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University of Washington
Abstract

REAL-TIME VIDEO POSTPROCESSING ALGORITHMS AND METRICS

by Wenfeng Gao

Chairperson of the Supervisory Committee: Professor Yongmin Kim

Departments of Bioengineering and Electrical Engineering

The main purpose of video postprocessing is to reduce compression artifacts, such as
blocking, ringing, and temporal noise. Many existing postprocessing algorithms either
require very high computational cost or cannot visually remove the artifacts, especially at
very low bit rates. In this research, we propose an adaptive de-blocking algorithm, a
clustering-based de-ringing algorithm, and a motion-compensated temporal filtering with
a down-sampled pattern. These algorithms can smooth out the compression artifacts
while preserving the strong edges and texture areas. In addition to effective artifact
reduction, our algorithms have low computational cost. The implementation of our de-
blocking and de-ringing algorithms on a mediaprocessor demonstrates the feasibility of
real-time video postprocessing. In addition, we have also developed new metrics to
measure the blocking artifacts in the reconstructed or postprocessed images. To validate
our algorithms and metrics, we have designed statistics-based subjective quality
assessment experiments. The experimental results confirm that our proposed

postprocessing algorithms have achieved a significant improvement over other methods



while the proposed blockiness metric is more consistent with subjective evaluation than

peak signal-to-noise ratio (PSNR).
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CHAPTER 1: INTRODUCTION

1.1 BACKGROUND AND SIGNIFICANCE

In order to reduce the transmission cost and/or save storage space, image/video
compression techniques have been widely used in many applications, including image
archiving, video conferencing, videophones, remote monitoring and control, video on

demand, internet video, wireless video, and multimedia communication.

Currently, most image/video compression standards are based on two major transform
techniques: discrete cosine transform (DCT) and discrete wavelet transform (DWT). For
still images, the DWT-based JPEG2000 [37] can outperform the DCT-based JPEG [38]
when the bit rate is very low (e.g., < 0.25 bits per pixel). However, the DCT-based
standards, such as MPEG-1 [30][31], MPEG-2 [32], MPEG-4 [35][36], and H.26x series
[40][41][42], still dominate video compression. Fig. 1-1 shows a MPEG-like DCT-based
encoding scheme. The motion estimation (ME) step estimates the motion vectors
between the current frame and its reference frame. After motion compensation, the
residual image is divided into 8x8 blocks, and each block is transformed into 64 DCT
coefficients. The quantization step reduces the resolution of the DCT coefficients so that
fewer bits can be used to represent them. Usually, the larger the quantization step size,
the higher the compression ratio. Since quantization is irreversible, it is impossible to
completely recover the original DCT coefficients after quantization. As a result, low bit
rate reconstructed video has blocking and ringing artifacts. Blocking artifacts arise from
the independent coding of each NxN (e.g., N=8) block, and they appear as false
horizontal and vertical edges along block boundaries. Ringing artifacts come from the
loss of high frequency details. In still images, ringing artifacts appear as spurious

oscillations in the vicinity of major edges [73]. Ringing artifacts in video signals are also
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Figure 1-1. Example of DCT-based coding scheme.

called mosquito noise because they appear as moving ripples and swarm around sharp
edges [43]. |

Figure 1-2 shows an example of blocking and ringing artifacts. Figure 1-2(a) is the
original FOREMAN image while Fig. 1-2(b) is its reconstructed image compressed at
quality=5 via cjpeg [82]. We can easily observe severe blocking artifacts around the
relatively homogeneous areas, such as face and walls. Ringing artifacts are not so
obvious as blocking artifacts. However, if we look carefully at those sharp edges, we can

see many perturbations around them.

In addition to blocking and ringing artifacts, videos involve temporal noise as well.
Temporal noise in decoded videos is usually caused by interframe abrupt changes. It can
be more annoying than spatial noise because it makes video look “busy.” As an example,

Fig. 1-3 shows the pixel value at a fixed location (104, 312) over different frames. The



solid line and the dashed line represent the pixel values extracted from the original and
the reconstructed FOREMAN sequences, respectively. It is clear that the pixel value in
the original FOREMAN sequence usually changes smoothly over frames (except a few

frames with scene changes) while more abrupt changes appear after compression.

(2) (b)

Figure 1-2. The original and reconstructed FOREMAN images. (a) The original
FOREMAN image and (b) the reconstructed FOREMAN image compressed at
quality=5 via cjpeg.

260 — . ; .
240
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T 160 —  Original
a a0l L Reconstructed
120
100
804 50 100 150 200

Frame Number

Figure 1-3. Pixel value at (104, 312) over different frames.



The main purpose of video postprocessing is to remove/reduce these compression
artifacts. Many postprocessing algorithms have been proposed. Most of them require
very high computational cost. For real-time video postprocessing, noniterative
algorithms with low computational cost would be desirable. However, the results of
many current noniterative algorithms are not satisfactory, especially at very low bit rates.
Therefore, we believe that there is a clear need for postprocessing algorithms with both

low computational cost and good artifact-reduction ability.

The focus of the presented research work is to develop noniterative algorithms, which can
effectively remove compression artifacts and can be implemented on inexpensive
processors for real-time video postprocessing. To achieve this goal, we propose the

following specific aims:
1) De-blocking algorithm.

The noniterative de-blocking algorithms we have found in published work cannot
effectively remove the blocking artifacts in highly compressed images. Some of them
introduce new artifacts (blurring strong edges and textures). We aim to provide a
noniterative algorithm that can visually remove the blocking artifacts and keep the

strong edges and textures untouched.
2) Blockiness metric.

Many authors are still using peak signal-to-noise ratio (PSNR) or mean square error
(MSE) to measure blocking artifacts although they are poor indicators. We aim to
establish an objective blockiness metric that is more consistent with subjective

evaluation than PSNR/MSE.



3)

4)

5)

6)

De-ringing algorithm.

Ringing artifacts are only noticeable in blocks with strong edges. We aim to develop
a de-ringing algorithm that can smooth out the small perturbations while keeping the

strong edges.
Implementation on mediaprocessors

Our proposed de-blocking and de-ringing algorithms should be implementable on

mediaprocessors for real-time de-blocking and de-ringing.
Temporal filtering algorithm.

Temporal filtering has been widely used in video preprocessing. In this study, we

will apply it in video postprocessing to remove the interframe artifacts.
Algorithm validation.

The proposed postprocessing algorithms will be validated by subjective quality

assessment experiments.

Figure 1-4 shows the diagram of our proposed video postprocessing system. The input is

the decoded video sequence. The semaphore extraction part is the control unit of the

system. Semaphore is a binary marker. The extracted blocking semaphores and ringing

semaphores determine which blocks are going to be de-blocked and/or de-ringed. After

the selective de-blocking and de-ringing, temporal filtering is applied to reduce the

interframe noise. The final output is the postprocessed video sequence.



Selective
de-blocking

Blocking A

semaphore  :
Semaphore 0000008000000 008 00
extraction

Decoded video >
sequence

Ringing  :

semaphore &
Vv
Postprocessed Selective
video sequence |€—] Tfi?e]ﬁﬁrgal <4— de-ringing

Figure 1-4. Diagram of proposed video postprocessing system.

1.2 THESIS ORGANIZATION

Chapter 2 describes the adaptive de-blocking algorithm and the objective blockiness
metric.  Chapter 3 explains the de-ringing algorithm. Chapter 4 presents the
implementation of de-blocking and de-ringing on a mediaprocessor called MAP-CA.
The temporal filtering scheme is studied in Chapter 5. Chapter 6 presents the algorithm
validation methodology. Finally, in Chapter 7, the conclusions of our research are

provided with a discussion of future directions.
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CHAPTER 2: A DE-BLOCKING ALGORITHM AND A BLOCKINESS METRIC

2.1 INTRODUCTION

The block-based discrete cosine transform (BDCT) has been adopted in most
image/video compression standards, including JPEG [38], MPEG [34], and H.26L [42],
because it has three main advantages: 1) good energy compaction property; 2) low
computational cost; and 3) easy hardware implementation [45]. For the low bit-rate
video coded by BDCT, the high-frequency DCT coefficients tend to be removed because
they are coarsely quantized. Since each NxN (e.g., N=8) block is coded independently,
the reconstructed image can generate discontinuities along block boundaries, commonly
referred to as blocking artifacts. Usually, the lower the bit rate, the more severe the

blocking artifacts.

Many algorithms have been proposed for reducing the blocking artifacts. These
algorithms can be generally grouped into two major categories. One is to use different
encoding schemes, such as the interleaved block transform [19][77], the lapped transform
[28][66][67], and the combined transform [103]. The other is to postprocess the
reconstructed images [74][76][84][97][102]. Since the postprocessing techniques do not
require changes to the existing standards, they are more practical solutions. A popular
de-blocking method is the projection onto convéx sets (POCS) proposed by Zakhor
[102]. The basic idea is to represent every known property of an original image by a
closed convex set. Since the original image is located within the intersection of all the
closed convex sets, the goal of this iterative algorithm is to find an image that is also
located within this intersection by alternating projections onto each closed convex set.

Some other de-blocking algorithms are statistics-based. O’Rourke and Stevenson [74]



proposed using the maximum a posteriori probability of the desired image given the
decompressed image. Yang et al. [97] converted the blocking artifacts into some penalty
using a cost function. Then, the task of de-blocking becomes how to minimize the cost
function. The major disadvantage of these methods is their computational complexity.
One application area of de-blocking algorithms is real-time low bit-rate video decoding,
where noniterative de-blocking algorithms with low computational complexity would be

desirable.

To reduce the computational cost of de-blocking, Shen and Kuo [84] proposed using a
lookup table method. Park and Lee [76] used the DCT coefficients from the compressed
data to extract the semaphores for blocking artifacts. Then, they applied a one-
dimensional (1-D) low-pass filter to reduce the blocking artifacts both horizontally and
vertically. These noniterative algorithms are computationally more efficient, but they
have a common disadvantage in that only a few pixels around the block boundary are
smoothed after de-blocking. For highly compressed images, several connected blocks
can have the same gray value, and thus the blocking artifacts appear as the discontinuity
between two uniform regions. As a result, smoothing a.few pixels around the block
boundary is, in many cases, not enough to reduce the blocking artifacts visually. In this
chapter, we propose an adaptive de-blocking algorithm. This algorithm first identifies
those block pairs that need de-blocking. Then, it uses the number of connected blocks in
a relatively homogeneous region, the magnitude of abrupt changes across block

boundaries, and the quantization step size of DCT coefficients to adapt the filtering.

In addition, it is well known that the common image quality metrics, such as PSNR and
MSE, have a poor predictive value on the degree of blocking artifacts. Thus, it would be

desirable to establish a new metric that is more robust and can better correlate blocking



artifacts with its value. Several metrics have been proposed to measure blocking artifacts
[48][60][70][87][92][94][101].  Karunasekera and Kingsbury [48] used the edge
information in the error image to measure the blocking artifacts in the reconstructed
images. This metric requires the original image, which might not be available at the
decoding end. Liu et al. [60] used the slope information between two neighboring pixels
to define the blocking and blurring degrees. However, the blocking and blurring
strengths of the postprocessed images depend on the availability of the original image.
Wu and Yuen [94] proposed a generalized block-edge impairment metric (GBIM)
without the original image. The basic idea is to count the difference between columns
(8n+1) and (8n) as the blocking artifacts. In general, it works for the reconstructed
images. On the other hand, it may count strong edges as blocking artifacts and could lead
to erroneous results because the original discontinuities along the block boundaries may
shift to a new location after postprocessing. In this chapter, based on the frequency
analysis of two neighboring blocks with blocking artifacts, we propose a new blocking
artifact metric that can be applied to not only evaluating the reconstructed images, but

also comparing the postprocessed images by different algorithms.

In the remainder of this chapter, Section2.2 describes the adaptive de-blocking
algorithm, while Section 2.3 explains the new blocking metric in detail. The simulation
results are presented and discussed in Section 2.4. Finally, we summarize our

conclusions in Section 2.5.

2.2 ALGORITHM

Our proposed algorithm consists of two steps: blocking semaphore extraction and de-

blocking.
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2.2.1 BLOCKING SEMAPHORE EXTRACTION

Blocking semaphore extraction is an important part in postprocessing because
unnecessary de-blocking can blur the edges and texture areas and can also increase the
computational cost. A good semaphore extraction algorithm only identifies those blocks
that actually need de-blocking. Since the blocking artifacts in the texture and edge areas
could be concealed by the textures and edges, our algorithm is to find those blocks
located at the boundary of two different relatively homogeneous regions, where blocking
artifacts are most noticeable. Here, we only explain how to extract semaphores for

horizontal de-blocking because vertical de-blocking is similar to horizontal de-blocking.

Block boundary

A B |G |o, B |F |G |m e— Fost

: Current block :
] ]

= Rightblock u

A, B, G D,

E; F; G, H, < Last

Figure 2-1. Current and right blocks in determining horizontal de-blocking
semaphores.

Figure 2-1 shows a pair of 8x8 blocks, which consists of the current block and its right
block. Basically, we look for those pairs of blocks that have relatively homogeneous
pixel values in the direction perpendicular to the block boundary, while simultaneously
exhibiting a discontinuity at the boundary. (Ao, By, Co, Do) and (A7, B7, C7, D7) represent
the right four pixels of the first and last row of the current block, respectively, while (Eq,
Fo, Go, Ho) and (E4, F7, Gy, H7) represent the left four pixels of the first and last row of
the right block, respectively. Since there usually exists a high spatial correlation in a

local image region, in this semaphore extraction step, we assume that the homogeneity of
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the first and last rows can generally represent that of all eight rows. The algorithm to

extract horizontal de-blocking semaphores is as follows.

(1) Compute the maximum variation (MV) of Ay, Bo, Co, and Dy in Fig. 2-1 from

> >

Co - teol, Do - teol},

where 1o is the mean value of Ay, By, Cyp, and Dy. Similarly, compute the

their DC component using MV, y = max{|Ao - ticol, [Bo - o

maximum variation (MV,g) of Ey, Fo, Gy, and Hy.

(2) Find the abrupt change of the first row between the current block and its right
block: Ao = IE() — Dol

(3) Calculate the maximum variation (MV,; and MV,,) and abrupt change (4,) of the

last row in a similar way.

(4) Finally, the maximum variation values (MV,g, MV,y, MV.7, and MV,7) and abrupt
changes (4yp and 4;) are used to determine whether this block suffers from
blocking effect. If max{MV.o, MV, MV,7, MV,7} <k * max{4y 47} and max{4,,
A7} < Teqge, then we mark this block pair for de-blocking. The first constraint
excludes the block pairs with textures or edges. Here, £ is set to 0.5. If the
variation within a block is comparable to or even bigger than the boundary
difference, then the abrupt change across the boundary would not be observable,
so no de-blocking is applied. The first constraint also excludes pairs of two
neighboring blocks with the same gray value to save the computational cost. We
set a threshold T4 in the second constraint to exclude the possibility of
considering some strong edges exactly located at the block boundary as blocking
artifacts. Tegqe 1s set to 2*QP, where QP is the quantization parameter of H.263
[18]. This is because the abrupt change in pixel values caused by quantization
cannot exceed twice the quantization step size ¢ in the pixel domain and ¢ can be

approximated by the quantization step size QP in the DCT domain [69].
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2.2.2 DE-BLOCKING

The de-blocking algorithm is only applied to those block pairs identified in the
semaphore extraction step. For highly compressed images, blocking artifacts can appear
as strong discontinuities between two different uniform regions. In this case, smoothing
only a few pixels around the block boundary cannot visually remove the blocking
artifacts. Here, we propose an adaptive de-blocking algorithm. The basic idea is that the
number of pixels to be updated is related to the magnitude of the abrupt change (4) and
the number of connected homogeneous blocks on both sides of the block boundary. The
detailed algorithm for horizontal de-blocking is given as follows (vertical de-blocking

can be easily derived by symmetry).

(1) Count the number of connected homogeneous blocks that are located left to
the boundary (N;) using the following algorithm. Here, we label the current
block as LEFT), its first neighbor to the left as LEFT), its second neighbor to
the left as LEFT,, and so on. Also, we use the same notation as in Fig. 1 in

referring to the pixels of any block pair.

Initialize a temporary counter i = 1;

Form a block pair {LEFT;, LEFT..,};

While (Ay=B¢=Cy=Dy=E¢) and (A7=B;=C;=D+=E) and (i < N._max) {
i=i+1;

Form a new block pair {LEFT;, LEFT,};
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The loop can be iterated up to N,_max = ceil(2*QP/N), where N is the block
width (e.g., N=8) and ceil means that if the fraction part is nonzero, it is
rounded up to the next integer. N, max is the number of blocks necessary to
disperse any abrupt change (which is assumed to be < 2*QP as explained in
Section II-A) in the most gradual fashion (i.e., one gray-level value change

between two consecutive pixels).

(2) Count the number of homogeneous blocks that are located right to the

boundary (N,) using a similar algorithm as in (1).

(3) For each row, apply a boxcar filter (i.e., an FIR filter where all coefficients are
equal to 1) to min{4, min{N,, N,} *N} pixels distributed symmetrically around
the block boundary. The length of the filter is also given by the same formula,
i.e., min{4, min{N,, N,} *N}.

2.3 ANEW BLOCKING ARTIFACT METRIC

This section describes a new blocking artifact metric to be used in evaluating the
reconstructed 1images and comparing the images postprocessed by different de-blocking
algorithms. The metric is derived from the 2N-point 1D DCT coefficients of a typical
block pair with blocking artifacts. Since vertical blocking artifacts are similar to
horizontal blocking artifacts, we only explain how to analyze and measure the horizontal
blocking artifacts. The final blocking artifact value (BAV) is the average of horizontal
BAV (BAVy) and vertical BAV (BAV,).

2.3.1 FREQUENCY ANALYSIS OF BLOCKING ARTIFACTS
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Figure 2-2 gives an example of two neighboring blocks forming a horizontal blocking
artifact. Each of these two blocks has uniform pixel values and an abrupt change occurs
across the block boundary. To be uniform within each block implies that the N-point
horizontal 1-D DCT coefficients of each block are all zeros except the DC component
(frequency index £=0). If we look at the horizontal 2N-point DCT coefficients of the two
blocks combined, the abrupt change in the block boundary results in some nonzero high-
frequency coefficients. Figure 2-3 shows the combined 2N-point (N=8) 1-D sequence
z(n), 0 < n < 2N, which is obtained by concatenating the N points from one row of the

current block, x(m), 0 < m < N, and the N points from the same row of the right block,

_ | x(n) 0<n<N
z(m) = {y(n _N) N<n<2N 1)
X () = @)y x(n)cos @2)
() = @)Y ) cosl ) 2.3
1
N | P @4
\[_7:_ k#0
N
2N-1
Z(k) = %a(k) ;Eo z(n)cos[%]
’——1~[X(E)+(—1)k / 2Y(f)] k=0,2,4,.,2N—-2
\/5 5 ) =V, 4,4,..., -
A4 e : ]\1[)/«7;] 2.5)
:/—Ea(k) z Qn+Vkxr 7
L n=0 4 y(n)cos[T+kE]} k=13,5,.,2N -1
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y(m), 0 <m < N. The procedure to derive Z(k), 0 < k < 2N, the 2N-point DCT transform
of z(n), is given in Egs. (2.1)-(2.5).

< N pixels > < N pixels >

plxe: vaile Npixels

“y

Figure 2-2. Example of blocking artifacts.

x(0)[x(1) x(2)xB)x(4) [x(5) [x(O) x (TR (O) |y (D [y(2) [y B) [y(4) [y(D) |y () [y(7)

Figure 2-3. Combined 1-D sequence z(n).

Eq. (2.5) shows that the even DCT coefficients Z(k) can be directly derived from X(4/2)
and Y(k/2). The odd DCT coefficients Z(k) are a weighted summation of x(m) and y(m).
If we assume that x(m) has a value of a and y(m) has a value of b as shown in Fig. 2-2,

then the DCT coefficients Z(k) can be explicitly written as Eq. (2.6).

Figure 2-4 shows the DCT coefficients Z(k), where a and b are chosen as 80 and 100,
respectively. In order to more clearly see the high-frequency components, the DC
component was scaled down by four in Fig. 2-4. As stated in Eq. (2.6), all of the even
DCT coefficients are zeros (except k=0). The odd DCT coefficients are proportional to

the difference (a-b) with the magnitude almost inversely proportional to frequency .
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because sin(k7/4N) can be approximated by k#/4N (when k774N is small). The above
analysis suggests that Z(1) can be a good indicator for the strength of blocking artifacts
because it is proportional to the abrupt change between x(m) and y(m), and it has the

largest amplitude of all the non-DC coefficients.

Eq. (2.6) is derived based on the assumption that the N points within each block have the

same pixel value (a or b). When the compression is not so high or noise is introduced,

100

DCT Z(K)

10 15
Frequency &k

Figure 2-4. DCT coefficients of z(n) where x(n)=80 and y(n)=100.

\/—g(a+b) k=0

Z(k)=< 0 k :294’69""2N_2 (2.6)

k-1

N
Mkﬂ k=13,5,..,2N -1
2N sin 2%
L AN
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there could be some small variation within each block. In this case, z(n) can be modeled

as Eq. (2.7).

a+A,(n) A,(m)|<T, Nz_:lAa(n)=0 0<n<N
z(n) = ”;0_1 2.7
b+A,(n—N) A, (n=N)|<T, D A(m=0 N<n<2N

where a and b are the N-point mean values of x(m) and y(m), respectively, and A,(m) and
Ap(m) represent the small variation (0 < m < N). T, and T, are the upper limits of Ay(m)

and Ay(m), respectively. Also, we should note the two implicit conditions in Eq. (2.7),

N-1 N-1
which are Y A,(m)=0 and > A,(m)=0 since a and b are defined as mean values.
m=0 m=0

Plugging Eq. (2.7) into Eq. (2.5) and setting k=1, we have

-b 1 A Cm+h)r 1 M {(2m+1)7c ;z]
Z(l)=—>2 A, + A METOT L 28
@ - +\/7V_n§0 (m)cos v WEO »(m)co W (2.8)
Y

The first term of Eq. (2.8), hereinafter called Z, ,(1), is the contribution of the abrupt
change (a-b) to Z(1). The second term, hereinafter called Z, (1), represents the
contribution of A,(m) while the last term, hereinafter called Z,,(1), comes from the

contribution of A, (m).

Since cos

2m+1)
4

T decreases with m (0 < m < N), it can be proven that |Z ,, ()| reaches

its maximum if and only if A (m) is given as either
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T, 0_<.m<—]2\£
Ay (m) =
-T,, —<m<N
2
or
-T,, OSm<%
A, (m) =
I,, —<m<N
2

So, we have the upper bound on |Z Aa (1)[ as

N
1|2 Cm+)r N
Zy, O s—| ¥ T, 0822 ¥ T
| Aa( )| \/—]V mz=0 a COS AN ZN a €0

m=—

2

Eq. (2.10) can be simplified as

| Z,, (1)| < _(_\/_5_:_1_)_7_;_
24/N sin .
4N

Similarly, we can prove that

(2 -1,

MU L
2+ N sin——
4N

Cm+ )z

2.9)

(2.10)

2.11)

2.12)
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Based on Eqgs. (2.11) and (2.12), the total contribution of A,(m) and A,(m) is limited
by Eq. (2.13).

(V2 -1)T, +T,)

lZAa H+Z,, (1)| = TN ein "
24N sin—-
S AN

2.13)

Therefore, we can conclude from Eqs. (2.8) and (2.13) that the contributions of A ,(m)

and A (m) can be ignored when the following condition is met:

la—b|>> (V2 ~ 1T, +T;) (2.14)

Eq. (2.14) shows that when the small variation within each block is far less than the
difference between DC components, Z(1) is a good indicator for the strength of blocking
artifacts. The threshold for “>>” should be set such that the second and the third terms in
Eq. (2.8) become negligible compared to the first term. Note that Eq. (2.14) is always
satisfied in the case of two uniform (7,=7,=0) blocks with an abrupt change across their

boundary.

2.3.2 PROPOSED BLOCKING ARTIFACT METRIC FOR RECONSTRUCTED IMAGES

Based on the above frequency analysis of blocking artifacts, we propose the blocking

artifact metric for the reconstructed images as follows:

1) Find those horizontal block pairs z(n) satisfying Eq. (2.14).
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2) If |a-b| > 2*QP, do not process this block pair since the boundary must

contain a strong edge.

3) For all those horizontal block pairs left after 2), compute their first DCT
coefficient Z,(1), which reflects the strength of blocking artifacts.

4) The horizontal blocking artifact value (BAVy,) is given by Eq. (2.15)

2
WA
N S
image _size

BAV, =24/N sin(z /4N) (2.15)

where image size is the product of width and height of the image. To

evaluate BAV in images of different sizes, we should normalize the
summation by image_size. 24/N sin(z/4N) is a constant that appears in the

denominator of Z(1) in Eq. (6) and is equal to 0.554 for N=8. Since it is only

a scaling factor, it does not affect the relative BAV results between images.

5) Compute the vertical blocking artifact value (BAV,) in a similar way. The
BAYV of the whole image is the average of BAVy, and BAV,. The bigger the

result, the worse the blocking artifacts.

2.3.3 PROPOSED BLOCKING ARTIFACT METRIC FOR POSTPROCESSED IMAGES

The metric introduced in Section 2.3.2 assumes that the blocking artifacts mainly come
from those block pairs that satisfy Eq. (2.14). This is generally true for the reconstructed
image because blocking artifacts in the reconstructed image usually involve two
neighboring homogveneous blocks with abrupt changes at the boundary. However, after
postprocessing, the pixels within each block are no longer homogeneous in most cases.

To evaluate the blocking artifacts in such postprocessed images, we propose to use the
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reconstructed image as the reference image. The reconstructed image, which is already
available at the decoding/postprocessing end, is used to extract those block pairs with
blocking artifacts. Since the increased variation within each block can significantly
reduce the visibility of blocking artifacts, the blocking artifact value of postprocessed
blocks should decfease as (T,+Ts)/|a-b| increases. The blocking artifact metric to

compare the postprocessed images is as follows:

1) Use the reconstructed image to find those horizontal block pairs satisfying Eq.
(2.14).

2) Strong edges are excluded if |a-b| > 2*QP is met.

3) For all those horizontal block pairs left after 2), compute Z(1) and its weight
w; for all the postprocessed images from the same reconstructed image. The
weight w; is given by Eq. (2.16). If the variation within each block is small
compared to the DC difference, then the weight is bigger. On the contrary, if

the variation is comparatively big, then the weight is small.

max{l - (ﬁ —DTa +73) , 0} a#b

w; = la—b| (2.16)
0 a=b
4) The horizontal blocking artifact value (BAVy) is given by Eq. (2.17):
Z Wi Z 1'2 (1)
BAV;, = 24/N sin(z /4N )| —-——— (2.17)

image _size
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5) Similarly, the BAV of the whole image is the average of BAVy, and BAV,.
The smaller, the better.

Note that the metric to compute the BAV of the reconstructed images (Section 2.3.2) can
be considered as a special case of the metric for the postprocessed images, where

T,=T,=0 and hence w=1.

2.4 EXPERIMENTAL RESULTS AND DISCUSSION

Our proposed de-blocking algorithm and blocking artifact metric have been tested with
several still images and images from video sequences. Figure 2-5 shows six test images:
“LENA,” “BARBARA,” “MANDRILL,” “FOREMAN,” “TENNIS,” and “GARDEN.”
“LENA” and “FOREMAN” have many smooth areas while “BARBARA,”
“MANDRILL,” and “GARDEN” include a lot of high-frequency textures. In addition to
smooth areas and textures, “TENNIS” includes some artificial strong edges, which we
intentionally introduced at the block boundaries. In addition, we fixed the value of QP at
16 for all the images in the experiment because the results of our proposed algorithm and

metric are not sensitive to OP.



23

(2) (b) (c)

(d © ®

Figure 2-5. Test images in our experiments. (a) “LENA” (512x512).
(b) “BARBARA?” (512x512). (c) “MANDRILL” (512x480).
(d) “FOREMAN?” (352x288). (¢) “TENNIS” (352x288). (f) “GARDEN” (352x240).

2.4.1 RESULTS OF ADAPTIVE DE-BLOCKING

Figure 2-6 shows the de-blocked results on “LENA”. Figure 2-6(a) shows the
reconstructed JPEG-compressed image at quality=1 via cjpeg. Figure 2-6(b) is the result
after de-blocking by using the Park and Lee’s algorithms (PL) [76]. Figure 2-6(c) shows
the result by using the Shen and Kuo’s algorithm (SK) [84]. Figure 2-6(d) presents the
result from our de-blocking algorithm. As shown in Fig. 2-6, the PL and SK algorithms
can reduce the blocking artifacts by smoothing a few pixels around the block boundary.
However, after de-blocking, we can still find the discontinuous patches around the

shoulder, face, and hat areas. In contrast, the image by our de-blocking algorithm looks
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smoother. This is mainly because the number of pixels to be updated and the filter length
in our proposed algorithm are adaptive to the number of connected blocks in a relatively

homogeneous region.

(b)

(©) ()

Figure 2-6. The de-blocked results on “LENA” image. (a) The reconstructed
“LENA” at quality=1 via cjpeg. (b) Result by the PL algorithm. (¢) Result by the
SK algorithm. (d) Result by the proposed algorithm.

Figure 2-7 compares the number of blocks extracted for horizontal and vertical de-
blocking by each algorithm. The black areas represent those blocks extracted to be de-
blocked while the gray areas are not processed. The PL algorithm and SK algorithm
marked about 90% (3,501 horizontal blocks and 3,841 vertical blocks) and 80% (2,900
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horizontal blocks and 3,522 vertical blocks) for de-blocking, respectively. While most of
marked blocks by the PL and SK algorithms are located within the same uniform region
as their neighboring blocks, our algorithm only extracts those block pairs that are located
in the boundary of two different regions. As a result, only about 13% (603 horizontal
blocks and 476 vertical blocks) blocks are identified, which greatly reduces the
computational cost in de-blocking. To save computational cost further, our semaphore
extraction algorithm uses 2 rows/columns to approximate the whole block. Compared to
the results by using all 8 rows/columns, more than 95% of the extracted blocks (averaged
over 24 images) are the same. Also, the PSNR difference between the de-blocked results
is less than 0.01 dB.

Figure 2-8 compares the results of the same algorithms on “BARBARA.” Figure 2-8(a)
shows the reconstructed JPEG-compressed image at quality=10 via cjpeg. Figures 2-
8(b), (c), and (d) show the de-blocked results by PL, SK, and our de-blocking algorithm,
respectively. Since “BARBARA” has many high-frequency textures, we do not wish to
blur them via de-blocking. Compared to the SK and our proposed algorithms, the PL
algorithm blurs the textures around the tablecloth, hanging scarf, shin areas, etc. Our
semaphore extraction algorithm is based on the relationship between the maximum
variation in each block and the abrupt change along the block boundary. Since the
maximum variation inside texture blocks is usually comparable to or even greater than
the difference between boundary pixels, these blocks are not marked for de-blocking. In
addition, our results look smoother than the others in the floor areas, where the blocking

artifacts are quite noticeable.

The results on “TENNIS” are given in Fig. 2-9 for evaluating the ability of preserving the

strong edges. Figure 2-9(a) shows the reconstructed JPEG-compressed image at
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quality=10 via cjpeg. Since the edges are exactly located along the block boundary in the
original image, the reconstructed image still keeps them. Figures 2-9(b) and (c) show the
results de-blocked by the PL and SK algorithms. Both of them have blurred the strong
edges after de-blocking. In contrast, our proposed algorithm does not touch the edges
because the abrupt change is bigger than 2*QP, which means that they are not resulting
from blocking effect [69]. We can also observe that our algorithm outperforms the others

in de-blocking the playground areas.

(@ (e) ®

Figure 2-7. Comparison of extracted semaphores (black represents the marked
areas for de-blocking). (a) Horizontal semaphores by the PL algorithm (3,501).
(b) Horizontal semaphores by the SK algorithm (2,900). (¢) Horizontal
semaphores by the proposed algorithm (603). (d) Vertical semaphores by the PL
algorithm (3,841). (e) Vertical semaphores by the SK algorithm (3,522). (f)
Vertical semaphores by the proposed algorithm (476).
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(b)

(© (d)

Figure 2-8. The de-blocked results on “BARBARA?” image. (a) The
reconstructed “BARBARA” at quality=10 via cjpeg. (b) Result by the PL
algorithm. (c) Result by the SK algorithm. (d) Result by the proposed
algorithm.

The test results of the six images are summarized in Table 2-1 for four different
compression qualities (quality 100 means the original image and quality 1 means the
worst case). The 24 reconstructed images were de-blocked by the PL, SK, and proposed
algorithms. In addition to the BAV, Table 2-1 also gives the PSNR of each
postprocessed image for comparison. According to our proposed blocking artifact metric
introduced in Section 2.3.3, our de-blocking algorithm achieves the best results in all

cases. In addition, we should mention that our de-blocking algorithm did not process the



28

blocks with strong edges and textures because if needed, those blocks can be processed

by de-ringing algorithms [1][3][29][88] to smooth out the perturbations around the edges,

which is included in Chapter 3.

(b)

(© (d)

Figure 2-9. The de-blocked results on “TENNIS” image. (a) The reconstructed
“TENNIS” at quality=10 via cjpeg. (b) Result by the PL algorithm. (c) Result
by the SK algorithm. (d) Result by the proposed algorithm.
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Table 2-1. PSNR and BAV of the reconstructed images and the postprocessed
images by the PL, SK, and proposed algorithms.

Reconstructed PL SK Proposed
PSNR | BAV | PSNR | BAV | PSNR | BAV | PSNR | BAV
(dB) (dB) (dB) (dB)

LENA Q=25| 3252 | 045 | 3236 | 032 | 3259 | 0.32 | 32.46 | 0.29
Q=10 29.57 | 1.42 | 29.72 | 1.03 | 29.77 | 1.03 | 29.82 | 0.86
Q=5 | 26.78 | 2.56 | 2722 | 1.85 | 27.19 | 1.81 | 27.24 | 143
=1 | 24.11 | 4.14 | 24.88 | 3.05 | 24.79 | 2.76 | 24.66 | 2.41
BARBARA | =251 2931 | 033 | 28.36 | 0.24 | 29.33 | 0.24 | 29.26 | 0.22
Q=10 25.70 | 1.22 | 2522 | 0.90 | 25.76 | 0.89 | 25.77 | 0.79
Q=5 | 23.86 | 2.51 | 2374 | 1.88 | 24.07 | 1.85 | 24.09 | 1.57
=1 | 22.10 | 4.66 | 22.46 | 3.48 | 22.68 | 3.15 | 2249 | 2.82
MANDRILL | =25 | 2555 | 0.11 | 25.41 | 0.07 | 25.54 | 0.08 | 25.51 | 0.07
Q=10 | 23.13 | 0.87 | 23.01 | 0.62 | 23.15 | 0.63 | 23.14 | 0.55
Q=5 | 21.29 | 2.27 | 2131 | 1.57 | 21.37 | 1.53 | 21.36 | 1.34
Q=1 | 19.73 | 4.76 | 20.02 | 3.15 | 20.03 | 2.84 | 19.90 | 2.61
FOREMAN | Q=25 32.71 | 0.40 | 32.69 | 0.27 | 32.78 | 0.28 | 32.66 | 0.26
Q=10 | 29.48 | 1.31 | 29.76 | 0.94 | 29.65 | 0.93 | 29.73 | 0.79
Q=5 | 2658 | 2.51 | 27.04 | 1.81 | 26.96 | 1.76 | 27.03 | 1.49
Q=1 | 23.61 | 479 | 24.65 | 3.53 | 24.52 | 3.15 | 2423 | 2.73
TENNIS | Q=25 | 31.19 | 0.40 | 30.06 | 0.34 | 30.41 | 0.32 | 31.21 | 0.28
Q=10 27.32 | 1.00 | 26.67 | 0.77 | 26.99 | 0.73 | 27.39 | 0.67
Q=5 | 2421 | 1.65 | 24.03 | 1.18 | 24.14 | 1.16 | 2433 | 0.99
=1 | 21.76 | 3.21 | 21.86 | 2.23 | 21.87 | 2.10 | 21.75 | 2.02
GARDEN | =25 | 24.69 | 0.25 | 24.51 | 0.19 | 24.69 | 0.20 | 24.68 | 0.18
Q=10 | 21.82 | 1.01 | 21.70 | 0.74 | 21.84 | 0.74 | 21.84 | 0.64
Q=5 | 20.06 | 2.21 | 20.00 | 1.61 | 20.13 | 1.57 | 20.12 | 1.37
Q=1 | 1853 | 4.07 | 18.66 | 2.81 | 18.71 | 2.54 | 18.67 | 2.24




30

2.4.2 RESULTS OF PROPOSED BLOCKING ARTIFACT METRIC

As stated in Eq. (2.14), the first DCT coefficient represents the strength of blocking
artifacts when the abrupt change is far greater (>>) than the variation inside each block.
In this simulation, only those block pairs with 7,=7,=0 and |a-b[>0 are included in BAV
computation [in Steps 2.3.2 (1) and 2.3.3(1)] so that Eq. (2.14) is always satisfied. Table
2-1 shows the BAV and PSNR of the reconstructed images and postprocessed images by
different algorithms. From Table 2-1, as the compression quality decreases from 25 to
10, 5, and 1, the BAV of each reconstructed image increases significantly. Since
“MANDRILL” is rich with high-frequency textures, its blocking artifacts at quality 25
are hardly visible. As the compression quality decreases from 25 to 1, many high-
frequency components in the comparatively smooth areas (e.g., areas around the nose)
are removed. As a result, the BAV increases sharply by more than 40 times. Similar
results are observed in the texture-rich “BARBARA” and “GARDEN” images. “LENA”
and “FOREMAN?”, on the contrary, have many smooth areas. Their blocking artifacts at
quality 25 are visible. As the quality decreases, the blocking artifacts become more
severe. “TENNIS” has some manually added strong edges in the top and bottom areas.
However, these strong edges were not counted as blocking artifacts because the edges are
stronger than 2*QP. In addition, the BAV of each original image (reconstructed at
quality = 100) is zero except “FOREMAN”, which has a BAV of 0.04. This is because a
few uniform block pairs with weak edges around the top of the white hat area in
“FOREMAN” were counted as blocking artifacts while no such uniform block pairs were

detected in the other five original images.

As shown in Table 2-1, the PSNR of the postprocessed images by the PL, SK, and our

de-blocking algorithms is quite similar except for “TENNIS”, where the SK and PL
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algorithms get much worse results because they blur the manually added strong edges. In
general, the PSNR of the postprocessed images is equal to or a little better than that of the
corresponding reconstructed image. However, we do find several cases where the PSNR
of the postprocessed image is even worse than that of the reconstructed image. If we
used the PSNR as an indicator of blocking artifacts, the decreased PSNR would imply
that blocking artifacts have become more severe after postprocessing, which obviously
contradicts our subjective assessment. By applying our proposed blocking artifact
metric, the BAV of each postprocessed image has been reduced by 20%~45% over that
of the ‘reconstructed image. Figure 2-10 compares the BAV of each reconstructed image
and its postprocessed images. In terms of BAV, all of the postprocessed images are
better than the reconstructed image and our proposed algorithm achieves significant
improvement over the PL and SK algorithms, which is consistent with our subjective

assessment.

As shown in Fig. 2-6, the postprocessed “LENA” images by the PL and SK algorithms
still look blocky in the shoulder, hat, and face areas. However, their PSNRs are a little
better than ours. By applying our proposed blocking artifact metric, the BAV of our
result is about 20% less than that of the PL-processed image and 10% less than that of the
SK-processed image. We should mention that the 10% or 20% improvement is the
average value over the entire image while this improvement can be quite large in some
local areas. As an example, Fig. 2-11 compares the results in a shoulder area where the
BAVs of the reconstructed image, the PL result, and the SK result are 156%, 80%, and

60% larger than that of ours, respectively.
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Also, BAV can be presented in horizontal (BAV}) and vertical (BAV,) directions
separately. For the images in Fig. 2-11(a) ~ 11(d), their horizontal BAV and vertical
BAV (BAV,, BAV,) are (5.54, 4.04), (4.12, 2.62), (3.70, 2.31), and (2.38, 1.36),
respectively. The bigger BAV), indicates that the horizontal direction has more blocking
artifacts. After counting the number of block pairs with blocking artifacts in different
directions, we found that the reconstructed image in Fig. 2-11(a) has 47 horizontal block

pairs and only 25 vertical block pairs, which leads to the difference in BAV}, and BAV,.

It is worth mentioning that although both BAV and blocking artifact semaphores are
indicators of blockiness, they are different. Blocking artifact semaphores provide the
position information on where blocking artifacts are located, but they do not offer any
information on the strength of blockiness. On the other hand, BAV represents the
averaged blockiness strength in an image, but it does not contain the location of
blockiness. In real-time postprocessing, it is desirable for the semaphore extraction
algorithm to be fast with reasonable accuracy. Therefore, our semaphore extraction
algorithm in Section 2.2.1 makes some assumptions (e.g., it uses only 2 rows/columns per
block) and involves simple arithmetic operations. However, our blockiness metric is
designed without the real-time constraint. Therefore it involves more complex operations
and uses all rows/columns in a block to be more accurate. On the other hand, since BAV
represents the overall blockiness strength in an image, it can be used to evaluate different
postprocessing algorithms. Also, it can be used as a metric to adjust the parameters in

source encoding so that the blockiness can be maintained less than a certain level.
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Figure 2-10. BAV comparison of de-blocked images by different algorithms.
(a) “LENA.” (b) “BARBARA.” (¢) “MANDRILL.” (d) “FOREMAN.” (e)
“TENNIS.” (f) “GARDEN.”
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(b)

© (d)

Figure 2-11. Comparison of the postprocessed shoulder area on “LENA.”
(a) Reconstructed BAV=4.79. (b) The PL result BAV=3.37. (¢) The SK
result BAV=3.00. (d) The proposed result BAV=1.87.

2.5 CONCLUSIONS

We have proposed an adaptive de-blocking algorithm and a new blocking artifact metric
for block DCT-based compressed images. Our de-blocking method can efficiently and
effectively reduce the blocking artifacts while keeping the strong edges untouched. The

experimental results with highly compressed images have shown significant

improvement over the existing algorithms, both subjectively and objectively.
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Our proposed blocking artifact metrics can be used to measure blocking artifacts in the
reconstructed images and evaluate different postprocessing algorithms. They do not need
the original image and do not consider the strong edges as blocking artifacts. The
simulation results demonstrate that our proposed metric is more consistent with

subjective evaluation than the PSNR metric.



36

CHAPTER 3: DE-RINGING ALGORITHM

3.1 INTRODUCTION

Ringing artifacts come from the loss of high frequency details. In still images, ringing
artifacts appear as spurious oscillations in the vicinity of major edges [73]. Ringing
artifacts in video signals are also called mosquito noise because they appear as moving
ripples and swarm around sharp edges [43]. Ringing is the dominant artifact in wavelet-
based compression methods, e.g., JPEG 2000 [37]. DCT-based compression methods

also generate ringing artifacts, but they are constrained within each block.

Many algorithms have been proposed for reducing the ringing artifact. Lynch et al. [65]
proposed sending the edge information in a side channel so that it can be retrieved at the
decoder side. However, this will change the existing standards and also increase the bit
rate. Several authors formed ringing reduction as a regularized iterative image
restoration problem [5][9][17][54][55][99][100]. Similar to de-blocking, POCS [98],
MAP [57][58], and maximum likelihood (ML) [22][29][79][96] methods have also been
proposed in de-ringing. The major disadvantage of these methods is their computational
complexity. To reduce the computational cost, Shen and Kuo [84] proposed a nonlinear
filter to replace the iterative MAP method in de-ringing. However, its computational cost
is still high. Oguz et al. [73] proposed a morphological post-filtering in ringing
reduction. However, its performance depends on an accurate segmentation of edges.
Park and Lee [76] proposed using a 2-D adaptive filter in de-ringing. Basically, they
classify pixels into edge pixels and non-edge pixels and then smooth the non-edge pixels
while keeping the edge pixels. The problem is that ringing artifacts, in many cases, can

be falsely classified as edge pixels, and therefore evade the filtering.
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In this chapter, we propose a simple clustering-based de-ringing algorithm. First, we
classify image blocks into smooth blocks, texture blocks, and edge blocks. Then, we
keep the smooth and texture blocks unchanged and process the pixels in the edge blocks.

To avoid blurring edges, only pixels that have similar gray values are smoothed.

3.2 DE-RINGING ALGORITHM

Our de-ringing algorithm consists of two steps: ringing semaphore extraction and de-
ringing. Semaphore extraction is an important part in de-ringing because unnecessary de-
ringing can blur the texture areas and can also increase the computational cost. A good

semaphore extraction algorithm only identifies those blocks that actually need de-ringing.

3.2.1 RINGING SEMAPHORE EXTRACTION

Since ringing artifacts are only noticeable in edge blocks and edge blocks should have a
big dynamic range in pixel values, the first criterion to mark a block for de-ringing is that
its range should be bigger than a threshold 7,. To reduce the computational cost, we only
compute the range of 8 pre-determined points (C;~C4 and S1~S4) shown in Fig. 3-1(a).
Since a strong edge usually separates a block into two relatively homogeneous regions, it
is reasonable to assume that these 8 locations usually lead to at least one point belonging
to each region. Figures 3-1(b) and 3-1(c) show two different edge scenarios. In Fig. 3-
1(b), the edge enters and exits the block from two different sides. In this case, the four
comer pixels (C,~C,) are enough to approximate the range of the whole block because C;
and Cj are located in a different region from C; and C,. If the edge enters and exits the
block from the same side as shown in Fig. 3-1(c), the four side pixels (S;~S4) can capture

the range information. In this example, S, is located in a different region from the others.
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Since a texture block can also have a large dynamic range, the range alone cannot reliably
differentiate an edge block that should be de-ringed from a texture block where ringing
artifacts would be unnoticeable. The key difference between an edge block and a texture
block is that the edge block has a dominant edge along a certain direction while edge
pixels in a texture block are scattered over many directions. For a texture block located
within a texture area, all its 8 neighboring blocks shown in Fig. 3-2 are probably texture
blocks as well. As for a block containing a dominant edge, it is unlikely that this edge
can cross all its 8 neighboring blocks. Therefore, some of its neighboring blocks should

be non-edge blocks.

Cl C2 C1 C2 C] CZ
Sl Sl S1
SZ S2 SZ
Ss Ss S4
S3 S3 S3
C4 C3 C4 C3 C4 C3
(a) 8 selected locations (b) Edge crosses 2 sides (c) Edge crosses one side

Figure 3-1. The pixels used to approximate the range of an edge block.

Based on these observations, we propose a simple method to differentiate texture blocks
from edge blocks. If the range in a given block is greater than T,, we mark it as an edge
block candidate. Then, we check the ranges of its 8 neighboring blocks. If all of them
are also larger than T,, we mark this block and its 8 neighbors as texture blocks because
they are located within a texture area. The ringing semaphore algorithm can be

summarized as follows:
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(1) Compute the range of each block using the selected 8 pixels shown in Fig. 3-
1(a).

(2) If the range is larger than T,, mark this block as an edge block candidate.
Here, 7, is set to be 2*QP.

(3) Repeat Steps (1) and (2) for all the other blocks.

(4) For each edge block candidate, check the marks of its 8 neighboring blocks.
If all its 8 neighboring blocks were marked as edge block candidates, mark
this block and its 8 neighbors as texture blocks. Otherwise, select this block

for de-ringing.

8x8
block

8x8
block

8x8
block

Figure 3-2. Neighboring blocks used to differentiate texture and edge blocks.

3.2.2 DE-RINGING

Ringing artifacts can increase the intensity of some pixels and decrease the intensity of
others. Since we do not know whether a specific pixel value has increased or decreased,

smoothing is usually applied to reduce the amount of perturbation.

To avoid blurring strong edges, we use a clustering algorithm when smoothing ringing

artifacts. For each pixel x;; to be processed, we define a 3x3 window centered at x;; as its
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neighboring pixels. Then, we check whether each neighboring pixel belongs to the same
cluster as x;; based on the similarity of pixel values. x;; is replaced by the average value
of the neighboring pixels that belong to the same cluster as x;;. Our de-ringing algorithm

is as follows:

(1) Initialize the number (num) of pixels in x;;’s cluster to 1 and the summation
(sum) of the pixel values in x;;’s cluster to x;; since x;; always belongs to its

cluster.

(2) For each neighbor of x;, if the absolute difference between the neighbor and
x;; 1s less than a threshold T, then this neighbor belongs to the same cluster as
x;j. Therefore, the summation and the number of pixels are updated as: sum =
sum + the neighbor’s value and num = num + 1. Otherwise, this neighbor is

ignored because it belongs to another cluster.

(3) Finally, x;; is replaced by the mean value of its cluster, i.e., sum/num.

We set the threshold in clustering (7)) to be QP (the quantization step size for DCT
coefficients in the frequency domain). 7, should depend on QP because the higher the
QP, the stronger the ringing artifacts. This correlation between the QP and the strength
of ringing artifacts can be explained as follows. Assuming the quantization errors of
DCT coefficients are uniformly distributed from —QP/2 to QP/2, the mean square error
(MSE) of DCT coefficients after quantization is QP%/12. Since DCT is a unitary and
orthogonal transform, it can be proven that the MSE of pixel values obtained after inverse
DCT transform (IDCT) is also QP?/12. Therefore, in the sense of MSE, quantizing DCT
coefficients by QP is equivalent to quantizing the pixel values by QP. The experimental
results by Martin and Forchhammer [69] also showed that the quantization step size g in
the spatial domain can be approximated by QP in the DCT domain. So, in most cases,

quantization of DCT coefficients by QP can cause discrepancies of up to QP in pixel
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values. Therefore, we assume that the small perturbation (< QP) of pixel values in an

edge block comes from ringing artifacts.

3.3 RESULTS AND DISCUSSION

Our postprocessing algorithms have been tested with various still images and video
sequences at different compression quality levels. In this simulation, we fixed the value
of QP at 16 for all the images and videos because the results of our algorithms are not
sensitive to it. As an example, Fig. 3-3 shows the postprocessing results of the first frame
in the FOREMAN sequence. Figure 3-3(a) is the original FOREMAN. Figure 3-3(b)
shows the reconstructed FOREMAN image at the bit rate of 0.25 bit per pixel (bpp). The
extracted horizontal blocking semaphores, vertical blocking semaphores, and ringing
semaphores are given in Figs. 3-3(c), 3-3(d), and 3-3(e), respectively. The gray area
represents those blocks to be de-blocked or de-ringed. The result after de-blocking and
de-ringing is presented in Fig. 3-3(f).

In Fig. 3-3(b), there are many blocking artifacts in the relatively smooth areas, such as
walls and the face. After de-blocking, these artifacts are visually removed. Since the
common image quality metrics, such as MSE and PSNR, have a poor predictive value on
the degree of blocking artifacts, we used the blockiness metric proposed in [23] to
measure the blocking artifact value (BAV) for both reconstructed and postprocessed
images. In Fig. 3-3, the BAV of the reconstructed FOREMAN image decreased from
1.31 to 0.79 after de-blocking (the smaller the BAV, the better). The ringing artifacts in
the reconstructed image are observable around the strong edges between walls. Figure 3-
3(e) shows the extracted ringing semaphores (the gray areas), which well locates the

strong edges. Comparing Figs. 3-3(b) and 3-3(f), we can find that the spurious
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oscillations around the wall edges are greatly reduced after de-ringing and the edges are

preserved without blurring.

Figure 3-4 shows the postprocessed results of LENA, BARBARA, and GARDEN images
compressed at different bit rates. For the highly compressed images, such as LENA, our
de-blocking algorithm shows obvious visual improvement in image quality because it can
distribute the abrupt change over two homogeneous regions adaptively. For each image,

the BAV significantly decreased after de-blocking.

Our proposed ringing semaphore extraction algorithm is effective and efficient.
Compared to the method where the range is computed using all the pixels in a block, our
8-pixel method in Section 3.2.2 correctly identified about 95% of the edge block
candidates (averaged over 30 different images). Since the range approximated by 8
pixels cannot exceed that computed by all 64 pixels, there is no false detection. Also,
some of the missed 5% edge block candidates belong to texture blocks, which do not
need de-ringing anyway. Since our approximation only uses one eighth of the pixels in a

block, the ringing semaphore extraction becomes much faster.

The method in differentiating texture and edge blocks also works well. For the
FOREMAN image shown in Fig. 3-3(a), no texture blocks were detected by our
algorithm.  However, for the texture-rich images, such as TENNIS (352x288),
MANDRILL (512x480), and GARDEN (352x240), the number of identified texture
blocks is 656, 1748, and 566, respectively. Figure 3-5 shows the identified texture blocks
(the white areas) for MANDRILL and TENNIS images, which corresponds well to the
texture areas in the reconstructed images. For the identified texture blocks, we can either
keep them unchanged or smooth them by setting a smaller threshold 7, to prevent

blurring. Since texture itself has masking effect on artifacts, we finally decided to keep



43

them unprocessed. In this way, we can save computational cost and avoid smearing

textures.

3.4 CONCLUSIONS

We have developed an efficient ringing semaphore extraction algorithm and a clustering-
based de-ringing algorithm for BDCT-based compressed images and videos. Our
methods can efficiently and effectively reduce the ringing artifacts while preserving the
strong edges and textures. In addition to the strong ability in artifact reduction, our

algorithms also have low computational cost.
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Figure 3-3. Postprocessing results of FOREMAN. (a) The original FOREMAN
(352x288, BAV = 0.04). (b) Reconstructed FOREMAN at the bit rate of 0.25
bpp (BAV = 1.31) (c) Horizontal blocking semaphores (432). (d) Vertical
blocking semaphores (408). (e) Ringing semaphores (472). (f) Result after de-
blocking and de-ringing (BAV = 0.79).
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(b)
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(e)

Figure 3-4. Images before and after postprocessing. (a) Reconstructed LENA
(512x512, 0.20 bpp, BAYV = 2.56). (b) Postprocessed LENA (BAV = 1.57). (c)
Reconstructed BARBARA (512x512, 0.35 bpp, BAV = 1.22). (d) Postprocessed
BARBARA (BAYV = (.79). (e) Reconstructed GARDEN (352x240, 0.45 bpp, BAY
=1.01). (f) Postprocessed GARDEN (BAYV = 0.64).
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Figure 3-5. Identified texture blocks. (a) Reconstructed MANDRILL
(512x480, 0.45bpp). (b) Identified texture blocks of MANDRILL (1,784). (c)
Reconstructed TENNIS (352x288, 0.45bpp). (d) Identified texture blocks of
TENNIS (656).
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CHAPTER 4: IMPLEMENTATION ON MEDIAPROCESSORS

4.1 INTRODUCTION

In Chapters 2 and 3, we have proposed de-blocking and de-ringing algorithms. Our
proposed algorithms not only reduce compression artifacts effectively, but also have low
computational cost. Ideally, they should be able to run on inexpensive processors for
real-time postprocessing. Mediaprocessors are optimized to efficiently handle a large
amount of compﬁtation and data required by multimedia applications, such as image and
video processing. They typically have a superscalar or very long instruction word
(VLIW) architecture with multiple execution units. High computing power in
mediaprocessors is provided by parallelisms at both instruction and data levels.
Instruction-level parallelism allows multiple execution units to execute their own
operations in a single clock cycle while data-level parallelism allows multiple data to be
processed in a single operation. Some mediaprocessors, e.g., Hitachi/Equator
Technologies MAP-CA [16] and Texas Instruments TMS320C64x [89], contain a direct
memory access (DMA) controller for efficient handling of data flow. In this Chapter, we
present how we have efficiently implement our proposed de-blocking and de-ringing

algorithms on MAP-CA for real-time de-blocking and de-ringing.

In the remainder of this chapter, Section 4.2 describes the implementation on MAP-CA.
The hardware performances are presented and discussed in Section 4.3. Section 4.4
shows the graphic user interface (GUI) for the hardware demonstration. Finally, we

summarize our conclusions in Section 4.5.
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42 IMPLEMENTATION ON A MEDIAPROCESSOR

To demonstrate that our proposed algorithm is suitable for real-time postprocessing, we

mapped it on a mediaprocessor called MAP-CA.

4.2.1 Architecture of the MAP-CA mediaprocessor

MAP-CA

Core Processor

Cluster 0 Cluster 1

Registers <4 Registers

IALU IGALU IALU IGALU

: !

Cache

32 Kbytes 32 Kbytes
Data Instruction

!

Data Streamer
(DS)

!

i 64 bits @133 MHz
SDRAM

Figure 4-1. MAP-CA architecture.
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Figure 4-1 shows a simplified block diagram of the MAP-CA architecture. MAP-CA has
two major components: the core processor and the programmable DMA controller called
Data Streamer (DS). The core processor consists of two clusters. Each cluster has an
Integer Arithmetic Logic Unit (IALU) and an Integer Graphics Arithmetic Logic Unit
(IGALU). The IALU can perform either 32-bit fixed-point arithmetic operations or 64-
bit load/store operations while the IGALU can perform 64-bit partitioned arithmetic
operations. Many IGALU instructions can specify data partitions of 32, 16, or 8 bits,
providing a performance improvement by a factor of approximately 2, 4, or 8,
respectively, via data-level parallelism. The IGALU also supports powerful instructions
for filtering operations used extensively in image and video applications. For example, a
single inner-product instruction can perform eight 16-bit multiplications in parallel,
summing the results into a 32-bit output [68]. The two clusters together are capable of
executing four different instructions (e.g., two on IALUs and two on IGALUSs) in each

clock cycle.

In addition to the powerful core processor and instruction set, the MAP-CA has a 32-
kbyte 4-way set-associative data cache, a 32-kbyte 2-way set-associative instruction
cache, and the DS. Since the DS can transfer data between on-chip (data cache) and off-
chip memory in parallel with the processing performed by the clusters, high performance
can be achieved by overlapping the data transfers with the computation as much as
possible. The processor currently runs at 450 MHz and the external memory is a 133-
MHz SDRAM.

4.2.1 DATA FLOW MANAGEMENT OF VIDEO POSTPROCESSING ON MAP-CA

Our postprocessing algorithms involve three paéses: (1) vertical blocking semaphore

extraction and vertical de-blocking, (2) horizontal blocking semaphore extraction,
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horizontal de-blocking, and range computation of each block, and (3) ringing semaphore
extraction and de-ringing. Since the on-chip data cache is limited in size (32 Kbytes for
the MAP-CA) and cannot hold the entire image, an image slice (e.g., N rows or columns)

is processed at a time.

In the first pass, a vertical slice of the decompressed image is first loaded from the
external memory to the on-chip cache by the DS. Then, the vertical blocking semaphore
(VBS) extraction algorithm is used to determine which blocks will be vertically de-
blocked. After vertical de-blocking, the intermediate results are stored in an external

memory (IMAGEy).

The second pass is to extract horizontal blocking semaphores (HBS), de-block the
intermediate image horizontally, and compute the range of each block. The DS in the
second pass has two input paths: one to transfer a horizontal slice from the decompressed
image for HBS, the other to transfer the corresponding slice from the intermediate result
IMAGEy for horizontal de-blocking. After horizontal de-blocking, the results are stored
as IMAGEyy in the external memory. In addition, for each slice loaded for HBS, the
range of each block is computed. If the range is bigger than the threshold T,, “1” is

stored in an on-chip cache (RANGE) as its range mark. Otherwise, “0” is stored.

After the second pass, the stored range marks in RANGE are used to differentiate texture
blocks from edge blocks as described in Step (4) in Section II-B. The final ringing
semaphores are stored in an on-chip cache. In the third pass, the DS has one input path to
load a horizontal slice from IMAGEyy and one output path to store the results in the

external memory after de-ringing. However, the number of image rows transferred in the
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input path and the output path are different. To de-ring the pixels at the slice boundary
by a 3x3 filtering window, 2 additional rows located at the top and the bottom of the slice

need to be loaded in the input path.

4.2.2 POSTPROCESSING ALG ORITHM MAPPING

As explained in Chapters 2 and 3, our de-blocking and de-ringing algorithms mainly
require simple operations. The MAP-CA has a diverse instruction set in computing these
operations using data-level parallelism. For example, the IGALU has a sum2 instruction,
which can sum 16 8-bit values into a 64-bit register in one clock cycle. For our de-
blocking algorithm, a 16-tap boxcar filter for each pixel can be achieved by one sum2
instruction. The de-ringing filter includes addition and division operations. Due to the
low throughput [27] of division instructions, they are time-consuming and therefore
should be avoided. To achieve better performance, we use a lookup table (LUT) to
convert the division into an integer multiplication. For example, to find the mean value
of 7 pixels (a ~ g) in the de-ringing filter, the straightforward method is to compute “(a +
b+c+d+e+f+g)/7” directly, which involves an expensive division operation. Since
the MAP-CA has an inner-product instruction, we convert the above expression into an
inner product as “9362*a + 9362*b + 9362*c + 9362*d + 9362*e + 9362*f + 9362*g”.
In this way, we can efficiently exploit the computation power of the inner-product
instruction in de-ringing. The 16-bit integer “9362” is derived from “1/7” after 16-bit left
shift, which is pre-calculated. For a 3x3 de-ringing window, the denominator ranges
from 1 to 9. Therefore, the LUT has only 9 entries, which does not occupy much

memory.
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4.3 RESULTS AND DISCUS SION

Our algorithms have been implemented on MAP-CA using C with intrinsics, which are
hints to the compiler about the assembly instructions to use for particular operations.
Table 4-1 lists the number of cycles each pass takes in postprocessing a 352x288
FOREMAN image. From Table 1, we can see that each pass is compute-bound, i.e., the
I/O cycles of each pass are hidden behind its computation time. Table 4-2 shows the
postprocessing time of different images measured on a 300-MHz MAP-CA board. It
takes 3.17 ms in de-blocking and de-ringing the FOREMAN image, which accounts for
10.6% of one MAP-CA’s computing power at the rate of 30 frames per second. As the
image size increases, the execution time increases accordingly. Since the number of
blocks for de-blocking and de-ringing is image-dependent, the execution time can vary to

some extent for different images with the same size.

Table 4-1. Execution cycles of postprocessing a 352x288 FOREMAN image.

Pass Number teompute . two max{teomputes tro}
Pass 1 (vertical de-blocking) 215,581 178,864 215,581
Pass 2 (horizontal de-blocking) 314,469 127,545 314,469
Pass 3 (de-ringing) 330,830 97,113 330,830
trotal 860,880 403,522 860,880




53

Table 4-2. Postprocessing performance on a 300-MHz MAP-CA.

Image/Video Size Cycles Execution Time
(msec)
GARDEN 352x240 664,966 222
FOREMAN 352x288 950,242 3.17
TENNIS 352x288 737,514 2.46
MANDRILL 512x480 1,715,492 5.72
LENA 512x512 2,102,552 7.01
BARBARA 512x512 2,083,724 6.94

In implementing these algorithms on MAP-CA, we used three passes in managing the
data flow. The order of these three passes is critical to the actual performance. As
mentioned in Section 4.2.2, the second pass (horizontal de-blocking) has one more input
path than the first pass (vertical de-blocking). However, the I/O cycles of the first pass in
Table 4-1 are about 40% higher than those of the second pass. This is because
loading/storing a vertical slice takes more time in most memory systems compared to
loading/storing a horizontal slice. If we exchange the order of the passes for horizontal
and vertical de-blocking, the I/O cycles of vertical de-blocking increase by 50% since
three images (2 inputs and 1 output) will be accessed instead of two. As a result, the I/O
cycles will exceed the compute cycles, thus the execution time of the vertical de-blocking
pass will increase. On the other hand, since the I/O cycles of the horizontal de-blocking
pass are already fewer than its compute cycles, its further-decreased I/O cycles do not

result in an improvement in the actual performance. The main reason for the inefficiency
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in vertical memory accesses is that the DS transfers consecutively stored data in bursts.
Each transfer burst involves an overhead time in addition to the data transfer time.
Loading or storing a horizontal/vertical slice of width W pixels and height H rows
requires the DS to initiate H transfer bursts of W bytes each. In the case of vertical slices,
H is a big number and W is small (e.g., H=288 rows and W=8 bytes), so the transfer burst
overhead can become significant in comparison to the data transfer time. Therefore, the
W/H ratio needs to be maximized as much as possible for better performance. For
example, we have found that the I/O cycles for an entire image by loading 8 columns at a
time are about 80% higher than those of loading 16 columns at a time. The numbers
shown in Table 4-1 are based on loading 16 columns at a time. For a larger image, if 16
columns cannot be completely fit into the data cache, the DS could transfer 16 half-

columns.

Since our algorithms only involve simple operations, e.g., addition, absolute difference,
comparison, shift, and multiplication, they can be easily extended to other
mediaprocessors. For different mediaprocessors, the major task in mapping our
algorithms is to find the corresponding instructions. For example, dif pu8 is a MAP-CA
instruction to compute the absolute differences between eight byte-pairs. The equivalent
instruction in TMS320C64x is subabs4. For most mediaprocessors, the frequently-used
instructions, e.g., partitioned add, partitioned multiply, and partitioned compare, are all
supported under different mnemonics. However, it is possible that ‘some special
Instructions in a mediaprocessor are not supported by others. As an example,
TMS320C64x does not support the sum?2 instruction described in Section 4.2.3. In this
case, we need to find a set of instructions to replace sum?2 in an efficient way. Since the
summation of pixels can be considered as the inner-product operation between the pixels

and 1s, we can use inner-product in TMS320C64x as an alternative.
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Similarly, the data flow management can be mapped to other mediaprocessors as well.
Since different mediaprocessors may have different sizes of on-chip data cache, the size
of an image slice should be adjusted accordingly. In many cases, a large on-chip data
cache helps managing the data flow more efficiently. For example, TMS320C64x has a
1-Mbyte on-chip cache. In this case, the intermediate results after vertical or horizontal
de-blocking can be stored in the on-chip buffer without sending to the external memory.

Therefore, all the postprocessing tasks can be done using one DMA pass bnly.

4.4 REAL-TIME DE-BLOCKING AND DE-RINGING DEMONSTRATION

Figure 4-2 shows the GUI to demonstrate the real-time de-blocking and de-ringing
algorithms running on the MAP-CA. The features and usage of this GUI are summarized

below.

First, click the “Load Image” button to load an input image, which is the reconstructed
image with blocking and ringing artifacts. The input can be either a black-and-white
image in the raw format or a color image in the YCbCr (4:2:0) format. The GUI
recognizes these two types by the file extension. If the file extension is “. yuv”, the
input is assumed to be a color image in YCbCr format. Otherwise, it is assumed to be a
grayscale image. After loading the input image, click the “Load Dimension” button to
enter its width and height. The default dimensions used are “width = 352” and “height =
288”. To be robust to human errors, the GUI can check and flag if the input dimensions
do not match the file size. After setting the correct dimensions, click the “VPP” button to
de-block and de-ring the input image. If the input is a color image, de-blocking and de-
ringing is applied to Y, Cb, and Cr components separately. After postprocessing, the

input color image, the output image with Y component postprocessed, and the output
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image with all components (Y, Cb, and Cr) postprocessed are displayed on a monitor for
evaluation. For a black-and-white image, only the Y component exists, thus it is
postprocessed. The total de-blocking and de-ringing time (in ps) can be displayed by
clicking the “View Profile” button.

Figure 4-2. GUI to demonstrate real-time de-blocking and de-ringing
on the MAP-CA.

As an examplé, Fig. 4-3 shows the results of the FOREMAN color image in the YCbCr
format. Figures 4-3(a)~(d) present the original, reconstructed, Y-postprocessed, and
YCbCr-postprocessed images, respectively. Compared to the reconstructed image in Fig.
7(b), the postprocessed images in Figs. 4-3(c) and 4-3(d) have significantly less blocking
and ringing artifacts in the wall and face areas. Comparing Figs. 4-3(c) and 4-3(d) on the
color screen, we could not see any obvious difference between them. This is because
human eyes are not as sensitive to the chrominance components as to the luminance

component. As for the computational cost, it takes 4.7 ms to de-block and de-ring the
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whole color image, of which about 1.7 ms is used to postprocess the Cb and Cr
components. Since postprocessing Cb and Cr does not provide a noticeable visual

improvement, we could save about one third of the computation time by postprocessing

the Y component only.

(a) Original (b) Reconstructed

(c) Y postprocessed (d) YCbCr postprocessed

Figure 4-3. Results of FOREMAN in the YCbCr format.
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4.5 CONCLUSIONS

We have implemented our proposed de-blocking and de-ringing algorithms on MAP-CA.
The implementation has achieved 3.17 ms for each frame in the FOREMAN sequence,
which demonstrates the feasibility of real-time video postprocessing. In addition, our

algorithms, only involving simple operations, can be easily extended to other processors.
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CHAPTER 5: TEMPORAL FILTERING

5.1 INTRODUCTION

Most image/video sequences are both spatially and temporally correlated. To take
advantage of these correlations, three-dimensional (3-D) spatiotemporal filters can be
applied for maximum noise reduction. Many 3-D spatiotemporal filters have been
proposed in enhancing image sequences [7][12][18][49][51][75][93]. A brief review of
these filters was presented in [8]. The major’disadvantage of such a filter is its high
computational cost. As a result, most proposed 3-D spatiotemporal filters can only be
used in those applications without real-time requirements. Since temporal noise could be
more annoying than spatial noise, the 1-D temporal filtering [15][52]{64][83] has been

proposed for faster processing.

1-D temporal filtering has been mainly used in video preprocessing to improve the visual
quality and improve the subsequent coding efficiency. Some authors [13][95] have
proposed using temporal filtering to reduce the compression artifacts in the reconstructed
video sequences. However, temporal filtering alone is not enough to remove those

specific blocking and ringing artifacts [62].

In Chapters 2 and 3, we have proposed efficient de-blocking and de-ringing algorithms to
reduce blocking and ringing artifacts. After de-blocking and de-ringing, each frame
looks much smoother. However, since these de-blocking and de-ringing algorithms were
applied to each frame independently, the interframe noise (or temporal noise) still makes
the de-blocked and de-ringed video look “busy”. To reduce the interframe noise,

temporal filtering can be applied after de-blocking and de-ringing.
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In the remainder of this chapter, Section 5.2 describes the adaptive motion-compensated
temporal filtering algorithm. The simulation results are presented and discussed in

Section 5.3. Finally, we summarize our conclusions in Section 5.4.

5.2 TEMPORAL FILTERING SCHEMES

Temporal filtering involves three key issues: motion compensation, adaptive weights, and
filter types. Temporal filtering without motion compensation tends to blur the moving
objects while non-adaptive temporal filtering cannot effectively deal with local scene
changes. In addition, temporal filtering has two types: finite impulse response (FIR) and
infinite impulse response (IIR). Investigating these issues can help us select the optimal

temporal filtering scheme in terms of quality and computational cost.

5.2.1 MOTION COMPENSATION

Motion compensation can avoid blurring motion objects. The key issue in motion
compensation is how to estimate motion vectors. Two major groups of motion estimation
techniques have been developed, namely, pel-recursive algorithms [6][14][86][90] and
block matching algorithms [56][61][63]. In the pel-recursive algorithms, motion vectors
are estimated for individual pixels by recursively using the relative luminance change. In
addition to expensive computational cost, poor estimation on edges and uncovered
background is the other major drawback of pel-recursive algorithms [91]. To reduce the
computational cost and improve the prediction performance, block matching algorithms
have been proposed where all pixels within a block are assumed to have the same motion

vector.

The block matching algorithms have been adopted in many video standards [30]-[36].
Firstly, the current frame of a video sequence is divided into blocks of mxn. Then, for

each block in the current frame, the previous frame is searched within a specified



61

neighborhood (search area). The motion vector is finally derived based on the best match
with respect to a pre-defined matching criterion, such as mean absolute difference
(MAD). The most straightforward block matching algorithm is the full search (FS)
method. FS checks all possible candidate blocks within the search area. Massive
computation is, therefore, required in its implementation. To alleviate the computation
burden of FS, several fast search algorithms, such as logarithm search (LOGS) [44], three
step search (TSS) [53], conjugate direction search (CDS) [86], cross search (CS) [25],
dynamic search-window adjustment (DSWA) [56], new three step search (NTSS) [59],
four step search (FSS) [78], block-based gradient descent search (BBGDS) [60], gray
prediction search (GPS) [47], and diamond search (DS) [104] have been developed.
These fast search algorithms are based on the assumption that the matching error (e.g.,
MAD) increases monotonically as the search moves away from the global minimum

position [10].

The computational cost of these fast algorithms depends on which processor they are
implemented on. For example, the NTSS method usually requires fewer operations than
the TSS algorithm. However, NTSS involves many conditional and branch operations,
which are difficult to be pipelined for parallel processing. As a result, the performance of
NTSS can be even worse than that of TSS when they are implemented on a
mediaprocessor. In consideration of easy hardware implementation and computational
cost, we adopted TSS for motion estimation in our temporal filtering scheme. To further
reduce the computational cost, we propose a down-sampled pattern in computing the
block matching error. The down-sampled pattern is designed mainly based on two rules:
(1) the pixels should be spread over the whole block and (2) the pixels should be easy for
memory access. As an example, Fig. 5-1 shows a down-sampled pattern of a 16x16
block. To satisfy the second rule, we use 8 neighboring pixels because they can be
loaded in one instruction by many mediaprocessors. Since this down-sampled pattern

only uses one quarter of pixels, ideally, it can speed up the performance by four times.
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Figure 5-1. Down-sampled pattern in computing the block matching error.

5.2.2 FIR AND IIR TEMPORAL FILTERS

Based on the impulse response of the transfer function, temporal filters can be classified

into FIR and IIR. As an example, a motion-compensated FIR filter is given as follows.

M
fGG0= X wh,jDgli-dbr G, j-dp k-1 (5.1)
I=—M
where i and j are the spatial locations, k is the frame number, d“*! means the motion
vector from frame k - / to frame k, w(i,j,]) is the filter weight, g(i,j,k) and f{i,j,k) are the
input and output, respectively, and M represents the number of neighboring frames that

contribute to the filtering before and after the current frame.

For a FIR temporal filter with equal weights, its noise reduction ability mainly depends
on the selection of M. The larger the value of M, the more the noise suppression ability.
However, the computational cost increases with M as well. From Eq. (5.1), a (2M+1)-tap

FIR filter requires the motion vectors between the current frame and its 2M neighboring
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frames. Due to the high computational cost of motion estimation, a motion-compensated

FIR filter is usually more computationally expensive than an IIR filter.

Different from a FIR filter, an IIR filter does not require a large value of M (thus, a filter
tap value of 2M+1) [8]. Eq. (5.2) shows a motion-compensated IIR temporal filter, which

only involves the current frame g(i,j,k) and the filtered previous frame f{i,j,k-1).

£, 0)=[1-al, N G- dEF G, ), j—-ab G, .k -D+aG, k) g k) (5:2)

where o(i,j, k) is called the filter gain.

5.2.3 ADAPTIVE WEIGHTS

Another key issue in temporal filtering is how to assign the filter weights. Since video
sequences involve scene changes, even the best-match blocks can be quite different from
each other. If we just average them without considering these changes, severe distortions
could result. To avoid the severe distortions while maintaining good noise suppression,

the filter weights should be adaptive.

Many methods have been proposed to compute the adaptive weights. Basically, the
weights can be adaptive to the noise level and the local changes. As an example, the
filter weight w(i,j,/) of the FIR filter shown in Eq. (5.1) can be assigned based on Egs.
(5.3)-(5.6).
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—2xE{(g(m n) - f(m,n)) } 6

where ¢’ represents the noise variance, AME(i,j,]) is the averaged matching error between
the current block, where the pixel g(i,j,k) belongs, and its best-match block at the frame -
M
I, Bis a normalization factor to satisfy > w(i,j,[)=1, and QP is the quantization
I=—M

parameter.

Egs. (5.3)-(5.6) show that if the squaredrAME(i,j,l) is less than or equal to the noise
variance ¢°, then the block at the frame (k-/) has an equal weight to the current block
(I=0); otherwise, its weight decreases with its squared matching error. The noise
variance £° in Eq. (5.6) is approximated by twice of the uniform quantization noise. The
constant 2 comes from the assumption that the quantization noise at each frame is

independent of any other frames. Therefore, the noise variance of the differentiated

signal between two frames is equal to the summation of the noise variance at each frame.
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For the IIR filter in Eq. (5.2), the filter gain afi,j,k) can be adaptively derived based on
the absolute difference between pixel values of f{i,j,k-1) and g(i,j,k). Eq. (5.7) shows how
ofi,j,k) is set based on QP.

min{‘g(i,j,k)—f(i—d)]g’k_1(i,j),j—d§’k_1(i,j),k—1), QP} 5.7)

oP

a(i, j, k)=

Here, we compare the absolute pixel difference with QP. The reasons are given as
follows. Temporal filtering is trying to smooth those pixels with similar gray values
before quantization. For two pixels a and b before quantization, their quantized values
(a and I;) should locate within [a - ¢/2, a + ¢q/2] and [b - q/2, b + q/2], respectively. g is
the quantization step size in the spatial domain. If we assume a = b, then the maximum
difference between @ and b is q. As explained in Section 3.2.2, the quantization step
size g in the spatial domain can be approximated by QP in the sense of MSE. Therefore,
it is unlikely for two similar pixels to have a difference of more than QP after
quantization. In Eq. (5.7), if the absolute difference between the current pixel and its
corresponding pixel in the previous frame is bigger than QP, ofi,j,k) is set to 1, i.e., no
filtering is applied to the current pixel because local scene changes have happened. As
the absolute difference decreases, the current pixel becomes closer and closer to the
previous output at its motion-compensated position. Since the previous output was
already filtered, it is more reliable than the current pixel. Therefore, more weight should
be assigned to the previous output. Finally, ofi,j k) reaches zero if the current pixel is
equal to the previous output. In this special case, the previous output completely replaces

the current pixel.

5.2.4 PROPOSED TEMPORAL FILTERING SCHEME

Based on the above analysis in Sections 5.2.1-5.2.3, we propose using a motion-

compensated adaptive IIR temporal filter. The filter expression is given in Eq. (5.2). The
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motion vectors are estimated using TSS plus our proposed down-sampled pattern. The

filter type is set as IIR, whose adaptive weights are derived from Eq. (5.7).

5.3 SIMULATION RESULTS AND DISCUSSIONS

We have tested our temporal filtering schemes by two typical video sequences: the 300-
frame FOREMAN and TENNIS. The FOREMAN sequence can represent those video
sequences with slow and/or moderate movements while the TENNIS involves fast
motions. In terms of video contents, both FOREMAN and TENNIS include smooth
areas and strong edges. However, TENNIS has much more high frequency textures, such
as the audience areas, than FOREMAN. These two sequences were encoded at a fixed
QP of 31 separately. Their bit rates are about 0.125 bpp. After decoding, our proposed
de-blocking and de-ringing algorithms were applied to reduce the blocking and ringing
artifacts within each frame. The de-blocked and de-ringed FOREMAN and TENNIS

sequences are used as the inputs of all temporal filtering schemes.

5.3.1 RESULTS OF THE DOWN-SAMPLED PATTERN IN MOTION ESTIMATION

To evaluate our proposed down-sampled pattern (shown in Fig. 5-1) for motion
estimation, we also computed the motion vectors using all the pixels in block matching.
After deriving these two sets of motion vectors, we use them to generate two motion-
compensated frames for each current frame. Then the MAD is calculated based on the
current frame and the corresponding motion compensated frame, separately. The
performance of the down-sampled pattern is measured by the relative difference (percent
increase) between these two calculated MADs. Since the performance of the down-
sampled pattern may depend on the search algorithm itself, we tested it with two different
search algorithms: FS and TSS. Fig. 5-2 shows the results of FOREMAN and TENNIS.
The solid line in each sub-figure represents the MAD without the down-sampled pattern

while the dashed line shows the MAD with the down-sampled pattern. For each



67

sequence, we have observed that the MAD with the down-sampled pattern is very close
to that using all pixels regardless of the search algorithm. Table 5-1 summarizes the
MAD for different cases. For the FOREMAN using TSS, the average MAD for each
frame without the down-sampled pattern is 6.67. After applying the down-sampled
pattern, the average MAD increased 3.30% to 6.89. Similar results can be observed for
the other three cases. For the motion-compensated temporal filtering, the slightly
increased MAD will not affect its filtering ability. Since the down-sampled pattern only
uses one quarter of the total pixels in motion estimation, ideally it can speed up the

performance by up to four times.

As shown in the last column of Table 5-1, the MAD percent increase using FS is higher
than that using TSS for the same sequence. For example, the MAD of TENNIS using FS
increased 3.20% while its MAD using TSS only increased 2.10%. One obvious reason is
that FS can always find the best match while TSS cannot. Therefore, the overall MAD
using FS is smaller than that using TSS, i.e., the same amount increase of MAD in FS
and TSS would result in a higher percentage for FS because of the smaller denominator.
However, this is not the only reason. Another important reason is that TSS with the
down-sampled pattern can sometimes outperform TSS with all pixels. It is easy to
understand that the MAD using FS with all pixels is always less than or equal to that
using FS plus the down-sampled pattern because FS with the down-sampled pattern may
not find the global minimum. However, this statement does not hold for TSS. Since TSS
can be trapped into a local minimum, TSS with the down-sampled pattern may
sometimes find a better match than TSS with all pixels. For example, we have found that
TSS with the down-sampled pattern has a lower MAD than TSS with all pixels for 23
frames in the 300-frame FOREMAN sequence. These 23 frames contribute to the
reduction of the relative difference between TSS with all pixels and TSS with the down-
sampled pattern, which also explains why the overall MAD increase of TSS has a lower

percentage than FS.



18

- TSS
s TS + Down-Sampled

16¢

14+

12t

2 1 Il 1 1 1
0 50 100 150 200 250
Frame Number

300

(a) FOREMAN by TSS with/without down-

sampled pattern.

30

-~ T88
e TSS + Down-Sampled

8¢

=

0 1

0 50 100 150 200 260
Frame Number

300

(c) TENNIS by TSS with/without the down-

sampled pattern.

68

16 r i '
~ F§
s B8 + Down-Sampled

141

12r

20 50 100 150
Frame Number

200 250 300

(b) FOREMAN by FS with/without the down-

sampled pattern.
) : ’ ' ’
—FS
o S+ Down-Sampled

0 1

0 50 100 150
Frame Number

200 250 300

(d) TENNIS by FS with/without the down-

sampled pattern.
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Table 5-1 Mean absolute difference with and without the down-sampled pattern

averaged over all frames.

Sequence and search method Average MAD
Without With Increase
down-sampled down-sampled
FOREMAN by TSS 6.67 6.89 3.30%
FOREMAN by FS 5.59 5.86 4.83%
TENNIS by TSS 17.15 17.51 2.10%
TENNIS by FS 14.98 15.46 3.20%

In addition, the MAD of TENNIS is higher than that of FOREMAN. This is mainly
because TENNIS has faster motions. In this simulation, we set the motion search range
as 15x15 fbr both TENNIS and FOREMAN. Since the motions in FOREMAN are
slower than TENNIS, they are better compensated. Also, TENNIS has a lot of high
frequency textures at each frame, such as audience areas. Since these audience areas

involve many local scene changes, they are more difficult to be well compensated than

those smooth walls in FOREMAN.

3.3.2 RESULTS OF THE MOTION-COMPENSATED ADAPTIVE IIR TEMPORAL
FILTERING

Based on the motion vectors estimated by TSS with the down-sampled pattern, we
applied a motion-compensated adaptive IIR filter to the de-blocked and de-ringed
FOREMAN and TENNIS sequences. The filter gain ofij k) (or adaptive weight) is
adaptively derived based on the difference between f{i,j,k-1) and g(i,j,k) as given in Eq.
(5.7). After temporal filtering, we did subjective quality evaluation of the input and
output video sequences. The interframe abrupt changes in the filtered FOREMAN and
TENNIS sequences were significantly reduced. Fig. 5-3 shows the 100™ and 101 frames

extracted from the FOREMAN sequences before and after temporal filtering. Observing
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Fig. 5-3, we found that some abrupt changes around the face, mouth, eye, and walls were

smoothed after temporal filtering.

(a) Frame 100 of input (b) Frame 100 after temporal filtering

c) Frame 101 of input (d) rame 101 after temporal filtering

Figure 5-3. Results of temporal filtering.

To see the temporal smoothing more clearly, Fig. 5-4 compares the luminance value of a
pixel at the face area of the FOREMAN sequence before and after temporal filtering over
different frames. At the first frame, we picked a face pixel located at (159, 180). Then,
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we tracked its new positions at later frames through its motion vectors. The motion
vectors were estimated using TSS plus the down-sampled pattern. For example, its new
location at the 150™ frame becomes (130, 172). Figure 5-4 plots the pixel value along its
motion trajectory before and after temporal filtering. As shown in Fig. 5-4, the dashed
line represents the pixel value before temporal filtering while the solid line shows its
filtered value. Obviously, the interframe abrupt changes were significantly reduced after

temporal filtering.

190 T .

o T@mporal tnput
180 | — Temporal Output

AT

Pixel Value

100 . '
0 50 100 150

Frame Number

Figure 5-4. A pixel at the face area of FOREMAN before and after
temporal filtering over different frames.



72

In the above experiment, the weight ofi,j,k) was adaptively computed for each pixel
g(ij,k). To further reduce the computational cost, the adaptive weight can be assigned
based on each block, i.e., all pixels within a block share the same weight, which is
derived from the MAD between this block and its motion-compensated block. The
block-based adaptive weights can smooth pixels of a bigger dynamic range. More
specifically, if the MAD of a block is less than or equal to a threshold, it allows some
individual absolute differences to be much bigger than the threshold. Therefore, block-
based adaptive weights have stronger ability to smooth the extreme noise. We have
found the block-based adaptive weights can sometimes provide better visual results than
the pixel-based adaptive weights. However, block-based weights could cause severe
“corner error” problems as well. For example, a “white” block with a small “black”
corner can be the best match of another “white” block because the MAD between them is
small. Since the filter weight is determined by the MAD, the small “black™ corner will
contribute to the “white” block as a “gray” corner. And this “gray” corner could be
propagated into its following frames. As a result, the video is degraded by some flying
“gray” spots. Figure 5-5 shows an example of the “corner error” problem. Figure 5-5(a)
is the 106™ frame extracted from the FOREMAN sequence after de-blocking and de-
ringing. Figure 5-5(b) is its output after the temporal filtering using block-based adaptive
weights. Here, the threshold for the MAD is set as QP/2. Observing Fig. 5-5(b), we can
see a “gray corner” generated in the smooth wall area, which resulted from the block-
based smoothing. The severity of the “corner error” problem depends on the MAD
threshold. A smaller threshold can alleviate the “corner error” problem, but cannot
eliminate it completely. Also, as the MAD threshold decreases, the filter’s noise
suppression ability decreases as well. To avoid the “corner error” problem and achieve
good noise reduction ability, we decided to compute the weight based on each pixel. In

this case, each pixel’s value cannot change by more than QP after filtering.

We also compared the IIR filter with a 7-tap motion-compensated adaptive FIR filter.

The 7-tap FIR filter requires the motion vectors between the current frame and its 6
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neighboring frames. These motion vectors were estimated using TSS plus the down-
sampled pattern. The adaptivéweights were derived based on Egs. (5.3)-(5.6). During
subjective evaluation, we did not observe obvious quality difference between the FIR and
IIR results. Since FIR requires much more motion vectors, which is time-consuming to

compute, IIR is preferred in real-time applications.

Gray Corner

(a) Frame 106 of input (b) Frame 106 of output

Figure 5-5. Example of “corner error” caused by block-based adaptive weights.

5.4 CONCLUSIONS

We have proposed a motion-compensated adaptive IIR temporal filtering scheme with a
down-sampled pattern. Our proposed down-sampled pattern speeds up the motion
estimation by up to four times while the MAD using this pattern increases less than 5%
compared to that using all pixel values. The slightly increased MAD can be well handled

by using adaptive weights in the subsequent temporal filtering. We have also studied
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different temporal filtering schemes regarding adaptive weights and filter types. In terms

of computational cost and video quality, the adaptive IIR filter is a better choice.



75

CHAPTER 6: ALGORITHM VALIDATION

6.1 INTRODUCTION

Since PSNR is a poor indicator in measuring compression artifacts, currently most
researchers evaluate their postprocessing algorithms by presenting their results for visual
inspection. Some authors used the ITU-R 5-point quality scale [39] (5 = excellent, 4 =
good, 3 = fair, 2 = poor, and 1 = bad) to score their results. However, the quality number
depends on the selection and sophistication of observers. Since the postprocessed
images/videos involve several artifacts, such as blocking, ringing, and temporal noise, it
is unreliable for a non-expert observer to give a quality number without full consideration

of these artifacts.

To reduce the risk of misjudgment, the paired comparisons method by Kendall [50] has
been used in various areas [4][20][21][72][81][85] for subjective quality assessment.
Given two objects, the basic idea of the paired comparisons method is to determine which
one is preferable. For example, optometrists ask patients to identify which of the two
lenses enables them to see better. Obviously, it is easier for a subject to select a
preferable lens than to score it by a number. Due to the advantages of simplicity and low
risk, several researchers [26][46][71] used the paired comparisons method in evaluating
image/video qualities. To evaluate » images/videos, it is necessary for observers to
compare every possible combination, i.e., n*(n-1)/2 comparisons for each observer. The
preferences of each observer are then recorded in a preference table. Finally, the
1mages/videos are ranked in accordance with their sum of preferences (SOP) from all

observers.
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The paired comparisons method is suitable for ranking n given images. To evaluate
several different postprocessing algorithms, we can apply the same input to them and
compare their outputs. In other words, the paired comparisons method could be used in
evaluating different postprocessing algorithms through ranking their results. However,
one potential issue here is that the performance of different postprocessing algorithms
may be image-dependent, i.e., different test images may cause different rankings for the
same algorithms. For fair evaluation, these algorithms should be tested with as many
images as possible. Traditionally, the paired comparisons method is to rank all the
images by comparing any two of them. However, we should not form two different test
images as a pair because they are seldom comparable. Therefore, we need to modify the
traditional paired comparisons method before applying it in evaluating different

postprocessing algorithms.

In the remainder of this chapter, Section 6.2 describes the modified paired comparisons
methodology. The experimental results are presented and discussed in Section 6.3.

Section 6.4 summarizes the conclusions.

6.2 MODIFIED PAIRED COMPARISONS METHODOLOGY

Our postprocessing algorithms consist of de-blocking, de-ringing, and temporal filtering.
The de-blocking and de-ringing algorithms are evaluated together using still images and
images from videos while the temporal filtering algorithm is evaluated using videos.
Since the performance of de-blocking and de-ringing may vary with different images, we
tested them using various images, which include edges, textures, and smooth areas. Also,
these images are compressed at different bit rates so that we can evaluate the
postprocessing performances under different artifact levels. For each reconstructed
image at a given compression quality, three postprocessed images were generated using
the PL [76], SK [84], and our proposed algorithms [23][24], respectively. The

reconstructed image and its three postprocessed images form 6 pairs for comparisons.
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Since it is possible that the two images are too close to be differentiated, we allowed “no
preference” to avoid pure guesses. To evaluate the temporal filtering, we compared
different videos before and after the temporal filtering. Due to the lack of comparability
between different test images/videos, they were divided into different groups. All the
images/videos at each group were generated from the same original test image/video.
After these modifications, the paired comparisons method was used to evaluate each

group as follows:

1) Organize the images/videos in the same group as pairs.
2) Focus on the specific artifacts (blocking and ringing/temporal noise).
3) Compare the two images/videos and select the preferable one (“no

preference” is allowed).
4) Repeat steps 1) to 3) for the next pair until all the combinations are

evaluated.

In the experiment, the preferences from all observers were automatically recorded. As an
example, Table 6-1 shows the preferences of one observer in comparing four still images
(A~D). As shown in Table 6-1, if A is preferable to B, the preference in row A and
column B is 1 and the preference in row B and column A is 0. For convenience, we use

A—B to represent A is preferable to B.

Table 6-1. Preferences of four images from one observer.

Images| A | B | C | D SOP
A — 1 110 1 2
B 0| —| 1 1 2
C 10| —]| 1 2
D 010} 0| — 0
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The last column of Table 6-1 gives the SOP for each image. Ideally, the SOP should be
different so that images can be ranked without any ties. However, 3 images (A, B, and
C) in Table 6-1 have the identical SOP value, which may come from “no preferences”
0.5 séores) or inconsistency of the observer. Since Table 6-1 has no 0.5 scores recorded,
the tied SOPs must result from the observer’s inconsistency. For example, we can find
an inconsistent preference circle (A—>B—>C—A) by examining the relationship among A,
B, and C in Table 6-1. Obviously, one observer could generate several circles in his/her
preference tables. The more cycles, the more inconsistent. In this study, we used the
Kendall’s coefficient of consistence ¢ [50] to measure the consistency of each observer.

Eq. (6.1) shows how to compute &

1- %4d , n odd '
n —n
- 6.1
d 24d 6
l-— e n even
n —4n

where 7 is the number of images to be compared and d is the number of total preference

circles for one observer.

If the preferences of an observer are completely consistent, i.e., no circles (d = 0), then ¢
reaches its maximum value 1. The minimum value of {'is 0. The larger the £, the more

consistent the observer.

¢ describes the consistency of each observer. To measure the degree of agreement
between all m observers, we compute the coefficient of agreement u [50]. To compute u,
we first sum the preference tables from all m observers together into a new table. Denote
s, ; as the value at row i and column j in the new table, then we have

4% s, (s, =D

i=1 j=l (6.2)

m(m—1n(n-1)
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When and only when the preferences of all m observers are completely agreed to each
other and no 0.5 scores are recorded, u reaches its maximum value 1. The minimum
value of u is —1/(m-1) when m is even, or —1/m when m is odd. A negative ¥ means
observers tend to disagree with each other while a positive u indicates a certain

agreement between observers. =0 means observers’ opinions are independent.

Statistically, ¢ and u are all random variables. The significance of £ or u can be
examined by considering their probability distribution if all the preferences are allotted

randomly. As n is larger than 7, the probability of ¢ can be well approximated by
y* —distribution [50]. Similarly, the probability of u can be well approximated by
y* —distribution if m*n is larger than 24. Egs. (6.3) and (6.4) give the y* —distribution

parameters for  and u, respectively.

_n(n-1)(n-2)
RS (6.3)
, 8 [1(n 1
& =n—4{1(3j_d+§}w¢
y =[njm(m—l)
C Y-y (6.4)

\
2 2 < nymym-3
= s. . (s,.—-1)— _—

" mz{zz 5D @[2),"_2}

Egs. (6.3) and (6.4) tell us that the x2 of { or u is distributed in the usual form with v
degrees of freedom. With the % and v given in Eqgs (6.3) and (6.4), we can compute the
probability of ¢ and u, respectively. For small n and m, the probability of ¢ and u was
provided By Kendall through Appendix Tables (9) and (10) in [50].
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Given the probability p of £ or u, its significance is defined as the complement of its
probability (1 - p), which can be examined by a significance level « (threshold to the
significance). If (1 - p) is less than or equal to « , the result is considered as significant at
the o level. In general, if the experiment is carried out by a small group of experts, the
significance level « is set as 0.1. If the observers are non-experts, « is usually set as

0.25 [26].

The significance of £ or u is to check the reliability in terms of observers. To assign
different ranks to two images/videos, we still need to check the least significance
difference (LSD) of SOP. In this study, we used the Fisher’s LSD [11] at the 0.05
significance level to examine the significance of the SOP difference. Only when the SOP
difference between two images/videos is larger than the LSD, they are considered as

significantly different.

6.3 EXPERIMENTAL RESULTS AND DISCUSSION

Our subjective evaluation experiments were carried out using 10 non-expert observers.
The image/video pair was displayed on a 19-inch computer screen in a dark room. The
distance between the observer and the computer screen is about 20 inches. Each observer
was asked to compare 108 image pairs for de-blocking and de-ringing. The 108 image
pairs come from the six original images as shown in Fig. 2-6 (the manually added strong
edges in TENNIS were removed for general purpose). Each image was compressed at
three different bit rates: 0.125, 0.25, and 0.5 bpp. For each image at a given bit rate, the
reconstructed image and its three de-blocked and de-ringed images using the PL, SK, and
our proposed algorithms formed 6 pairs for comparison. The observers were asked to
click the preferable image (click its original image if “no preference”), and the clicks

were automatically recorded.
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To evaluate our temporal filtering algorithm, we compressed the 300-frame FOREMAN
and TENNIS sequences using three different quantization parameters (QP = 10, 20, and
30). The six reconstructed video sequences were first de-blocked and de-ringed using our
proposed de-blocking and de-ringing algorithms. The de-blocked and de-ringed video
sequences were then filtered using the proposed temporal filtering scheme. The video

sequences before and after the temporal filtering formed 6 video pairs for comparison.

To evaluate two videos, researchers [1][85] usually play one video after the other.
However, this requires observers to memorize the first played video. To avoid the
memory issue, we horizontally integrated the video pair into a new video. For example,
the original frame size of the FOREMAN sequence is 352x288. After the integration, the
new video sequence has a frame size of 704x288 instead. Since the two videos to be
compared are located side by side within the same sequence, their synchronization is
guaranteed. The observers were asked to play each integrated video sequence twice
before determining whether the video at the left or at the right is better. For both the still
images and videos, their locations (the left side or the right side) were randomly

allocated.

6.3.1 RESULTS OF EVALUATING DE-BLOCKING AND DE-RINGING

To evaluate different de-blocking and de-ringing algorithms, we recorded 180 (10
observers, 6 images, and 3 compression ratios) preference tables from 10 observers.
Table 6-2 is the summation of all these preference tables. The SOP of the reconstructed
image and the postprocessed results using the PL, SK, and proposed algorithms are 21,
310.5, 322, and 426.5, respectively. Thus, according to the SOP, we can see that the
postprocessed images have much better visual quality than the images without any
postprocessing. Also, the PL and SK algorithms have similar performance while our

proposed algorithms achieve a significant improvement over the other two algorithms.
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Table 6-3 shows the coefficient of consistency & and its probability P, for each observer
at three different bit rates. The mean value of ¢ for all observers over different testing
images is 0.8 and its significance (1 - P, = 0.15) satisfies the 0.25 significance level for
non-expert observers. Comparing ¢ at different bit rates, we can find that observers are
much more consistent at lower bit rates (0.125 and 0.25 bpp) than the high bit rate (0.5
bpp). This is mainly because the artifacts in images at the high bit rates are hardly
visible. Several observers preferred some reconstructed images at 0.5 bpp to their
postprocessed ones because they cannot consistently differentiate them. As a result,
much more preference circles were generated. Table 6-3 shows that the consistency of 5
observers at the bit rate of 0.5 bpp cannot meet the 0.25 significance level. However, all

of them exhibited significant consistency at the lower bit rates.

Table 6-2. Summation of 180 preference tables.

Reconstructed PL SK Proposed SOP

Reconstructed — 6 7 8 21
PL 174 — 85.5 51 310.5

SK 173 945 - — 54.5 322
Proposed 172 129 125.5 — 426.5

The coefficients of agreement u and their probabilities P, at different bit rates are
presented in Table 6-4. u = 0.43 means that all 10 observers agreed with each other

pretty well. The significance of u is 0.000009, which means the agreement between
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observers is very unlikely caused by random preferences. Obviously, u satisfies the 0.25
significance level for non-expert observers. Similar to ¢, observers agreed more with
each other at lower bit rates than 0.5 bpp. However, even at 0.5 bpp, u = 0.27 still shows
significant agreement (P, = 0.998) betwéen observers. This is because observers selected

“no preference” for many image pairs at this bit rate.

Table 6-3. Coefficients of consistence and their probabilities.

0.125 bpp 0.25 bpp 0.5 bpp Mean over bpps

4 Ps 4 P g P 4 P

OBl 0.75 0.83 0.83 0.88 0.67 0.79 0.75 0.83

OB2 0.75 0.83 1.00 1.00 0.58 0.73 0.78 0.85

OB3 0.67 0.75 0.83 0.88 0.67 0.66 0.72 0.76

OB4 0.92 0.94 1.00 1.00 0.83 0.88 0.92 0.94

OB5 0.83 0.88 0.92 0.94 0.50 0.66 0.75 0.83

OB6 0.83 0.88 0.75 0.83 0.50 0.66 0.71 0.79

OB7 | 1.00 1.00 1.00 1.00 0.67 0.77 0.89 0.92

OBS8 0.83 0.88 | 0.67 0.75 0.83 0.88 0.78 0.84

OB9 0.92 0.94 1.00 1.00 0.75 0.81 0.89 0.92

OB10 0.75 0.81 1.00 1.00 0.58 0.73 0.78 0.85

Mean 0.83 0.87 0.90 0.93 0.66 0.75 0.80 0.85

Since both § and u satisfy the significance level for non-expert observers, the subjective

evaluation results can be considered as statistically reliable. However, to rank these
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images using their SOP, we still need to check the significance of the SOP difference. In
this experiment, only when the SOP difference between two images is larger than or
equal to the Fisher’s LSD using the 0.05 significance level, these two images are
considered as significantly different. For the SOP in Table 6-2, the Fisher’s LSD is 37.
Obviously, the SOP difference between our proposed algorithm and the PL or SK
algorithm far exceeds this threshold. Therefore, we can say that our algorithm achieved a
significant quality improvement over both of them. Also, since the SOP difference

between the PL and SK algorithms is less than 37, they should have the same rank.

Table 6-4. Coefficients of agreement and their probabilities.

0.125 bpp 0.25 bpp 0.5 bpp Overall
u 0.50 0.63 0.27 0.43
P, 0.9999994 0.99999996 0.998 0.999991

To evaluate different postprocessing algorithms in more details, Tables 6-5~6-7 show the
SOP at bit rates of 0.125, 0.25, and 0.5 bpp, respectively. For the SOP in Tables 6-5~6-7,
the Fisher’s LSD is 22 because of fewer preferences. Similar to the overall evaluation,
our proposed algorithm achieves much better results than the PL and SK algorithms at the
bit rates of 0.125 and 0.25 while the PL and SK algorithms have the same performance.
At the bit rate of 0.5 bpp, the SK algorithm has a slightly higher SOP value than the PL
and our proposed algorithms. However, statistically the SOP difference is too small to be
significant.  Therefore, we can conclude that all three algorithms have similar
performance at the bit rate of 0.5 bpp. In addition, all three algorithms still achieved a

significant quality improvement over the reconstructed images at 0.5 bpp.



We should mention that the subjective assessment results in this experiment are
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consistent with those using our objective blockiness metric in Chapter 2.

Table 6-5. Summation of 60 preference tables at 0.125 bpp.

Reconstructed PL SK Proposed SOP
Reconstructe — 1 0.5 2.5 4
PL 59 — 31.5 13.5 104
SK 59.5 28.5 — 15 103
Proposed 57.5 46.5 45 — 149
Table 6-6. Summation of 60 preference tables at 0.25 bpp.
Reconstructed PL SK Proposed SOP
Reconstructe — 0.5 0.5 0 1
PL 59.5 — 29 9 97.5
SK 59.5 31 — 7.5 98
Proposed 60 51 52.5 —_ 163.5
Table 6-7. Summation of 60 preference tables at 0.5 bpp.
Reconstructed PL SK Proposed SOP
Reconstructe — 4.5 6 5.5 16
PL 55.5 — 25 28.5 109
SK 54 35 — 32 121
Proposed 54.5 31.5 28 — 114




86

6.3.2 RESULTS OF EVALUATING TEMPORAL FILTERING

To evaluate the temporal filtering, we recorded 60 (10 observers, 2 videos, and 3
compression ratios) preferences from 10 observers. Table 6-8 shows the SOP for videos
compressed using three different QPs. In this experiment, only one observer preferred a
video before temporal filtering to that after temporal filtering. All the other SOP of the
video before temporal filtering resulted from the 0.5 scores (“no preference”). Different
from evaluating images, several observers always selected the temporally filtered videos
for all pairs. This indicates that observers are more sensitive to the changes in videos

than in still images even at the high bit rate.

Table 6-8. SOP of videos before and after temporal filtering.

Video before temporal filtering Video after temporal filtering
QP =10 2.5 17.5
QP =20 0.5 19.5
QP =30 ‘ 1.5 7 18.5
Total 4.5 55.5

Since each video at a given QP only generated one pair for comparison, the preference
circle is not available in this experiment. The coefficient of agreement u between all 10
observers is 0.70, which is high. Its significance 0.005 (P, = 0.995) is well below the
0.25 level for non-expert observers. Similarly, we applied the Fisher’s LSD to examine

the significance of the SOP difference. The SOP difference between the filtered and
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unfiltered videos is 51 while the Fisher’s LSD using the 0.05 significance level is 24.
Therefore, our temporal filtering scheme significantly improves the video quality. Also,
we examined the significance of the SOP difference for videos compressed at each QP.
For the SOP of videos at each QP, the Fisher’s LSD is 14. Table 6-8 shows that the SOP
differences in all three cases are larger than 14. Therefore, a significant quality

improvement is achieved at each compression quality too.

6.4 CONCLUSIONS

We have modified and applied the paired comparisons method in validating our
postprocessing algorithms using multiple groups of images/videos. The experimental
results confirm that our proposed de-blocking and de-ringing algorithms achieved a
significant quality improvement over some other algorithms, especially at the low and
moderate bit rates. Also, the subjective assessment results are consistent with our
proposed blockiness metric. In addition, we have evaluated our temporal filtering
scheme. The proposed temporal filtering achieved a significant visual quality

improvement at various compression qualities.
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CHAPTER 7: CONCLUSIONS AND FUTURE DIRECTIONS

7.1 CONCLUSIONS

A real-time video postprocessing system has been proposed. Several innovative
algorithms in de-blocking, de-ringing, and temporal filtering have been developed. In
addition to low computational cost, these algorithms have achieved very promising
results in our experiments. Also, we have established an objective blockiness metric.
These algorithms and metrics were validated by statistics-based subjective assessment
experiments, and they could be used in many applications that involve image/video

compression.

Our proposed adaptive de-blocking and clustering-based de-ringing can efficiently and
effectively reduce the blocking and ringing artifacts while keeping the strong edges and
textures untouched. The experimental results with the highly or moderately compressed
images have shown a significant improvement over the existing algorithms, both

subjectively and objectively.

Our proposed blocking artifact metrics can be used to quantitatively measure the blocking
artifacts in the reconstructed images and evaluate different postprocessing algorithms.
Also, they can be used in the encoder to keep the blocking artifact under a certain level.
These metrics do not need the original image and do not consider the strong edges as
blocking artifacts. The simulation results demonstrate that our proposed metric is more

consistent with subjective evaluation than the PSNR/MSE metric.
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In addition to the strong ability in artifact reduction, our de-blocking and de-ringing
algorithms also have low computational cost. The implementation of our algorithms on
MAP-CA by C with intrinsics has achieved more than 300 frames per second for the
FOREMAN sequence, which meets the real-time requirements in video postprocessing.
In addition, our algorithms, only involving simple operations, can be easily extended to

other mediaprocessors, €.g., TMS320C64x and Pentium 4.

To reduce the temporal noise in videos, we have proposed a motion-compensated
adaptive IIR temporal filtering scheme with a down-sampled pattern. Our proposed
down-sampled pattern speeds up the motion estimation by up to four times while the
MAD using this pattern increases less than 5% compared to that using all pixel values.
The slightly increased MAD can be well handled by using adaptive weights in the
subsequent temporal filtering. We have also studied different temporal filtering schemes
regarding adaptive weights and filter types. In terms of computational cost and video

quality, the adaptive IIR filter would be a preferred choice.

To validate our postprocessing algorithms and metrics, we have modified and applied the
paired comparisons method in evaluating multiple groups of images/videos. The
subjective assessment results confirm that our proposed de-blocking and de-ringing
algorithms achieved a significant quality improvement over some other algorithms,
especially at the low and moderate bit rates. These subjective results are also consistent
with those using our objective blockiness metric. In addition, we have evaluated our
temporal filtering scheme. The proposed temporal filtering achieved a significant visual

quality improvement at various compression qualities.
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7.2 CONTRIBUTIONS

The major contribution of this research is to the field of image or video postprocessing.
Several new algorithms and metrics, which have low computational cost and reduce the

compression artifacts effectively, have been proposed.

Adaptive de-blocking: In this research, we designed an efficient blocking semaphore
extraction algorithm. It only identifies those block pairs that really need de-blocking.
Compared to other algorithms, our blocking semaphore extraction algorithm greatly
reduces the subsequent de-blocking time. After blocking semaphore extraction, we apply
an adaptive de-blocking to those extracted blocks. The key idea of our adaptive de-
blocking is to consider the blocking artifact as a discontinuity between two homogeneous
regions instead of just two blocks. In this case, we can distribute the abrupt change over
a longer distance adaptively. For the highly compressed images/videos, our proposéd de-

blocking algorithm achieved much better results both visually and quantitatively.

Blockiness metric: One of the most challenging problems in image compression has been
how to measure the blocking artifact. Based on the frequency analysis of blocking
artifacts, we proposed a new objective blockiness metric. This metric can be used not
only in evaluating different de-blocking algorithms, but also in the encoder to keep the
blocking artifact under a certain level. The experiment results show that it is more

consistent with our subjective evaluation than PSNR/MSE.

Clusterving-based de-ringing: Ringing artifacts only appear in edge blocks. In this
research, we proposed a new algorithm to identify the edge blocks with only 8 pixels,
which reduces the computational cost by up to 8 times. Also, we proposed using the 8

neighboring blocks of an edge block candidate to differentiate an edge block from a
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texture block. Since texture blocks have a masking effect on compression artifacts, they
are not processed to save computation. Qur proposed de-ringing algorithm is clustering-
based. It smoothes the perturbation of those pixels within the same cluster so that the

strong edges are well preserved.

Implementation on mediaprocessors: Our proposed de-blocking and de-ringing
algorithms have been implemented on a mediaprocessor called MAP-CA for real-time
postprocessing. We have designed an efficient scheme in managing the data flow
between external memory and on-chip memory. Several optimization techniques were
utilized to maximize the computing power of MAP-CA. For the 352x288 FOREMAN
sequence, more than 300 frames can be de-blocked and de-ringed within one second,

which demonstrates the feasibility of real-time postprocessing.

Temporal filtering: We have proposed a down-sampled pattern in motion estimation.
This down-sampled pattern can speed up the motion estimation by up to four times.
Compared to using all pixels, the MAD using this down-sampled pattern only slightly
increased. Also, we have studied different temporal filtering schemes in terms of
adaptive weights and filter types. We have found the “corner error” problem caused by
the block-based adaptive weights. In consideration of computational cost and video
quality, we finally selected the motion-compensated adaptive IIR temporal filter as our

temporal filtering scheme.

Algorithm validation: We have modified and applied the paired comparison method in
validating our postprocessing algorithms and metrics using multiple groups of
images/videos. This modified paired comparison method also avoids pure guesses from
the observers and makes their subjective evaluation task much easier. After subjective

evaluations, we statistically analyzed the experimental results, which confirmed our
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previous conclusions about the proposed postprocessing algorithms and metrics. In
addition, the modified experiment methodology can be extended to many other

applications.

7.3 FUTURE DIRECTIONS

Postprocessing algorithms: We have proposed a real-time video postprocessing system
with several innovative algorithms and metrics. Our proposed algorithms mainly focus
on the DCT-based compression schemes. For fhe DWT-based compression scheme, such
as JPEG2000, the major artifact is ringing. Ringing artifacts in JPEG2000-based
reconstructed images can spread over a longer distance, i.e., no longer constrained within
each block. Our current de-ringing algorithm smoothes ringing artifacts around the
edges. To smooth ringing artifacts over a longer distance, a new de-ringing algorithm

can be developed in the future.

Objective metrics: We have developed a blockiness metric. As JPEG2000 becomes more
popular in the future, it would be desirable if we can design an objective ringing artifact
metric. Similarly, there is no good objective metric in measuring temporal noise.
Developing an objective metric for temporal noise will benefit many researchers related
to image sequences, such as digital video broadcasting, video phone, video conferencing,

medical imaging, and defense etc.

Error concealment: Our postprocessing algorithms assume that no errors happen during

the network transmission. When the network condition is bad, the packet loss and the bit
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errors have to be dealt with. If we can incorporate the error concealment techniques into

our postprocessing system, the system would become more robust.
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