fast motion, simple or
complex scene. Subjective tests show that our algorithm outperforms the centered
cropping algorithm by 1.14 out of 5 scales on average.
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4 Color Correction for Saturated Pixels
The past two chapters have dealt with 3D capturing and display issues. In this
chapter we move to an enhancement problem, namely correction of clipped pixels in
LDR color images and videos.
As stated earlier in Chapter 1, 3D video systems can only be a lasting success if the
perceived image quality and viewing comfort are significantly better than those of
conventional 2D systems. A more realistic reproduction of contrast and color using HDR
technologies is desirable. Hence, it is of great interest to combine the 3D immersive
experience with HDR capabilities in order to produce a true to life viewing experience.
Since the development of HDR capturing technology is still at the early stages generation
of HDR content is a challenge. One solution that will help enable this market at these
early stages is the creation of HDR content from conventional LDR images and videos.
This is possible by using efficient inverse tone mapping (ITM) techniques. One challenge
that affects the quality of the resulting HDR content in this process is color distortion that is
due to saturation in the original LDR content and results in disturbing perceptual artifacts
when shown on HDR displays. The problem is more severe for 3D HDR. Hence, designing
algorithms that eliminate the LDR to HDR color distortion is of high importance.
In this chapter, we propose two novel and effective color-correction methods for LDR
content. One, described in Section 4.1, is based on the ZB algorithm (introduced in
Section 1.4.1) with additional emphasis on the image spatial correlation. The other,
presented in Section 4.2, utilizes the strong correlation in chroma channels between
saturated pixels and their surrounding unsaturated pixels.
80

4.1 A Fast Bayesian-Based Color Correction Method
As described in Section 1.4.1, the ZB algorithm uses all unsaturated pixels in an
image to estimate the prior distribution. The inter-channel correlation is used, but not the
spatial intra-channel correlation. In order to utilize the strong spatial correlation of
images as well as the inter-channel correlation, we propose a modified desaturation
algorithm, which uses local statistics for correcting each disconnected saturated region.

4.1.1 Proposed Color Correction Method
In the proposed algorithm, we first identify the clipped pixels and color channels
using a simple threshold. A binary image A is generated to indicate the saturated and
unsaturated pixels in an image:
 1, when the pixel at z is saturated
A( z ) = 
0, when the pixel at z is unsaturated

(4.1)

Next, we find the set of pixels that are close to the saturated pixels for computing
prior distribution model. By eliminating the pixels far from all saturated regions, the
statistics of the selected pixel set should better resemble that of the saturated regions than
using all unsaturated pixels in the image.
Since the saturated regions often have various sizes and irregular shapes, dilation is a
good choice to find pixels in the neighborhood, regardless the sizes or shapes of the
saturated regions. Dilation is defined in terms of set operations. The dilation [97] of A by
B, denoted A ⊕ B , is defined as:
C = A ⊕ B = {z | ( Bˆ ) z I A ≠ φ}
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(4.2)

where A is the binary image defined in (4.2), B is the structuring element that determines
the scale and orientation that the dilation operation “grows” or “thickens” objects (i.e.,
saturated regions) in A. ( Bˆ ) z is the reflected and translated B, and φ is the empty set. As
a result, C includes all saturated pixels and their surrounding unsaturated pixels.
In order to take advantage of the strong local spatial correlation, pixels for estimating
prior distribution model need to be localized to reflect the statistics of the different
saturated regions in different areas of an image. A simple separation of disconnected
objects in C groups all saturated pixels and their surrounding pixels into several local
regions, i.e., Ci , where i = 1, 2, 3, …. Each region is likely to have similar statistics. An
example of dilation process is given in Figure 4.1. The baby image is shown in part (a).

(a)

(b)

(c)

(d)

Figure 4.1: Generating surrounding regions by dilation using the XDN I algorithm. (a) A portion of
the baby image, (b) the saturated areas, (c) surrounding pixels found by dilation, and (d) separated
saturated areas and their local surrounding regions; each color represents a region for which a
separate set of local statistics will be calculated.
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Part (b) shows the saturated regions in color superimposed on the image luma. The
surrounding areas of all of saturated regions are shown in white in part (c), and part (d)
shows different saturated areas and their local surrounding regions by color.
Let S i and U i respectively denote the sets of saturated and unsaturated pixels in Ci .
We calculate separate statistical parameters µ s , µ k , Vs , V k + Vek , and Vsk for each region

Ci , using only the unsaturated pixels U i in its surrounding region. After the local
parameters are calculated for each region, the rest of the correction is performed as in the
ZB algorithm, only with the global statistics replaced by the local ones of the surrounding
unsaturated pixels U i . That is, the saturated channel(s) in S i is corrected using equations
(1.2), (1.3), and (1.4), where the statistical parameters are computed using pixels in U i .
By using these local pixels when computing the prior distribution, the spatial correlation
is well integrated.
We experimentally chose the optimal structuring element B in (4.2) to be a disk with
radius four. This structuring element results in an isotropic extension of the saturated
regions, with a reasonable number of pixels in the surrounding region, which offers good
local statistical information for computing the prior distribution of the RGB color
channels for all of our test images.
Compared with the ZB original algorithm, the only additional steps necessary in our
method are the dilation operation and splitting the dilated binary image into disconnected
regions. Since these are only performed once, the extra cost is minimal. In our method,
some computations are saved in calculating the statistical parameters in our method, as
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they only need to be computed over the surrounding region pixels, compared to being
calculated over the whole image in the ZB algorithm. Since the surrounding regions are
usually a small subset of the entire image, our method has lower complexity for that step.
There is a small amount of overhead for keeping tracking separate statistics of different
surrounding regions. Overall, our method has very similar complexity to the ZB
algorithm.

4.1.2 Experimental Results
In order to objectively test our method, we use conventional eight bits per channel
color images. Thumbnails of our test images are shown in Figure 4.2.

Figure 4.2: Thumbnails of our test images. In reading order: girl, landscape, shoes, mountain,
baby_girl, sunset, kodim03(caps), kodim05(motorcycles), kodim06(boat), kodim12(beach),
kodim16(lake), kodim21(lighthouse), kodim23(parrots).
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We introduce saturation into the images by clipping the R, G or B values that are
above a threshold (e.g., 255 × 0.8). Then, we enhance the saturated images using the ZB
algorithm, the only color correction algorithm for clipped pixels that we are aware of, and
our proposed algorithm, which we shall refer to as the “XDN I” algorithm. We compare
the corrected results to the original images without clipping.
To evaluate the algorithm performance in terms of image fidelity, we use three
popular objective quality metrics that are mentioned in Section 1.1.4. More specifically,
we compute the PSNR (averaged over R, G, and B channels), the CIELAB ∆E [101]
(averaged over the saturated pixels), and the S-CIELAB [102] (averaged over the
saturated pixels) of each test image for: 1) the saturated image, 2) the desaturated image
generated by the ZB algorithm, and 3) the desaturated image produced by our improved
XDN I algorithm. The quality comparison for a set of representative images is listed in
Table 4.1. Note that S-CIELAB is a distance measure; a lower value means better quality.
From the table, we observe that while both the ZB algorithm and our proposed XDN I
algorithm enhance the saturated color channels, the XDN I method outperforms the ZB
algorithm by an average of 2.61 dB in PSNR, 2.74 in CIELAB ∆E, and 0.46 in SCIELAB over the test images. The XDN I algorithm performs better than the ZB
algorithm, especially for images where the local statistics are inconsistent with the global
statistical model.
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Subjective quality of the desaturation algorithms is also evaluated and shown in
Figure 4.3. For each representative image, we show (from left to right) the original

Table 4.1: Objective quality comparison between the ZB and XDN I algorithms
Image

PSNR (in dB)

CIELAB ∆E

Clipped

ZB

XDN I

Clipped

ZB

girl

42.23

39.70

48.54

6.68

9.39

2.82

landscape

25.66

28.69

31.73

11.79

9.27

baby_girl

32.15

29.06

38.87

8.40

mountain

29.98

34.27

40.81

shoes

25.34

32.93

sunset

21.73

kodim03 (caps)

S-CIELAB

XDN I Clipped

ZB

XDN I

0.98

1.51

0.40

6.19

1.87

1.41

0.87

11.39

3.27

1.24

1.86

0.43

11.52

5.87

2.81

1.65

0.91

0.30

32.00

13.03

6.32

5.36

2.00

1.02

0.82

20.76

25.70

18.62

16.96

11.72

3.04

3.47

2.02

34.34

35.24

36.62

12.37

12.25

9.83

2.30

2.25

1.82

kodim05 (motorcycles)

33.62

35.74

36.50

13.46

11.00

10.79

2.25

1.83

1.77

kodim06 (boat)

25.22

28.22

26.12

17.45

10.26

14.46

3.44

1.97

2.89

kodim12 (beach)

28.41

33.65

31.76

11.04

4.55

3.99

2.08

0.81

0.74

kodim16 (lake)

35.07

35.85

36.51

11.36

10.42

8.36

2.16

1.98

1.54

kodim21 (lighthouse)

32.40

33.56

34.24

16.43

13.35

11.72

3.03

2.51

2.22

kodim23 (parrots)

29.63

31.16

33.42

10.38

8.54

6.15

1.70

1.40

1.01

Average

30.44

32.22

34.83

12.50

9.97

7.50

2.14

1.76

1.30

Figure 4.3: Results of clipped pixel enhancement for images girl and baby using the XDN I
algorithm. For each row, we show (from left to right) the original image, saturated image, saturated
areas superimposed on the image luma, desaturated image using the ZB algorithm, and desaturated
image using the XDN I algorithm.
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image, saturated image, saturated areas superimposed on the image luma, desaturated
image using the ZB algorithm, and desaturated image using our XDN I algorithm. From
Figure 4.3 we observe that the saturated images have color distortions due to clipping.
While the ZB algorithm corrects such distortion for most saturated regions, it miscorrects
some areas and results in further color distortion. An over-correction example can be seen
in the background area of the baby image. Such miscorrection happens when the
statistical model of a saturated region differs from the global statistical model of the
unsaturated pixels in the image. Compared to the ZB algorithm, our XDN I algorithm
gives better or comparable subjective quality, while avoiding the blocky artifacts, such as
the arm area in the girl image. The saturated pixels in the arm area have very different
statistics from the dark portion of the image. Therefore, using the global prior distribution
model derived from all the unsaturated pixels in the image results in poor performance.
The XDN I algorithm uses nearby pixels to generate local statistics for the clipped pixels
in the arm and leads to better results.

4.1.3 Conclusions
In this section, we have investigated correcting saturation in color-images. We have
proposed a fast and improved Bayesian algorithm based on the ZB algorithm. Our XDN I
method utilizes the images’ strong spatial correlation in addition to the correlations
between R, G, and B color channels. We use a dilation operation to find a surrounding
area for each clipped region in the image, and use statistics calculated based on this
surrounding region for correcting the saturated pixels. Experimental results show that the
proposed XDN I method effectively corrects the saturated color images, and outperforms
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the ZB algorithm in both objective and subjective image qualities. The quality gain is by
an average of 2.61 dB in PSNR, 2.74 in CIELAB ∆E, and 0.46 in S-CIELAB.

4.2 An Effective Color Correction Method
As mentioned in Section 4.1, we proposed a modified Bayesian algorithm, namely
XDN I, based on the ZB algorithm. Both the ZB and XDN I algorithms use the
correlations between R, G, and B color channels, which may not be the most suitable way
for exploiting the relationships among color pixels. The pixels could be more strongly
correlated in the spatial domain and in some other color spaces. In this section, we
propose another effective clipped-pixel enhancing algorithm, which we refer as the
“XDN II” algorithm. It automatically restores both the luma and chroma of the clipped
pixels. In the XDN II algorithm, we exploit the strong correlation in chroma between
saturated pixels and their surrounding unsaturated pixels. Experimental results show that
the XDN II algorithm outperforms the ZB and XDN I algorithms in both objective and
subjective quality evaluations.
The rest of this section is structured as follows. Section 4.2.1 describes our proposed
method for still images. Extensions of the algorithm to videos and 3D content are
discussed in Sections 4.2.2 and 4.2.3, respectively. The experimental results are presented
in Section 4.2.4. In Section 4.2.5, we conclude the proposed method and point out its
potential applications.

4.2.1 Proposed Color Correction Method for 2D Still Images
In this section, we aim at restoring the lost information in over-exposed color images
based on the strong spatial correlation in the chroma channels. The YCbCr color space is
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designed so that the chroma channels will be smooth in local regions for most images. It
has been shown that utilizing the smoothness property of chroma [88], [89], [90] is better
than assuming luma is smooth [81], [86]. Figure 4.4 shows the normalized
autocorrelation of R, G, B, Y, Cb, and Cr at lags of 0 to 25 pixels. Each point in the figure
is an average value over the 24 true-color Kodak images [91]. From the graph, we can see
that there is stronger auto-correlation for the Cb and Cr channels than the R, G, B, and Y
channels. Exploiting the strong spatial correlations in the Cb and Cr channels has more
potential than exploiting the correlations in the R, G, B, or Y channels. For this reason, in
our XDN II algorithm we apply a chroma interpolation for the clipped pixels rather than
directly correcting the R, G, and B signals.

autocorrelation

1
R
G
B
Y
Cb
Cr

0.9
0.8
0.7
0.6
0

2

4

6

8 10 12 14 16 18 20 22 24
lag

Figure 4.4: Normalized autocorrelation of R, G, B, Y, Cb, and Cr signals (average over 24 true-color
Kodak images).

Our proposed XDN II method can be broken down into several steps, which are
shown in the flowchart in Figure 4.5. First, we identify the clipped areas. Then we
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partition each clipped area into smaller regions according to the chroma. We correct the
chroma for each region, and then correct the corresponding RGB values for all clipped
pixels. Afterwards we apply a smoothing process to the corrected RGB values. The last
step involves “Enhancing the Contrast” and can be performed by using any existing
inverse tone mapping process [80], [81], [92], which is not the focus of our work. A
detailed description of these steps is given in the following subsections.

Figure 4.5: Flowchart of the XDN II algorithm.

4.2.1.1 Identify Clipped Areas
Before doing any enhancement, we first need to identify the clipped areas. One way
of doing this is to simply select pixels from all three color channels that have the
maximum value (e.g., 255 for 8-bit per channel images). Figure 4.6(a) shows a clipped
image with a rectangular region of interest. Figure 4.6(b) shows the clipped area (within
the region of interest) identified with a simple threshold (the maximum value, e.g., 255
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for 8-bit per channel images). The white pixels represent the clipped area. As it can be
seen, this simple approach often generates very small isolated clipped areas, and large
clipped areas with small holes. The effect is due to image noise. The captured pixel
values are determined not only by the light from the scene, but also by the camera
response, sensor noise, and color filter array interpolation. The in-camera processing adds
noise to a pixel value and, consequently, a clipped pixel may have a value slightly lower
than the maximum value. For this reason, we first apply a bilateral filter [93], [94], [95]
to remove the noise. Then, a threshold τ is applied to each color channel of a pixel to
identify clipped pixels and channels. We experimentally selected τ to be 252.5 for 8-bit
per channel images herein. Figure 4.6(c) shows the clipped area in the region of interest
identified by the XDN II algorithm. We observe that the clipped area in Figure 4.6(c) is
quite clean and more appropriate for subsequent color correction compared to that in
Figure 4.6(b). Note that the bilateral filter is used only for identifying the clipped areas.
The original un-filtered image is used in all of the following steps to avoid losing detail
from the image.

(a)

(b)

(c)

Figure 4.6: Example of clipped areas in the XDN II algorithm. (a) Clipped image with a rectangular
region of interest, (b) clipped areas in the region of interest identified with a simple threshold (R, G,
or B = 255), and (c) clipped areas in the region of interest identified with the XDN II algorithm.
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4.2.1.2 Partition Clipped Areas
The purpose of partitioning the clipped areas is to group the clipped pixels into
regions with similar chroma before correcting the color for each region. We first partition
the clipped areas into spatially disconnected regions, which probably belong to different
surfaces and have different chroma. Each region may still contain multiple clipped
objects that have different colors. We segment each region according to its chroma. To
eliminate the illumination differences on the same color surface, we consider only
chroma quantities, i.e., Cb and Cr, in the segmentation. For simplicity, in order to
segment the region we choose to use either the Cb or Cr, whichever has a larger variance
within the considered region.
The pixels with heavier saturation (i.e., 2- or 3-channel saturated pixels) are
considered as one sub-region, where the color is potentially heavily distorted. The 1channel saturated pixels are further segmented using a histogram-based multi-threshold
algorithm presented in [97]. This segmentation algorithm often results in a few large and
many small sub-regions. Finally, we merge these small regions or the regions without a
valid surrounding region (Note: surrounding region will be explained shortly in Section
4.2.1.3) with their neighboring clipped regions. If more than one neighboring clipped
region exists, the current region is merged with the neighboring region that is the closest
to the current region in chroma.
An example of clipped area partition is given in Figure 4.7, where connected clipped
areas (i.e., white pixels in Figure 4.7(a)) are partitioned into smaller regions (shown and
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numbered in Figure 4.7(b)). Each region has similar chroma. This partitioning is essential
for the subsequent color correction steps.

(a)

(b)

Figure 4.7: Example of clipped-area partition in the XDN II algorithm. (a) The clipped areas before
partition (white pixels), and (b) the clipped areas partitioned into regions with similar chroma.

4.2.1.3 Correct Chroma
As explained earlier, the R, G, and B values are strongly affected by the illumination
of the area. There are much stronger spatial variations in R, G, and B values than in
chroma. Although the RGB and chroma in clipped areas can both be estimated using an
interpolation method given their neighboring unclipped areas, a smooth signal, like the
chroma, may be more accurately estimated, since there is less spatial variation associated
with such a signal. For this reason, we chose to estimate the chroma values in a clipped
region by smoothly interpolating the chroma of neighboring unclipped pixels. Once the
chroma values are estimated, then we use them to calculate the corrected R, G, or B
values in the clipped regions.
In order to correct a clipped region, we first attempt to find an unclipped region with
similar chroma next to it. We select neighboring pixels with similar color to the clipped
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region as seed points. This is done by first choosing the unclipped or already corrected
neighboring pixels with gradients of both chroma channels less than a threshold
(experimentally, we determined 2.5 works well). Then, starting from each seed point, we
apply a region growing algorithm shown in [97] to both Cb and Cr, and the intersection
of the two obtained regions is a surrounding region with similar chroma to the clipped
region. Since there may be small chroma variations within each clipped region, we take
the union of all surrounding areas obtained from different seed points as the surrounding
region for a clipped region. If the resulting surrounding region consists of only very few
pixels, then the clipped region is considered as a light source or a specularly reflected
area. In this case, we enhance only the luma signal.
Figure 4.8 shows an example of a surrounding region associated with the clipped
region on the girl’s arm. We observe that most unclipped pixels in the arm area (with
similar chroma as the clipped region) that are close to the clipped region are selected as

(a)

(b)

(c)

Figure 4.8: Example of a surrounding region in the XDN II algorithm. (a) Clipped image, (b)
clipped areas (in color) superimposed on the image luma, and (c) the surrounding region (white
pixels) for the clipped area on the girl’s arm.
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the surrounding region, which is used for the chroma estimation of the clipped pixels on
the arm (Figure 4.8(c)).
The Cb and Cr values of the clipped region could be interpolated from its surrounding
region. A problem arises from the fact that the surrounding region is irregularly shaped
with some “missing” pixels which cannot be used in the interpolation because they are
either clipped pixels, or non-clipped pixels with different chroma to the current clipped
region. A common interpolation approach is to use convolution (filtering). However,
traditional convolution does not work when there are missing samples within the
convolution mask.
For the reason stated above, we use normalized convolution [98] instead, which
allows for missing samples by adjusting the filter weights to use only the valid samples
that fall within the convolution mask. The idea of normalized convolution is to associate
with each pixel a certainty component m expressing the level of confidence in the pixel
measurement. The certainty map m has the same dimension as the image.
To make the discussion more pertinent to our problem at hand, that is interpolating
chroma for saturated pixels, the normalized convolution can be expressed as follows:

[c( x, y) ⋅ m( x, y)] * h( x, y) ,
c~ ( x, y ) =
m( x , y ) * h ( x , y )

(4.3)

where the certainty map m(x,y) is 1 for the known pixels that are used in the interpolation,
and m(x,y) is 0 for the missing samples. The c(x,y) and c~( x, y ) represent the chroma
channel signal (Cb or Cr) before and after the convolution, and h(x, y) denotes the filter
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for performing the convolution. Here, a Gaussian filter with a standard deviation 5 is used
as the function h(x, y).
The normalized convolution mask h(x, y) has a finite size. Consequently, a pixel
located near the center of the clipped region may not have any pixel in the surrounding
region lying in its mask. Hence, the pixel value cannot directly be corrected. In order to
solve this problem, we choose to use the already corrected clipped pixels together with
the surrounding region as the known data for estimating the un-corrected clipped pixels.
In other words, the certainty map used is:
 1,

m( x, y ) = 
 0,

for unsaturated pixels in the surrounding region
and saturated pixels that have been corrected, .
otherwise,

This helps to improve the smoothness of the corrected chroma in the clipped region.
Since already corrected pixels are used in the normalized convolution, the pixel order
within a clipped region is very important. Because estimation error could propagate, the
pixels with potentially less error should be corrected first.
In order to describe the smoothing process, we define a few notations here. Let Ω
denote the saturated pixel set, that is,

Ω = {( x, y) : R( x, y) ≥ τ , or G( x, y) ≥ τ , or B( x, y) ≥ τ } .
Furthermore, we use Ω1, Ω2, and Ω3 to respectively represent the sets of clipped pixels
with 1, 2, and 3 saturated channels.
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Since the 1-channel saturated pixels Ω1 tend to have less color distortion, and, hence,
less estimation error than 2- and 3-channel saturated pixels Ω2 and Ω3, we first correct the
pixels in Ω1, followed by pixels in Ω2, and lastly pixels in Ω3. Since clipped pixels that
are close to the surrounding region tend to have a strong correlation with the surrounding
unclipped pixels, there is small estimation uncertainty, i.e., a small degree of error
estimation for such pixels. For this reason, within each saturation category, we also sort
the clipped pixels according to their distances to the nearest surrounding pixels, and first
correct the ones closer to the surrounding region.
Figure 4.9 shows the results of chroma correction using our method described in this
sub-section. Since the clipping in this image happens mostly in the red channel, we show
the correction results by presenting the Cr channel (before and after correction) in Figure
4.9. We can see in the circled area that the clipped image (b) is darker than the un-clipped
image (a), resulting in blocky distortion of the Cr channel. While the corrected chroma
Cr, shown in part (c), is very close to that of the un-clipped image. The above chromacorrection result can be observed more easily in parts (d) and (e), where the difference
between (a) and (b), and the difference between (a) and (c) are shown.

(a)
(b)
(c)
(d)
(e)
Figure 4.9: Example of chroma correction in the XDN II algorithm. The Cr channel of (a) un-clipped
image, (b) clipped image, and (c) corrected image using the XDN II algorithm. The difference
between (a) and (b) is shown in (d), and the difference between (a) and (c) is shown in (e).
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4.2.1.4 Correct RGB Values
We calculate the missing R, G, or B values in each clipped region based on the
estimated Cb and Cr values (calculated in the previous step) and the unsaturated R, G, or
B values in that region. We elaborate this correction process for the following three
different scenarios, i.e., Ω1, Ω2, and Ω3.
4.2.1.4.1 Correct 2-channel saturated pixels
Correction of 2-channel saturated pixels is the most straightforward scenario. We
know the conversion from RGB to YCbCr, introduced in the ITU-R BT.601 [99], is:
 Y   0.2568 0.5041 0.0979   R  0.0627
Cb  = - 0.1482 - 0.2910 0.4392  × G  + 0.5020 .
  
   

Cr   0.4392 - 0.3678 - 0.0714  B  0.5020

(4.4)

The above RGB and YCbCr values are within a range of 0.0 to 1.0. From (4.4), we
have

Cb = [- 0.1482 - 0.2910 0.4392] × [ R G B]T + 0.5020 ,

(4.5)

Cr = [0.4392 - 0.3678 - 0.0714] × [ R G B]T + 0.5020 .

(4.6)

When two channels are clipped, then one of the R, G, and B values, say U (which
stands for the unsaturated channel), is known and the two clipped channels, say S1 and S2
(which stands for the saturated channels), are unknown and need to be solved for. The U,
S1, and S2 are all components in the three color channels [R, G, B]. The corrected values
of the two saturated channels can be uniquely solved for using the two equations (4.5)
and (4.6). Therefore, we have:
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~
S1 = f1 (U , Cb, Cr ),
~
S 2 = f 2 (U , Cb, Cr ),

~
where f1 and f2 are functions of U, Cb, and Cr, and S denotes the corrected value of
color channel S. Note that we do not use Y to correct the RGB color channels, since Y is
distorted when any color channel is clipped. The functions f1 and f2 can be derived
uniquely from the RGB to CbCr conversion equations (4.5) and (4.6).
As an example, let us consider a case where R and G are the two clipped unknown
channels in a saturated pixel, and B is the unclipped channel. From (4.5) and (4.6), we
~
~
can solve for R and G given Cb, Cr, and B as follows:
~ (Cb − 0.5020 − 0.4392B) × (−0.3678) − (Cr − 0.5020 + 0.0714B) × ( −0.2910)
R=
(−0.1482) × ( −0.3678) − 0.4392 × ( −0.2910)
.
~ (Cb − 0.5020 − 0.4392B) × 0.4392 − (Cr − 0.5020 + 0.0714B) × (−0.1482)
G=
( −0.2910) × 0.4392 − ( −0.3678) × (−0.1482)

Any other two channel saturated pixels can be corrected in the same fashion.
4.2.1.4.2 Correct 1-channel saturated pixels
Correction of 1-channel saturated pixels is similar to correcting 2-channel saturated
pixels. Since there is only one unknown value S, and two equations, (4.5) and (4.6), the
value can be estimated twice by using the corrected Cb and Cr, respectively, as well as
the two unsaturated channel values U1 and U2,. Then, we simply take the average of the
two estimations as the corrected value of the saturated channel. The estimation process
can be described as:
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~ S + S2
,
S = 1
2
S1 = f 3 (U1, U 2 , Cb),

where

S 2 = f 4 (U1, U 2 , Cr ),

where the functions f3 and f4 are derived from (4.5) and (4.6), respectively.
As an example, let us consider a case where R is the clipped unknown channel, and G
and B are the unclipped known channels. The corrected value

~
R

is computed as follows:

~ R + R2
R= 1
,
where
2
Cb − (−0.2910) × G − 0.4392 × B − 0.5020
R1 =
,
− 0.1482
Cr − (−0.3678) × G − (−0.0714) × B − 0.5020
R2 =
.
0.4392
Any other channel saturated pixels (i.e. if G or B is clipped) can be corrected in the
same fashion.
4.2.1.4.3 Correct 3-channel saturated pixels
In the case of 3-channel saturated pixels, there are three unknown variables. Hence,
three equations are needed to solve the corrected R, G, and B values. We first estimate the
luma Y value of the 3-channel saturated pixels based on the surrounding region. We fit
the clipped region and its surrounding area with a 2D Gaussian function. Unlike many
other surface-fitting methods (e.g., [86]), we do not enforce any assumptions on the
location or rotation of the 2D Gaussian function. By not assuming the center of the
Gaussian function as the centroid of the clipped region, we are able to handle more
general and sophisticated clipping cases. For example, our model works well for the
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situation where the brightest spot is not located near the center of the clipped region and
the surrounding region only partially encloses the clipped area. In general, a 2D Gaussian
function is of the form:

g ( x, y ) = Ae −[ a ( x − x0 )

2

+ 2 b ( x − x0 )( y − y 0 ) + c ( y − y 0 ) 2 ]

+ B,

a b
where A, B, a, b, c, x0, and y0 are the parameters, and 
 is positive definite.
b c 
The least squares surface-fitting problem can be solved using the following
optimization form:
argmin
A,B,a,b,c,x0 ,y0

n

∑[Y − g ( x , y )]

2

i

i

i

i =1

 a b
Subject to: 
 f 0,
b c 

where (xi, yi, Yi) is the ith pixel in the surrounding area, xi and yi represent the pixel
location, and Yi is the luma at pixel (xi, yi), and the symbol ‘ f ’ stands for positive definite.
In order to remove the constraint from the above optimization problem, we apply variable
substitutions. A symmetric and positive definite matrix M can be decomposed into

a b
M=LLT, where L is a lower triangular matrix [100]. For the matrix 
 in the
b c 

a b l11 0  l11 l21 
constraint, we have 
=
×
 . Substituting a, b, and c using the new
b c  l21 l22   0 l22 
variables l11, l21, and l22, the constraint is implied in the relation. Therefore, the
optimization problem becomes unconstrained, as follows:
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argmin
A,B,l11 ,l 21 ,l 22 ,x 0 ,y 0

where g ( x, y ) = Ae

−[

n

∑ [Y

i

− g ( x i , y i )] 2 ,

i =1

2
l11
l 2 +l 2
( x − x 0 ) 2 +l11l21 ( x − x0 )( y − y 0 ) + 21 22 ( y − y 0 ) 2 ]
2
2

+ B.

The optimization can be solved with a standard least squares fitting algorithm. Once
the parameters are estimated, the luma Y at the 3-channel saturated pixels can be
~
computed by evaluating the Gaussian function. In the end, the corrected RGB values R ,

~
~
G and B are solved using (2) as follows:
~
 R  1.16438356 0.00000030 1.59602688    Y  0.0627 
 ~ 
 ×  Cb  − 0.5020  .
G
=
1.16438356
0.39176253
0.81296829
  
   

~

 B  1.16438356 2.01723263 0.00000305   Cr  0.5020 


 

In the process of correcting saturated RGB values, we need to eliminate unrealistic
corrected pixel values and obtain a stable enhancement algorithm. Hence, we set a lower
bound α and an upper bound β as the multiplicative enhancement factor (i.e., the ratio
between corrected value and clipped value) for each clipped pixel. We know the fact that
the true values in the clipped channels should be greater than the clipped value. Therefore,
the lower bound α is set to be greater than (or equal to) one. To ensure a smooth
transition between the unsaturated and saturated regions, the lower bound α is acted as a
smooth enhancement-factor mask to the saturated region. The mask can be denoted as:
d

+ 1,
(α 0 − 1) ×
d0
 α 0 ,

α =

when 0 < d < d 0
when d ≥ d 0
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,

where the enhancement factor α0 is a constant and α0>1, the constant d0 is the transition
width, and d denotes the distance between the current saturated pixel and the closest
unsaturated pixel in the surrounding region. The mask keeps the lower enhancement
factor as α0 for the pixels far from the unsaturated region, and gradually reduces the
lower bound to 1 as the pixel gets closer to the unsaturated region.
4.2.1.5 Smooth Enhancement
The main purpose of color enhancement is to obtain visually plausible images and
videos. Often, there are small jumps of enhanced values between adjacent 1-, 2-, and 3channel saturated regions. This is because different strategies are used for Ω1, Ω2, and Ω3
when calculating saturated RGB channels from the corrected Cb and Cr, as described in
Section 4.2.1.4. As a result, a smoothing process near the region boundaries of Ω1, Ω2,
and Ω3 is needed to reduce disturbing contours and obtain natural looking enhanced
images.
In order to smooth the boundary between regions Ωi and Ωj, where i > j, among the
pixels near the region boundary, we choose to adjust the pixels in Ωi, where the pixels
have more saturated channels and relatively higher estimation errors than those in Ωj).
Figure 4.10 illustrates the smoothing process. We create a transition band with a width w0
on the more saturated side (i.e., Ωi) of the region boundary. The smoothed value at pixel
(x0,y0) in the transition band is a linear combination of the estimated values (from the
previous correction steps) at this pixel and its nearby region Ax0 , y 0 . We define the area A
associated with pixel (x0,y0) by first finding the pixel (x1,y1) that is closest to (x0,y0) and
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also in the less saturated region Ωj. The area Ax0 , y 0 is composed of (x1,y1) and its
surrounding pixels in Ωi that are within a distance of 3 pixels from (x1,y1).

Figure 4.10: Illustration of the smoothing process between 1-, 2-, and 3-channel saturated regions, i.e.,
Ω1, Ω2, and Ω3.

~
The adjusted saturated-channel value P (x0,y0) at (x0,y0) is given by:

w 
w 1
~
P ( x0 , y0 ) = P( x0 , y0 ) ×
+ 1 −  × × ∑ P( x, y ) ,
w0  w0  N ( x , y )∈ Ax 0 , y 0

(4.7)

where w0 is the width of the transition band, w is the distance between (x0,y0) and (x1,y1),
and N is the number of pixels in the area Ax 0 , y0 . The parameter w0 can be chosen to adjust
the amount of the smoothing. A reasonable range of w0 is 3 to 10 pixels. The adjusted
~
pixel value P (x0,y0) is a linear combination of pixel values at (x0,y0) and Ax0 , y 0 . The

reason we take a small area Ax0 , y 0 rather than a single pixel in Ωj is to make the transition
band smoother, and avoid streaks in the band due to texture in Ωj).
The effect of the smoothing process is illustrated in Figure 4.11. Part (a) shows the
saturation-category map, with light gray, dark gray, and white representing Ω1, Ω2, and
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Ω3, respectively, and black being the unsaturated region. We observe that the enhanced

image before the smoothing process has blocky artifacts between different saturated
regions, while the enhanced image after smoothing appears more natural and visually
pleasant.

(a)

(b)

(c)

Figure 4.11: Example of the smoothing effect in the XDN II algorithm. (a) The saturation-category
map, (b) enhanced image before smoothing, and (c) enhanced image after smoothing.

4.2.2 Extension to Video Sequences
The previously proposed algorithm in Section 4.2.1 corrects saturated pixels in color
images. When it comes to correcting video sequences, we may apply the algorithm to
each video frame. With this approach, however, very annoying flickering problems will
likely occur, due to the temporal inconsistency between consecutive frames. In this
section, we describe an extension of the proposed algorithm to video sequences and
ensure the temporal consistency.
We first identify and partition the saturated areas in every video frame, following the
same procedures described in Sections 4.2.1.1 and 4.2.1.2. Then, we track the saturated
regions over time. To do this, we match each segmented region, using its surrounding
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unsaturated or corrected pixels, with pixels in the previous consecutive frame, based on
the normalized cross correlation measurement. To save computations, the same
surrounding region computed in Section 4.2.1.3 is used in calculating the normalized
cross correlation. In the previous frame, a restricted search range of (-15, 15) pixels is
used to reduce the computational cost. The location with the highest correlation value is
considered to be the corresponding region in that frame. Performance evaluations have
shown that if the highest correlation value is less than 0.95, it is safe to conclude that the
same region does not exist in the previous frame, and consider this region appearing for
the first time in the current frame. We record this link and the related motion vector, and
create a linked region list over time for each saturated region.
Once the linked regions are identified, we apply two changes to ensure the temporal
consistency of the corrected colors for video sequences. The first change ensures the
spatial and temporal smoothness of the corrected chroma channels. Instead of using the
2D filter in (4.3) for still images, we apply a 3D Gaussian filter when correcting chroma.
Hence, equation (4.3) is changed to:

[c( x, y, n) ⋅ m( x, y, n)]* h( x, y, n) ,
c~ ( x, y , n) =
m( x, y, n) * h( x, y , n)

(4.8)

where n is a frame index and all signals are extended to include a time dimension. The
location coordinates x and y are the adjusted values based on the linked regions. The
certainty map m(x,y,n) is 1 for the unsaturated or corrected pixels in the linked regions,
and 0 otherwise. We use a 3D Gaussian filter with a standard deviation 5 as the function
h(x, y, n).
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To further prevent flickering caused by any of the subsequent processes described in
Sections 4.2.1.4 and 4.2.1.5, we apply temporal filtering to ensure that the corrected RGB
values are consistent between frames and changes very slowly over time. This is done in
the very last step after applying the smooth enhancement to each frame as shown in
Section 4.2.1.5. We temporally filter the values of the saturated channels by using a
moving average filter of length 20 to the pixels at the same linked location. Performance
evaluations have shown that this effectively removes the visible flickering artifact in
corrected video sequences.

4.2.3 Extension to 3D Content
Simply applying the proposed algorithm to the left view and right view of a
stereoscopic 3D video may result in color inconsistency between the two views.
Although small degrees of color inconsistency are not noticeable by the human visual
system [104], adjustment is needed to avoid large differences in color between the two
views. Many color correction methods have been developed for stereoscopic and
multiview video sequences [105]-[111]. They, however, mostly target videos where the
colors of the entire view do not match those of the other view due to reasons such as
imperfect calibration or variations in camera parameters. To eliminate the color
inconsistency in small saturated regions, we choose to adjust the algorithm proposed in
[110] for our situation.
For each saturated region, we need to match points between the left and right views.
Then, the pixel colors will be fixed for each view as described in detail in [110]. To find
reliable matching points, however, we note that the pixel values in the saturated regions
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are inaccurate due to the color saturation and post-processing. Therefore, we use the
neighboring unsaturated area to indirectly determine the matching points in the saturated
regions. To do this, we first define a neighboring area, in which pixels are unsaturated
and close to the saturated region both spatially and in chroma. Then, we match points
between the left and right views in the neighboring area, and compute the parallaxes of
the matching points. Next, we take the average of these parallaxes and consider it as the
parallax of the saturated region. Based on this average parallax, we find the matching
points in the saturated regions between the two views, and compute the average color
over all matching points. Finally, the pixel colors are fixed based on a least-squares
regression performed for each view in order to find a function that make the view most
closely match the average color.

4.2.4 Experimental Results
In this section, we present some experimental results to show the effectiveness of the
proposed XDN II algorithm for enhancing the clipped pixels. As in Section 4.1.2, we use
the same conventional 24 bits per pixel LDR color images for our tests. Again, we
generate the clipped images by clipping the R, G, B values that are greater than a
threshold (e.g., 255×0.8 for 8 bits per color channel images). Then, we enhance the
clipped images using the XDN II algorithm as well as the ZB and XDN I algorithms. To
assess the quality of the corrected images, we compute the peak signal-to-noise ratio
(PSNR) values (averaged over R, G, and B channels) of each test image for 1) the clipped
image with no correction, the enhanced images generated by 2) the ZB algorithm, 3) the
XDN I algorithm, and 4) the XDN II algorithm. We also use two commonly used quality
metrics, the CIELAB ∆E [101] and S-CIELAB [102], to evaluate the above mentioned
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three situations. For each image, the ∆E or S-CIELAB metric is the averaged value over
the saturated pixels in that image.
The image-quality comparison is listed in Table 4.2. From the table, we can see that
while all of the ZB, XDN I, and XDN II algorithms improve quality, the XDN II
algorithm outperforms the ZB algorithm by an average of 3.86 dB in PSNR, 3.57 in
CIELAB ∆E, and 0.72 in S-CIELAB, and the XDN II algorithm outperforms the XDN I
algorithm by an average of 1.25 dB in PSNR, 1.09 in CIELAB ∆E, and 0.26 in SCIELAB over all test images. The XDN II algorithm performs well especially for images
with large portion of clipped areas, such as sunset, and parrots images.
Table 4.2: Objective quality comparison among the ZB, XDN I, and XDN II algorithms

Image

PSNR (in dB)
CIELAB ∆E
S-CIELAB
XDN
XDN
XDN
Clipped ZB XDN I
Clipped ZB XDN I
Clipped ZB XDN I
II
II
II

girl

42.23

39.70 48.54 50.68

6.68

9.39

2.82

2.51

0.98

1.51

0.40

0.33

landscape

25.66

28.69 31.73 29.53

11.79

9.27

6.19

8.39

1.87

1.41

0.87

1.29

baby_girl

32.15

29.06 38.87 36.40

8.40

11.39 3.27

4.92

1.24

1.86

0.43

0.68

mountain

29.98

34.27 40.81 37.02

11.52

5.87

2.81

4.18

1.65

0.91

0.30

0.53

shoes

25.34

32.93 32.00 32.44

13.03

6.32

5.36

5.66

2.00

1.02

0.82

0.77

sunset

21.73

20.76 25.70 27.18

18.62

16.96 11.72 10.06

3.04

3.47

2.02

1.72

kodim03 (caps)

34.34

35.24 36.62 39.71

12.37

12.25 9.83

6.47

2.30

2.25

1.82

1.07

kodim05 (motorcycles)

33.62

35.74 36.50 37.07

13.46

11.00 10.79 8.20

2.25

1.83

1.77

1.17

kodim06 (boat)

25.22

28.22 26.12 32.51

17.45

10.26 14.46 7.69

3.44

1.97

2.89

1.56

kodim12 (beach)

28.41

33.65 31.76 33.16

11.04

4.55

3.99

5.98

2.08

0.81

0.74

1.08

kodim16 (lake)

35.07

35.85 36.51 41.74

11.36

10.42 8.36

5.02

2.16

1.98

1.54

0.89

kodim21 (lighthouse)

32.40

33.56 34.24 36.76

16.43

13.35 11.72 8.46

3.03

2.51

2.22

1.49

kodim23 (parrots)

29.63

31.16 33.42 34.85

10.38

8.54

6.15

5.72

1.70

1.40

1.01

0.91

Average

30.44

32.22 34.83 36.08

12.50

9.97

7.50

6.40

2.14

1.76

1.30

1.04
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Figure 4.12 shows the resulting images and is used for evaluating the subjective
quality of the enhanced clipped pixels and in turn the overall image. For each image, we
show (in reading order) the original image, clipped image, clipped areas superimposed on
the image luma, enhanced image using the ZB algorithm, and enhanced image using the
XDN II algorithm. Pixel values of images in each group are linearly scaled using the
same scaling factor to realize the maximum display contrast. From Figure 4.12 we can
see that all clipped images have color distortions due to over exposure. The ZB algorithm
corrects color for most clipped regions. However, it over-corrects the color in some
clipped regions and results in further color distortion. An over-correction example can be
seen in the background area of the “baby_girl” image. These artifacts happen when the
color properties of the clipped region are different from the statistical properties of the
unclipped regions in the image. Distortion usually occurs when the images do not possess
much color variety or a large portion of clipped pixels exist. Compared to the ZB
algorithm, our XDN II algorithm gives comparable or better subjective quality, without
notable artifacts.
Our XDN II method works well when a saturated region is associated with an
unsaturated surrounding region with similar chroma. In some cases, no such surrounding
region can be found, and our method cannot be used to estimate the chroma in the clipped
region. These cases are extremely difficult to handle due to lack of useful information. A
possible solution is to use a classifier, as developed in [82], to classify these clipped
regions as lights, reflections, or diffuse surfaces. Then, the brightness of each class of
objects is enhanced by a multiplicative factor. The classifier, however, usually requires
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Figure 4.12: Results of clipped pixel enhancement using the XDN II algorithm. For each row, we
show (from left to right) the original image, clipped image, clipped areas superimposed on the image
luma, enhanced image using the ZB algorithm, and enhanced image using the XDN II algorithm.
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human interaction. Furthermore, the multiplicative factors are set to rather arbitrary values
(1.5 for lights, 1.25 for reflections).
One important application of the clipped-pixel color enhancement is to use it as a preprocessing step of an inverse tone mapping for producing high quality HDR images/video
from existing LDR images/video. Since color clipping is often more perceptible in highcontrast inverse-tone-mapped HDR images, correcting the clipping appears more
important for generating and displaying HDR images. In order to verify the importance of
color correction for the clipped pixels in the contrast enhancement process, we apply an
inverse tone mapping to convert LDR images into HDR images. Since a logarithmic
function is the empirical model of the tone-mapping operators, we use the inverse of the
logarithmic function as the inverse tone mapping operator to expand the contrast of the
LDR images. The subjective quality of the inverse-tone-mapped HDR images cannot be
directly shown on a conventional computer screen or print, due to the limited dynamic
range of such media. For this reason, we present two “virtual” exposures of each HDR
image, as done in [81], [86], to display HDR images in print. Each exposure reveals
different brightness ranges of the entire dynamic range of the HDR image. Figure 4.13
shows two virtual exposures of the HDR “girl” and “baby_girl” image sets. Each column
of images corresponds to (from left to right) the original unclipped image, the clipped
image, the enhanced image produced by the ZB algorithm, and the enhanced image
obtained by the XDN II algorithm, respectively. From Figure 4.13, especially the low
exposure images, we observe that the image corrected with the XDN II approach is more
similar to the original than either the clipped image or the result of the ZB algorithm.
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This verifies that our color enhancement algorithm produces high quality HDR images
from clipped LDR images.

Low exposure images of “girl”

High exposure images of “girl”

Low exposure images of “baby_girl”

High exposure images of “baby_girl”
Figure 4.13: Two virtual exposures of HDR images. The four columns of images correspond to (from
left to right) the original unclipped LDR image, the clipped LDR image, the enhanced image obtained
by the ZB algorithm, and the enhanced image produced by the XDN II algorithm, respectively.
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We have also tested our algorithm on several 2D and 3D video sequences. Results
show that the XDN II algorithm produces pleasant and consistent enhanced color over
time for video sequences. 3D effects also look more realistic with the desaturated color.
A representative frame of a 3D video sequence before and after enhancement is shown in
Figure 4.14. The original left and right views of a stereoscopic video frame are shown in

(a)

(b)

(c)

(d)

(e)

(f)

Figure 4.14: An example of clipped pixel enhancement for stereoscopic 3D videos. (a) The original left
and right views of a representative 3D video frame; (b) the saturated views; (c) the individually
corrected left and right views; (d) the result after color-consistency adjustment between the left and
right views; (e) a blow up region in (c), where color inconsistency between left and right views occurs;
(f) the corresponding blow up region in (d), where color appears to be consistent between the two views.
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Figure 4.14 part (a). The saturated views are given in part (b). Part (c) depicts the color
correction results when applying the XDN II algorithm to the left and right views
independently. Color inconsistencies between the left and right views are observed
especially in the highlighted region. Part (d) shows the final results after fixing color
inconsistency. The highlighted regions in parts (c) and (d) are enlarged in (e) and (f),
respectively.
Subjective tests on the quality of the enhanced 3D videos have been conducted on a
46” 3D LED display (Hyundai S465D). The viewing conditions for the subjective
assessment were set up based on Section 2.1 of the ITU-R BT.500-11 [43]. Twenty nonexpert viewers participated in the subjective test. They were asked to rate the quality of
five over-exposed 3D video sequences and the enhanced sequences. Statistical results
indicate that a 10.25% quality improvement is achieved by the color enhancement over
all test sequences. This is a great performance considering that the area of the saturated
regions is usually a small portion of the entire video.

4.2.5 Conclusions
In this section, we have proposed an effective method for enhancing clipped pixels in
2D/3D color images and videos. We take advantage of the strong correlation between the
chroma of the clipped pixels and their surrounding unclipped pixels. Our XDN II method
greatly reduces the color distortion caused by clipping. It also effectively corrects the
luma of pixels in the clipped areas. The XDN II method outperforms the ZB and XDN I
algorithms, respectively, by an average of 3.86 dB and 1.25 dB in PSNR, 3.57 and 1.09
in CIELAB ∆E, and 0.72 and 0.26 in S-CIELAB. Subjective results also show that the
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enhanced content generated by the XDN II method is visually more plausible than the
clipped images and videos for both 2D and 3D cases. We show that by applying inverse
tone mapping to LDR content that have been enhanced by the XDN II, we obtain more
plausible and realistic HDR images than applying inverse tone mapping directly to the
clipped content.
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5 Conclusions and Future Work
5.1 Significance and Potential Applications of the Research
3D video can give the viewers real-life experience by providing the impression of
depth. 3D technology has not yet been widely adopted due to many challenging issues
that are not present in 2D imaging systems, ranging from capturing, compression,
transmission, to post-processing and display. In this thesis, we address three important
issues on capturing and post-processing of 3D content that significantly increase the 3D
quality of experience. In particular, we provide 3D capturing and displaying guidelines in
Chapter 2. In Chapter 3, we present a content-aware automatic 3D reframing technology
that customizes 3D content for displays of different aspect ratios. Chapter 4 provides two
algorithms for correcting color distortion caused by saturation present in LDR content.
Combining the 3D and HDR capabilities provides an immersive and true to life viewing
experience.
The comprehensive benchmark 3D database we provide in Chapter 2 may help
researchers conduct other subjective tests to advance the emerging field of 3D technology.
The 3D capturing guidelines we propose provide professional and amateur stereographers
with useful rules for setting capturing parameters in order to consistently obtain high
quality 3D content. These guidelines may improve the 3D viewing experience by
eliminating effects that cause headache, nausea, and visual fatigue. As such, our work has
the potential to boost the wide adoption of 3D technology and devices such as
stereoscopic cameras and 3D displays. These guidelines can be integrated into
stereoscopic camcorders, so that a warning sign will automatically show in real time on
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the camcorder screen when the setting results in bad quality. Furthermore, we can
significantly reduce the post-processing procedures and improve the quality of the
resulting 3D images and videos if the pre-processed content is properly captured. The
horizontal disparity adjustment is justified to be simple and effective. It avoids the
window violation issue and brings important objects towards the comfort zone. Since the
disparity adjustment is performed through digital processing, it is inexpensive to
implement on the chips used in 3D camcorders. This provides high quality 3D viewing
experience in real time for preview or play back on 3D capturing devices.
The 3D visual attention model is more challenging than that of 2D due to the
presence of depth. Our 3D visual attention model proposed in Chapter 3 effectively
identifies the prominent regions in a stereoscopic 3D video frame. It can be used in
creating a 3D quality metric, where we assign more weight to distortions in the visually
important regions. A good 3D quality metric will eliminate the need of extensive
subjective tests, allow better real-time estimation of quality on capturing devices, more
effective compression, and real-time adjustment of 3D content at the receiver end.
Our proposed automatic 3D reframing approach increases the 3D viewing experience
on devices of various aspect ratios. It reduces the chance of having important objects
being cropped or located at the boundary of a frame as well as experiencing window
violation. The automatic reframing eliminates the need of high cost and labour intensive
pan and scan. The 3D content can be pre-processed for common aspect ratios or postprocessed on the fly by implementing the algorithm on chips of the 3D displays.
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The color correction algorithms proposed in Chapter 4 take advantage of the HDR
displays by showing higher contrast and more vivid colors, while avoiding annoying
color distortions. By combining 3D with HDR technology, we produce realistic videos
that resemble the real-life viewing experience. Even with conventional LDR displays, the
corrected content may bring better quality of experience by removing the color distortion
caused by saturation. Many other research areas can benefit from the color correction for
clipped pixels. Since color has been widely used in machine-based vision systems, our
algorithm may also help increase the performance of tasks such as color-based video
segmentation, object recognition, tracking, panoramic video generation, and multi-view
video processing.

5.2 Summary of Contributions
This thesis addresses three important issues on capturing and post-processing of
stereoscopic 3D content in order to improve the 3D quality of experience. More
specifically, we 1) provide capturing and disparity-adjustment guidelines for 3D images
and videos, 2) design a content-aware 3D reframing algorithm to automatically adjust
content for displays of different aspect ratios than the original stream, and 3) propose two
methods for correcting color saturation for 2D and 3D images and videos.
•

We build a 3D image and video database with the content captured using various
capturing parameters, such as the lighting conditions, distances between the
camera lenses to the closest object, to the furthest object, and to the object of
interest. Instead of using artificial lab settings as in other databases, our database
features realistic context, such as people and objects in ordinary surroundings,
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which resembles content that is actually being shown on 3D broadcasting
channels.
•

We conduct comprehensive subjective tests to determine the influence of a few
capturing parameters to the quality of 3D images and videos before and after
horizontal parallax adjustment. The subjective tests are systematically conducted
on 3D TVs and 3D mobile devices of different sizes. We quantitively evaluate the
effect of each capturing parameter and the horizontal parallax adjustment. A set of
guidelines for capturing and displaying 3D images and videos are given, based on
the findings of our subjective tests, for an improved 3D quality of experience.

•

We propose a novel and complete pipeline for smart content-aware 3D video
reframing. This solution allows us to display high quality stereoscopic content on
3D displays with different aspect ratios than the one chosen for the original
content.

•

We propose a bottom-up 3D visual attention model that identifies the prominent
regions in a stereoscopic 3D video frame. The model intelligently combines
disparity, edges, motion, luminance, and chrominance information to generate an
accurate saliency map for 3D content.

•

We develop an automatic reframing approach, which creates a bounding box for
each frame based on the saliency maps of the current frame and the neighboring
frames. Special attention is paid to avoid the important objects from being
cropped or located right at the border of the new window. In addition, the
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temporal jerkiness of the cropping window is avoided by setting a location
threshold and giving high priority to the bounding box location of the previous
frame. A temporal low-pass filter is also employed to the bounding box locations
in order to further ensure the temporal smoothness of the reframed video.
Experimental results show that our scheme is very effective and robust for a great
variety of stereoscopic video sequences. Our algorithm is computationally
efficient and easy to implement in real time.
•

We propose a fast and improved Bayesian algorithm for correcting saturation in
color images. Our method utilizes images’ strong spatial correlation in addition to
the correlations between the R, G, and B color channels. While the state-of-the-art
method have used statistics of all unsaturated pixels in an image to correct the
clipped regions, we use a dilation operation to find a surrounding area for each
clipped region in the image, and use statistics calculated based on this
surrounding region to correct a clipped region. Experimental results show that our
proposed method effectively corrects the saturated color images, and outperforms
the state-of-the-art algorithm in both objective and subjective image qualities.

•

We propose another effective method for enhancing clipped color pixels. The
method works for images as well as videos, and is suitable for correcting both 2D
and 3D content. We take advantage of the strong correlation between the chroma
of the clipped pixels and their surrounding unclipped pixels. Our method greatly
reduces the color distortion caused by clipping. It also effectively corrects the
luma of pixels in the clipped areas. Our method significantly outperforms the
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state-of-the-art algorithms based on three popular objective quality metrics.
Subjective results show that the enhanced content generated by our method is
visually more plausible than the clipped images and videos for both 2D and 3D
cases. By applying an inverse tone mapping to the enhanced content, we obtain
very plausible and realistic high-dynamic-range content that resembles the realworld scenes.

5.3 Directions for Future Work
In Chapter 2 of this thesis, we have implemented and verified a simple horizontal
parallax adjustment method, which repositions the closest object on the plane of the
display. This simple approach avoids window violation and provides decent quality of
experience. However, while all negative disparities are eliminated, the background
objects may result in too large positive disparity, which causes eye divergence. Future
work could develop a smart parallax adjustment method to achieve high quality of
viewing experience by avoiding window violation and eye divergence at the same time.
The method could incorporate the 3D visual attention model developed in Chapter 3 in
order to position the prominent part of a scene in the comfort zone [30] as well as make
necessary trade-offs based on the saliency map. The sizes and aspect ratios of 3D
displays could also be taken into consideration when developing the parallax adjustment
algorithm.
Although it is now common to use short video sequences for subjective quality tests,
using longer video sequences may offer more insightful conclusions. By doing this, the
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viewers will be able to provide more useful information about the quality of their viewing
experience, especially regarding visual fatigue.
In order to use the full display resolution and avoid viewing distortions such as video
stretching or squeezing when 3D content is viewed on displays of different aspect ratios,
we have developed an effective content-aware 3D reframing algorithm that smartly crop
the video frame, leaving the important regions in the scene. The cropping is always
performed on either the horizontal or vertical sides of a frame, depending on the original
and targeting aspect ratios. The other two sides are unchanged to retain the maximum
original content. When images and videos originally prepared for large screens are
showed on small devices, sometimes it is useful to scale the prominent regions for the
content to be well legible. This requires extending the reframing algorithm to perform
retargeting task by cropping all four sides of a frame and then scaling the remaining area.
Choosing the size and location of a small important area could be done based on the
energy distribution of the saliency maps of the current frame and the neighbouring
frames. Temporal smoothness of the bounding-box sizes and locations should be
carefully ensured as in the proposed reframing algorithm.
Another direction for future work would be developing objective quality assessment
metrics for 3D and 3D HDR content. This reduces the use of tedious subjective tests, and
is very helpful in the development of 3D and 3D HDR technologies, especially when
quality needs to be assessed in real time. A perceptually driven quality metric for 3D and
3D HDR videos can be developed based on existing quality metrics, such as [112], [113],
and HDR-VDP-2 [26].
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When displaying conventional LDR videos on HDR displays, the increase of
brightness and contrast often causes false-contour artifacts, which is also called banding
or posterization. Visible false contour lines are orthogonal to image-gradient directions,
and often appear in smooth gradient regions. These regions require more color or
intensity levels to describe them. Future work could develop methods for removing the
contour artifacts while preserving the video details for inverse-tone-mapped HDR
content. Contours may be removed by applying spatial smoothing. To effectively smooth
contour artifacts without introducing excessive blur to an image, the contour scales in
different regions need to be identified. Then, different amounts of smoothing could be
applied based on the estimated contour scales.
The scales of contours depend on factors such as the background luminance, local
contrast, spatial frequency, LDR compression method, and LDR quantization. Inversetone-mapping method affects the background luminance and local contrast of HDR
content. The increase of luminance and contrast greatly raises the eye sensitivity to
contours in the inverse-tone-mapped HDR content. As a result, inverse tone mapping
(ITM) changes the scale distributions of false contours, and should be considered in order
to accurately detect and remove the contouring artifacts in the HDR content. Falsecontour removing methods should be adaptive to various ITM curves, which has not been
considered by the existing contour-removal methods [114], [115], [116].

In addition,

future work could study the quantization artifacts introduced to the color components
when the captured analog signal is converted to digital and the R, G, B channels are
independently represented with limited bit depth. Such a problem is overlooked in all of
the existing post-processing methods. Correction of these quantization artifacts should
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result in better spatial color consistency and therefore the removal of related color
contours. One possible solution is to apply decontouring in a proper color space rather
than in the R, G, B channels separately.
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