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Abstract

This dissertation examines the following two problems:

¢ Finding a block motion compensation algorithm which is optimum in performance and

speed.
e Predicting the performance, for complex sequences, of an MPEG-2 encoder.

An optimum motion compensation algorithm can lead to optimum temporal compression.
For fixed bit-rate encoders finding methods to predict the bit-rate from properties of the video
sequence can lead to an optimum use of the transmission bandwidth.

The examination of motion compensation algorithms involved examining previous algo-
rithms. Historically, one of three functions are used to evaluate a candidate motion vec-
tor, namely, Mean Square Error (MSE), Minimum Absolute Difference (MAD) and cross-
correlation. The ideal motion vector being the one that minimises MAD and MSE, and
maximises cross-correlation. Sub-sampling, hierarchical and feature domain methods were
examined. Finally some new algorithms are proposed and further areas of research suggested.
The new algorithms suggested perform close to optimum, particularly those algorithms search-
ing feature space.

The relationship between the candidate motion vector evaluation functions are examined
and conditions under which the MAD, MSE and the cross-correlation function perform simi-
larly are examined. The MSE is shown to perform as well as cross-correlation. Provided the
number of differences are small, MAD and MSE perform similarly. MAD is computationally
faster than MSE and is thus recommended.

The effect of quantisation on the motion compensation process is examined. It is shown
that motion compensation after quantisation introduces the possibility of a better match
compared to motion compensation before quantisation. Modifications to the MSE and MAD
functions are proposed to make these functions’ performance quantisation invariant.

The relationship between complexity and machine estimations of quality is examined. It
is proposed that the bit-rate is a view of the complexity of a sequence from the perspective
of a given encoder. The complexity estimation problem then reduces to a bit-rate estimation

problem.



Statistical prediction, prediction from bit-rates and finally model based prediction is ex-
amined. Model based prediction is chosen because of simplicity and desired performance.
Certain objective variables are measured from the sequences (such as the mean and variance
of the motion vectors and Sobel filtered data) and these used to generate the model. Linear
and quadratic models are examined for predicting bit-rates. The models are generated for
two different image qualities, good and excellent image quality, with the bit-rate for excellent
exceeding that for good image quality as expected. ’

The effect of Jackknifing and Principal Components Analysis on the model generation
process is examined. The decorrelating effect of Principal Components Analysis allows the
use of a simple linear model. The J éckkniﬁng process allows the validation of the linear model
using at each stage as much of the data as possible. Jackknifing readily provides variance
estimates for each model coeflicient which makes calculation of the confidence intervals easy.

The validated simple linear model has a 30% prediction error compared to 37% for the
quadratic model for good image quality bit-rates. The validated quadratic model outperforms
the simple linear model for excellent quality bit-rates, 40% prediction error compared to 108%.
The Jackknifed linear model after Principal Components Analysis performs particularly well
with a peak prediction error of 39% and 50% for the excellent and good image quality bit-
rates. The expected average prediction error per observation on the Jackknifed model is
15.29% and 15.4% for excellent and good image quality bit-rates respectively.

The Jackknifed linear model after Principal Components Analysis outperforms the simple
linear and quadratic models for predicting the excellent image quality bit-rates. Given model
complexity and performance the simple linear model performs as well as the quadratic or

Jackknifed linear model and is more robust for predicting the good image quality bit-rates.
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Chapter 1
Introduction

Digital encoding of video sequences offers a number of advantages which can include security
(encryption of data for specific end users), better utilisation of bandwidth (compression) and
tolerance of noise. Analogue television systems are susceptible to noise in the data channel
and phase errors resulting from more than one transmission path from transmitter to receiver
(e.g., reflections of the signal off buildings). '

Consider an arbitrary colour sequence (with separate red, green and blue data) of 480
vertical by 640 horizontal pixels and 30 frames per second digitised with a precision of 8
bits. The number of bytes (one byte is eight bits) needed to encode such a sequence is
640 x 480 x 30 x 3 = 27.65Mbytes per second. The sequence described is typical of the
resolution frame rate and digitising precision of digital video [44]. If one considers the storage
required for an hours video (60 x 60 x 27.65Mbytes per second = 99530Mbytes) or the
transmission channel capacity (27.65Mbytes per second) the need for compression of digitally
encoded video becomes apparent. Conventional terrestrial television using the PAL (Phase
Alternate Line) has a bandwidth of 6 MHz [51] which is far less than the bandwidth of the
digital channel. The practical implementation of digital television then requires compression.

When compressing video sequences the temporal redundancies within the sequence can
be exploited to maximise compression. Within MPEG-1, MPEG-2 and H.261 the method of
choice is block motion compensation as opposed to Pixel Recursion or Optical Flow. Even tak-
ing into account recent advances in hardware [57], there remains scope for optimising and/or
finding algorithms which minimise algorithmic complexity and search time while maximising
compression. Several algorithms will be examined together with the theoretical background to
motion compensation in general and block motion compensation in particular. Finally some
new algorithms are presented and their performance compared to some standard algorithms.

Video sequence complexity has bearing on the compressibility of a sequence. It seems
reasonable to suppose that a sequence with complex motion and spatial properties will not
compress as well as a sequence with simple motion and image content. A clear distinction

must be made between what a human observer will regard as complex and what a compression
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algorithm will have difficulty compressing. An attempt will be made to model the resultant
peak bit-rates of several MPEG-2 compressed sequences, in terms of their motion and image
characteristics. Knowledge of the peak bit-rate of a video sequence allows budgeting of channel

capacity for fixed bit-rate encoders.

The layout of this thesis is as follows:

e Chapter 2 presents a brief ovefview of the MPEG-2 standard and places the issues of

motion compensation and video complexity in perspective.

e Part I is an examination of motion compensation.

Chapter 3 presents an overview of the theory of motion.

Chapter 4 presents a literature overview of current block motion compensation’
algorithms.

Chapter 5 presents proposals for several new block motion compensation algo-
rithms. ‘

Chapter 6 summarises the application of the algorithms on the Windmill test video
sequence. ‘

Chapter 7 concludes Part I and summarises the application of various algorithms on

the test data, ranks the algorithms in order of effectiveness, attempts to determine

the properties of successful algorithms, and proposes future work.

Chapter 8 is an aside to Part I and examines the effect of quantisation on the
motion compensation process and examines attempts to minimise the effect of
quantisation on motion compensation.

Chapter 9 is an aside to Part I and examines the performance of functions evalu-

ating the suitability of a trial motion vector.

e Part II examines the complexity of video sequences.

}

Chapter 10 presents an overview of Part II.

Chapter 11 presents a literature overview of video sequence quality and relates

quality, complexity and bit-rate.
Chapter 12 presents an overview of the process of measuring complexity.
Chapter 13 presents an overview of the process of modelling the bit-rate.

Chapter 14 presents the results of the model fitting process.

vChapter 15 examines the effect of Principal Components analysis and Jackknifing

on the linear model.

Chapter 16 concludes Part II by comparing the proposed linear and quadratic
models. Some weaknesses of the model fitting process are examined as well.
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¢ Appendix A contains an overview of Sobel filtering and Hashing.

e Appendix B contains the the results of the application of several motion compensation

algorithms on several video sequences.

¢ Appendix C contains source code listings.

The problem of motion compensation and video complexity arises from the need to max-
imise and predict the compression of a given sequence. The issues affecting the compressibility

of an MPEG-2 video sequence are examined in detail in Chapter 2.
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Chapter 2

An overview of MPEG-2

MPEG-2 is one of a family of video compression standards. Previous standards in this family
include H.261 and H.320, which are optimised for low bit-rate (or low channel capacity) tele-
conferencing applications; and MPEG-1 which is intended for multimedia and video storage
applications. MPEG-2 is intended for digital television applications including High Definition
Television (HDTV) as well as normal video. A basic overview of the video portion of MPEG-2
follows [25], and finally some areas of possible optimisation are given.

MPEG-2 is an example of transform encoders. The spatial information is decorrelated
(on an 8x8 subblock level) using the Discrete Cosine Transform. The temporal redundancies
(redundancies between frames) are removed using motion compensation.

This chapter describes begins by describing the basic structure of an MPEG-2 encoder.
This basic structure has similarities with MPEG-1. The Profiles and Levels which provide an
MPEG-2 bitstream with the capacity to service end users with different services, for example,
end users with HDTV and normal video, are described. The final section describes areas of

possible optimisation of MPEG-2.

2.1 The basic structure of an MPEG-2 bitstream

This section examines the basic structure of the MPEG-2 bitstream. The differences between
the coding of spatial and temporal data is examined. The lossy effect of the coding process

is described.
Each MPEG-2 object consists of instances of the object below in the following hierarchy

(as described in Fig. 2.1):
e The sequence itself consists of Groups of Pictures (GOP).
e Groups of Pictures consists of Pictures (Frames).

e Pictures (Frames) consist of Slices.
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Figure 2.1: The MPEG-2 bitstream hierarchy.
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e Slices consist of Macroblocks.

e Macroblocks consist of four luminance blocks and up to four blocks for each of the Cr
and Cb colour components. The RGB space of the input video is transformed into the
YCrCb colour space [25].

e Blocks are a array of 8x8 pixels.

The GOP consists of a series of I, P and B frames. Note that the motion compensation

is performed on the Macroblocks.

Intra coded frames (I) No temporal relationship with any other frame.

Predicted Coded Frame (P) Motion compensation is performed on the Frame with the

previous I or P frame used as the reference frame.

Bi-directionally Predicted Frames (B) Motion compensation is performed on the frame
with both or one of the closest I or P frames used as the reference frames. If one frame
is used then the reference frame is a past or future I/P frame and motion compensation
proceeds as for the P frame case. If both reference frames are used then two motion
vectors are generated and the best match block coded is the average of the best match

blocks on the reference frames.

Intra coded blocks are coded as follows:
e Each block is Discrete Cosine Transformed (DCT).

e Each block is quantised. The Quantisation process first offsets by half the divisor and
then divides each DCT coefficient by a frequency dependent scale factor.

e The block is then zig-zag encoded (starting at the DC coefficient) to form a one dimen-
sional signal (Fig. 2.2 shows the two zig-zag patterns used; Fig. 2.2(b) is recommended
for interlaced video). Run-length encoding then codes each non-zero DCT coefficient
in terms of the coefficient itself, and the number of zero DCT coeflicients before the

non-zero coefficient on the zig-zag path.

Ll

e The one dimensional signal is Huffman Coded. Note the DC coefficient is coded differ-
ently; it is first scaled and then coded by a different Huffman Code Table.

Three types of motion compensated Macroblocks occur:
Forward predicted P coded.

Backward Predicted The reference Macroblock lies on a future frame.
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Increasing horizontal spatial frequency.
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Figure 2.2: Zig-Zag encoding patterns.
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8 |16 |19 |22 |26 |27 |29 |34
16 1 16 | 22 | 24 | 27 | 29 | 34 | 37
19 122 126 |27 29)34 |34 38
22 1222627 29|34 |37 140
22 126 | 27129 |32 |35|40 48
26 | 27 |29 |32 | 35|40 | 48 | 58
26 |27 {29 | 34|38 |46 | 56 | 69
27 129 |35 {38 |46 | 56 | 69 | 83

Table 2.1: Default Quantisation matrix for Intra blocks.

Average Bidirectionally coded Both motion vectors for the forward and backward pre-
dicted Macroblocks are encoded. The difference Macroblock is the difference between
the search Macroblock and the average of the best fit Macroblocks on the future and

past reference Macroblocks.

The motion compensated Macroblocks are coded the same as Intra coded blocks with
the following exception: the Macroblock coded is the difference of the search Macroblock
and the best fit Macroblock. The motion vector(s) in each Macroblock is coded differentially
with respect to the motion information of the previous Macroblock in the Slice. Note that
performing motion compensation on 16x8 pixel Macroblocks compensates for interlacing.

The quantisation matrices can be changed from the default values at the start of each
sequence. Within each Macroblock the quantisation matrix can be scaled to provide coarser or
finer quantisation as required. Intra and non-Intra blocks are quantised differently. Non-Intra
blocks are motion blocks and since the Human Visual System cannot perceive high frequency
structure (fine structure) together with motion (i.e., blurring seen in moving objects or motion
blur); they can be more severely quantised. Since perception of quantisation errors in high
spatial frequencies is lower than for low frequencies the high frequencies are more coarsely
quantised (see Table 2.1 for the default quantisation matrix for Intra coded blocks).

The process of quantisation is as follows:

Q(u,
F(u,v) + 20

Fy(u,v) = floor( )

)

where floor(z) is £ rounded down, F(u,v) is the Discrete Cosine Transform of the block, and
Q(u,v) contains the quantisation coefficients.

The DC coefficient is separately coded and in differentially coded with respect to the
previous luminance block for luminance blocks and the previous colour block for colour blocks
in the Macroblock. Macroblocks are described as the ratio of luminance blocks to the red to
the blue blocks, for example, a 4:4:4 Macroblock contains four luminance, four Cr blocks and
four Cb blocks [25].
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lr Level | ColumnsTRows Lﬂame Rate [ Max Sampling Rate (x10°) , No. Layers ﬂ

High 1920 1152 60 132.71 3
High-1440 1440 1152 60 . 99.53 3

Main 720 576 30 12.44 2 (No SNR)

Low 352 288 30 3.04 2 (No SNR)

Table 2.2: Comparison of Level Frame rates and allowed layers.

2.2 Profiles and Levels

MPEG-2 differs from MPEG-1 in that the syntax is divided into profiles and the profiles
divided into levels (see Tables 2.2 and 2.3 for a comparison of different levels and profiles).
The levels provide a defined constraint on the parameter values (e.g., a layer may set a
maximum frame size). Profiles can be combined into hybrid scalable sequences with a base
layer and up to two extra enhancement levels. Note that any profile or level will decode the
one below it, e.g., Temporal Scalable will decode SNR and Spatial Scalable and High-1440
will decode Main and Low.

The uses of the profiles are as follows:

Spatial Scalable: Intended to cater for services where High Definition TV (HDTV) and

ordinary TV co-exist.

SNR Scalable: Used where two layers of different video quality are needed. Similar to
Spatial Scalable but with the following exception: this involves generating two layers
of the same spatial resolution but different qualities. The base layer provides the basic

quality and the enhancement layer the rest.

Temporal Scalable: Used for migration to higher temporal resolution (frame‘rate) systems.
Again two layers are encoded with the base layer carrying the more important informa-

tion. The enhancement layer is temporally predicted from the base layer.

Data Scalable: Used when two different channels are available. The bit-stream is parti-
tioned such that the more important data (headers, motion vectors, DC coefficients)
are transmitted over the channel with the better error performance and the rest of the

bit-stream over the other channel.

2.3 Optimisation of MPEG-2

The MPEG-2 standard does not define methods for finding optimum motion vectors or opti-
mum placement of frames but only specifies how these are to be coded. It is clear that in the
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| Profile | Comparison |

Simple No B-frames

Main | Not picture, sequence or temporal scalable
SNR SNR scalable only
Spatial ‘ SNR or Spatial scalable

High 4:2:0 or 4:2:2 chroma

Table 2.3: Comparison of different MPEG-2 Profiles.

areas where the implementation of the encoder has some discretion in the structuring of the

bitstream, room for optimisation exist.
The areas of optimisation of MPEG-2 base layer bit-rate include the following {30]:

o Optimisation of the search for the best match forward and backward prediction motion

vectors.

e Optimisation of the search for the best fit average coded (B coded) motion vectors.

The effect of quantisation on the motion vector searches.

Prediction of bit-rates from the sequence data for fixed bit-rate encoders.

Prediction of the optimum placement of I, P and B frames in the GOP.

The issues involved in optimising the search for best match forward and backward pre-
diction motion vectors are examined in detail in Part I. The issues involved in predicting

bit-rates (and hence complexity of the video sequence) is examined in Part II.

23



924



Part 1

Investigation into performance of
Block Motion Estimation

| Algorithms

25



. ’ | | 1
. .
. . - . o
. N .
. LR
.
N . - A -



Chapter 3

A theory of motion

This chapter will examine some theory behind motion in general, block motion compensation
in particular and pel recursive techniques.

Motion estimation is complicated by the aperture problem [26], which is really a special
case of the correspondence problem. The correspondence problem is the difficulty in classify-
ing a pixel in one frame as belonging to a particular object in another frame. The aperture
problem is illustrated in Fig. 3.1. One cannot determine the difference in Fig. 3.1(a) between
the stationary bar and one moving downward, if all that is visible is the portion of the bar
within the ellipsoid (aperture). In Fig. 3.1(b) the end point of the bar gives sufficient infor-
mation to find the motion of the bar. Note that where the aperture problem exists one can
at best only find the motion normal to the edge(s) of the bar/object. To lessen the aperture
problem one needs the edges of an object to be at some angle to each other, then the normal
directions are at an angle to each other. A possible solution satisfying this is more difficult
(for some blocks impossible) to find except at corners where the edges meet. This illustrates

why corners are immune to the correspondence problem.

3.1 Pel recursive methods

Pel recursive methods were first described by Netravalli and Robbins [41]. These attempt to
minimise some distortion function on a neighbourhood around a pixel. Given some original
estimate of the motion of the pixel an updated estimate is found which reduces the distortion
further. These algorithms are also known as Recursive Displacement Estimation Algorithms
[42], [41]. These are essentially gradient descent algorithms (gradient descent algorithms are
used by optical flow algorithms [14]). There is a good chance of finding a local minimum
using these methods, or rather, not ﬁnding the actual displacements. The displacement is
the vector from the start position in the previous frame to the current position in the current

frame for a moving pixel.
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Moving downward,
Appecars stationary.

(a) Apecrlurc problem.

Moving downward
Movement of corner
Used Lo determine motion.

(b) No Aperwure problem.

Figure 3.1: An illustration of the aperture problem.
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Algorithm i — th Update term

E%Rfkflc—l (z,y,m‘v,-)

Bergmann — T 52
2 lijkjk_l (z,y,mu¢)+mekfk(z,y,0)}

%Rfkfk-l (z,y,nfv.;)

Cafferio and Rocca - and 7% = 100
| 25 Ry, 1, (2:9.0) | +n? 7
Netravali and Robbins eZ Ry, 5., (2, y,mv;) and € = 1/1204
SR ' v,
Newton — Rapson ~-5 f""‘“(m’y’mi})
a_szfkfk_l(z’yvmvi)
Where fi Frame no j
Ry, 5 (z,y, m;) Cross — correlation of fi and f_;
mv; Estimated displacement

Table 3.1: Update terms for various Pel Recursive Algorithms. [42]

The Discrete Frame Difference is defined as follows:

N—-1M-1
DFD =) Y search_block(i,j) — best_match(i, 5)
i=0 j=0

Pel recursive techniques minimise the Discrete Frame Difference (DFD), usually on a pixel

by pixel basis.

An general form of these algorithms are:

Uipp = Ui+6

Where § is the update term (predicted motion) for each pixel, and U; is the current
estimate of the best match motion vector. Several proposals have been made for the update
term (see Table 3.1). The update terms have been given in terms of the derivative of the cross-
correlation function with respect to z, but this is readily extensible to the multi-dimensional
case.
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3.2 Block Motion Compensation

Block matching algorithms divide the current frame into a series of non-overlapping blocks
(the search blocks) and attempts to find the best match (via some criterion) in some search
region in the previous frame [41], [42]. The reference frame is divided into overlapping blocks
(reference blocks) and one of these will be the bestmatch block. The final displacement is the
vector from the position of the search block to the position of the best match block, where
both are considered to lie on the same two dimensional image plane.

Some similarities between block motion compensation and pel recursive algorithms exist,
e.g., the block motion algorithms Three step Search and Block Based Gradient Descent Search
Algorithm are really gradient descent algorithms. Block Matching Algorithms usually rely
on the final displacement being close to the position of the search block. Since most motion
vectors are short this is a valid assumption [45].

Three common criteria are used for matching, namely, minimising the Mean Square Er-
ror(MSE), minimising the Mean Absolute Difference(MAD) and finding the peak on the cor-

relation surface. The definitions of the criteria are:

MSE(G,j) = 3= }Ai i[fk(m,n) ~ fralmt it )P (31)
and L
MAD() = 3 3 3 1 fulmm) = fia(m o+ im+.3)| (32)
and v N
correlation(i, j) = MI— Z Z (m,n)fr_1(m +14,n + 7) (3.3)
where T

e M, N are the dimensions of the block, usually M = N = 8.
® fi current frame.

e f,_1 previous frame.

Note that MAD is easier to calculate than MSE since the sign test and inversion for a
difference value can be performed faster than a multiplication. MSE is related to correlation
(see Chapter 9).

Netravalli and Robbins [42] propose defining the Discrete Frame Difference (DFD) as a
measure of the error of the motion compensation algorithm. The DFD is the sum of the
differences of the pixels of the best match and the search blocks:

N-1M-1

M-
DFD = Z Z search_block(i, j) — best_match(i, )
1=0 j5=0
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A difficulty with this definition is that the positive and negative differences partially cancel.
A more realistic definition of the error involves the absolute values of the differences which
weights the error per pixel uniformly and involves all pixels. The definition of DFD used in

this thesis is:
1M

N-1M-1
DFD = Z Z | search_block(i, j) — best_match(i, j) |
i=0 j=0 .

Block based motion compensation (BBMC) does not yield exact motion (correct motion),
motion vectors since it does not attempt to deal with the aperture problem but only minimises
the DFD and the length of the motion vector. BBMC algorithms tend to have small block
sizes (usually 8x8, 16x8 or 16x16 for MPEG), and are especially susceptible to the aperture
problem. Some motion vectors will be valid estimators of the motion field but only for
blocks which do not suffer from the aperture problem. A further complication is that certain
algorithms (notably Three Step Search and Two Dimensional Logarithmic Search) require
a monotonically decreasing distortion error as one approaches the position of exact match
(where one exists) from the start position. This is problematic and the search is likely to
converge to a local minimum instead.

Other BBMC algorithms use full search or an optimised version of full search. Some

practical implementations of BBMC algorithms are examined in Chapter 4.
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Chapter 4

Overview of current block-matching

algorithms

Several current algorithms are described in this chapter. The algorithms presented cover a
cross-section of approaches from ad-hoc (e.g., Parallel Hierarchical One Dimensional Search)
to systematic (e.g., Successive Elimination Algorithm). The algorithms can be divided into
two basic types: those that examine the entire reference frame and those that examine only
a subset of the reference frame. The algorithms are quantatively compared in the results
chapter (Chapter 7).

Block matching algorithms [{42], [41] attempt to minimise the distortion (MSE, MAD,
correlation, etc.) between the search block on the reference frame and some/all possible
blocks on the motion frame. This implies keeping the pixel values of the difference block
(the difference of the search block and the final best block chosen) as small as possible. The
motion vector is the displacement from the search block’s location to the location of the
matching block. Note that the algorithms described use 8x8 blocks, although they can be

readily generalised to any block size.

4.1 A Block Based Gradient Descent Search Algorithm

This search (proposed by Liu and Feig [36]) depends on the assumption that the distortion
monotonically decreases as one moves away from the centre of the search block. At each step
nine points in a 3x3 checking block (see Fig. 4.1 for an example of a search) are examined.

Note that for each successive step most points in the checking block will have been examined

in the previous pass.
1. The search is initialised at the centre of the search window (usually 14x14 pixels).
2. The distortion function is evaluated at all nine points.
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3. If the centre point of the checking block has the smallest distortion, then the search

ends with the motion vector pointing to the centre pixel.

4. If the centre point is not the best, then centre the checking block on the point with the

best distortion and repeat 3.

5. If the search reaches the boundary of the search window, then the search ends with the

motion vector pointing to the point with best distortion in the checking block.

-7 -6 -5 4 -3 -2 -1 o 1 2 3 4 5 6 7

N O LA WN= O =

Figure 4.1: Example search points for the Block based Gradient Descent Algorithm.

4.2 The Conjugate Direction Search

This search (proposed by Srinivasan and Rao [50]) is a modification of the Conjugate Search
(described in Section 4.3).
The search proceeds as follows (see Fig. 4.2 for an example search):

Step 1: Search the centre of the search block (0, 0) and one adjoining point to the left (-1, 0)
and to the right (1, 0). If (-1, 0) or (1, 0) is a minimum repeat the search centred on
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Figure 4.2: Example search points for the Conjugate Direction Search.

the minimum until either the boundaries of the search-block are reached or a minimum

is found which lies between two larger values.

Step 2: Repeat the search (as in Step 1) in the Y-direction centred on the best match found in
Step 1.. '

Step 3: Repeat the search (as in Step 1) aldng a vector from the origin of the search-block to the
minimum as computed in Step 2. The search is repeated along this vector centred on the
minimum found in Step 2. It should be noted that pixelation effects (i.e., attempting
to represent a line by its pixel samples) leads to the final search line meandering along

the search line.

4.3 The Conjugate Search (One-at-a-time-Search)

The first stage of the search (described by Musmann et al. [41]) (see Fig. 4.3 for an example
search) involves searching the centre and the two points next to the centre (see Fig. 4.3) as
in {50], [9] and [41]. If the smallest distortion (MAD or MSE) is one of the outer points, one
continues the search horizontally in the direction of the lowest distortion until a point is found
where the next point has a higher distortion, or the end of the search region is reached. The
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next stage is the same as the previous stage except the search is vertical. A point above and a
point below the new point is searched and so on. The displacement is the difference between

the origin of the search area and the point of minimum distortion in the vertical direction.

-7 0 7
-7 -7
(0] 0]
7 7

7 0 7

Figure 4.3: Example search points for the Conjugate Search.

4.4 The Cross Pattern Search (CPS)

This search (proposed by Fok et al. [2]) is similar to the Plus Pattern Search (Section 4.4)

with the exception that the distortion measure used is:

H
MADcps = Y | flz +n,y+n) = fi1(i+n,j+n) |

n=0

+ | fe(z+ H~ny+n)— fy-1(i + H—n,j +n) | (4.1)

as illustrated in Fig. 4.4. Here H = N — 1.
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Figure 4.4: The feature for the Cross Pattern Search.

4.5 The Cross Search Algorithm

This is similar to the logarithmic search (described in Section 4.19), except only four points
are searched at each stage and at the final stage either a St. Andrew’s cross (X) or a normal
(Greek) cross (+) is searched.

The algorithm (proposed by Ghanbari [19], illustrated in Fig. 4.5) is as follows:

1. If the distortion at the centre of the block is less than some threshold then the block is

classified as unmoving and the motion vector is (0, 0).

2. Initialise the minimum position (m, n) to (0, 0) and set the step size to p = ¥; w is the

maximum motion displacement, i.e., half search area width (or height).
3. Note the co-ordinates of the minimum position (m, n) by making (i, j) = (m, n).

4. Find the point of minimum distortion (m, n) of the following points: (i, j), (i- p,j - p),
(i-p,j+ps(i+pi-p)@i+pj+p

5. If p = 1 (end stage) go to step 6, otherwise halve p and go to step 3.

6. If the final minimum position is either (i, j), (i-1,j-1) or (i+ 1,j + 1) go to step 7,

otherwise step 8.

7. Search for the minimum position at (m, n), (m - 1, n), (m, n - 1), (m + 1, n) and (m,
n + 1). A Greek Cross (+) is searched.

8. Search for the minimum position at (m, n), (m-1,n-1), (m-1,n+ 1), (m+ 1, n-
1) and (m + 1, n + 1). The points on a St. Andrews Cross (X) is searched.
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Figure 4.5: Example search points for Cross Search.



4.6 Dynamic Search-Window Adjustment and Interlaced Search
Block Matching Algorithm

This search (proposed by Lee et al. [33]) adjusts the size of the search window for the next
step based on both the goodness of the match and the second best match. The algorithm is
essentially a gradient descent algorithm with varying convergence. -

X 0 8

-8 0 8

Figure 4.6: Example search points (X) for Dynamic Search-Window Adjustment and Inter-
laced Search Block Matching Algorithm.

The search is as follows for an initial 17x17 search window:

1. Search positions in the form of an X (see Fig. 4.6).

[\~

. Adjust the search window to the proper size.
3. Search positions in the form of a + (see Fig. 4.7).
4. Adjust the search window to the proper size.

5. Return to Step 1 until only one point is left in the search window. Perform a full search

of the nine points around the final point.

The adjustment to the window size proceeds as follows:

min2(M AD(P)) — min(MAD(P))
min2(M AD(P))

G =
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-8 0 8

Figure 4.7: Example search points (+) for Dyné,mic Search-Window Adjustment and Inter-
laced Search Block Matching Algorithm.

where min() and min2() returns the smallest and second smallest values.

The window convergence is modified as follows:
e Fast mode: szix%ifG>TH

e Normal mode: Ry =1 x 3 if T, < G < Ty
e Slow mode: R, =3 x 3 if G < Ty,

where R,, denotes the dimensions of the search window with respect to the dimensions in the
previous stage. The initial search window dimensions are 17x17.
Note that Lee et al. [33], propose using Ty = 0.6 and 77 = 0.3.

4.7 A Novel Four-Step Search Algorithm for fast Block Mo-

tion Estimation

This search (as proposed by Po and Ma [45]) relies on a centre biased motion vector distri-

bution (an example search is shown in Fig. 4.8). The algorithm is as follows:

Step 1: A minimum is found from nine points on a 5x5 pattern as in Fig. 4.9(a). If the minimum

is at the centre of the search pattern go to Step 4.

Step 2: The search window size is maintained as 5x5, but the pattern depends on the location

of the minimum.
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— If the minimum is at the corner of the search window five new positions are searched
as in Fig. 4.9(b).

— If the minimum is located in the middle of the horizontal or vertical axes, three
more points are searched as in Fig. 4.9(c).

— If the minimum is located at the centre of the search window go to Step 4 otherwise
go to Step 3. '

Step 3: The searching strategy is the same as Step 2.

Step 4: The search window is reduced to 3x3 as shown in Fig. 4.9(d). The resultant motion vec-

tor is regarded as the displacement from the origin of the search block to the minimum
of these nine points.

7 0 7

-7 + -7
‘ Stage 1
, Stage 2

® o =
0 * ‘ 0 Bl Stage3
’ , Stage 4
7 7
7 0 7

Figure 4.8: Example search points for the Four-Step Search.

4.8 The Full Search algorithm

This is an exhaustive search algorithm [9]. Every point in the search area is examined for the

minimum distortion point. A variant which has the search area smaller than the frame/field
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Figure 4.9: Example search patterns for the Four-Step Search. (a) First Step, (b) second,
third step, (c) second, third step, and (d) fourth and final step.
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should ignore points outside the frame for points on the border of the frame. If MAD is used
as the distortion measure it can be sped up as in the Successive Elimination Algorithm (SEA)
(described in section 4.15).

4.9 The Modified Three Step Search

This search (proposed by Li et al. [34]) is identical to the usual Three Step Search (section
4.17) except that the first points immediately adjacent to the centre of the search space are

examined as well as the usual nine points.

e If the centre point has the lowest distortion the search ends with the motion vector (0,
0).

e If the point of lowest distortion is immediately adjacent to the centre point then the nine
points around the point of lowest distortion are examined and the motion vector points
to the new point of lowest distortion. Naturally only points that were unexamined by

previous stages are examined.

o If the point of lowest distortion is one of the usual Three Step Search points then the

search continues as Three Step Search.

4.10 The New Direction of Minimum Distortion Algorithm

This search (as proposed by Kappangantula and Rao, [29]) is derived from the Two Dimen-
sional Logarithmic search (described in Section 4.19) and the Three Step Search (described
in section 4.17). The algorithm attempts to perform fewer. computations, on average, than
the Three Step or Logarithmic Searches without sacrificing performance.

The algorithm is as follows (see Fig 4.10 for an example search):

1. If the centre point in the search space, corresponding to the position of the search
block, has MAD = M and M < THRESHOLD, stop. The block is then classified as a
stationary block. A THRESHOLD value of 32 is used in the simulation. Initially 7 = 0

and j = 0.

2. The following pixel positions are searched (z — 4,7), (i, —4), ({ +4,7) and (z,7 — 4).
If the minimum MAD form these search points is less than M, go to step 4. If the
minimum < THRESHOLD, stop.

3. If the best match from the previous step is at (i — 4, ;) the points to be searched are
(t—4,5 —4) and (i — 4,7 +4), for (i +4,j) the points to be searched are (i + 4,7 — 4)
and (i +4,j +4).
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If the best match from the previous step is at (z,5 — 4) the points to be searched are
(t—4,5—4) and (i + 4,7 — 4), for (3,7 + 4) the points to be searched are (i + 4,7 + 4)
and (2 — 4,7 +4).

The tests for THRESHOLD and M are performed as in the previous step.

4. This is the same as for Step 2-except the spacing of the search positions is halved and

(,7) is set to the position of the current best match.
5. Similar to Step 3.

6. The spacing is halved again.

T
i
|
T
1
|
T
I
!

-7 -6 -5 -4 -3 -2 -1 0 1 2 3 4 5 6 7

Figure 4.10: Example search patterns for the New Direction of Minimum Distortion.
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4.11 The One Dimensional Full Search

This search algorithm (as proposed by Chen et al. [9], see Fig. 4.11) is related to the Conjugate
search. The first stage searches the points on the horizontal line to the left and right (inclusive
of the centre point) of the centre of the search area and finds the minimum distortipﬁ (MAD
or MSE) of those points. The next stage searches all points vertically above and below the
point of minimum horizontal distortion to find a new point of minimum distortion. The next
stage searches horizontally around this new point searching half the points of the previous
stages. The last stage searches vertically to find the point of least distortion.

7 0 7
7 » 7

@ Stage |

0 0 B Stage 2

Stage 3

Stage 4

= / 0 7

Figure 4.11: Example search points for One Dimensional Full Search.

4.12 Population Based Incremental Learning (PBIL)

The PBIL is derived from the genetic algorithm [3]. The basic method is as follows:
1. Code each trial point location as a binary vector of two numbers.

2. Initialise a prototype vector (P) of the same length as the binary vector and initialise
the elements to 0.5. A better approach is to initialise the vector to the position of the

45



search block. If the element of the bit vector of the search block position is one then the
element in the prototype vector is 0.75 (the choice is arbitrary but larger than 0.5) and
0.25 (less than 0.5) otherwise. This biases the search to the area around the position of
the search block.

3. For each element in a population of size 30 and for 100 generations (these numbers are

arbitrarily chosen).

e Generate a random bit-string. The probability of a bit being 1 or 0 depends on

the corresponding element of P.
e Evaluate the distortion measure at the point specified by the bit-string.

e If the new bit-string has a worse distortion measure than its predecessors then

reject it.

4. Update each element (i) of P by adding L(1 — P[i]) if the bit in the surviving bit-string
is 1 and L(P[i] — 1) if 0. Here L is the learning rate, 0.005 — 0.05 is suggested, and 0.1

used.

5. Occasionally randomly mutate P. The mutation value used is £0.01 with a probability
0.02. '

6. After all generations are examined the final bit vector is generated as follows: if P[i] is
less than 0.5 then the bit is zero, otherwise 1. The final point of displacement is thus

found.

4.13 The Parallel Hierarchical One-Dimensional Search (PH-
ODS)

With certain exceptions, notably Full Search and Successive Elimination, block motion esti-
mation algorithms make the assumption that the distortion increases monotonically as one
moves away from the direction/point of minimum distortion. This assumption is not always
warranted and the algorithm may converge to a local minimum. To achieve a low bit-rate it is
not always necessary to find the direction of minimum distortion; one can accept a direction
with a small enough distortion.

PHODS (proposed by Chen et al. [7]) assumes that the contours of the distortion function
increases monotonically along the axes. Instead of finding the two dimensional motion vector
independently PHODS finds the lowest distortions along each axis. The estimate of the motion
vector on the x-axis becomes the x-part of the final motion vector, the lowest distortion on
the y-axis similarly becomes the y-part of the motion vector(see Fig. 4.12). The algorithm is

as follows:
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o Initialisation
— § = 2llogzp|
- Ax = 0; Ay = 0;
e While( S < 0) /* Loop executed | logap | +1 times. */

— x axis (Ax, 0) « the loca-tilon of min( D(Ax - S, 0), D(Ax, 0), D(Ax + S, 0));
— y axis (Ay, 0) + the location of min( D(0, Ay - S), D(0, Ay), D(0, Ay + S));
-S=8/2;

¢ end While_loop;

e The motion vector is (Ax, Ay).

where,

e Note step size S = 4 when 4 < p < 7 and p = ({lockwidth Of block height)

e | - | is a lower integer truncation function in this context.
e Where possible the minimum distortions along the axes are calculated in parallel.

e Distortion measure used is minimum absolute difference (MAD), although others could

be used.

4.14 The Plus Pattern Search (PPS)

This search (proposed by Fok et al. [2]) is identical to the Subblock Full Search Algorithm
except the distortion measure examines points in the shape of a plus (or cross) as illustrated
in Fig. 4.13.

The distortion measure is as follows:

1 N2t . o
MADpps = + > | filz+n,y+ H) — feo1(i +n,5 + H) |
n=0
H-1 v
+3 | filz+ Hyy+n) = foo1(i+H,j+n) | (4.3)
n=0

Where fi(z,y) is the pixel value at location (z,y) of frame k. H = % —land K =2N—1.
1. For a NxN block in the k-th frame, define a search area of size (2W + 1) x (2W +1)
2. For each location in the search area measure the distortion using equation 4.3.

3. Re-examine the R best matches using the usual distortion measures, e.g., MAD or MSE.
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Figure 4.12: Example search points for Parallel Hierarchical One-Dimensional Search (PH-
ODS).

Figure 4.13: The feature for the Plus Pattern Search.
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4.15 The Successive Elimination Algorithm (SEA)

This search (proposed by Li and Salari [35]) relies on MAD exclusively for a distortion mea-
sure. It is an attempt to speed up the full search by searching a subset of the points in the
reference frame.

The SEA is an example of a feature based search algorithm. It classifies each block in
terms of the sum of all pixels within the block or sumnorm. This section describes a method
to rapidly calculate the the sumnorms and explains how the MAD is used to place upper and

lower bounds on the sumnorm of blocks capable of improving the current best match.

4.15.1 Fast calculation of sumnorms

The operation of calculating the sumnorm at every point in the image (ignoring the points on
the border of the image where this would be impossible) is essentially a convolution operation
of the image and a square of the same dimensions as the search block. All the pixel values
in the square is set to one. The convolution operation is thus separable. The convolution is
thus of the image with two vectors with all elements one and with number of elements in each
vector equal to the dimensions of the square respectively. )

The calculation proceeds as follows for block size N x N (N is usually eight):

1. For the first element of each row calculate the sum of the first N points on the row
(Zﬁ__‘ol f(i, k), k is the row) and save as C11,Cla, ... For example C); is the sum of the
first eight pixels on row one. The second element of each row strip is calculated as
follows: C9; = C11 — f(1,1) + f(N + 1,1) and Cyyy = Cayy — f(1,w) + f(N + 1,w) and

SO omn.

2. For the first element of each column calculate the sum of the first N points on the
column (3} j = ON_lek, k is the row) and save as D;1, D1s,... The second element of
each column strip is calculated as follows: Ds; = D3 — Ci1 + Cn+1)1 and Doy, =
Dy — C1p + C(N + 1)w and so on. The values of D are the sumnorms.

The above reduces the number of operations in calculating the MAD. Without this method

naively calculating sumnorms requires: (for a W x H image):

. V—KI—,H blocks

e N? subtractions per block.

e N2 — 1 additions per block.

e total: ﬁlgWH(2N2 — 1) operations.

Whereas with the previous method this can be reduced to:
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e for the row calculations: W (N — 1) + 2W(H — N — 1) operations.
e for the column calculations: (H — N)((N — 1) + 2(W — N — 1)) operations.

e total: 4WH — (H — N)(N + 3) — 3W (N + 1) operations.

4.15.2 Theoretical Background of Successive Elimination Algorithm

The following result allows tighter and tighter bounds to be placed on the sumnorms of
blocks with potentially better matches. The algorithm relies on the following result, derived

as follows:
e Block sizeis N X N
e Search window size is (2M + 1) x (2M + 1)
e f(i, j, t) represents a pixel intensity at (i, j) in frame t.

Now,

’

” f(iajat) | - | f(l—l‘,] "’y’t_ 1) ” < l f(iajat) —f(i—m,j—y,t— ]-) l (44)
which breaks down to:
|f(7:’jat) | - | f(i—.’l:,j-—y,t—].) | < ! f(ivjat) —f(i—l‘,j—‘y,t—l) I (45)

and,
lf(i—.’l,‘,j—y,t—]_) | - I f(i,jat) | < l f(i’jat) —f(i—l‘,j—y,t—l) | (46)

Summing on both sides of of the above two equations and using the following:

N N
> fG.5t) =R (4.7)
i=1j5=1
N N
Y fli—zi-yt-1)=M (4.8)
i=1j=1
N N
>3 1658 - f—2,5—y,t—1) |= MAD(z,y) (4.9)
i=1 j=1
It is apparent that,
and,
M(z,y) — R< MAD(z,y) (4.11)
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Combining:
R—MAD(z,y) < M(z,y) < R+ MAD(z,y) (4.12)

This is the major result of the SEA algorithm. It implies that the block with the best
match is constrained by equation 4.12. This result implies that the search should only be
done on blocks satisfying 4.12. Ideally the number of blocks in the search area is less and at
each stage the limits on the acceptable sumnorm become tighter, thus excluding more of the

search space.

4.16 The Sub-block Full Search Algorithm

This is a variant of the Full Search Algorithm in which a neighbourhood of pixels around the

search point is searched. The search window is usually a 15x15 subimage.

4.17 The Three Step Search

In this search (proposed by Koga et al. [41]) nine points are searched at each of three steps.
At each step the distance between the search points is reduced. The new centre for the search
pattern is the minimum distortion (MAD or MSE) of the search points in the current step. ,

See Fig. 4.14 for an example search.

4.18 Accuracy Improvement and Cost Reduction of the Three
Step Search Block Matching Algorithm

This search (proposed by Jong et al. [8]) essentially is four tiled Three Step Searches in each
quarter of the search area with a final TSS in the centre of the search area (see Fig. 4.15).
The Three Step Searches are modified to centre each step (excluding the first) around
not only the best match but a number of other close to best match candidates in order of
goodness of match. Jong et al. [8] propose using the best match and the closest to best match
point. The final minimum is the minimum of the of the four modified Three Step Searches.
The motion vector is the displacement from the centre of the search area to the location of

the minimum.

4.19 The Two dimensional Logarithmic Search

This search is also referred to as the Direction of Minimum Distortion (DMD) by Srinivasan
and Rao [50]. This is based on the assumption that the distortion increases monotonically
as one moves away from the direction of minimum distortion [41]. The direction of minimum

disto;tion is defined such that the MSE or MAD is a minimum.
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Figure 4.14: Example search points for the Three Step Search.
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TSS-4 TSS-3

Figure 4.15: Example search layout for the Accuracy Improved Three Step Search.

In each step five points are searched. The distance between search points is reduced if
the minimum is at the centre of the search points or if the boundary of the search area is
encountered. Otherwise the search is repeated using the new minimum as the centre of the
search. Points outside the search area are ignored. One continues the search until the distance

between search points is one pixel. See Fig. 4.16 for an example implementation.

4.20 Summary

The algorithms presented cover a cross-section of approaches from ad-hoc (e.g., PHODS)
to systematic (e.g., SEA). The algorithms can be divided into two basic types: those that
examine the entire reference frame and those that examine only a subset of the reference
frame.

Some proposed new algorithms are presented in Chapter 5.
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Figure 4.16: Example search points for the Two Dimensional Logarithmic Search.
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Chapter 5
Some proposed new algorithms

The previous chapter examined some of the Block Motion Compensation Algorithms described
in the literature. Some new algorithms are described here; based on insights gdined from the
previous chapter. The algorithms here attempt to find a balance between accuracy of the best
match and speed of the search process. The proposed algorithms are quantatively compared
to some current algorithms in the results chapter (Chapter 7).

The proposed algorithms are an attempt to speed up the Successive Elimination Algorithm
by examining various features such as the energy, variance, monotony, modified monotony,
and a few coefficients of the Hadamard Transform of the search block. The features are chosen
for speed of calculation and for how well they describe the block. Sub-sampling the search
space relies on the local correlation of pixels. The Tiled search attempts to combine the two
approaches by examining subblocks of the reference frame one at a time (assuming a local
motion vector) and by speeding up the search by using a feature (the mean as in SEA). The
Projection Search attempts to minimise the MAD of a set of features by searching all possible
points in the feature space with a monotonically increasing distortion until a point in the
reference frame is found. |

The following algorithms are proposed: some feature domain methods, an optimisation
of the Successive Elimination Algorithm, the Projection Search, Sub-sampled and Filtered

Sub-sampled Points Search.

5.1 Some Feature domain methods

The blocks on the search and reference frame can be described in terms of a set of carefully
chosen features, e.g,. using some basis functions of Hadamard, DCT, etc.

Using a sub-set of the features available allows for faster searches for a matching block.
The searches are performed using the basic Modified SEA (the Modified SEA is explained in
Section 5.2) with the sumnorm pre-calculation stage replaced by the process of calculating
one (or more) of the features to be described. For multiple features (eg. DCT coefficients)
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the first feature fulfils the role of the SEA sumnorm and in finding the minimum of a set of

points with identical sumnorms the MAD of the other features is minimised.

5.1.1 Using the DCT coefficients as features

The search is identical to the SEA with the exception that the initial MAD test is performed
on a subset of the DCT coefficients. The final MAD is performed on points which pass the
initial MAD test. The issues of the computational complexity of this search is examined and

an attempt is made to speed up the calculation of DCT coefficients for overlapping blocks.

Using the DCT coefficients as features have the following advantages:

e A subset of the available coefficients can be used because of the energy compaction
capability of the DCT.

e The quantisation of coefficients can be made part of the motion compensation process.

The disadvantage is computational complexity. A DCT needs to be evaluated for each
overlapping block in the reference frame. |

A method for the fast calculation of the DCT coeflicients for overlapping blocks can be
derived. This optimisation involves the row column decomposition of the DCT. Given the
DCT of the row (column) in the previous block, the DCT of the row (column) of the new
block is found as follows: subtract the DCT of the first pixel in the old row (column), left shift
the DCT by one pixel followed by the addition of the DCT of the last pixel in the new row
(column) of the new block. The Discrete Cosine Transform can be written as a row column

decomposition as follows:

( +1)U 2y + Doun
DCT{(u,v = C z,y)co (2y + Dor
(u,v) (uw)C ;);)f( y)cos( SN T )eos( i )
N
— oW Y cosEEEUIT) S (g, g 2L,
=0 y=0
where C(q) = \—}5---q=0
= 1 ... otherwise
Now,
DCT(u) = C(u) Zf (2$;‘]\;) )

=
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shifting by «,

N

DCT(uw) = C(u) Y. f(z+ a)cos( (2(z +;1)v + Dur,
=0
N

= C(u) Z f(x)cos((zz ;—A})mr + 2;;\7)

=0
N i Uum
- C(u)Zf(:c)cos(@x;;)u +2;'N)

Using the identity:
cos(a + B) = (cosa)(cosB) — (sina)(sinf)

the DCT can be written as:

DCT(u) = C(u)Zf(x)cos( 5N Jeos( SN ) —

C(u) Zf(x)sm( 5N )sin( SN )

=0

Now the Discrete Sine Transform can be decomposed in a similar fashion:

DST(u) = C(u)Zf(x)sin(@x—;\}lﬂ)

shif’ﬁing by a,

Now, let:

OST: The DST of eight pixels with the first pixel set to zero.

OCT: The DCT of eight pixels with the first pixel set to zero.

NST: The DST after the left shift of the pixels.

e NCT: The DCT after the left shift of the pixels.
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. 2oum 2cum
OST = (NCT)sin( 2N ) + (NST)cos( SN

)

2aum 2ccum

OCT = (NCT)cos( 5N ) + (NST)sin( i )
= NST = (0ST)cos(22T) — (OCT)sin(°22T)
= cos(— sin(—
. 2aum 20ur
= NCT = (OST)sin( 5 ) — (OCT)cos( TN )

A difficulty with this method is that it requires the DST to be calculated in conjunction
with the DCT which doubles the required storage. The algorithm is as follows for a two
dimensional DCT:

1. Calculate the DCT and the DST for the first row of the frame.

2. For each point in the reference frame (except the ones with row or column greater than

8) perform a row DCT as follows

e Subtract the DCT of the first element in the previous data.

e Shift the transform of the data one pixel to the right, i.e., calculate the new DCT
and DST witha = 1.

e Add in the DCT of the last element in the new data set.
3. Calculate the column DCT for the first row of the row transformed data.

4. Repeat 3 except using a column DCT.

Note that the subtraction of the first pixel and the addition of the last pixel in the data
can be done in a single step.
The number of operations required for this algorithm is as follows:

e Subtraction of first pixel after left shift from previous DCT: n multiplications (scaling
of transform of pixel value of unit value in the first position) and n subtractions: 2n.

Subtraction of first pixel from previous DST: 2n.

Calculation of NST: 3n.

Calculation of NCT: 3n.

e Addition of last pixel after left shift to NST: 2n.

Addition of last pixel after left shift to NCT: 2n.
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The number of operations total 14n where n is the number of pixels. This operation is order n
(O(n)) which grows slower than nlogsn (the order of calculations expected of a DCT /DST).

Chen et al. {10] proposed a fast DCT with:
) §2ﬂ(log2n — 1) + 2 additions,

e nlogan — 323 + 4 multiplications,

. 5—2”-log2n — 3n 4+ 6 operations in total.

This implies this method is useful only for n > 112. Using a lookup table of all possible
transform values for the DST and DCT of the first and last pixels respectively would reduce
the number of addition and subtraction operations to 10n. This implies n > 37 for the
proposed method to require fewer operations than the fast DCT. Hardware implementation

of this DCT calculation stage would reduce the time needed for this stage.

5.1.2 The monotony operator

The monotony operator is an attempt at a feature which is easy to calculate but also robust in
terms of immunity to lighting changes. The monotony operator is defined [26] as the number
of pixels with values smaller or equal to the centre pixel in a block. The block size used is
8x8 and the centre pixel used is at (4, 4) relative to the upper left-hand corner of the block.
The search is identical to the SEA with the exception that only points with monotony values
within a certain range centred on the search block’s monotony are examined. A disadvantage
is that this operator is vulnerable to noise. This feature is rotation invariant which is a
disadvantage for BBMC.

5.1.3 A modification of the monotony operator

A modification to the monotony operator is proposed. The modification is identical to the
above except for the calculation of the monotony. The modification is an attempt to remove
the rotation invariance of the operator, and hence reduce the number of blocks to be examined

during the search. The monotony is calculated as follows:

e Initially monotony = 0

e for each point which is less than or equal to the pixel value of the centre point ((4, 4)
from the upper left hand corner of the block) in the block (8x8) the following is added
to the monotony column position + 8 x row position. Note that the centre pixel does

not add to the monotony.
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5.1.4 Using a subset of the Hadamard transform coeflicients as features

The advantage of using the Hadamard Transform (see Appendix A) is that the coefficients can
be rapidly calculated. Four coefficients are used. The search is identical to the SEA except
that only the point(s) with the lowest MAD in the Hadamard Domain are examined using
MAD in the spatial domain. The advantage is that in using only four transform coefficients
the points can be examined and excluded faster (16 times) than MAD in the spatial domain
with 64 pixel values. See Fig. 5.1 for the coefficients. Note that the dark areas are subtracted

from the light areas within each coefficient.

Hadamard Coefficients.

Figure 5.1: Hadamard coefficients used.

5.1.5 Variance

This is similar to the Monotony and Modified Monotony approaches. Variance is used in an
attempt to find a more noise immune measure than the Monotony methods. The definition of
Variance is as follows: S~ (z; — Z)?. The search is identical to the SEA with the exception

that only points with variance values in a certain range centred on the search block’s variance

are examined.
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5.1.6 Energy

For good Signal to Noise Ratios energy should be a fairly noise immune feature. The energy
in each block is computed and, similar to the approach in Monotony and Modified Monotony,
the blocks with a particular mean are searched for the block with energy closest to the search
block. The computationally expensive MAD is then performed on this best fit block. The

energy is defined as follows:

N—-1N-1

Z “’?j

Energy =
. =0

=0

.,

5.2 A Modified SEA

This algorithm is a modification of the Successive Elimination Algorithm. Each point is
sorted in order of sumnorm and the search operates on this sorted list and not on the image
of sumnorms (the low pass filtered image). The problem of finding the optimum motion
vector in region matching methods can thus be reduced to a sorting problem. One firsts sorts
to find points with the best distortion measure and then by distance to minimise the length
motion vector.

The algorithm is a good basis on which to construct feature based searches (as in DCT
and Monotony based searches), in that the sumnorm calculation stage can be replaced by the
feature (or features) generation stage. All that is required is that the feature values can be
ordered. If several features are used then several SEA constraint equations may be used; one

for each feature. This section examines the algorithm itself and then proposes a modification.

5.2.1 The basic Modified SEA algorithm is as follows:

e Generate the reference frame in the same way as in the Successive Elimination Algorithm
(SEA).

o Generate lists of all points in the reference frame with the same value of sumnorm.

e When given a search block, sum all pixel values and find the list with the closest value
(sumnorm). It is possible to have two lists differing from the search value by the same

amount.

e Search the list(s) for the point with best distortion match closest to the position of the
search block.

It is interesting to note that generating the reference frame sumnorms is the same as
convolving or correlating with a block of given size (here 8x8). This implies a low pass

filtering of the reference image.
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5.2.2 A Modification

The time consuming part of the search process is that each search with a new search block on
the same frame, with the exception of the sumnorm/feature generation and ordering stage,
starts fresh. This modification attempts to use the results generated in finding the previous
best match for the current frame to speed to process of finding the new best match. The basic
difference | z — y | can be modified to allow the current MAD to be determined in terms of
the MAD for a past search block. The upper and lower bounds of the new MAD is calculated
in terms of the old (past) MAD. Now let y = z 4 d, where d is the difference between z and

y:

|z - (2+4d)|

| (z—2)-d]|
fz—z|-[d|l < | (@ ~2) - d|
| (z—2)—d| > |z —2|+|d]

The variables are as follows:
x: Cﬁrrent point on search frame
z: Previous (long past) search block.
d: Difference between the new search block and the previous search block.

Now,

IA

N N N N
22 (@i = 25) — dig) | 22 (i =2 |+ dis )
i j i g

N N N N N N
D3 0mii—zl+. ) |dij] < oldMAD =33 |dj|
3 i i

t 2

and

v

N N N N
Yo (@i — 2i5) — dij) | YD @iy — 25 |+ | dij |)
H 3 i 7

N N

N N N N
Y3 ey —ag [ +303 ldy| = oldMAD+3 73" | dy |
i g i L g

t 7

Of interest is the lower bound. In general the following is true of lower bounds:

la+b| < |a|+]|b]| ... Triangle Inequality

Leta = z+y
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Letb = -z
lz4+y—z| < |z+y|+|—z]|
lyl=lz| < [z+y]
N
Since MAD = Z | (zij — 2i5) —diz) |,
N N N N ' N
S S i@y —z) |- | dij| < Z | (zi5 — 2i5) — dij) |
J i j

i

(zi5 = 2i5) — dij) |

N N N
Old MAD =) [dij | < Z

iJ

»[\/]z »[V]z »~[\/]z

The form of the search for the best match is as follows:

1. A Full Search (or SEA) must be performed with at least one search block in order to

construct a table of old MAD values versus pixel position.

2. If the new search block is identical to the first block then one can search for the closest
point to the location of the reference block from the list of points of minimum MAD on
the table of old MAD values. v

3. For each new search block different from the first search block, calculate the lower bound
at each pixel position. The term 3N Z;-V | dij | can be pre-computed since this is the
sum of the absolute value differences of the new and first search blocks.

4. Examine points with a smaller, lower bound on the new MAD than the current best
match using the MAD measure. This ensures fewer points are searched with the expen-
sive MAD calculation and that points with large new MADs are rapidly excluded from
the search.

5.3 A Projection Search Algorithm

This algorithm approaches the search process from another perspective. Instead of examining
points on the frame, it partitions the search space until a point in the search space is found
which can be related to a point on the frame.

This algorithm relies on making an initial estimate of the distortion and only examining the
points which could have this distortion. If the initial estimate proves unfounded a new larger
estimate is generated and the search repeated. Each pass of the algorithm only examines a
subset of the number of pixels available on the reference frame. One essentially tries to fit a
hyper-cube/rectangle over a distortion shell/solid created by assuming a particular distortion

value. One only closely examines points within the cube/rectangle. The dimensions of the
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hyper-cube/rectangle correspond to the ranges of values for each feature which will allow
for a distortion as given. Note that for points outside the distortion shell the distortion is
necessarily greater. Only points with feature values within the cube/rectangle are examined
and the ones with smallest distortion and closest to the search origin (as usual) are chosen.
One should avoid the temptation to reduce the number of points examined by generating a
better approximation to the distortion function since one here begins to perform a full search
on a portion of the feature space, i.e., one examines more points. For a symmetric object such
as a sphere (MSE distortion function in multiple dimensions) cube (MAD distortion function
in multiple dimensions) the dimensions of the enclosing cube are simply the estimate of the
distortion. For an ellipse (MSE distortion function taking quantisation into account) each

dimension is a scaled version of the estimated distortion. The algorithm is as follows:

1. For each overlapping block in the reference frame pre-calculate the features of those
blocks. ‘

2. Sort the points into bins, using a hash function to sort the blocks.

3. For each search block generate the test values according to the hash function and the

allowed distortion, and probe each bin for an acceptable block.

4. If no acceptable point is found increase the allowed distortion by one and repeat.

4. (12512 + 42*251%+ 992256 +91) ' \here g; refer to the first

The following hash function is use
four Hadamard transform coefficients. Note that any features can be used provided they
are ranked in order of energy compaction or how much of the data they explain. The data
structure used is an open-ended hash table (each entry in the hash table can contain more
than one entry/candidate point). Since most motion vectors are short it seems best to use 0
or so as the start distortion (if one uses MAD) and increment the allowed distortion until a
point emerges with a distortion less than or equal to the allowed distortion.

As an optimisation one can ensure that with each trial of a particular search block each

entry (slot) in the hash table is examined only once.

5.4 A Prefiltered Sampled points search

This search attempts to examine the effect of search area size in isolation to the effect of

sub-sampling the search space (see the next section). The search proceeds as follows:

o Low pass filter the frame. Replace each pixel by the sum of the pixel values of a block
NxN with one corner of the block corresponding to the pixel location. N is the subsample

factor.

o Subsample the low pass filtered frame by a factor of N.
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e Perform an SEA (or Modified SEA) on the samples and select the best match.

e Around the best match perform a full search on the original frame with a search window

of dimension N —1 by N — 1.

e The motion vector points to the pixel with lowest distortion.

5.5 A Sampled points search

This is an attempt to generalise searches like Three Step Search, Modified (New) Three Step
search and the Two Dimensional Logarithmic search, etc. to cover the entire frame. Given
that a pixel tends to be highly correlated with its immediate neighbours [42], it should not

be necessary to examine every point during a full search. This search proceeds as follows:

e Sub-sample the images with a factor N.
e Use SEA or Modified SEA on the samples.

e On the best match found in the previous step perform a full search within some search
window of dimension N — 1 by N — 1 centred on the best match.

5.6 The Tiled Search

The Tile Search attempts to exploit the fact that most motion vectors are short, typically less
that 15 pixels [41], and that the positions of the search blocks are spaced eight pixels apart
along the horizontal and vertical axes, while still providing the performance of a full search

of the search space. The algorithm proceeds as follows:

e The reference frame is subdivided into a series of square 8x8 tiles centred (i.e., pixel
(4,4) from the upper left corner of the tile placed) on the position of the corresponding
search block. '

¢ The sumnorms of each pixel is calculated as in SEA (Section 4.15) (note that any feature

or combination of features could be used instead).

e For each search block:

1. Perform an SEA or modified SEA (or some feature search) on the pixels within
the tile corresponding to the position of the search block.

2. If the distortion is within an acceptable limit search the Tiles surrounding the

search area and end the search.

3. If the distortion is unacceptable include in the search area and search the Tiles

bordering on the search area. Goto 2.
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Note that Tiles outside the search area are excluded. The distortion regarded as acceptable
used for MAD is 500. Since the motion vectors are likely to be short, examining the Tile
corresponding to the position of the search block and its neighbours is likely to provide the
desired minimum distortion. Note that there is a trade-off between speed and minimising
distortion in adjusting the threshold of acceptable distortion. Searching the Tiles bordering
on the search space after an acceptable motion vector is found serves two purposes, firstly,
because of the shape of the Tiles a point with similar distortion may be closer to the origin
but be in a Tile bordering the search area, and, secondly, since more points are examined the
likelihood of finding a good match is improved. Clearly no point with equal distortion may be
closer and no point with larger distortion is of interest. It is possible that a point with smaller
distortion may be well away from the origin of the search block (but long motion vectors are
not very likely) and reducing the threshold of acceptable distortion further, results in more

Tiles examined.

5.7 Summary

The current algorithms which only examine a portion of the reference frame rely on a mono-
tonically decreasing distortion along a path to the best match, and short final motion vectors.
Full search algorithms rely on methods to speed up the examination of each point in preference
to performing a computationally expensive MAD or MSE, an example of such an algorithm
is the Successive Elimination Algorithm. The proposed algorithms are an attempt to speed
up the Successive Elimination Algorithm by examining various features such as the energy,
variance, monotony, modified monotony, and a few coefficients of the Hadamard Transform
of the search block. The features are chosen for speed of calculation and for how well they
describe the block. The Tiled search attempts to combine the two approaches by examining
subblocks of the reference frame one at a time (assuming a local motion vector) and by speed-
ing up the search by using a feature (the mean as in SEA). The Projection Search attempts
to minimise the MAD of a set of features by searching all possible points in the feature space
with a monotonically increasing distortion until a point in the reference frame is found. The

algorithms are quantitatively compared in Chapter 6.
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Chapter 6

The application of different Motion
Compensation algorithms on some

test video sequences

Chapters 4 and 5 presented algorithms from the literature and some new proposed algorithms
respectively. The problem of how to assess the performance of these algorithms, in terms of
both speed and accuracy of the best match, needs to be examined. First it is explained, in this
chapter, how the results are generated, then an example of the application of the algorithms

on the Windmill test video sequence is shown.

6.1 Generation of the data

This section describes the results measured from the data using the different BBMC algo-
rithms. The results for a single test sequence (Windmill) are reproduced and examined.
Quantitative results are generated for the algorithms described in Chapters 4 and 5. The

algorithms are compared as follows:
e Mean and Variance of the Motion Vectors.
e Mean and Variance of the Difference Frame.

e Mean and Variance of the absolute value of the Difference Frame. Denoted as Di abs

mean and Di abs var in the figures respectively.

e The Peak Signal to Noise Ratio (PSNR) of the Difference Frame. The PSNR is defined

as follows: a .
YR 2 [ (z,y) — g(z, )P

peak? (6.1)

PSNR = —IOlOgm
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Where peak = 255 (8 bit resolution images), P is the number of columns, Q is the

number of rows, f(z,y) is the original frame and g(z,y) is the estimated frame.

e The Discrete Frame Difference (DFD). The DFD is the sum of the absolute pixel values

of all Difference Frames.

e The Entropy of the Motion Vectors, Difference Frame and combined Motion Vectors
and Difference Frames. The entropy is defined as: [51]

H = pilogpi,
:

measured in bits. For the motion vectors, p; is the ratio of the occurrence of each
possible element of the motion vector to the number of elements in all motion vectors
for all frames. For the difference frame, p; is the ratio of the occurrence of each possible
pixel value in the difference image to the number of pixels in the sequence of difference
frames. For the cumulative difference, p; is the ratio of the occurrence of each possible
element of the motion vector and pixel value in the difference image to the sum of the
number of elements in all motion vectors for all frames and the number of pixels in the

sequence of difference frames.

Tables are generated comparing the performance of the algorithms on a particular video se-
quence with respect to Entropy, Difference Frame measures, Motion Vector measures, PSNR
and DFD. Figures comparing the performance of each algorithm on a particular video se-
quence are generated for each measure. The video sequences were digitised from a selection
of standard and non-standard sequences. The sequences are groups of 25 frames grabbed at
the second, fifth, eighth, eleventh and fourteenth seconds. The following sequences were used:
Animatel, Animate2, Boxing, CNN News, Crawls, Cross Country, Cycling, Disc3, Rotating
Disc3, Table Tennis and Windmill. Each frame is 512x512 pixels greyscale grabbed by an
EPIX framegrabber.

The data itself is located in Appendix B and enough data (of the Windmill sequence) to
illustrate the performance of the algorithms is included in this chapter.

A good algorithm minimises the DFD or errors between the best match and search blocks;
this implies the PSNR is maximised (see equation 6.1) and the mean of the absolute value of
difference image is minimised. The pixel, motion vector and cumulative entropies represent
the direct Huffman encoding of the data and must be minimised to achieve a minimum bit-
rate. The mean of the motion vectors represents the average motion magnitude. The variance
of the motion vector means is an indication of the non-uniformity of the motion. The variance
of the absolute value of the difference image is an indication of the frequency content excluding
the DC coefficient; ideally this should be minimised.

Table 6.1 relates the algorithms with the abbreviated algorithm names used in the figures
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ﬂ Abbreviated Algorithm ’ l Expanded Name ”

2Dlog Search Two Dimensional Logarithmic Search
Dynamic SW Adjustment Dynamic Search Window Adjustment
Energy Energy Feature based Search
Improved TSS Improved Three Step Search
Modified Feature Search A subset of the Hadamard Transform used
Modified Monotony " | Modified Monotony based Feature Search
Modified SEA Modified Successive Elimination Algorithms (SEA)
Modified SEA v2 Modified SEA version 2 uses the
modification described in Section 5.2.2
Modified TSS Modified Three Step Search
Monotony Monotony based Feature Search
New DMD New Direction Of Minimum Distortion
PBIL Population Based Incremental Learning
Parallel Hierarchical One D Search | Parallel Hierarchical One Dimensional Search
Prefiltered Sampled Points &k Prefiltered Sampled Points with spacing of k pixels
Sampled Pts & Sampled points search, spacing k pixels
TSS . Three Step Search
Variance Variance based Feature Search

Table 6.1: Explanation of abbreviated Algorithm names.

and the tables. Tables 6.2, 6.3 and 6.4 contain the results of the application of all the
algorithms listed on the Windmill test sequence.

Figure 6.1 is a bar graph comparing the DFD of the algorithms on the Windmill test
sequence. Figure 6.2 compares the PSNR, Figure 6.3 compares the mean of the absolute
value of the difference image. Note that algorithms with low DFD correspond to algorithms
with low mean of the absolute value of the difference image, and with algorithms with a high
PSNR. These three measures then appear to measure the goodness of the best match, or how
close the search and best match blocks are. Figure 6.4 compares the variance of the absolute
mean of the difference image.

Figure 6.5 compares the joint coding of difference images and motion vectors. Figure 6.6
compares the entropy of coding the motion vectors alone. Figure 6.7 compares the entropy
of coding the difference images alone. These illustrate that coding and motion vector (and
difference image) generation issues are different. An algorithm with bad performance may do
well if coded carefully.

Figure 6.8 compares the mean of the motion vectors. Figure 6.9 compares the variance
of the motion vectors. Algorithms examining the entire reference frame tend to have high
motion vector means and variances.

The results for all test sequences are quantitatively compared in Chapter 7.
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Algorithm Difference block
Absolute
Mean | Variance | Mean ] Variance
2Dlog Search . -0.09 | 229.8 7.3 175.9
Block Based Gradient Descent Search | -0.07 | 408.9 9.6 316.1
Conjugate Directional Search -0.13 | 280.2 7.9 217.1
Conjugate Search -0.14 | 278.1 7.9 215.1
Cross Pattern Search -0.10 | 235.8 7.5 179.1
Cross Search ' -0.30 | 565.6 12.0 | 421.1
Dynamic SW Adjustment -0.12 | 229.5 74 175.0
Energy -0.52 | 302.9 9.3 217.3
Four Step Search -0.09 | 225.7 7.3 172.4
Improved TSS -0.13 | 176.1 6.8 130.5
Modified Conjugate Search -0.08 | 210.2 7.1 159.7
Modified Feature Search -0.05 | 164.1 6.7 118.8
Modified Monotony -0.26 | 306.8 94 217.9
Modified SEA -0.06 | 130.7 6.2 92.5
Modified SEA v2 -0.22 | 567.6 13.6 | 381.7
Modified TSS ' -0.10 | 211.9 7.2 160.5
Monotony -0.26 | 305.1 9.4 217.0
New DMD -0.37 | 393.0 10.3 | 287.2
One Dimensional Full Search -0.07 | 1033.8 17.0 745.2
PBIL -0.21 | 3421 9.5 251.0
Parallel Hierarchical One D Search 0.00 | 1091.0 174 | 786.6
Plus Pattern Search -0.10 | 271.3 7.9 209.5
Prefiltered Sampled Points 2 -1.84 | 596.0 12.3 | 448.8
Prefiltered Sampled Points 3 0.28 | 412.3 9.8 315.7
Prefiltered Sampled Points 4 0.30 | 360.9 9.0 279.4
Prefiltered Sampled Points 5 0.41 310.3 8.5 238.8
Projection Search -0.10 | 743.5 15.0 517.5
Sampled Pts 2 -0.11 | 143.1 - 6.5 101.5
Sampled Pts 3 -0.27 | 265.3 8.5 192.4
Sampled Pts 4 -0.27 | 233.3 8.1 168.2
Sampled Pts 5 -0.35 | 323.8 9.5 234.5
Subblock Full Search -0.09 | 191.4 6.8 144.6
TSS -0.21 | 236.7 7.6 178.9
Tile search -0.12 | 210.5 7.8 149.9
Variance 0.02 728.6 15.2 4974

Table 6.2: Comparison of Algorithms for the sequence windmill
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Algorithm Motion Vector PSNR | DFD
Mean | Variance (x 10% )
2Dlog Search 2.422 2.351 24.52 | 2.386
Block Based Gradient Descent Search | 1.524 1.996 22.01 | 3.133
Conjugate Directional Search 1.830 2.016 23.66 | 2.584
Conjugate Search 1.815 1.920 23.69 | 2.581
Cross Pattern Search 4.104 7.202 24.40 | 2.449
Cross Search 3.512 6.788 20.61 | 3.909
Dynamic SW Adjustment 2.483 1.942 24.52 | 2.400
Energy 134.534 | 17910 23.32 | 3.012
Four Step Search 2.713 3.029 24.60 | 2.373
Improved TSS 5.265 21.323 25.67 | 2.196
Modified Conjugate Search 3.287 5.316 24.90 | 2.310
Modified Feature Search 15.465 | 3277 25.98 | 2.186
Modified Monotony 160.194 | 21837 - | 23.26 | 3.065
Modified SEA 70.883 | 11395 26.97 | 2.008
Modified SEA v2 218.814 | 20745 20.59 | 4.432
Modified TSS 2.703 3.838 24.87 | 2.331
Monotony 155.092 | 21030 23.29 | 3.054
New DMD 4.409 7.972 22.19 | 3.346
One Dimensional Full Search 0.690 4.283 17.99 | 5.523
PBIL 47.800 | 6882 22.79 | 3.103
Parallel Hierarchical One D Search 0.001 0.005 17.75 | 5.671
Plus Pattern Search 4.232 7.108 23.80 | 2.556
Prefiltered Sampled Points 2 117.689 | 27463 20.38 | 3.989
Prefiltered Sampled Points 3 13.903 | 3634 21.98 | 3.195
Prefiltered Sampled Points 4 18.840 | 4299 22.56 | 2.935
Prefiltered Sampled Points 5 20.135 | 4402 23.21 | 2.753
Projection Search 165.867 | 16285 19.42 | 4.886
Sampled Pts 2 78.342 | 12276 26.57 | 2.097
Sampled Pts 3 116.763 | 15396 23.89 | 2.776
Sampled Pts 4 112.233 | 15045 24.45 | 2.623
Sampled Pts 5 131.927 | 16145 23.03 | 3.074
Subblock Full Search 4.193 8.789 25.31 | 2.223
TSS 3.520 4.533 24.39 | 2.473
Tile search 33.202 | 7526 24.90 | 2.531
Variance 198.325 | 17903 19.51 | 4.943

Table 6.3: Comparison of Algorithms for the sequence windmill
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Algorithm Entropy
Pixel | Motion Vector | Cumulative

2Dlog Search 5.09 | 2.76 5.05
Block Based Gradient Descent Search | 5.38 | 2.26 5.31
Conjugate Directional Search 5.18 | 2.39 5.13
Conjugate Search 5.18 | 2.38 5.13
Cross Pattern Search 5.14 | 3.51 5.11
Cross Search 5.64 | 3.49 5.60
Dynamic SW Adjustment 511 |2.71 5.06
Energy 5.34 | 8.08 5.48
Four Step Search 5.09 | 2.92 5.04
Improved TSS 5.00 | 3.87 4.97
Modified Conjugate Search 5.06 | 3.05 5.02
Modified Feature Search 5.00 |4.15 4.99
Modified Monotony 538 |8.34 5.53
Modified SEA 4.88 | 6.28 4.96
Modified SEA v2 6.00 |9.16 6.18
Modified TSS 5.07 | 2.92 5.03
Monotony 5.37 | 8.32 5.52 .
New DMD 553 | 3.71 5.49
One Dimensional Full Search 6.09 | 0.76 6.00
PBIL 5.39 | 4.53 5.40
Parallel Hierarchical One D Search 6.13 | 0.00 6.04
Plus Pattern Search 5.18 | 3.57 5.14
Prefiltered Sampled Points 2 5.66 | 5.63 5.72
Prefiltered Sampled Points 3 539 | 2.83 5.35
Prefiltered Sampled Points 4 5.29 | 3.49 5.26
Prefiltered Sampled Points 5 522 | 3.82 5.20
Projection Search 5.96 | 8.98 6.11
Sampled Pts 2 494 | 6.14 5.02
Sampled Pts 3 524 | 7.84 5.37
Sampled Pts 4 519 | 7.00 5.31
Sampled Pts 5 5.35 | 8.20 5.50
Subblock Full Search 5.00 | 3.49 4.97
TSS 514 | 3.25 5.10
Tile search 519 | 4.13 5.19
Variance 6.02 | 9.24 6.19

Table 6.4: Comparison of Algorithms for the sequence windmill
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Chapter 7

Conclusion to Part 1
Analysis of the performance of the

motion vector algorithm‘s

The previous chapter examined the process of applying the various motion co"mpensation
algorithms to the data at hand. This chapter presents an|analysis of the results of this
application. The performance of the algorithms is examined and the best algorithm found in
terms of complexity and performance. The performance measures themselves are examined
and the best found. Some conclusions on the results are drfawn and finally future work is

proposed.

]
i
!

7.1 A physical interpretation of the parameters measured

This section examines the parameters measured on the test jsequences by the BBMC algo-
rithms. The parameters are compared with respect to how well they measure the performance
of the algorithm and the computational complexity of the calculation of the parameter.

The difference image has negative as well as positive pixel values. The mean of the
difference image is therefore, small, and a better estimate |of the difference between two
frames is the absolute difference. An algorithm with a higher absolute difference than another

clearly performs worse, since the algorithms attempt to minimise the difference between
the reference and search block. Variance is a useful measure since it provides information
about the variability of the difference image and hence the fre|quency content. Ideally a good
algorithm minimises the variance of the difference frame.

The entropy (rounded up) is a measure of the number of bits needed to Huffman code the
difference image and Motion Vectors. Ideally an algorithm wiill reduce the number of bits to
code as compared to the original frames. Note that block m;atching algorithms are really a

|
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modified form of DPCM (Differential Pulse Code Modulation). The combined entropy can
be justified as a measure. The entropy for motion vectors depends on the search range of the
algorithm and since there are far fewer Motion Vectors than pixels the effect of the motion
vectors on the cumulative entropy is small compared to the pixels contribution. Note that
the Cumulative and Pixel entropies are similar and thus there is no advantage in coding the
pixels and Motion Vectors apart. The Motion Vector entropies are divided into two classes
and are fairly similar within those classes. This excludes the entropy of the Motion Vectors
and Cumulative entropy as a reasonable measure. The results indicate that the entropy of
the pixels may be a reasonable measure and that even a poor motion compensation algorithm
may compress data well.

The algorithms may be divided into two classes; those which examine a sub-window
around the search origin and those which examine the entire frame. The mean of the Motion
Vectors cannot then be used to compare these classes of algorithms since the means will be
very different, similarly for the variance of the Motion Vectors.

The DFD and the mean of the absolute pixel values of the difference frame correlate (by
definition). The PSNR, though expensive to compute, is a good measure and is related to the
variance of the difference image. A good algorithm will minimise DFD and maximise PSNR.

As regards computational complexity and robustness, the DFD and variance of the dif-
ference image seem to be the best measures.

The algorithms are ranked in order of goodness as regards DFD and variance for algorithms

operating over the entire frame and algorithms operating over a sub-region of the frame.

7.2 Comparing the algorithms

The previous section examined the different parameters measured on the test data by the
various algorithms. It emerged that the DFD is a good yet simple measure for examining
the accuracy of the algorithms. Table 7.2 ranks all algorithms in terms of the total DFD of
all eleven test sequences. The percentage increase on the DFD result of the algorithms is

calculated as follows:
100 * (DF Dy — DFD;)

DFD,

The following conclusions can be drawn:

e Filtering a frame before subsampling does not improve the performance of the SEA

algorithm.

e The Prefiltered Sampled Points Search separates the effect of the subsampling from the
effect of the full search around the best match of the subsampled points. The search of
a local neighbourhood of pixels surrounding the best match improves the performance
of the Sampled Points Search. '
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| Algorithm | DFD ¥ (x10°) [ DFD Mean (x10%) | % Increase |

Modified SEA 20.731 1.885 —

Sampled Pts 2 21.710 1.974 4.72
Sampled Pts 4 ' 23.671 2.152 9.02
Sampled Pts 3 23.830 2.166 0.65
Energy 24.606 2.237 3.28
Tile search 25.072 2.279 1.88
Sampled Pts 5 25.326 2.302 1.00
Monotony 25.329 2.303 0.04
Modified Monotony 25.401 2.309 0.26
Modified Feature Search 27.930 2.539 0.10
Prefiltered Sampled Points 5 31.429 2.857 12.52
Prefiltered Sampled Points 3 31.434 2.858 0.04
Prefiltered Sampled Points 4 31.453 2.859 0.03
PBIL 31.776 2.889 1.05
Prefiltered Sampled Points 2 33.257 3.023 4.64
Improved TSS 33.878 3.080 1.89
Modified SEA v2 36.557 3.323 7.89
Subblock Full Search : 37.443 3.404 2.44
Variance 38.171 3.470 1.94
Projection Search 42.716 3.883 11.9
Cross Pattern Search 43.063 3.915 0.82
TSS 43.521 3.956 1.05
Modified TSS 43.734 3.976 , 0.51
New DMD - 44.140 4.013 0.93
Modified Conjugate Search 44.404 ' 4.037 0.6

Four Step Search 44.837 4.076 0.97
Plus Pattern Search 45.071 4.097 0.52
2Dlog Search 47.546 4.322 5.49
Cross Search 47.711 4.337 - 0.35
Dynamic SW Adjustment 51.110 4.646 7.12
Conjugate Search 53.933 4.903 5.53
Conjugate Directional Search 53.990 4.908 0.1

Block Based Gradient Descent Search - 58.018 5.274 7.46
One Dimensional Full Search 63.066 5.733 8.7

Parallel Hierarchical One D Search 83.370 7.579 32.2

Table 7.1: Comparison of algorithms ranked by DFD.
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e The features examined can be ranked in order of performance as follows Energy, Monotony,

Modified Monotony and Variance.
e The Tile search performs significantly better than the Projection search.
e With all algorithms there is an inverse relation between speed and performance.

e From the percentage increase data; Sampled Points 4 and Sampled Points 3 are similar
in performance; Sampled Points 5, Monotony, Modified Monotony and Modified Feature
Search are similar in performance; Prefiltered Sampled Points 5, 3 and 4 are similar in
performance; Projection Search is similar in performance to Cross Pattern Search; TSS
to Modified TSS; New DMD to Modified Conjugate Search; Four Step Search to Plus
Pattern Search; 2Dlog Search to Cross Search; and Conjugate Search to Conjugate

Directional Search.

e For a number of searches yielding similar results the computationally simpler search is

preferred, e.g., Sampled Points 4 is preferable to Sampled Points 3.

e Algorithms which cover a large search area perform substantially better than localised
search area algorithms, (e.g., Three Step Search) although they are slower.

e Given the tradeoff between algorithm complexity (and hence computational time) and
performance it appears best to use algorithms examining a portion of the search space
(e.g., Three Step Search) if the motion in the video is expected to be small (e.g., for
teleconferencing) and to algorithms such as SEA when the motion expected is large
(e.g., sports).

e It should be noted that BBMC may not yield motion vectors corresponding to the actual
motion of the pixels. This is not only the result of the aperture problem, but in the case

of the algorithms examining the entire search space (e.g., SEA), the best match block
generated may be physically impossible for the search block to have reached.

e The good correlation between algorithms with low DFD and high PSNR (PSNR calcu-
lation uses MSE) implies experimental verification of similar performance of MAD and
MSE reported in the literature [41].

e The similar cumulative and difference image entropies indicate that careful coding of
the compressed data can compensate for poor performance motion compensation algo-
rithms.

7.3 Proposed future work

Given the overview of the BBMC algorithms presented, and the performance of these algo-

rithm examined in this and the previous chapter, some improvements to these algorithms can
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be suggested. An optimum algorithm must examine all possible locations (or search blocks)
for an optimum match. To speed up the search, the use of features with good discrimination
is proposed. Pre-calculating the features of each block and cataloguing the reference blocks in
terms of their features allows an algorithm to only examine the reference blocks which closest
resemble the search block.

More discriminant features for the Tile and Projection searches need to be found. Exam-
ination of the hash function for Projection Search to optimise memory use and performance
is required.

It should be noted that optimisation of the motion compensation process in a practical
encoder occurs in conjunction with other bit-rate optimisation processes (e.g., quantisation),
and joint vs. separate optimisation of these processes may yield different results. The effect
of quantisation on motion vector searches is examined in Chapter 8, an appendix to Part I.
The different algorithms for measuring distortion are compared in Chapter 9, an appendix to

Part I. The issues of complexity are examined in Part II.
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Chapter 8

The effect of quantisation on

motion compensation

Chapter 2 examined the MPEG-2 standard and the quantisation process. The quantisation
process provides part of the compression ability of MPEG-2 by discarding low order bits
thought to be redundant, without impacting the image quality. This chapter demonstrates
that quantisation could possibly change the best match found on the unquantised data by
the MAD measure and proposes a modification of the MAD and MSE measures of distortion

which will find a best match unchanged (or at least minimally affected) by quantisation.

It is computationally simple to perform motion compensation on unquantised data (the
macroblocks in MPEG-2) since quantisation involves a transformation to the DCT domain
(see Chapter 2). To achieve best possible motion compensation results, the reference frame
and the frame under consideration for motion compensation should be quantised since the
final end-user images are quantised. It is unclear how overlapping blocks are to be quantised
without a forward and inverse DCT transform as part of the motion compensation process.

If quantisation changes the location of the best match, (i.e., a better match is found else-
where after quantisation) then quantisation must be performed before motion compensation.
If quantisation does not change the location of the best match, (i.e., find a new best match)

then motion compensation can be performed without considering quantisation.

This chapter first demonstrates that quantisation possibly changes the best match, then
proposes a modification to the MAD and MSE functions to provide some immunity to quan-

tisation and finally concludes with a summary of the chapter.
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8.1 Demonstration that quantisation possibly changes the best

match

This section demonstrates that quantisation could change the best match from examination
of the quantisation process and some geometry. Symmetry allows the problem to be reduced

to a more manageable two dimensional problem.

Now th quantisation process is as follows:

F(u,v) + 94%1—’)-
Q(u'v ’U)

N—-1
MAD = 3 |a;—b;|
1=0

)

Fgo(u,v) = floor(

N-1
MAD = Z | a; | - - - shifting origin.
1=0

: N-1
MAD = Z a; - - - positive values only.
—d

Let R(U, ’U) = FQ(U” U)Q(ua ’U)

Note F(u,v) is the Discrete Cosine Transform (DCT) of a block, Q(u, v) represents the quan-
tisation coefficients, and Fgp(u,v) is the quantised value of F'(u,v). It is convenient to con-
sider the quantisation and inverse quantisation (QIQ) process as the mapping of F'(u,v) onto
R(u,v) denoted as QIQ(F(u,v)) = R(u,v), with R(u,v) the inverse quantisation process.

Symmetry considerations allow one to examine positive values for a; and a; only (with
1 # j). By positioning a plane parallel to one of the axes and located some distance (a multiple
of the quantisation coefficient for that frequency) along a perpendicular axis, the MAD reduces
to MAD = X +a; — aj, let P = a; — a;. Because the QIQ is different for each frequency, the
spacing of the QIQ data along the one axis is different from the other. If quantisation/QIQ
does not affect the best match for any slice of the distortion solid then quantisation/QIQ does
not affect the best match for the distortion solid as a whole (symmetry).

If one considers simple QIQ of a single variable z, then after quantisation the values of
are multiples of the quantisation coefficient g. All values of = for ng < z < (n + 1)g collapse
to ng. The usual quantisation adds ¢/2 to = which implies ng — ¢/2 < z < (n + 1)g — ¢/2
collapses to ng. Geometrically a line segment collapses to its centre point.

QIQ can be thought of as collapsing a hyper-rectangle onto its centre for different possible
QIQ values. In two dimensions this is simply a rectangle. The DCT is an orthogonal transform
which implies a; is perpendicular to aj, and by inspection P = a; — a; forms a line (the
distortion line) in two dimensions, with a; and a; on the axes. A better match is possible
if and only if for some QIQ values the rectangle protrudes above the distortion (MAD) line
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. Distortion line for MAD.

‘Second proposed Modified MADS.

(b) Quantxsed values after sccond proposcd modxﬁcanon of MAD.

Figure 8.1: Quantisation effects with MAD and its modifications.
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with the centre below the line. If a point (different from the best match), which before QIQ
had a larger distortion (MAD/MSE) than the best match found without QIQ, moves after
QIQ to the centre of its QIQ hyper-rectangle and this centre is closer to the search point than
the unQIQ’ed best match (smaller distortion than the unquantised best match) then a better
match is possible after QIQ (see Fig. 8.1).

If the quantisation coefficients are the same for both frequencies then the QIQ shape is
a square. Clearly then the distortion line passes through both the centre and the upper left
and lower right corners of squares on the line, and no square with centre below the MAD
line can be found protruding above the line. This implies QIQ could change the best match
provided each frequency is differently quantised, since the slope of a line passing through the
centre and upper left and lower right corners of a rectangle cannot have a slope of —1.

8.2 Modification of MAD to prevent the possibility of a better

match after quantisation

The quantisation process is an unavoidable part of MPEG-2. Making the motion compen-
sation results QIQ invariant requires a change in the distortion measurement function, since
this is under the control of the designed of the encoder. This section proposes a modification
to the MAD function and justifies this modification.
Differently quantised frequencies form a QIQ hyper-rectangle around every possible QIQ
value and allow for the possibility of a better match after QIQ. Hyper-squares, on the other
“hand, do not allow for the possibility of a better match after QIQ. Adjusting the distortion
solid, then, could remove the possibility of a better match after the QIQ process.
It is proposed that the following be used:
n—1
New MAD = Zai | z; — v |
i=0
Modification 1 Where a; is the product of the quantisation coeflicients divided by the
quantisation coeflicient of that frequency. z; and y; are unquantised. This to an extent
undoes some of the effect of quantisation. Each frequency is weighted the same and
ensures that the distortion (MAD) line passes through the upper left and lower right
corners, and centre of the distortion rectangle (see Fig. 8.1(a)). Effectively the old
MAD definition line is tilted to pass through the upper left and lower right corners, and

centre of the distortion rectangle.

Modification 2 Where q; is the reciprocal of the quantisation coefficient and z; and y; are
unquantised. It can be readily seen that in a two dimensional slice the QIQ shape is a
square which implies the best match is QIQ independent (see Fig. 8.1(b)).
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Closer examination of the two modifications shows they are essentially the same. Both
scale the hyper-rectangles to hyper-cubes.

The modifications can be justified for other reasons:

e Application of the standard MAD function to motion compensation results in a point
on the surface with minimum distortion. QIQ results in the distortion surface passing
through points where each frequency is a multiple of the quantisation coefficient for that
frequency, e.g., (n1q1M2q2 - * - Nk_1qk—17%qk) With n; some integer and ¢; the quantisation
coefficient for frequency :. The distortion surface then expands or contracts, i.e., the
best match MAD (distortion) becomes larger or smaller. The modification of the MAD
proposed ensures that after QIQ the best match does not change since the new distortion
surface ensures that no quantisation hyper-rectangle with a centre within the distortion

surface has any portion outside the distortion surface.

o MAD modification 1 is less affected by finite arithmetic than MAD modification 2 since

it is a multiplication rather than a division.

e For MAD modification 2the differences | z;—y; | are weighted in proportion to the energy
per frequency; lower frequencies contain more energy and are less severely quantised.

e The modified version of MAD needs fewer computations per difference: three operations
for the modified MAD compared to six for first QIQ and then finding the difference.
The process of quantisation can be delayed until the difference blocks are coded.

8.3 Modification of MSE to prevent the possibility of a better
match after quantisation

The quantisation process is an unavoidable part of MPEG-2. Making the motion compen-
sation results QIQ invariant requires a change in the distortion measurement function. This
section, similarly to the previous section, proposes a modification to the MSE function.
Quantisation results in the space of possible search and reference blocks being partitioned
into hyper-rectangles. All points within the hyper-rectangle after QIQ take on the value of the
point within the hyper-rectangle. For a distortion measurement function to be quantisation-
invariant the surface of the distortion solid (the distortion measurement function in multiple
dimensions) must pass through the centres of any block it passes through. This prevents the
situation where a hyper-rectangle with centre within the distortion solid protrudes above the
distortion surface. The implication i s that after quantisation any point within this hyper-
rectangle but outside the distortion solid has a better distortion after quantisation.
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It is proposed that the following be used:

n—1
New_ MSE = Z a(z; — ;)2
i=0
where a; is the reciprocal of the quantisation coefficient and z; and y; are unquantised. It
can be readily seen that in a two dimensional slice the QIQ shape is a square which implies

the best match is QIQ-independent.

Y ,
Let — + ,ﬁ = R
2
z
2 = B*R®- 55)
Letz = gqa

y2 — ,82(R2—q2)

y is then integer valued. Note that the proposed new MSE is an ellipsoid. Scaling each
difference by the reciprocal of the quantisation coefficient ensures that the surface of the
ellipsoid passes through the centres of any hyper-cube it passes through. The only provision
is that ¢ < R.

8.4 Summary

Although quantisation/QIQ may change the best match found by a search in the unquan-
tised domain, a modification of the MAD/MSE distortion function can allow a search in the
unquantised domain which is minimally affected by quantisation. The primary limitation is
that the search must be carried out in the DCT domain. This has the advantage that for 8x8
blocks the DCT coefficients are close to perfectly decorrelated [21], i.e., the DCT coefficients
can be used as decorrelated features and only a subset used for a computationally simpler

distortion function.
Chapter 9 examines the distortion measurement functions used in motion compensation.
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Chapter 9

A comparison of the distortion
functions used for Motion

Compensation

The literature of Motion Compensation describes three functions (the mean of the absolute
differences (MAD), the mean of the squared differences (MSE), and the cross correlation) for
measuring the match between the current macroblock (or search block) and the candidate
best fit macroblock on the reference frame. Simulation results show MAD and MSE perform
very closely [41], [50].

This chapter examines the three distortion functions and attempts to compare their per-
formance. First the relationship between MSE and cross-correlation is examined and they are
demonstrated to be closely related (cross-correlation is suggested on computational grounds).
Next the relationship between MSE and MAD is examined and the conditions for similar

performance described. The measures are:

MSE(,§) = [fe(m,n) = fe_1(m +4,n + 5)]?

™Mz
™=

3
[
-
3
fl
-

MAD(i,j) = | fe(m,n) — femi(m +4,n +j) |

3
|
—
3
It
—

fk(m’n)fk—l(m +Z’n+])

Mk
M=

correlation(i,j) =

E)._ E,H E'H
2 2 2
W
M=

3
il
_
3
[
-

9.1 The relationship between MSFE and cross-correlation

It will be shown that MSE and cross-correlation are related and that given one the other is

computable. The computational complexity of cross-correlation and MSE is examined.
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2

MSE(Zay) = [fk(m7n)_fk—1(z+mvy+n)]

3
I
-
3
[
-

[ff(ma") - ka(m,n)fk_l(z+m,y+n) +

Mx
M=

EIH ElH

=z =
Mx
M=

3
[
~
3
I
~

fE_iz+my+n)]

Note now that,

o v M 2N, fi(m,n) is the average energy contained in the reference block.

° ﬁ M vy f2_1(z + m,y + n) is the average energy contained in the candidate
block.

° -Ml—N Z,A,’le 2,1:’:1 fe(m,n)fe—1(xz + m,y + n) is the cross-correlation of the search mac-

roblock and the reference frame.
The relationship between the extrema of MSE and the cross-correlation of the reference

and search (macro)blocks is examined.

9.1.1 The relationship between the maxima and minima of the MSFE and
cross-correlation functions

It will be shown that the maxima of the cross-correlation function and the minima of the
MSE function coincide.
Let the following hold:

e A= ﬁ Z%:l 271:/:1 fﬁ(m,n).
e B(z,y) = Ml‘ﬁ ZrAr/zizl 27}:/:1 fl?_1(1' +m,y +n).
d CCOTT(% ?/) = ﬁ ZrAr/zlzl 27}:;1 fk(m, n)fk_l(:z: +m,y + n)

The maxima and minima of the MSE are located where the derivative with respect to z

and y is zero:

MSE(z,y) = A+ B(z,y)-2CCorr(z,y)

a 5 d

a—zMSE(x,y) = %—B(x,y)—2é—x-CCorr(x,y)
=0

S MSB(z,3) = 2 B(a,1) — 2 CCorr(a,1)
= 0

0 10

2 0Corr(z,y) = 35-B(Y)
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0 10
a—yCCorr(a:,y) = 53—?!3(33,?!)

The same is true for the cross-correlation function, so:

MSE(z,y) = A+ B(z,y) —2CCorr(z,y)
1
CCorr(z,y) = 5[4+ B(z,y) - MSE(z,y)]

0 1.0 a
5= CCorr(s,5) = 3l Bl@,y) ~ - MSE(z,y)
=0
0 1.0 a
%CCorr(x,y) = 3 a—y—B(z,y) - EEMSE(x,y)]
= 0
0 0
—~MSE - =
~ MSE(z,y) = 3-Blz,y)
0

0
—MSE = —
3y SE(z,y) ayB(z,y)

The zero-crossings of the derivatives (or positions of extrema of the original) of both MSE
and cross-correlation are in the same positions, since the derivatives depend on the same
function B(z,y) (note that scaling a function does not change its zero-crossings). Clearly
then, MSE and cross-correlation functions potentially do yield the same results, i.e., find the
reference block most similar to the search block. Maximising the cross-correlation minimises
the MSE. This explains why the MSFE function is used in the literature more than the cross-

correlation.
Examining the computational complexity of MSE and cross-correlation leads to:

e For the MSE function per pair of corresponding pixels on the search and reference

blocks:

1. Operand fetch. The two pixel values must be fetched from memory.
2. One Subtraction operation.

3. One Multiplication operation.

e For the cross-correlation function per pair of corresponding pixels on the search and

reference blocks:

1. Operand fetch. The two pixel values must be fetched from memory.

2. One Multiplication operatioﬁ.

The cross-correlation function has one fewer instruction and is thus easier to compute than

the MSE distortion measurement function.
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9.2 The relationship between MAD and MSE

The relationship between MSE and MAD is examined and conditions under which the results
are similar is examined. The definitions of MSE and MAD show that the MSE function
is a hyper-sphere centred on some point and MAD a hyper-cube centred on some point.
From symmetry considerations only the positive valued variables need be considered (in two
dimensions this corresponds to the positive quadrant).

Considering each pixel within a block as a variable, and regarding each pixel difference as

a variable the definitions for MAD and MSFE can be rewritten as:

1 i N )
MSE = —— [y( ’)]
MNm:ln:l e
1 M N
MAD = 252303 Ymn)
m=1n=1

Without loss of generality the scale factor ﬁ can be ignored. Any MAD value has the

following range of MSE values associated with it:

e The largest value of MSE is for the MAD hyper-cube contained inside the MSE hyper-
sphere. The largest MSE value is MSE = MAD?. :

e The smallest value of MSE is for the MSE hyper-sphere contained inside the MAD
hyper-cube. The MAD plane at the points of contact is tangential to the sphere. This
implies the line from the origin to the point of contact is orthogonal to the MAD plane.

Any plane in n-dimensions can be described by a vector normal (orthogonal) to the
plane and a vector on the plane [52], i.e., v — u where v is an arbitrary point and u is
some reference point on the vector. Note a - b represents the inner (dot) product of a
and b. The normal and the vector are orthogonal by definition. A plane can be then
described as follows n - (v —u) = 0 or n-v = n - u, since n and » must be known to
describe the plane, n - v = A. This is essentially the equation for the MAD distortion
function at the point of contact of the MAD and MSE functions. Note than n is a

vector of ones (1,1,...,1,1).

The line segment from the origin to the point of contact of the hyper sphere and the
MAD plane (this is the radius of the sphere) is parallel to the normal of the MAD
plane. Any line can be described as y = An + p [52] where p is any point on the line,
A an arbitrary scale factor and n a vector parallel to the line, i.e., perpendicular to the

direction in which the line runs. For the radius p = 0:

MSE = R?
= (in)?

98



= /\z(n-n)

- MAD = n-z
= n-An
= An-n)

MAD
n-n

MAD
n-n

MSE = ( )3(n - n)

n-n

Now (n - n) is a scalar.

The upper and lower bounds on the MSE are as follows:

MAD
n-n
AZ

n-n

Lower bound MSE = ( Y3(n - n)

Upper Bound MSE = A?
2
Thus < MSE < A2

n-n
where A is the MAD, and n is a vector of ones(1,1,...,1,1). Ensuring that the MSE and
MAD values are similar implies minimising n-n or the number of variables (differences) used,
since (n-n) = 3.7_; 1 = ¢. Minimising the number of variables used implies the use of a set of
features accounting for most of the variability of the original data. Provided the differences
are sufficiently small, MSE and MAD should perform similarly.
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Part II

Objective measures of the

complexity of an image sequence
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Chapter 10
An overview of Part 11

Successful encoding of a video sequence depends on delivering an acceptable image quality to
the end user. This requirement is balanced by the need to minimise the bit-rate to maximise
the utilisation of the available bandwidth. The bit-rate is constrained by the quality and
the complexity of the video sequence. Complexity in this context can be reasonably defined
as a measure of complicated motion or temporal complexity (i.e., many objects moving in
different direction with different types of motion such as rotation and linear displacement)
and complex image content or spatial complexity. An image of a clear sky can be considered
to have low spatial complexity as compared to an aerial photograph of a city which can be
considered to have a high spatial complexity. Spatial complexity can thus be related to the
detail in the image. The total complexity of a sequence is then a combination of the spatial
and temporal complexities, since the origins of the two complexities are different they are not
likely to be correlated.

Acceptable video quality relies on the spatial and motion information being reproduced
at an acceptable level (or the errors/distortions of the spatial and temporal information being
small enough or non-noticeable). Both these requirements depend on the Human Visual Sys-
tem, for human end-users, and machine requirements for computer /robot vision requirements.
These requirements translate to retaining sufficient information from the original (assumed
to be of a higher quality than the reproduced sequence) in the reproduced image, which in
turn implies a bit-rate (or number of bits) sufficient to encode this information. Quality and
bit-rate are then related.

Complexity is related to the amount of information required to reproduce the same or
similar spatial and temporal characteristics. This implies that complexity and quality are
closely related (see Figure 10.1 for an illustration of this). High bit-rates are required to match
the complexity and quality of a compressed video sequence to the original video sequence.

This chapter presents an overview of Part II. Part II examines the relationship between
complexity, quality and the final bit-rate of an image or image sequence. It is proposed that
the bit-rate (peak or average) is a measure of the complexity of an image sequence from the
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Complexity Curve 1.
(Low Complexity.)
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Complexity Curve 2.
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Quality.

Y

$ Bit-Rate.

Figure 10.1: An illustration of the relationship between quality and bit-rate for different

complexity values.
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perspective of the MPEG-2 encoder. It seems reasonable to propose that a complex sequence
requires more bits (a higher bit-rate) to encode than a simple image sequence for a given
image sequence quality. Similarly a high quality image sequence requires more bits than a
low quality sequence of the same complexity. |

Video sequence complexity has bearing on the compressibility of a sequence. It seems
reasonable to suppose that a sequence with complex motion and spatial properties will not
compress as well as a sequence with simple motion and image content. A clear distinction
must be made between what a human observer will regard as complex and what a compression
algorithm will have difficulty compressing. An attempt will be made to find a model for the
resultant peak bit-rates in terms of the motion and image characteristics of several sequences
compressed by MPEG-2.

The chapters in Part II examine the following:

e Chapter 11 presents a literature overview of video sequence quality measurement, and

relates quality to complexity and hence bit-rate.

e Chapter 12 presents an overview of the process of measuring complexity or variables

which correlate with complexity.
e Chapter 13 presents an overview of the process of modelling the bit-rate.
e Chapter 14 presents the results of the model fitting process.

e Chapter 15 examines the effect of Principal Components Analysis and Jackknifing on

the linear model.

e Chapter 16 concludes Part II by comparing the proposed linear and quadratic models.

Some weaknesses of the model fitting approach are examined as well.
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Chapter 11

An overview of current approaches

to Complexity

This chapter provides a definition of complexity and examines éome current literature on
the relationship between subjective and objective image and image sequence quality. The
similarities between the complekity and quality is examined. |

A current focus of study is the prediction of human estimation and perception of video
sequence quality from certain objective variables within the sequence. Such models are useful
for maximising the perceived quality of received video while minimising the compressed bit-
rate [24]. The loss of quality as a function of impairment is related to the complexity of the
sequence, since the effect of impairment is more noticeable for complex sequences.

Complexity is a function of the temporal and spatial activity within a sequence. Clearly
a sequence with different motion in magnitude and direction is more complex than simple
panning of a static scene. Similarly, a static scene of a street map is more complicated than a
static image of a brick wall. High spatial and temporal frequency magnitudes relate to high
complexity.

Two approaches from the literature are examined: model based prediction of quality by
Voran and Wolf [53], and Human Visual System based modelling by Davies et al. [13]. The

relationship between quality and complexity is then explored.

11.1 Model based prediction of quality

A model of the relationship between subjective and objective image quality is attempted
(proposed by Voran and Wolf [53]). Of particular interest is the features used.

The test data was corrupted by distorting the video amplitude and timing. Measurements
of certain composite features (described below, see equations 11.2, 11.3 and 11.4) follow. The
human scores for a particular video sequence are averaged and forms the dependent variable.

The tests involved 64 video sequences of 9 seconds duration each. The following objective
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variables are measured:

my = RMSun. {5‘78,stdspace(S(on))-stdspace(S(Dn)) ‘} (11.1)

stdspace(S(On))
ms = ftime {0.0934 max{[RM Sspace(AO) — RM Sgpace(AD)],0}} (11.2)
and frime({zt}) = stdtime(ﬁigh pass filter({z:})) . (11.3)
L stdspace (AD)
m3= = max {4.2522 log (—-——-—————Stdsmce(AO) (11.4)

The symbols used above are as follows:
e S(-) is the Sobel filtering operation. See Appendix A for details of Sobel filtering.
e O, is the n®® frame of the original sequence.

D,, is the n'® frame of the degraded (noise corrupted) sequence.

std is the standard deviation of the pixel values.

e AF = Fn e Fn—l-

The high pass filter in equation (11.4) is not described by Voran and Wolf.

The linear model is fitted by least squares and is of the form § = ¢o + E?—_q c;m; where ¢;’s
are the model coefficients and $ is the estimated quality. The model accounts for 84.2% of the
variance of the human scores and the predicted values correlate with the human scores with a
correlation coefficient of 0.918. The standard deviation of the errors (mismatch between the

predicted and the actual human estimated quality) is 0.53 impairment units.

11.2 Human Visual System (HVS) based modelling

Davies et al. [13] proposed the incorporation of a model of the Human Visual System (HVS)
in automatic quality assessment. The Human Visual System (HVS) is modelled from psy-
chophysical and neurophysical studies.

The setup is as follows: a CCD camera is used to examine the contents of 56% of a TV
screen. Because of hardware considerations of the camera, the magenta stimuli were used to
test the colour saturation.

HVS considerations led to the spatial domain being divided into eighteen bands evenly
divided from 15 to —15 Cycles/Degree vertically and 0 to 15 Cycles/Degree horizontally in

the Fourier Power Spectrum. The temporal domain is divided into five bands (spanning 0 to

12.5 Hz).
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The measured parameters were mean, variance, and range for spatial and temporal bands
and the saturation of the magenta image. The parameters were measured after subtraction

of the original from the impaired image.
The impairments are caused by a part of a close in frequency co-channel (usually the audio
associated with the broadcast), contaminating the video channel, i.e., the spectra of the two

channels overlap. The types of impairment are as follows:

A: Unmodulated co-channel, causing panning vertical bars to appear.

Unmodulated co-channel, causing fine panning vertical bars.

Co-channel carrier with complex narrow-band modulation (e.g., co-channel audio).

: Co-channel carrier with complex wide-band modulation (e.g., FM audio).

B 9 QW

Adjacent channel carrier with complex wide-band modulation (e.g., adjacent channel wide-
band FM).

Unmodulated channel, casing a flickering structured pattern with a “wood-grain” appear-

=

ance.

G: Pulse modulated image channel carrier (e.g., digital audio), with a visual effect similar to

F, but with slowly moving horizontal bars.

The parameters are processed by a three layer neural network, with forty hidden layers, to
generate a CCIR impairment grade. The network was trained on 20000 iterations of stimuli
varying in CCIR impairment grade from 1 to 5. The impaired images were generated by
expert viewers adjusting the impairment grade from 1 to 5.

The error or mismatch between the predicted and actual impairment is quoted as 0.5
on the CCIR impairment grade scale, which implies the correct CCIR impairment grade is

produced.

11.3 The relation of quality and complexity

Quality and complexity are shown to be related in this section. The same methods used for
predicting video sequence quality can be used for measuring complexity. The two models
described both examine temporal and spatial high and low frequency magnitudes. This is

visible from the following approaches:

e Voran and Wolf generate variables on Sobel filtered frames and examine differences

between consecutive frames (temporal processing).

e Davies et al. partition the spatial and temporal frequency domain and measure mean

and variance on these.
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Note that Sobel filtering is a band-pass operation.

Measurements of complexity involve both temporal and spatial activity. It is clear then
that both quality and complexity estimation involve measurements on spatial and temporal
activity and are thus related. Chapter 12 examines the issues in measuring the complexity of

a video sequence.
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Chapter' 12
Measuring complexity

The previous chapter examined the relationship between quality and complexity and showed
certain similarities between them. This chapter examines the issues involved in measuring the
complexity of a video sequence. Complexity is difficult to quantify; what a human observer
would regard as complex a machine/compression algorithm might not, and vice versa. Likely
measures for machine orientated complexity include the number of bits encoded, the average
bit-rate, and the peak bit-rate. In order to measure the exact complexity of a video sequence
it is necessary to examine the entire sequence. This may not be practical for long sequences
(e.g., a full length feature film) and an estimate of the complexity may have to be made.

Two basic approaches to the complexity problem are examined:

1. Estimate the average bit-rate (average number of bits encoded) or the likelihood of the
bit-rate exceeding a particular threshold from the samples of the bit-rate taken. This

is described in this chapter.

2. Model the bit-rate from samples of the input data and estimate the above. This is
described in Chapter 13 and the results of the application of this approach in Chapter
14.

This chapter examines the issues involved in statistical sampling of data. An attempt
is made to use the Chebychev inequality to derive probabilities of the bit-rate exceeding
certain limits. The issues involved in reconstructing the bit-rate function from its samples

are examined and finally the chapter is concluded.

12.1 Analysis of samples of the bit-rate

Statistical analysis of the complexity require that the mean and variance of the samples be
accurately estimated. The issues involved in generating the samples require examination. A
brief overview of random and systematic sampling is first presented then two approaches to

analysis of these samples are examined. Two methods of processing the samples are:
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1. The Chebychev inequality.

2. Attempting to reconstruct or interpolate between samples.

12.2 An overview of sampling

Sampling attempts to estimate parameters of the population from samples of the population.
Two kinds of sampling are examined: Random and Systematic Sampling. One cannot measure
the population parameters exactly and directly; one replaces these population parameters by

the sample estimates, e.g., population mean is replaced by sample mean.

12.2.1 An overview of random sampling

In random sampling an attempt is made to ensure that each element in a population has
an equal chance of being chosen. The mean of the samples taken is a consistent unbiased
estimator (see [37]) of the mean of the population, and similarly for the variance of the
samples. For large enough sample sizes the population mean and variance can be accurately

estimated from the sample mean and variance. Two kinds of sampling are used:

o Replacement sampling (RR): The set of available samples does not change. The possi-

bility of drawing the same sample more than once exists.
e Non-replacement sampling (RNR): A sample can be drawn once only.
The estimates of the mean and variance of these is as follows:

e Replacement sampling:

E{g} = ]?V 1
E{s’} = T_S2
Variance{y} = _NN;I_S%
¢ Non-replacement sampling:
Eg) = Y
E{s’} = §°
Variance{y} = NJ;ngni,

where

e FE{-} denotes the mathematical expectation.
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7 is the sample mean.

s? is the sample variance.

Y is the population mean.

¢ 52 is the population variance.

e N is the population size.

n is the number of samples taken.

12.2.2 An overview of simple systematic sampling

In Systematic Sampling, elements a particular distance d apart are selected with the first
element’s position 0 - -+ d —1 determined randomly. Each element in the population thus has

an equal chance of being selected. Certain difficulties with systematic sampling exist:

e Since the samples are constantly spaced apart the method is vulnerable to periodic

trends in the data.

e Simple systematic sampling (i.e., only using one start position) cannot provide informa-
tion on the variance between different clusters. A cluster can be defined as the samples

associated with a certain start position.

The mean and variance of the population can be estimated as follows:

E{g} =Y

The simple systematic sampling variance of the samples is impossible to calculate using only
one pass [49], but in practice the variance estimators for simple random sampling without
replacement may be used [49]. Note that the cluster mean and internal variance (as for RNR
sampling) are unbiased estimators of the population parameters [49]. Note that it is possible
to estimate the sample (and hence population) variance but it requires two passes of sampling,

i.e., two different start positions.

12.3 The Chebychev inequality

The mean and variance obtained from the samples can be used to obtain probabilities that
the bit-rate exceeds certain values. This gives an idea of the upper and lower bounds on
the bit-rate. The Chebychev inequality is independent of the underlying distribution of the
data [51]: P(| £ — mg |> ko) < 517, the probability of z being within k standard deviations
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from the mean is less than -k-ly If the distribution of the data is known then a more accurate
estimate of the probability of the data exceeding a certain threshold is possible. Use of
the Chebychev inequality requires that the population variance and mean be estimated as

accurately as possible.

12.4 Estimation from samples of the bit-rate

Given a particular sampling method one can estimate the mean and the variance of the
population. In particular one can generate confidence intervals for the mean from the ¢
statistic. The limitation of this method is that the average bit-rate and the average number
of bits needed to encode the sequence are all that can be estimated without knowledge of the
distribution of the data.

The case of simple systematic sampling of the data is similar to the situation of sampling
a function at some rate. Nyquist predicts that if the sampling rate exceeds twice the highest
frequency within the function, the function can be perfectly reconstructed from the samples
[61]. One cannot guarantee that the bit-rate function is sampled at a high enough rate and
aliasing is bound to occur.

This section looks at the issues of correcting for aliasing and examines the effect of the
sampling functions on aliasing. Some sampling functions are proposed along with grabbing

several consecutive bit-rate samples at a time.

12.4.1 A proposal to reconstruct bit-rates from the bit-rate samples

This approach attempts to reconstruct the bit-rate function from its samples. Given that
one cannot estimate the bandwidth of this function it is necessary to expect aliasing and
attempt to correct for it. This section first examines sampling in the discrete domain and
then describes the effect of aliasing at each frequency after taking the Fourier Transform (FT).

Sampling results in the following:

fs(t) = f(t)hn(?)
= Fy(w) = F(w)*H(w)
now hii(t) = h(t)* Z é(t — nT)
now Hw) = Gw)s S d(w—rnuwp) - wp= 2%

n—oo

= H(w) = Tio ™ G () 8(w ~ o)
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Given a discrete function one can define the following:

X

notedt=T t=kT

ﬁ'(w) |w=nwo ~

Usually written as Fp(n) =

Without loss of generality T = 1 so, Fp(mS?) = Y, G(nwy)F(mQ — nwp)

f(t) - 0<t< MT

0 otherwise

MT
/ f(t)e vidt
0
MT

> fkt)e koI

k=0

w = Nwy

T Fp(nwo)
M-1

Z f(kt)e—Jnkon

k=0

Zf(k)eﬂ%"—" e wp =
k

2

™™

The effect of aliasing on any particular point in the frequency domain can be described as

follows, provided the magnitude of the sampling function decreases with frequency: consider
the effect of aliasing on the DC component. For each alias term at some multiple of wy the

aliasing can be determined; the positive multiples of wg contribute negative frequency terms

and the negative multiples of wy contribute positive frequency terms. In each case the spacing

" of the alias spectra is wg and the scale factor of the alias term is a function of its position in the

transform of the sampling function. All other positions are zero except for the DC position
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which is one. One can see that the next positive frequency aliasing is found by shifting the
DC aliasing one position to the right and for the next negative frequency one term to the
left. Note that terms shifted over the allowed range of frequencies disappear and zeros are
introduced at the appropriate edges.

A matrix can be formed with each row the alias terms and the element on the main
diagonal set to one (the element on the main diagonal is the actual unaliased value). The
elements on the main diagonal run from the upper left corner of the matrix to the lower right
corner for square maitrices.

Note that this is a diagonal matrix, i.e., all non-zero terms lie on a left to right diagonal,
with the off diagonal terms less than the terms on the main diagonal. The matrix thus formed
can be Gauss reduced (solved by some numerical method) to yield the unaliased spectrum. It
may be better to retain more frequencies initially and later reduce the number of frequencies

(used to increase the accuracy of the upper frequencies especially).

12.4.2 The sampling function

The shape and width of the sampling function affect aliasing for subsampled data. Two issues

affect the reconstruction between samples:

The Sampling rate: Since no prior knowledge of the bandwidth of the bit-rate exists one
cannot apply Nyquist’s sampling theorem. This implies that to reduce aliasing one

needs to make the sampling rate as high as practicable.

The width of the sampling function: The wider the sampling function the narrower the
function in the frequency domain, i.e., the narrower the spacing between the —3db

points.

Suggested sampling functions:

rect(t/t) = 1 - % <t< 12'_
= 0 otherwise
Fourier Transform{rect(t/7)} = TSG,(%)
A@R)T) = t - —T<t<O0
= 1-t - 0<t<T

= 0 otherwise

. wT 2
Fourier Transform{A(¢/7)} = TSa(-2— )

where,

e 7 is the width of the rect and A functions.
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e The rect function is a rectangular pulse (top hat) function.

e A is the integral of the rect function.

. Sa(a) — sin(a)

a.

Note that the Fourier Transforms are real and the Fourier Transform of A(t/7) dies away
faster than the rect(¢/7) function. A sampling function with a sharper roll-off, or narrower
Fourier Transform, can be constructed by integrating the given sampling functions. Note that
the resulting function has a higher magnitude than before and possibly has discontinuities.

It is possible to create sampling functions with smaller magnitudes past the —3db frequen-
cies, i.e., sharper roll offs. This can be done by cascading filters with the rect or A frequency
responses which corresponds to the following: fn(t) = fn—1(t) * fan—1(¢) or each new filter is
the convolution of the previous filter time response with itself. The frequency response is the
Fourier Transform (FT) of f,(t).

Alternatively the following is possible:

fn(t) = /(fn—l(t"tO) "fn—l(t+t0))dt
fo(t) = rect(t/T)
or fi(t) = A(t)

Note FT{[h()dt} = —H(w)+nH(©0)w)
And FT{h(t —t))} = H(w)eJ“’t"

= FT{f(t)} = ]iw[FT{g(t)}er‘0 + JwF(0)8(w)eVt —
(FT{g(t)}e 7% + ywF(0)é(w)e 7))

and JwF(0)d(w)e’™® = JwF(0)d(w)e Tt

FT{f(9} = ~—[FT{a®}(e™" - ")
. 1 o -0
~sma=§3(ef —e79)

= FT{g(t)}2tpSa(wty) --- to =

NS

FT{g(t)}rSa(~")

Note that t3 could be any value desired, although maintaining the same value through

each stage results in the same frequency response as cascading a series of filters with the
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FT{rect(t/7)} frequency response.

12.4.3 An alternative approach - Modification of the Sampling Function

The previous subsection examined the effect of sampling functions on aliasing. Here the
problem is considered in the frequency domain and a modification proposed.

In the frequency domain after éub—sampling the alias terms occur spaced by wg. One
approach to removing alias terms is to multiply the Fourier Transform of the sampling function
by a function with appropriately spaced zero crossings. One needs a function that zeros the
alias terms but not the signal terms. This requires that the function’s DC component must

be non-zero.

e The rect function and functions based on the rect function are unsuitable since the
width of the function is the spacing of the samples: rect(t/7) = Sa(wr/2). This
implies for zero crossings at multiples of wg, nwer/2 =nmor 7 = 2n/wy = T, where

T is the sampling period.

¢ An alternative approach is the cosine function. The desired DC component is preserved.
The disadvantage is that it only removes half of the aliasing at any one time. This.
requires the use of more than one cosine to achieve good reduction of aliasing. In the
time domain one convolves with spaced Dirac deltas which really correspond to adding
two shifted versions of the sampling function. For each sampling rate one needs to

recalculate the composite sampling function. For the zero-crossings:

onwy = /2
a = m/2nwy
andwy, = 27T
a = T/in

Note that each cosine only removes half of the remaining alias terms. If one starts with
the cosine to remove the first alias term (this one has the most energy of all the alias
terms) then its cosine frequency is T'/4, the next alias term exists at 2w and its cosine
frequency is T'/8, the next at 4wy and its cosine frequency is T'/16, the next at 8wy and
its cosine frequency is 7//32, and so on. Note the frequency position of the alias term is

twice that of its predecessor and the cosine frequency doubles as well.

In the time domain one convolves the output of the sampling function with the time
domain representation of each frequency domain cosine (the cosine is ﬂt‘—m%ﬂ-tjﬁz in
the time domain). One can regard each frequency domain multiplication by a cosine as

an artificial doubling of the sampling rate.
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With this approach one may apply the previous method with less aliasing and hopefully
faster convergence or use enough cosines to unalias the original spectrum and proceed as with

a signal sampled at the Nyquist rate or better.

12.4.4 Difficulties with the sampling approaches

The problems of reconstructing between samples and prediction of the bit-rate from statistical

considerations are examined here.

e Reconstructing a signal from a sub-sampled version is a time consuming operation. Each
Fourier component of the aliased signal at a particular frequency is a linear combination
of Fourier components of other frequencies from the unaliased signal. The systems of

equations may not be solvable.

e Zeroing alias terms requires a sampling function tailored to the sampling rate and

performance required.
e The Chebychev inequality yields an approximation to the real values.

e Estimating the average bit-rate does not provide any information about the peaks which

need to be considered in fixed bit-rate coders.

Note that random sampling is more rigorous than simple systematic sampling in that the
population estimates are easier to extract and the population variance can be examined.

The above difficulties imply that fitting a model to the data would result in better per-
formance provided a good model fit is achieved. The process of model fitting is examined in
Chapter 13.
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Chapter 13
Regression

Given data of several independent variables and one dependent variable one can attempt to
fit a function to the data. A model can be built up as a truncated Taylor Expansion, e.g.,
f@1,32, 7)) = Lo cizs.

A number of issues affecting model construction using regression are examined in this
chapter. Model fitting using Least Squares; the reduction of dimensionality (eliminating cor-
related variables) using Principal Component Analysis well as direct elimination of correlated
variables; evaluating the fit of a model using tradition statistical techniques; cross-validation

and the Jackknife are examined.

13.1 Fitting a Model using Least Squares

The method of Least Squares attempts to minimise the mean of the deviations of the predicted
(modelled) results from the actual data. If one has some model with coefficients, co, ¢, - -, cn,

then one can attempt to solve for the coefficients as follows:

N
E{(ly->_ cex)’} = 0
i=0

OE{(y - Ty cix;)?}

N
= E{2(y - Z ciX;)x;}
i=0

dc; _
| M
now E{x;} = ,;,xik
OBy - SNoexi)?} _ 2 5" 2 LU
= = 77 2 YkTik — 7= Z Z CiTikZTjk
dc; M= M =i
= 0

M N M

Z YkTik = Z Z CiZTik Tjk

k=0 i=0 k=0
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If one creates a matrix A with the column vectors the terms x; then Zf;o Z,Ic”:o TikTjk

amounts to a matrix multiplication AT A, i.e.:

y = Ac
ATy = AT Ac,

where E{-} is the expected value operator, and y is the data to be modelled. Note that A7 A
is a square matrix and equation 13.1 can be solved by Gauss reduction or matrix inversion.

Note that for ¢g, zg is a vector of 1’s.

13.2 Reduction of Dimensionality

The reduction of the number of variables in the data leads to a corresponding simplification
of the number of terms in the model. Given there are a large number of terms if one has a
second or higher order model, one can attempt to reduce the number of cross-product terms

(e.g., z;z;) by reducing the number of variables, since E{z;z;} = 0 for orthogonal variables.

e Variables which correlate must be removed otherwise the model coefficients cannot be
generated. The rank of AT A is less than the number of variables, which implies Gauss

Reduction fails.

e Variables which are a linear combination of other variables must be removed.
Three methods exist to find a correlation between variables:

1. Examine the scatterplots of each variable against the others and by eye see if there is a

linear or other relationship.

2. Examine the correlation coefficient. The correlation coefficient is especially vulnerable

to outliers. A high absolute value indicates a linear relationship between the data.

The correlation coefficient (p) is found as follows:

covariance(X;, X;)

p - variance(x;).variance(X;)
N
and covariance(x,y) = Z(xi —mg)(yi — my)
1=0
and variance(x) = covariance(x, X)

The limits on the correlation coefficient are —1 < p < 1:
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e Case x; = x; then it can be shown p = 1.

e Case x; = —x; then it can be shown p = —1.

3. Examine the correlation coefficient of the suspect variables, and if the value is low
examine the scatterplot to see if there are large outliers. If there is the suspicion
that the outlier(s) contribute significantly to the low correlation coefficient, remove the

outlier(s) and recalculate the correlation coefficient.

Outliers in general indicate the following:

1. An error in the data, either in the collection or entering of the data.

2. Some relationship between the variables unexplained by the model.

3. Too few samples were taken and the model is inadequate.

Outliers can be handled in two basic ways:

1. Ignore them and continue as if one is certain of the correctness of the data.
2. Remove the outliers and continue.

A more serious problem is the correlation of a variable with a linear combination of the
other variables. The only way to find such a variable is to attempt to fit a linear combination
of variables to a suspect variable and if the fit is good (a good correlation coefficient between
the suspect variable and the linear combination) then the suspect variable should be removed.

Section 13.6 examines Principal Components Analysis which can be effectively used to
reduce dimensionality and generate orthogonal variables (orthogonal variables imply no cross-

product terms, e.g., z;z;).

13.3 Evaluating the fit of a Model

One can evaluate the fit of a model by correlating the values predicted by the model and
the original values. A good model will have a high positive correlation constant (a negative
value indicates an error). A scatterplot of the predicted vs. the actual values should show a
linear relationship. Outliers indicate areas where the model does not predict well and may
indicate either too few samples taken (and perhaps an inappropriate model) or an error in
entering the data. Any trends in the time or sequence plot of the residuals (difference of
the model predicted values and the actual values) indicates the model is inadequate. The
residuals should be randomly distributed with zero mean.

Confidence intervals on the model coefficient provide some information on the robustness

of the model.
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13.3.1 Establishing confidence intervals for the model coefficients

Confidence intervals for the model coefficients indicate the immunity of the model to noise in

the data. The procedure is as follows:

1. Prove that the estimates of the coefficients are unbiased.
2. Determine the variances of the coefficients.

3. Apply Student’s ¢t (described later in this section) test and determine the confidence
intervals on the coefficient. This also tests whether the coefficient is zero or not. A

potentially zero (or small) coefficient could be removed.

This subsection demonstrates that the model coefficients are unbiased and a method for
calculating the variance per coeflicient. Calculation of the actual confidence intervals using
Students ¢ test and the Analysis of Variance (ANOVA) F statistic is demonstrated.

The model coefficients are unbiased

This implies the expected value of the estimate of the coefficient is the actual coefficient value.
The expected values are conditional on the observed values of the measurements of z and .

The estimated model coefficients are g:

E{ATy} E{AT Ac}
E{A"y} = E{ATAg}

0 = ATAE{c-g}
= E{c} = E{g}

¢ = E{g}

Estimating the variances of the model coefficients

This can be done by solving the following linear equation:

ATy = ATAc
ATy = ATAg
Var{0} = Var{ATAc - AT Ag}
0 = Var{y—e¢— AT Ag}
0 = Var{y}-Var{e} — Var{AT Ag}
0 = Var{y} - Var{e} — AT AVar{g}
ATAVar{g} = Var{y}-Var{e}
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Var{g:} Var{y:} — Var{e}

AT A Var{g2} _ Var{ys} — Var{es}
\ Var{gn} Var{y,} — Var{en}-
Var{g} Var{y} — Var{e}
AT A Var{g:} _ Var{y} — Var{e}
\ Var{gn} \ Var{y} — Var{e}

Where Var{e} is the variance of the difference between the model and the actual y values,

and Var{y} is the variance of the dependent variable.

Student’s t test

The ¢ distribution (probability density function) is an approximation to the normal distribu-
tion [37].
Given normally distributed data one can estimate the confidence intervals as follows:

1. Adjust the distribution of the means of the data to zero mean and unit variance:

— X-p
Z = i

2. For a particular confidence (100(1 — a) %) one can find a range of values with that

confidence of finding the real value within the range.

e The probability of the value being outside the range is a or:

P(—za/3 £ 2< z0p0) =1~ c
e Substituting z and simplifying leads to:

P(X - Zajpgm S B < X+ za/27"5) =1-a.
e This implies the following confidence interval:

(—1_: - 20/2701—1, T+ a2 70;7)
3. t, can be estimated by t, = ﬂ"s;lz, where s is the estimate of the variance.

4. The Degrees of Freedom of the ¢-statistic is the number of independent observations less

the number of restrictions.

5. Values of t, (or zo) can be found by looking up the values in an appropriate table, e.g.,
table of Critical Values of ¢ [37]. It is possible to calculate the ¢ distribution for specified
degrees of freedom and hence the values of ¢/, for which the area (probability) between

+1q/2 and —14/ is the desired probability 1 — a.
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6. It should be noted that this is valid for normally distributed means (usually valid, see
the Central Limit Theorem [37]) and a large enough sample set.

Now in general ¢ is not known and an unbiased estimator is: s = Z‘li:;‘;i_ziiﬁ and the
mean of the samples is an unbiased estimator of the population mean. The distribution of
T = %;‘zi is a t distribution with n — 1 degrees of freedom. Note that the ¢ distribution
approaches the normal distributions for large sample sizes [37]. The ¢t distribution should be
used instead of the normal distribution in calculating confidence intervals since it attempts

to compensate for non-normal distributions.

Application of Student’s ¢t test to estimating the significance of Model Coefficients

T _ &—(estimated model coefficient)
The test statistic is t(v) = variance of the model coefficient’
(here n—k) with n is the number of observations and k is the number of coeflicients. Since the

where v is the degrees of freedom

test examines whether or not a particular coefficient is zero, the estimated model coefficient is
zero. The ¢ statistic is calculated with (estimated model coefficient) = 0 and the probability '
is determined. If the probability is greater

.. é;
of obtaining ¢ < variance of the model coefficient
than expected then the estimated model coefficient cannot be zero. The expected probability

is determined from the confidence interval (100(1 — o) %) selected beforehand and is hence

.
If estimated t >| calculated or tabulated t | then with 100 x o significance the coefficient
is not significant and can be ignored, i.e., the coefficient cannot be within the 100(1 — a)

confidence interval.

Application of the Analysis of Variance (ANOVA) F statistic to test the signifi-

cance of Model coefficients

This is essentially hypotheses testing, testing the hypotheses that a particular coefficient is
zero or testing whether all the coefficients are zero. The ANOVA F statistic is:

. MSM
F= MSE
- > (i — 7)?
MSM = DEM
_ Zi(yi—gi)z
MSE = DFE

(Degrees of freedom Model) DFM = 1
(Degrees of freedom Error) DFE = N —1
(Degrees of freedom Total) DFT = DFM + DFE

The F statistic tests the hypothesis ¢; = cg = --- = ¢, = 0. If one of the Model coefficients
is non-zero then one would expect MSM > MSE. One proceeds as follows:
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e Calculate F. The degrees of freedom of the numerator and denominator are 1 and N —2

respectively, where N is the number of samples.

e The area under the tail of the distribution of #(1, N — 2) above the F value represents

the significance level.

Note that the ¢ statistic is related to the F statistic as follows: F(1,n) = t(n)? [39]. Since the
F statistic is calculated using the MSE and MSM it is simpler to calculate than the ¢ statistic

and is thus recommended for confidence interval calculations.

13.4 Simple Cross-validation

Cross-validation measures the prediction error of the model under consideration. Simple
Cross-validation divides the available data into two sets. One set is used to generate the
model and the second set (the test set) used to evaluate the fit of the model [40], [16].
Usually the test and generation sets are equal in size. The performance of the model on the
test set is likely to be similar to the performance of the model for arbitrary valued variables
usually encountered in practice. _

Double cross-validation involves using data different from the data used to generate the
coeflicients of the model, and different from the data used to estimate the type (form) of the
model (e.g., logarithmic, truncated Taylor series, etc).

The regression models generated are tested using double cross-validation.

13.5 Over-fitting

Within all data sets each measurement (data point) is perturbed by noise. Over-fitting
involves fitting a model which attempts to predict the noise component of the data [16].
Clearly such a model is not likely to perform well on a test set since it is impossible to derive

a deterministic model for probabilistic data (i.e., noise).

13.6 Theory of Principal Components Analysis (PCA)

This section presents the theory of PCA [21], [22]. The process of PCA is essentially a
projection of each set of observations (of different variables) onto a set of orthogonal vectors.
This process decorrelates each variable.

Given a set of m variables with n observations on each variable arranged in matrix X,
it is usual to calculate the Principal Components from the covariance matrix though other
methods exist.

The process is as follows:
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. Create matrix Z = X — m,, where each row of m; has as elements the means of each of
the column vectors of X (i.e., from each element of a column vector subtract the mean

of the column vector).

. Create the covariance matrix (dimensions nxn) of A, where ¢;; = E{(z; — T3)(z; — Z;)}.

The covariance matrix (C) is then ZT Z.

. Extract the Eigenvalues and Eigenvectors from the covariance matrix. Note that the

Eigenvectors of a square symmetric matrix are orthogonal [28].

. Sort the Eigenvectors in order of decreasing Eigenvalues and arrange the Eigenvectors

as the column vectors of matrix A.

. Transform X by Y = (X — m;)A (the inverse transform is X = Y AT + m,). Note that
the matrix of Eigenvectors is orthonormal [28]: A~! = AT. The columns of Y are the

Principal Components. The variance of the Principal Components are:

v = (X —mge;
= Ze; variable substitution
Var{yi} = E{(Ze:)?}
= B{(f 27)(Ze)}
= Var{el (ZTZ)e;
= eerei
= el \e;

= N

where ); are the eigenvalues of Z7Z and e; are the eigenvectors of Z7Z. Thus total

variance = [ ; A;.

. Selecting the k Eigenvectors associated with the largest k& Eigenvectors accounts for

k
DY . . .
L + of the total variance. This allows one to use a subset of the total Eigenvectors

av.;).:iiable provided they explain enough of the variance.

13.7 The Jackknife

When modelling data is is usual to apply cross-validation. Cross-validation involves dividing
the data into a training set (which.is used to create the model) and a validation set (used to
test the fit of the model). When too little data exists then one does not have sufficient data

either to test or generate the model. The Jackknife allows one to use most of the data for
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generating the model and then estimate the mean and confidence intervals for each model
coeflicient.

The Jackknife [17], [5] generates a series of models by in turn removing one (or more) data
points from the data set to form the model generation set. A series of models is generated and
hence samples of the mean and variance of each coefficient and the error generated. Clearly

one can then generate confidence intervals for the model and error.

If one removes more than one data point per model then the number of models to be

n o\ n!
k —(n—k)!k!

where k is the number of data points removed from the data set per model generated.

generated are:

The simplest model is the “leave out one” [5] model where only one datum per variable
is removed at a time (or one row if the data is arranged as column vectors in matrix form).
Note that applying PCA allows one to calculate the variances directly without reference to
any other variables.

Strictly speaking the above is usually described as a form of cross-validation [17]. The
Jackknife is usually applied to parameter estimation and estimating the standard deviation
of the parameter as described above (e.g., estimating the error of a median).

The estimate of the variance is defined as follows (with z representing the coefficient or
estimate to be Jackknifed):

where Z3) is the Jackknifed estimate of the mean.

Now the average of the removed data is:

T -
Ty =3 =%

and

O Jackknife = l‘(l) - .'L‘( )

[17).
Thus the the coefficient value is taken as T and the variance of the coefficient value is

)

C’J(.J,ck:lcn.‘ife-
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13.8 Summary

This chapter covers some of the issues involved in fitting a model. The issues relating to
generating confidence intervals were examined. It was shown that the model coefficients
are unbiased. Methods for generating the model coefficient confidence intervals using the
ANOVA F statistic and the t-statistic were examined. The process of model validation using
cross validation and the Jackknife is examined. The use of the Principal Components Analysis
for decorrelating variables and hence simplifying the modelling process, is discussed.

The results of the model fitting process is summarised in Chapter 14.

130



Chapter 14

Fitting measured variables to the

subjective quality variables

Some variables were measured on the sampled data measured on the frames themselves and
on the even and odd fields: mean and variance of the motion vectors, mean and variance of
the difference image and the absolute values of the difference image.

Twenty-five frames were extracted at each of the second, fifth, eighth, eleventh and four-
teenth seconds (this is systematic sampling) of the following video sequences: Animationl,
Animation2, Fast Film, Cycling, Boxing, Cross Country, Soccer, Noisy News 1, Noisy News 2,
Noisy News 3, Talking Heads, A Few Good Men, Egoli, Scrolling, Crawls, Flower Garden and
Disc3. The frames were grabbed using an EPIX4M framegrabber card on an IBM compatible
PC (Personal Computer). Due to hardware limitations on the card a greyscale block of 512
by 512 pixels in the centre of the frame were grabbed.

- Two bit-rates were generated for each sequence at the following subjective quality assess-
ment levels: excellent and acceptable (or good).

The methods of generating the raw data are examined and the data itself shown. MAT-
LAB was used to plot and generate the results with confidence intervals generated for 5%
error.

Firstly the objective variables measured were examined to remove redundant variables,
next linear and then quadratic functions were fitted to the data and the prediction accuracy
of these models examined. Finally the confidence intervals of the model coefficients are

generated.

14.1 Generating the raw data

This section describes the parameters measured on the test sequences. The bit-rates generated
were for colour sequences but the objective variables were extracted from greyscale versions

of the same images because of hardware limitations. This is not as great a limitation as it
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seems since the Human Visual System is more sensitive to greyscale spatial frequency content
than colour spatial frequency content [26]. The bit-rates were generated by a fixed bit-rate
MPEG-2 encoder. The mean and variance of the original frames and fields were extracted.
The mean and variance of the motion vectors and the difference between the best-fit block
and the original search block are found. The motion vectors are calculated on both field and
frames using the Three Step Search: (see Section 4.17) on eight by eight search blocks. The
number of non-zero motion vectors are counted. The frames and fields are edge detected
using the Sobel edge detector and the mean and variance of the edge detected frames and

fields extracted. The features were chosen for the following reasons:

e Both fields and frames were examined to see if measurements on one were better than

on the other.
e The variance of the frame/field are an indicator of the frequency content of the frame/field.

e The mean of the frame/field contains more energy than any of the other frequency

components.

e The mean of the length of the motion vectors is an indicator of the amount of motion
inside the frame/field.

e The variance of the motion vectors is an indicator of the degree and uniformity of motion
within the frame/field.

e The number of non-zero motion vectors is another indicator of the amount of motion
within the frame/field.

e The mean and variance of the edge detected frames/fields estimate the high frequency

content of the images.

The data is summarised in Tables 14.1, 14.2 and 14.3.

14.2 Removing redundant variables

The correlation coefficient of the variables against each other are examined and any variables
with a coefficient greater than 0.8 examined and removed. Tables 14.4 and 14.5 list the

regression coefficients. The following variables are retained:

e Motion Vector Frame Mean.
e Motion Vector Frame Variance.

‘e Number of active (non-zero) Motion Vectors.
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Name of sequence Motion Vectors on Frame . Motion Vectors on Field
Mean | Variance | RMS ] MtnVec || Mean [ Variance ] RMS ] MtnVec
animatel 37.056 | 2745.3 | 64.175 | 490690 | 30.032 | 1608.0 | 50.110 | 242006
animate2 39.064 | 2465.6 | 63.179 | 490557 | 33.835 | 1486.5 | 51.297 | 242080
fastfilm 34.054 | 1805.4 | 54.452 | 491299 | 29.641 | 1264.2 | 46.291 | 242059
cycling 43.792 | 2647.0 | 67.563 | 491533 || 38.045 | 1715.9 | 56.244 | 242105
boxing 39.695 | 2036.0 | 60.097 | 491562 || 35.082 | 1280.9 | 50.117 | 242114
Cross country 49.244 | 3648.6 | 77.933 | 490640 || 40.835 | 2042.6 | 60.911 | 242066
soccer 31.533 | 1841.2 | 53.250 | 490688 | 28.327 | 1384.1 | 46.760 | 242015
news 43.050 | 2296.3 | 64.417 | 491482 | 37.082 | 1489.9 | 53.526 | 242097
talking heads 27.282 | 1424.6 | 45.571 | 488624 | 23.977 | 888.11 | 38.249 | 241899
fgmen 41.364 | 2824.6 | 67.347 | 490437 || 35.503 | 1446.3 | 52.027 | 242003
scrolling 37.579 | 2253.6 | 60.543 | 449299 |} 30.627 | 1176.2 | 45.981 | 231562
egoli 24.963 | 1297.0 | 43.820 | 489681 | 22.903 | 832.07 | 36.832 | 241909
crawls 26.504 | 1851.6 | 50.538 | 490511 | 23.736 | 1241.0 | 42.478 | 241965
flower garden 32.38 1867.4 | 53.999 | 488838 || 29.590 1557 49.321 | 241790
disc3 . 43.914 | 2699.9 | 68.032 | 491412 | 42.429 | 1959.6 | 61.317 | 242112

Table 14.1: First part of the raw data for the bit-rate model. MtnVec denotes the number of
non-zero motion vectors.

Name of sequence || Difference Frame Sobel filtered Frame
Mean | Variance | RMS || Mean | Variance | RMS
animatel 17.240 | 718.33 | 31.868 || 39.722 | 2501.3 | 63.868
animate2 12.204 | 488.97 | 25.257 || 51.272 | 3889.7 | 80.737
fastfilm 15.045 | 466.80 | 26.328 || 38.619 | 1880.8 | 58.071
cycling 32.875 | 1816.9 | 53.830 || 99.919 | 7324.8 | 131.56
boxing 17.589 523.1 28.852 || 45.960 | 2569.6 | 68.425
cross country 22.476 | 920.36 | 37.756 || 45.867 | 3381.3 | 74.062
soccer 14.592 | 581.38 | 28.183 || 63.669 { 4075.0 | 90.160
news 18.783 | 457.16 | 28.460 || 57.659 | 1842.7 | 71.884
talking heads 7.1927 .| 180.74 | 15.247 | 40.762 | 1914.8 | 59.803
fgmen 14.347 | 437.32 | 26.060 || 34.647 | 2526.9 | 61.052
scrolling 24.522 | 2205.9 | 52.984 || 75.755 8957 121.22
egoli 7.2215 | 142.10 | 13.937 || 37.716 | 142.10 | 13.937
crawls 14.603 | 607.27 | 28.645 || 67.299 | 4481.0 | 94.922
flower garden 92.565 | 786.65 | 33.030 || 92.565 | 9481.7 | 134.72
disc3 45.809 | 3771.3 | 76.614 || 77.686 | 7090.4 | 114.56

Table 14.2: Second part of the raw data for the bit-rate model.
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Name of sequence || Sobel Filtered Field Bit-rates
Mean | Variance ] RMS || Quality excellent l Quality good

animatel 45.716 3202.1 72.746 6.7 4.0
animate2 62.359 | 5067.6 | 94.638 4.9 3.0
fastfilm 47.676 | 2659.0 | 70.228 5.9 3.5
cycling 110.41 | 8152.7 | 142.63 10.3 5.7
boxing 60.574 | 4056.9 | 87.898 5.3 3.8
cross country 56.213 | 4435.9 | 87.154 5.2 3.9
soccer 73.842 | 5244.8 | 103.42 6.2 3.4
news 67.143 | 2856.1 | 85.816 5.1 3.2
talking heads 45.748 | 2380.9 | 66.886 5.4 2.1
fgmen 44,111 | 3367.2 | 72.890 5.9 2.5
scrolling 83.628 | 9819.7 | 129.66 4.8 3.7
egoli 44.757 | 2915.6 | 70.134 3.6 2.1
crawls 75.986 | 5503.4 | 106.19 4.4 2.6
flower garden 99.675 | 10316.4 | 142.30 5.4 2.8
disc3 90.206 | 8678.3 | 129.67 : 5 3.7

Table 14.3: Third part of the raw data for the bit-rate model.

e Frame Difference Mean.

Frame Difference Variance.

e Sobel filtered Frame Mean.

Sobel filtered Frame Variance.

14.3 Fitting a Linear model

This section describes the process of fitting a linear model to the data. A linear model is first
fitted to all the data to test the validity of a linear model. Cross validation is then applied
to the data and the validated linear model fitted.

The following linear model, with z; representing the measured variables on the video

sequences and ¢; representing the coefficients, is proposed:
Ypred = Co + C1T1 + CaT2 + C3T3 + C4T4 + C5T5 + CoTp + C7T7 (14.1)

where ¢y is the DC coefficient.
Table 14.6 explains the variables retained. Table 14.7 lists the coefficient values (generated
by MATLAB). Table 14.8 compares the predicted and error values of the linear model for

excellent and good quality bit-rates respectively.
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Variable

No.

Correlation Coefficients for all input data.

1]

2

3

4

51 6

7

| 8

9

1

0.88

0.96

0.02

0.96

0.81

0.93

-0.01

0.14

0.88

1

0.97

0.03

0.81

0.86

0.86

0.01

0.08

0.96

0.97

1

0.02

0.91

0.86

0.93

-0.01

0.12

0.02

0.03

0.02

1

0.12

0.24

0.18

0.99

-0.03

0.96

0.81

0.91

0.12

1

0.84

0.96

0.09

0.23

0.81

0.86

0.86

0.24

0.84

1

0.95

0.21

0.42

0.93

0.86

0.93

0.18

0.96

0.95

1

0.15

0.34

-0.01

0.01

-0.01

0.99

0.09

0.21

0.15

1

-0.03

Nelie o] BN Nor) W, ) S LY I S B

0.14

0.08

0.12

-0.03

0.23

0.42

0.34

-0.03

1

—t
o

0.44

0.37

0.43

-0.34

0.55

0.52

0.56

-0.36

0.39

o
pd

0.56

0.49

0.56

-0.29

0.65

0.65

0.67

-0.32

0.43

—t
[ 3]

0.14

0.05

0.12

-0.23

0.23

0.35

0.31

-0.24

0.69

—t
[S%)

0.2

0.18

0.22

-0.48

0.25

0.38

0.33

-0.48

0.75

—t
LS

0.29

0.24

0.3

-0.32

0.34

0.48

0.44

-0.33

0.69

15

0.21

0.09

0.18

-0.2

0.3

0.4

0.37

-0.22

0.68

16

0.17

0.14

0.18

-0.47

0.24

0.35

0.31

-0.48

0.75

17

0.21

0.14

0.2

-0.32

0.3

0.41

0.37

-0.33

0.72

Table 14.4: First part of correlation coefficients for all variables.

Variable
No.

Correlation Coefficients for all input data.

10 [ 11 [ 12

13 | 14 | 15

16 |
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0.14

0.2
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0.21

0.17

0.21

0.37

0.49

0.05

0.18

0.24

0.09

0.14

0.14

0.43
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0.12

0.22

0.3

0.18

0.18

0.2

-0.34

-0.29

-0.23

-0.48

-0.32

-0.2

-0.47

-0.32

0.55

0.65

0.23

0.25

0.34

0.3

0.24

0.3

0.52

0.65

0.35

0.38

0.48

0.4

0.35

0.41

0.56

0.67

0.31

0.33

0.44

0.37

0.31

0.37

-0.36

-0.32

-0.24

-0.48

-0.33

-0.22

-0.48

-0.33

0.39

0.43

0.69

0.75

0.69

0.68

0.75

0.72

1

0.97

0.59

0.66

0.63

0.62

0.7

0.67

o B U=TR-CY RN [ =Y RSN IO XY P
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1

0.65

0.7

0.7

0.68

0.72

0.72

-
[

0.59

0.65

1

0.88

0.91

0.99

0.88

0.97

13

0.66

0.7

0.88

1

0.95

0.87

0.98

0.94

14

0.63

0.7

0.91

0.95

1

0.91

0.9

0.93

15

0.62

0.68

0.99

0.87

0.91

1

0.88

0.97

16

0.7

0.72

0.88

0.98

0.9

0.88

1

0.96

17

0.67

0.72

0.97

0.94

0.93

0.97

0.96

1

Table 14.5: Second part of the correlation coefficients for all variables.
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| Variable || Physical Parameter [

Ypred Bit-rate
T Motion Frame Mean
T Motion Frame Variance
z3 Number of active (non-zero) Motion Vectors
Ty Frame Difference Mean
Ts Frame Difference Variance
Tg Sobel Frame Mean
T7 Sobel Frame Variance

Table 14.6: Description of Variables.

" Coefficient ﬂ Excellent Quality Value “ Good Quality Value ”

o -30.47 -3.689
1 90.06 x 1073 70.79 x 10~3
c2 —0.1382 x 1073 55.98 x 10~
c3 63.39 x 1076 5.957 x 10~
c4 ~44.10 x 10~° —17.15 x 103
cs —0.5257 x 1073 —4.711 x 10~
6 41.13 x 1073 31.87 x 103
c7 0.3169 x 10~3 —11.12 x 10~

Table 14.7: List of Coefficient values for the Linear Model.

Excellent Quality Good Quality
Actual l Predicted | % Error || Actual l Predicted , %Error
6.7 4.884 27.1 4.0 2.95 26.25
4.9 6.353 -29.66 3.0 3.516 -17.2
5.9 4.77 19.16 3.5 2.699 22.88
10.3 8.296 19.46 5.7 5.018 11.96
5.3 5.641 -6.433 3.8 3.295 13.28
5.2 6.049 -16.32 3.9 3.958 -1.499
6.2 6.184 0.2515 3.4 3.3 2.932
5.1 6.135 -20.29 3.2 3.908 -22.12
5.4 4.639 14.1 2.1 2.387 -13.64
5.9 5.32 9.827 2.5 3.147 -25.88
4.8 4.801 -0.01233 3.7 3.658 1.141
3.6 3.846 -6.842 2.1 2.144 -2.09
4.4 5.983 -35.97 2.6 3.055 -17.49
5.4 5.495 -1.756 2.8 2.873 -2.617
5 5.705 -14.1 3.7 4.092 -10.59

Table 14.8: Comparison of Actual, Predicted and Error bit-rates for the Linear Model.
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The scatter-plots of predicted versus actual bit-rates and the percentage error of the
predicted bit-rates (Figures 14.1, 14.2, 14.3 and 14.4) show a poor fit: the highest error is

approximately 30%. The percentage error is calculated as follows for a particular observation:

(Observagil;)sré;‘zieig;cted)*100' The Figures illustrating the error (Figs 14.2 and 14.4) show the

percentage error per observation.

" Predicted vs. Actual data for Linear Model.
1 T T T T T Y T

10k SRR O S SOOI SO L S

Predicted Bit—Rate.
~
T

4 45 5 55 6 6.5 7 7.5 8
Actual Bit-Rate.

Figure 14.1: Performance of the Linear Model for the Excellent Quality bit-rates.

14.3.1 Validated Linear Model

This subsection describes the application of cross-validation to the Linear Model generation
process. The Linear Model is tested (validated) by removing the second, sixth and fourteenth
data points in the model generation stage and observing the predicted error at these points
in the model testing stage. The stability of the model generation stage is ensured by rejecting
any variable (term) with a correlation coefficient greater than 0.9 (see section 13.2 for a
justification). See Table 14.11 for a description of the variables used. Table 14.9 lists the

coefficients and associated confidence intervals and Table 14.10 lists the percentage error on
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Percentage Error per calculated value, Linear Model.
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Figure 14.2: Error performance of the Linear Model for the Excellent Quality bit-rates. The
horizontal axis is not a variable. Data points occur in the order corresponding to entries in
Table 14.8.
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Predicted vs. Actual bit-rate , Linear Model, Good Quality.
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Figure 14.3: Performance of the Linear Model for the Good Quality bit-rates.
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Percentage Error , Linear Model, Good Quality.
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Figure 14.4: Error performance of the Linear Model for the Good Quality bit-rates. The
horizontal axis is not a variable. Data points occur in the order corresponding to entries in

Table 14.8.
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Coefficient Excellent Quality Good Quality
Value | Confidence Interval || Value [ Confidence Interval

co -256.58 | —26.79--- —24.37 -4.744 -5.376--- —4.112
cl(x10"3) 162.1 156.1---168.1 78.21 75.07.--81.34
c2(x107°%) | 48.77 |- 46.36---51.17 8.043 6.787---9.299
c3(x1073) | -110.1 | —1154--- — 104.8 || —17.00 | —19.75--- — 14.25

Cq reject " reject reject reject
cs(x107°) | 67.55 65.39---69.72 30.05 28.92---31.17

C6 reject reject reject reject

cr reject reject reject reject

Table 14.9: List of Coefficient values for the Validated Lingar Model.

the predicted values of the model. Figures 14.5, 14.6, 14.7 and 14.8 show the relationship
between predicted and actual values and the percentage error of the excellent and good video

quality bit-rate linear models. The érror is shown per observation.

14.4 Fitting a Quadratic model

The task of fitting a quadratic model is approached as follows; first a model is fitted to all the
data to see if the model explains the observations of the bit-rate with sufficient accuracy, then
a new model is fitted to all the data less a validation set and the performance of the model
examined. It is ensured that the model can be generated (i.e., that the matrix is invertible)
by rejecting all terms with correlation coefficients greater than 0.8 for the linear model data
and then eliminating all terms with correlation coefficients greater than 0.6 in the quadratic
model data. This ensures that the model can be generated (see section 13.2 for a justification
of this). ,

The following quadratic model is proposed with the variables labelled as in Table 14.11.

As before z; refers to the variables measured and c;; refers to the model coefficients:

Ypred = Coo t+ C10T1 + Cumf +
C20Z2 + C21Z271 + cm% +
C30%3 + C3173T1 + C32T3T2 + Caaxg +
C40T4 + C41T4T1 + C42T4T2 + C43T4T3 + C44.’1:3
C50Z5 + C51X5%1 + C52Z5%2 + €53T5Z3 + C54T5%4 + C55:L‘§
C60T6 + C61T6T1 + C62T6T2 + C63T6T3 + C64T6T4 + C65T6T5 + Ceexg

2
C70T7 + C71T7T1 + C72T7T2 + C73T7L3 + C74Z7L4 + C75L7T5 + Cr6T7T6 + C77X7
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Excellent Quality Good Quality
Actual l Predicted I % Error || Actual ] Predicted T%Error
6.7 5.14 23.28 4.0 3.001 24.97
4.9 6.794 - -38.65 3.0 3.59 -19.66
5.9 4.85 17.79 3.5 2.775 20.7
10.3 8.619 16.32 5.7 5.078 10.92
5.3 5.994 -13.09 3.8 3.396 10.63
5.2 6.953 -33.7 3.9 4.05 -3.838
6.2 6.154 0.7427 3.4 3.334 1.948
5.1 7.192 -41.03 3.2 3.989 -24.66
5.4 4.631 14.24 2.1 2.422 -15.35
5.9 5.802 1.66 2.5 3.233 -29.31
4.8 4.839 -0.8133 3.7 3.668 0.8636
3.6 4.098 -13.83 2.1 2.157 -2.734
4.4 5.574 -26.68 2.6 3.048 -17.23
54 -0.4314 108 2.8 2.928 -4.557
5 5.707 -14.13 3.7 4.198 -13.47

Table 14.10: Comparison of Actual, Predicted and Error bit-rates For the Validated Linear
Model.

[rVariable [ Physical Parameter ”

Ypred Bit-rate
) Motion Frame Mean
I Motion Frame Variance
T3 Number of active (non-zero) Motion Vectors
T4 Frame Difference Mean
Ts Frame Difference Variance
g Sobel Frame Mean
7 Sobel Frame Variance

Table 14.11: Description of Variables.
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Predicted vs. Actual Bit-Rate, Validated Linear Model, Excellent BR.
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Figure 14.5: Performance of the Validated Linear Model for the Excellent Quality bit-rates.
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Percentage Error, Validated Linear Model, Excelient BR.
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Figure 14.6: Error performance of the Validated Linear Model for the Excellent Quality bit-
rates. The horizontal axis is not a variable. Data points occur in the order corresponding to
‘entries in Table 14.10.
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Predicted vs, Actual Bit-Rate, Validated Linear Model, Good BR.
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Figure 14.7: Performance of the Validated Linear Model for the Good Quality bit-rates.
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Percentage Error, Validated Linear Model, Good BR.
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Figure 14.8: Error performance of the Validated Linear Model for the Good Quality bit-rates.
The horizontal axis is not a variable. Data points occur in the order corresponding to entries

in Table 14.10.
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Where ¢yg is the DC coefficient.

Table 14.12 compares the model coefficients and confidence intervals for the Excellent and
Good video quality bit-rates. Note reject denotes coefficients removed because their variable
products. correlate with other variable products. Table 14.13 compares the data, predicted
bit-rates and the percentage error.

The following scatter-plots of the estimated bit-rates versus the actual bit-rates and the
percentage error of the predicted values (Figures 14.9, 14.10, 14.11, and 14.12) show the
quadratic model predicts the bit-rates within 37% for the excellent video quality sequence

and within 21% for the good video quality sequence.

Predicted vs. Actual Bit-Rate, Quadratic Model, Excellent BR.
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Figure 14.9: Performance of the Quadratic Model for the Excellent Quality bit-rates.

14.4.1 Validation of the Quadratic model

This subsection describes the cross-validation of the Quadratic Model fitting process. The
model is tested (validated) by removing three data points from the data at random, generating

the coefficients and testing the predicted bit-rates for these data points (sequences). The data
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Coefficient Excellent Bit-Rate Good Bit-Rate
Value | Confidence interval | Value T Confidence interval

€00 -16.38 { —17.46---—-15.3 | -1.274 | —1.787..- - 0.7611
cio(x1073) | -19.84 | —24.1---—15.58 | 26.84 24.82-.-28.86

e reject reject reject reject

c20 reject reject reject reject

c21 reject reject reject reject

Co2 reject reject reject reject
c30(x107%) | 41.96 39.74---44.18 4.795 3.74.--5.85

€31 reject reject reject reject

C32 reject reject reject reject

C33 reject reject reject reject
cs0(x1073) | -21.83 | —23.2---—20.46 | -13.11 | —13.76--- — 12.46

c41 reject reject reject reject

Ca2 reject reject reject reject

C43 reject reject reject reject

C44 reject reject reject reject

¢50 reject reject reject reject

C51 reject reject reject reject

Cs52 reject reject reject reject

Cs3 reject reject reject reject

€54 reject reject reject reject

Cs5 reject reject reject reject

C60 reject reject reject reject

c61 reject reject reject reject
ce2(x107%) | 21.11 20.47---21.74 12.17 11.87---12.48

C63 reject reject reject reject

Coa reject reject reject reject

Ce5 reject reject reject reject

Co66 reject reject reject reject

c70 reject reject reject reject

¢l reject reject reject reject

cro reject reject reject reject

c73 reject reject reject reject

C74 reject reject reject reject

c75 reject reject reject reject

c76 reject reject reject reject

c77 reject reject reject reject

Table 14.12: List of Coefficient values for the Quadratic Model.
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Percentage Error, Quadratic Model, Excelient BR.
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Figure 14.10: Error performance of the Quadratic Model for the Excellent Quality bit-rates.
The horizontal axis is not a variable. Data points occur in the order corresponding to entries

in Table 14.13.
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Predicted vs. Actual bit-rate, Quadratic Model, Good BR.
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Figure 14.11: Performance of the Quadratic Model for the Good Quality bit-rates.
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Percentage Error, Quadratic Model, Good BR.
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Figure 14.12: Error performance of the Quadratic Model for the Good Quality bit-rates. The
horizontal axis is not a variable. Data points occur in the order corresponding to entries in

Table 14.13.
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Excellent Quality Good Quality
Actual | Predicted [ % Error | Actual | Predicted | %Error
6.7 5.404 19.34 4.0 3.175 20.62
4.9 5.835 -19.09 3.0 3.506 -16.87
5.9 4.707 20.22 3.5 2.648 24.35
10.3 8.245 19.95 5.7 5.048 11.44
5.3 5.054 "~ 4,636 3.8 3.057 19.54
5.2 6.276 -20.7 3.9 4.143 -6.241
6.2 5.744 7.352 3.4 3.161 7.018
5.1 5.778 -13.29 3.2 3.604 -12.63
54 4.655 13.8 2.1 2.414 -14.96
5.9 5.135 12.96 2.5 3.192 -27.66
4.8 4.8 0.005039 3.7 3.646 1.452
3.6 4.551 -26.43 2.1 2.245 -6.916
4.4 5.992 -36.19 2.6 3.115 -19.82
54 5.122 5.157 2.8 2.83 -1.08
5 6.8 -36 3.7 4214 -13.9

Table 14.13: Comparison of Actual, Predicted and Error bit-rates for the Quadratic Model.

points removed are: the second, sixth and the twelfth, i.e., the data points corresponding to
the sequences Animate2, Cross Country and Egoli. The data used is identical to the data
used for creating the linear model. ,

Table 14.14 compares the model coefficients and confidence intervals for the Excellent and
Good video quality bit-rates. Table 14.15 compares the data, predicted bit-rates and the
percentage error. '

The following scatter-plots of the estimated bit-rates vs. the actual bit-rates and the
percentage error of the predicted values (Figures 14.13, 14.14, 14.15 and 14.16) show the
quadratic model predicts the bit-rates within 38% for the excellent video sequence quality
and within 37% for the good video sequence quality.

Chapter 15 attempts to model the data using PCA followed by Jackknifing to derive

confidence intervals for the model coefficients.
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Coeflicient

Excellent Quality

Good Quality

Value ] Confidence Interval | Value I Confidence Interval

oo -12.72 | —14.05--- - 11.38 | -2.521 —~311---—1.933
c1o(x107°) | 107.7 100.9---114.4 45.2 42.28-.-48.13

c11 reject reject reject reject

c20 reject reject reject reject

" e reject reject reject reject

€22 reject reject reject reject
c30(x107%) | 29.61 26.88 - - - 32.35 6.401 5.2---7.602

€31 reject reject reject reject

C39 reject reject reject reject

c33 reject reject reject reject
ca0(x1073%) [ 7.198 2.86---11.54 -28.3 | —31.16--- —25.44

41 reject reject reject reject

c42 reject reject reject reject

c43 reject reject reject reject

C44 reject reject reject reject

C50 reject reject reject reject

c51 reject reject reject reject

C52 reject reject reject reject

C53 reject reject reject reject

C54 reject reject reject reject

Cs5 reject reject reject reject

C60 reject reject reject reject

Ce1 reject reject reject reject
ce2(x107°) | reject reject 13.47 13.01---13.93

C63 reject reject reject reject

Ce4 reject reject reject reject

Ces reject reject reject reject

Cg6 reject reject reject reject

cr0 reject reject reject reject

cn reject reject reject reject

cr2 reject reject reject reject

cr3 reject reject reject reject

C74 reject reject reject reject

cr5 reject reject reject reject

c76 reject reject reject reject

cr7 reject reject reject reject

Table 14.14: List of Coeflicient values for Validated Quadratic Model.
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Predicted vs. Actual Bit-Rate, Validated Quadratic Model, Excellent BR.
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Figure 14.13: Performance of the Validated Quadratic Model for the Excellent Quality bit-
rates.
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Percentage Error, Validated Quadratic Model, Excellent BR.
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Figure 14.14: Error performance of the Validated Quadratic Model for the Excellent Quality
bit-rates. The horizontal axis is not a variable. Data points occur in the order corresponding

to entries in Table 14.15.

135



Predicted Vs. Actual Bit-Rate, Validated Linear Model, Good BR.
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Figure 14.15: Performance of the Validated Quadratic Model for the Good Quality bit-rates.
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Percentage Error, Validated Quadratic Model, Good BR.
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Figure 14.16: Error performance of the Validated Quadratic Model for the Good Quality
bit-rates. The horizontal axis is not a variable. Data points occur in the order corresponding

to entries in Table 14.15.
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Excellent Quality Good Quality
Actual ] Predicted1 % Error || Actual | Predicted I %Error
6.7 5.929 11.51 4.0 3.276 18.1
4.9 6.105 -24.59 3.0 3.742 -24.74
5.9 5.608 4.951 3.5 2.676 23.53
10.3 6.791 34.06 5.7 5.237 8.123
5.3 6.241 -17.76 3.8 3.182 16.25
5.2 7.277 -39.95 3.9 4.464 -14.45
6.2 5.315 14.27 34 3.211 5.552
5.1 6.609 -29.58 3.2 3.823 -19.46
5.4 4.743 12.16 2.1 2.418 -15.16
5.9 6.364 -7.869 2.5 3.4 -36.01
4.8 4.812 -0.2465 3.7 3.659 1.103
3.6 4.525 -25.69 2.1 2.196 -4.586
4.4 4.769 -8.376 2.6 3.082 -18.54
5.4 5.913 -9.496 2.8 1.781 36.41
5 6.894 -37.88 3.7 4.138 -11.85

Table 14.15: Comparison of Actual, Predicted and Error bit-rates for Validated Quadratic
Model.
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Chapter 15

A Jackknifed Linear Model after

Principal Component Analysis

The previous chapter examined the results of fitting Linear and Quadratic Models to the data
described. A problem apparent from the previous chapter is that only fifteen data points are
used for the model and validation set combined. Better use of the data is made by the Jack-
knife method which uses all the data, less one point, at each stage in the method. Principal
Components Analysis decorrelates the variables, simplifying the model generation step since
cross-product terms disappear. PCA offers the opportunity to reduce the dimensionality of
the data in a meaningful way as explained in Section 13.6.

This chapter approaches the modelling problem by first performing a Principal Compo-
nents Analysis to decorrelate the final variables and then generating Jackknifed estimates of
the coeflicients and error. The data used is identical to the linear data of Chapter 14.

15.1 Principal Components Analysis (PCA)

This section describes the effect of applying PCA to the data. The number of variables
retained is determined by comparing the the relative magnitude of the eigenvalues. Exami-
nation of the screeplot (Fig. 15.1) indicates the first four values are significant. Table 15.1

lists the four retained variables after PCA.

15.2 Performance of the Jackknifed Linear Model

Since PCA orthogonolizes the variables, cross product terms vanish and the following linear

model is possible in three variables:
Ypred = Co + C1Z1 + C2Z2 + €373 + c44
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Figure 15.1: Screeplot of the Eigenvalues of the linear data.
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| x10° |
-4.8587 | 0.6868 | 0.0172 | -0.0184
-4.8556 | 0.6992 | 0.0238 | -0.0186
-4.8656 | 0.6804 | 0.0227 | -0.0256
-4.8604 | 0.7368 | 0.0202 | -0.0215
-4.8673 | 0.6877 | 0.0227 | -0.0234
-4.8570 | 0.6962 | 0.0129 | -0.0112
-4.8566 | 0.7010 | 0.0268 | -0.0242
-4.8675 | 0.6806 | 0.0202 | -0.0214
-4.8391 | 0.6762 | 0.0270 | -0.0271
-4.8562 | 0.6861 | 0.0191 | -0.0163
-4.4396 | 0.6964 | 0.0203 | -0.0223
-4.8519 | 0.6605 | 0.0238 | -0.0294
-4.8543 | 0.7047 | 0.0275 | -0.0240
-4.8311 | 0.7509 | 0.0377 | -0.0209
-4.8589 | 0.7390 | 0.0035 | -0.0315

Table 15.1: The retained variables after PCA.

Coefficient || Good BR Confidence Excellent BR Confidence
Model Interval " Model Interval
co —25.72 -71.41---19.97 —44.09 —89.13---0.9472
c1(x107%) || —0.3649 | —1.287-.-0.5574 —0.6472 —1.549---0.2549
c2(x107%) 1.882 1.33---2.434 2.85 1.868 --- 3.833
c3(x107%) —5.248 | —7.982... —2514 —2.347 —-7.004---2.311
It ca(x107%) 2.954 0.1862---5.722 4.506 —0.3779---9.39

Table 15.2: The Linear Model Coefficients after PCA and the Jackknife.

The model is tested on both the Good and Excellent Quality bit-rates and the Jackknife used
to generate an estimate of the average expected error as well as the model coefficient values.

Table 15.2 lists the coefficient values and Jackknifed 95% confidence intervals. Table 15.3
lists the average error and its 95% confidence intervals. Figures 15.2, 15.3, 15.4, 15.5 and
Table 15.4 compare the percentage error against the actual values and the predicted versus
the actual values for both the Good and Excellent Quality bit-rates.

The average predicted error from the Jackknifed model predicted by the Jackknife is 15.4%
and 15.29% and the peak error is 50% and 49% for the Good and Excellent Quality Models

respectively.
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|| Model [ Error ] Confidence Interval ”

Good BR. 154 14.08---16.72
Excellent BR | 15.29 14.21---16.38

Table 15.3: The Linear Model Coeflicients after PCA and the Jackknife.

Good BR Model Excellent BR Model
Actual | Predicted | Percentage || Actual | Predicted | Percentage
BR BR Error BR BR Error
4.0 3.493 12.69 6.7 5.698 14.96
3.0 3.363 -12.1 4.9 5.87 -19.8
3.5 2.895 17.29 5.9 5.109 13.41
5.7 4.187 26.55 10.3 6.921 32.8
3.8 3.102 18.37 5.3 5.423 -2.328
3.9 '4.105 -5.254 5.2 6.384 -22.77
3.4 3.077 9.514 6.2 5.603 9.636
3.2 3.164 1.13 5.1 5.374 -5.379
2.1 2.453 -16.79 5.4 4.651 13.87
2.5 3.434 -37.36 5.9 5.715 3.133
3.7 1.866 49.58 4.8 3.011 37.27
2.1 2.301 -9.574 3.6 4.256 -18.23
2.6 3.11 -19.62 4.4 ~ 5.69 -29.31
2.8 3.447 -23.11 5.4 6.752 -25.04
3.7 4.811 -30.02 5 6.921 -38.42

Table 15.4: Actual, Predicted and Percentage Error values for the Jackknifed Model.
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Percentage Error vs. Actual Bit-Rate, PCA Linear Mode, Good BR.
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Figure 15.2: Percentage Error versus Actual Data, Good Quality BR.
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Predicted Bit—-Rate.

Predicted vs. Actual Bit-Rate, PCA Linear Model, Good BR.
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Figure 15.3: Predicted versus Actual Data, Good Quality BR.

164



Percentage Error vs. Actaul Viaues, PCA Linear Model , Excellent BR.
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Predicted Bit—-Rate.

Predicted vs. Actual bit-rate, PCA Linear Model, Excellent BR.
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Figure 15.5: Predicted versus Actual Data, Excellent Quality BR.
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Chapter 16

Conclusion to Part 11
Comparison of the Linear and

Quadratic models

Considering the results in Chapters 14 and 15 the conclusions in this chapter are drawn and
the weaknesses of the model building approach examined. The absolute value prediction error
of the validated quadratic model is 40% for excellent image quality bit-rate and 37% for good
image quality bit-rate. The validated linear model has absolute value prediction error of 108%
for excellent image quality bit-rate and 30% for good image quality bit-rate.

It is then reasonable to suggest using the linear model to predict the bit-rates for the good
image quality and the quadratic model for the excellent quality bit-rates. The quadratic model
is overfitted since the model performance after cross-validation decreases significantly.

The Jackknifed linear model after PCA performs particularly well with a peak prediction
error of 39% and 50% for the excellent and good image quality bit-rates. The expected average
error predicted by the Jackknife is 15.29% and 15.4% per observation for excellent and good

image quality bit-rates.

16.1 Weaknesses of this approach

The bit-rate is to some extent overestimated since for fixed bit-rate encoders the bit-rate
chosen must be greater than the largest bit-rate peaks. The sampling of the data is simple
systematic with the problem of estimating the variance of the population (though certain
approximations exist). The number of bit-rate samples are too few and this presents problems
in properly validating the models. It is possible that some other set of features better describe
the relationship between bit-rate and the input sequence. Note that a bias is introduced into

the model by measuring the objective variables on greyscale instead of colour data.
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Appendix A

An overview of the Hadamard
Transform, Hashing and Sobel
Filtering

The Hadamard transform is used by several motion compensation algorithms because of its

speed. The Projection Search (defined in 5.3) employs Hashing, and Sobel filtering is used in

modelling the final bit-rate of an MPEG-2 sequence in terms of certain objective variables.

A.1 The Ordered Hadamard Transform

By definition [26]:

N—-1N-1
H(u,v) = %,‘Z (@, ) (1) Zrmobi(2Ipi() b (0)pi(w))
z=0 y=0
Yy
N = 2

The summation in the exponent of (—1) is modulo 2. b;(k) is the 5** bit of k in the binary
representation of k (e.g., b2(6) =1 ... 630 = 1102.
pi(k) is defined as: '

po(k) = bu-1(k)
pi(k) = bn_1(k) +bn-2(k)
pz(k) = bn—2(k) + bn——3(k)
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palk) = bi(k) + bo(k)

A.2 Hashing

Hashing [54] attempts to solve two problems:

1. Memory Optimisation: The range of data values is greater than can be contained in an

array of convenient size.

2. Access Time Optimisation: One wants to be able to place and find an entry within a

fixed number of operations (fixed time).

The hash table is an array of fixed size and each cell is accessed via a hash function.
The hash function is usually f(data)mod(size of hash table). The size of the hash table is
predetermined as some convenient size, (the larger the bettér) and is u’sually a prime number.
The hash function is designed to evenly distribute the entries over the table.

In open hashing each cell maintains a list of the entries contained in it. Each cell could

hold more than one entry.

A.3 Sobel Filtering

The Sobel filter [26] is a standard filter as follows:

' of

Vf = 2

dy
Vil = B+ 50
Cor (VS| = [ ZI+1%

For approximating the gradient a number of methods are possible such as the Roberts,
Prewitt and Sobel operators. The gradient is a sum of the absolute values of square roots of

the convolution of the following masks on the input image (Tables A.1 and A.2).

d1]-27]-1
0
1121

Table A.1: Y derivative Sobel Mask.
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-170(1
210
-110(1

Table A.2: X derivative Sobel Mask.

Note that during the convolution process the derivatives are smoothed which compensates

for noise in the high frequency components.
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Appendix B

Performance of motion search
algorithms - Raw data

A good algorithm minimises the DFD, this implies the PSNR is maximised and the mean of
the absolute value of difference image is minimised. The pixel, motion vector and cumulative
entropy, and the mean of the motion vectors is minimised. The variance of the motion vectors
is an indication of the non-uniformity of the motion. The variance of the absolute value of
the difference image is an indication of the frequency content excluding the DC coefficient,
ideally this should be minimised.
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Algorithm Difference block
Absolute
Mean | Variance | Mean ] Variance
2Dlog Search -0.61 | 686.0 12.9 | 518.7
Block Based Gradient Descent Search | -0.56 | 731.9 13.5 548.8
Conjugate Directional Search -0.56 | 740.1 13.7 | 553.6
Conjugate Search -0.61 | 714.3 13.4 | 534.8
Cross Pattern Search -0.54 | 607.4 12.1 460.5
Cross Search -0.66 | 630.2 12.3 | 478.2
Dynamic SW Adjustment : -0.60 | 695.4 13.1 | 524.5
Energy -0.37 | 43.5 4.1 26.7
Four Step Search -0.62 | 652.5 12.5 | 496.1
Improved TSS -0.61 | 409.2 9.3 322.3
Modified Conjugate Search -0.61 | 632.5 12.3 | 481.8
Modified Feature Search -0.19 | 794 5.1 53.0
Modified Monotony -0.02 | 43.2 4.2 25.5
Modified SEA -0.05 | 32.6 3.7 18.8
Modified SEA v2 -0.04 | 41.9 4.2 24.3
Modified TSS , -0.62 | 623.0 12.2 | 4754
Monotony -0.03 | 42.7 4.2 | 25.2
New DMD -0.75 | 580.8 11.8 | 441.3
One Dimensional Full Search -0.57 | 694.6 13.5 511.9
PBIL -0.21 | 81.1 5.2 54.2
Parallel Hierarchical One D Search -0.24 | 1015.5 17.2 718.3
Plus Pattern Search -0.57 | 619.2 12.3 468.6
Prefiltered Sampled Points 2 0.32 70.6 5.2 43.7
Prefiltered Sampled Points 3 -0.07 | 38.9 4.0 22.7
Prefiltered Sampled Points 4 0.25 | 46.0 4.3 27.2
Prefiltered Sampled Points 5 -0.10 | 177.8 7.6 120.7
Projection Search -0.16 | 111.6 5.9 76.8
Sampled Pts 2 -0.06 | 35.5 3.9 20.6
Sampled Pts 3 -0.07 | 38.0 4.0 22.1
Sampled Pts 4 -0.07 | 39.5 4.0 23.2
Sampled Pts 5 -0.08 | 41.0 4.1 24.2
Subblock Full Search -0.58 | 559.8 11.2 | 434.8
TSS -0.63 | 619.0 12.1 472.9
Tile search -0.07 | 48.5 4.8 25.6
Variance -0.04 | 87.5 5.5 57.5

Table B.1: Comparison of Algorithms for the sequence animatel
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Algorithm Motion Vector PSNR | DFD
Mean | Variance (x 10%)
2Dlog Search 3.185 5.022 19.77 | 4.209
Block Based Gradient Descent Search | 2.115 5.312 19.49 | 4.403
Conjugate Directional Search 2.405 6.284 19.44 | 4.444
Conjugate Search 2.307 5.369 19.59 | 4.359
Cross Pattern Search 6.206 7.062 20.30 | 3.944
Cross Search 4.908 8.478 20.14 | 4.013
Dynamic SW Adjustment 3.124 3.526 19.71 | 4.255
Energy 171.703 | 18489 31.75 | 1.337
Four Step Search 3.771 6.379 19.98 | 4.071
Improved TSS 9.807 27.515 22.01 | 3.038
Modified Conjugate Search 5.159 8.093 20.12 | 3.996
Modified Feature Search 75.929 | 16192 29.13 | 1.670
Modified Monotony 198.710 | 21172 31.77 | 1.369
Modified SEA 151.607 | 16346 33.00 | 1.208
Modified SEA v2 171.398 | 17573 31.91 | 1.360
Modified TSS 4.101 8.005 20.19 | 3.955
Monotony 194.650 | 20812 31.83 | 1.361
New DMD 6.204 10.562 20.49 | 3.847
One Dimensional Full Search 2.681 16.923 19.71 | 4.398
PBIL 96.294 | 11648 29.04 | 1.686
Parallel Hierarchical One D Search 0.001 0.004 18.06 | 5.604
Plus Pattern Search 6.196 6.961 20.21 | 3.994
Prefiltered Sampled Points 2 194.893 | 29187 29.64 | 1.689
Prefiltered Sampled Points 3 154.772 | 16534 32.24 | 1.306
Prefiltered Sampled Points 4 176.844 | 20502 31.50 | 1.412
Prefiltered Sampled Points 5 36.813 | 8302 25.63 | 2.457
Projection Search 171.746 | 17875 | 27.65 | 1.919
Sampled Pts 2 153.214 | 16396 32.63 | 1.255
Sampled Pts 3 154.951 | 16610 32.34 | 1.295
Sampled Pts 4 156.389 | 16583 32.17 | 1.310
Sampled Pts 5 156.433 | 16672 32.00 | 1.334
Subblock Full Search 6.789 8.898 20.65 | 3.640
TSS 4.957 6.510 20.21 | 3.935
Tile search 27.231 | 3859 31.27 | 1.554
Variance 195.015 | 19462 28.71 | 1.780

Table B.2: Comparison of Algorithms for the sequence animatel
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Algorithm Entropy
Pixel | Motion Vector | Cumulative
2Dlog Search 572 | 3.31 5.68
Block Based Gradient Descent Search | 5.79 | 2.81 5.74
Conjugate Directional Search 5.81 | 2.80 5.76
Conjugate Search 5.79 | 2.77 5.74
Cross Pattern Search 5.68 | 3.96 5.65
Cross Search 5.68 | 3.80 5.64
Dynamic SW Adjustment 574 | 3.25 5.70
Energy 4.46 | 9.09 4.72
Four Step Search 5.68 | 3.54 5.64
Improved TSS 5.31 | 4.78 5.31
Modified Conjugate Search 5.66 | 3.63 5.62
Modified Feature Search 4.74 | 6.13 4.84
Modified Monotony 4.50 | 9.26 4.78
Modified SEA 4.33 | 8.89 4.59
Modified SEA v2 4.50 | 9.09 4.76
Modified TSS 5.65 | 3.59 5.60
Monotony 4.49 |9.24 4.77
New DMD 5.64 | 4.28 5.61
One Dimensional Full Search 5.86 | 1.92 5.81
PBIL 4.76 | 6.08 4.88
Parallel Hierarchical One D Search 6.17 | 0.00 6.10
Plus Pattern Search 5.70 | 3.96 5.67
Prefiltered Sampled Points 2 4.79 | 8.22 5.00
Prefiltered Sampled Points 3 4.44 | 8.91 4.69
Prefiltered Sampled Points 4 4.54 | 8.46 4.78
Prefiltered Sampled Points 5 0.22 |{0.34 0.23
Projection Search 4.92 | 9.12 5.15
Sampled Pts 2 4.38 | 8.28 4.63
Sampled Pts 3 4.43 | 8.92 4.68
Sampled Pts 4 444 |8.05 4.68
Sampled Pts 5 4.47 | 8.92 4.72
.Subblock Full Search 551 | 3.99 5.49
TSS 5.64 | 3.75 5.60
Tile search 4.70 | 5.21 4.74
Variance 4.84 |9.30 5.09

Table B.3: Comparison of Algorithms for the sequence animatel

176




Variance

Tile search

TSS

Subblock Full Search

Sampled Pts 5

Sampled Pts 4

Sampled Pts 3

- Sampled Pts 2

Projection Search -

Prefiltered Sampled Points 5
Prefiltered Sampled Points 4
Prefiltered Sa.mpled Points 3
Prefiltered Sampled Points 2
Plus Pattern Search

Parallel Hierarchical One D Search
PBIL

One Dimensional Full Search
New DMD

Monotony

Modified TSS

Modified SEA v2

Modified SEA

Modified Monotony

Modified Feature Search
Modified Conjugate Search
Improved TSS

Four Step Search

Energy

Dynamic SW Adjustment

Cross Search |

Cross Pattern Search

Conjugate Search

Cohjugate Directional Search .
Block Based Gradient Descent Search
2Dlog Search

|
!
|
[
|
|
|
|
|
|
1
!
|
|
|
!
!
|
!
|
i
|
|
|
!
|
[
|
!
|
|
|
|
|
|
!
|
|
|
|
|
!
!
|
i
|
|
!
[
!
!
|
!
I
|
|
i
!
|
[

10 15 20 25 30 35 40

45 50 55 60
x1E+07

Figure B.1: DFD j ftlar sequence animatel




Variance

Tile search

TSS

Subblock Full Search
Sampled Pts 5

Sampled Pts 4

Sampled Pts 3

Sampled Pts 2

Projection Search

Prefiltered Sampled Points 5
Prefiltered Sampled Points 4
Prefiltered Sampled Points 3
Prefiltered Sampled Points 2
Plus Pattern Search

Parallel Hierarchical One D Search
PBIL

.One Dimensional Full Search
New DMD

Monotony

Modified TSS

.Modified SEA v2

Modified SEA

Modified Monotony
Modified Feature Search
Modified Conjugate Search
Improved TSS

Four Step Search

. Energy

Dynamic SW Adjustment
Cross Search ,
Cross Pattern Search
Conjugate Search

Conjugate Directional Search
Block Based Gradient Descent Search
2Dlog Search

10 13 16 19 22 25 %8 31

Figure B.2: PSNR {(%rs sequence animatel




Variance

Tile search

TSS

Subblock Full Search
Sampled Pts 5

Sampled Pts 4

Sampled Pts 3

Sampled Pts 2

Projection Search »
Prefiltered Sampled Points 5
Prefiltered Sampled Points 4
Prefiltered Sampled Points 3
Prefiltered Sampled Points 2
Plus Pattern Search

Parallel Hierarchical One D Search

PBIL

One Dimensional Full Search

New DMD

Monotony

Modified TSS

Modified SEA v2
Modified SEA

Modified Monotony
Modified Feature Search
Modified Conjugate Search
Improved TSS

Four Step Search

Energy

Dynamic SW Adjustment
Cross Search

Cross Pattern Search

Conjugate Search

Conjugate Directional Search
Block Based Gradient Descent Search £

2Dlog Search

10 12

Figure B.3: Di abs mel':lll’; for sequence animatel




Variance

Tile search

TSS

Subblock Full Search
Sampled Pts 5 : =
Sampled Pts 4

Sampled Pts 3

Sampled Pts 2

Projection Search
Prefiltered Sampled Points 5
Prefiltered Sampled Points 4
Prefiltered Sampled Points 3
Prefiltered Sampled Points 2 =
Plus Pattern Search

Parallel Hierarchical One D Search
PBIL

One Dimensional Full Search

New DMD

Monotony

Modified TSS

Modified SEA v2

Modified SEA

Modified Monotony

Modified Feature Search

Modified Conjugate Search
Improved TSS

Four Step Search

i 1

Energy

Dynamic SW Adjustment

Cross Search

Cross Pattern Search

Conjugate Search

Conjugate Directional Search

Block Based Gradient Descent Search
2Dlog Search

6

x10

Figure B.4: Di abs vali 830r sequence animatel




Variance

Tile search

TSS

Subblock Full Search
Sampled Pts 5

Sampled Pts 4

Sampled Pts 3

Sampled Pts 2

Projection Search
Prefiltered Sampled Points 5
Prefiltered Sampled Points 4
Prefiltered Sampled Points 3
Prefiltered Sampled Points 2
Plus Pattern Search

Parallel Hierarchical One D Search
PBIL

One Dimensional Full Search
New DMD

Monotony

Modified TSS

Modified SEA v2

Modified SEA

Modified Monotony

Modified Feature Search
Modified Conjugate Search
Improved TSS

Four Step Search

Energy

Dynamic SW Adjustment
Cross Search

Cross Pattern Search
Conjugate Search

Conjugate Directional Search
Block Based Gradient Descent Search
2Dlog Search

Figure B.5: Entropy cilmullaétlive for sequence animatel




Variance

Tile search

TSS

Subblock Full Search
Sampled Pts 5

Sampled Pts 4

Sampled Pts 3

Sampled Pts 2

Projection Search
Prefiltered Sampled Points 5
Prefiltered Sampled Points 4
Prefiltered Sampled Points 3
Prefiltered Sampled Points 2
Plus Pattern Search

Parallel Hierarchical One D Search
PBIL

One Dimensional Full Search
New DMD

Monotony

‘Modified TSS

Modified SEA v2

‘Modified SEA

Modified Monotony
Modified Feature Search
Modified Conjugate Search
Improved TSS

Four Step Search

Energy

Dynamic SW Adjustment
Cross Search

Cross Pattern Search
Conjugate Search

Conjugate Directional Search

Block Based Gradient Descent Search

2Dlog Search

!

rrynnn

1

,!!

i

/

|
|

1

L

|

i
il
il

[ong
[Ng

iss

=
09
[=1
=
o
™
[=2]
&
2
e ]
[=}
©
>
8
=
H.’:
<
®
(o]
=3
=
o
[9°]
Q
[=1
[¢]
=
a
[¢°]
o
=
8
Y
=+
o
ot




Variance

Tile search

TSS

Subblock Full Search
Sampled Pts 5

Sampled Pts 4

Sampled Pts 3

Sampled Pts 2

Projection Search

Prefiltered Sampled Points 5
Prefiltered Sampled Points 4
Prefiltered Sampled Points 3
Prefiltered Sampled Points 2
Plus Pattern Search

Parallel Hierarchical One D Search
.PBIL '

One Dimensional Full Search
New DMD

Monotony

Modified TSS

Modified SEA v2

Modified SEA

Modified Monotony
Modified Feature Search
Modified Conjugaté Search
Improved TSS

Four Step Search

Energy

Dynamic SW Adjustment
Cross Search

Cross Pattern Search
Conjugate Search

Conjugate Directional Search
Block Based Gradient Descent Search
2Dlog Search |

6T % 5 & 5 b 7

Figure B.7. Entropy pi)i%lzg for sequence animatel




Variance

Tile search

TSS

Subblock Full Search
Sampled Pts 5

Sampled Pts 4

Sampled Pts 3

Sampled Pts 2

Projection Search
Prefiltered Sampled Points 5
Prefiltered Sampled Points 4
Prefiltered Sampled Points 3
Prefiltered Sampled Points 2
Plus Pattern Search : :
Parallel Hierarchical One D Search ' : :

PBIL = — I
I
|
[
|

One Dimensional Full Search :
New DMD E
Monotony
Modified TSS
Modified SEA v2
Modified SEA
Modified Monotony = - |
Modified Feature Search
Modified Conjugate Search
Improved TSS

Four Step Search

l

U}
]

Energy =~
Dynamic SW Adjustment

Cross Search

Cross Pattern Search

Conjugate Search

Conjugate Directional Search

Block Based Gradient Descent Search
2Dlog Search

=1 — = = = = = = — — — = = = = = = = e =

[o2]

Figure B.8: Motion Vector Mfans for sequence animatel




Variance

Tile search

TSS

Subblock Full Search
Sampled Pts 5

Sampled Pts 4

Sampled Pts 3

Sampled Pts 2

Projection Search
Prefiltered Sampled Points 5
Prefiltered Sampled Points 4
Prefiltered Sampled Points 3
Prefiltered Sampled Points 2
Plus Pattern Search

Parallel Hierarchical One D Search
PBIL

One Dimensional Full Search
New DMD

Monotony

Modified TSS

Modified SEA v2

Modified SEA

Modified Monotony
Modified Feature Search
Modified Conjugate Search
Improved TSS

Four Step Search

Energy

Dynamic SW Adjustment
Cross Search

Cross Pattern Search
Conjugate Search

Conjugate Directional Search

Block Based Gradient Descent Search ‘f

2Dlog Search

!
{
!
i
1
!
|
|
|
i |
61 5 k2

Figure B.9: Motion Vectori 8\gar for sequence animatel




Algorithm Difference block
Absolute
Mean | Variance | Mean | Variance
2Dlog Search 0.07 | 407.2 9.4 319.2
Block Based Gradient Descent Search | 0.11 441.9 9.8 345.8
Conjugate Directional Search 0.08 | 447.6 9.9 349.5
Conjugate Search 0.08 | 433.9 9.8 338.3
Cross Pattern Search 0.14 | 378.0 9.3 292.2
Cross Search 0.08 | 384.0 9.2 299.2
Dynamic SW Adjustment 0.06 | 423.5 9.6 331.2
Energy -0.33 | 1143 5.7 81.9
Four Step Search 0.09 392.0 9.2 307.3
Improved TSS 0.23 | 263.5 7.6 205.1
Modified Conjugate Search 0.11 384.1 9.2 300.1
Modified Feature Search 0.06 141.0 6.3 100.9
Modified Monotony -0.01 | 117.3 5.8 83.6
Modified SEA 0.04 | 97.0 5.1 71.2
Modified SEA v2 -0.02 | 138.3 6.4 96.8
Modified TSS 0.10 } 379.5 9.1 297.4
Monotony -0.01 | 116.6 5.8 83.1
New DMD 0.11 367.2 9.3 280.6
. One Dimensional Full Search 0.13 | 446.8 10.2 343.2
PBIL 0.17 156.4 6.5 114.0
Parallel Hierarchical One D Search -0.02 | 637.9 12.2 | 489.0
Plus Pattern Search 0.17 | 401.2 9.7 307.9
Prefiltered Sampled Points 2 0.71 119.7 6.0 84.3
Prefiltered Sampled Points 3 0.01 104.7 5.3 76.3
Prefiltered Sampled Points 4 0.32 110.0 5.6 79.0
Prefiltered Sampled Points § 0.03 109.6 5.5 79.7
Projection Search 0.09 192.6 7.8 132.0
Sampled Pts 2 0.05 102.5 5.3 74.8
Sampled Pts 3 0.01 104.0 5.3 75.9
Sampled Pts 4 0.07 | 106.5 5.4 77.5
Sampled Pts 5 0.04 | 1074 5.4 78.2
Subblock Full Search 0.14 | 334.1 8.5 262.6
TSS 0.10 | 373.9 9.0 292.8
Tile search 0.08 108.0 5.8 74.9
Variance 0.04 | 2239 8.2 156.4

Table B.4: Comparison of Algorithms for the sequence animate2
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Algorithm Motion Vector PSNR | DFD
Mean | Variance (x 10%)
2Dlog Search 2.459 5.742 22.03 | 3.050
Block Based Gradient Descent Search | 1.600 4.778 21.68 | 3.187
Conjugate Directional Search 1.895 5.717 21.62 °| 3.220
Conjugate Search 1.836 5.072 21.76 | 3.178
Cross Pattern Search 4.603 10.345 22.36 | 3.011
Cross Search 3.184 9.860 22.29 | 2.994
Dynamic SW Adjustment 2.257 3.976 21.86 | 3.123
Energy 159.205 | 21456 27.55 | 1.853
Four Step Search 2.804 7.141 22.20 | 2.991
Improved TSS 6.554 33.910 23.92 | 2.484
Modified Conjugate Search 3.394 10.030 22.29 | 2.980
Modified Feature Search 60.337 | 13950 26.64 | 2.058
Modified Monotony 176.490 | 22574 27.44 | 1.888
Modified SEA 127.120 | 18932 28.26 | 1.652
Modified SEA v2 177.882 | 18390 26.72 | 2.095
Modified TSS 2.732 8.045 22.34 | 2.945
Monotony 174.920 | 22434 2746 | 1.881
New DMD 4.488 12.303 22.48 | 3.025
One Dimensional Full Search 1.972 12.650 21.63 | 3.309
PBIL 58.601 | 9958 26.19 | 2.117
Parallel Hierarchical One D Search 0.001 0.004 20.08 | 3.967
Plus Pattern Search 4.909 10.221 22.10 | 3.140
Prefiltered Sampled Points 2 131.206 | 26578 27.35 | 1.948
Prefiltered Sampled Points 3 127.758 | 19405 27.93 | 1.733
Prefiltered Sampled Points 4 127.569 | 22121 27.72 | 1.811
Prefiltered Sampled Points 5 126.761 | 19629 27.73 | 1.777
Projection Search 166.761 | 19498 25.28 | 2.530
Sampled Pts 2 127.374 | 18999 28.02 | 1.710
Sampled Pts 3 128.251 | 19416 27.96 | 1.724
Sampled Pts 4 127.366 | 19383 27.86 | 1.751
Sampled Pts 5 127.128 | 19530 27.82 | 1.758
Subblock Full Search 4.619 13.775 22.89 | 2.749
TSS 3.400 8.809 22.40 | 2.927
Tile search 39.114 | 8131 27.80 | 1.872
Variance 198.228 | 19955 24.63 | 2.670

Table B.5: Comparison of Algorithms for the sequence animate2

187




Algorithm Entropy
Pixel ] Motion Vector | Cumulative

2Dlog Search 538 1291 5.34
Block Based Gradient Descent Search | 5.44 | 2.33 5.39
Conjugate Directional Search 5.46 | 2.38 541
Conjugate Search 5.45 | 2.37 5.40
Cross Pattern Search 5.41 | 3.72 5.38
Cross Search 538 | 3.25 5.34
Dynamic SW Adjustment 542 | 2.76 5.37
Energy 4.86 | 8.54 5.05
Four Step Search 5.36 | 3.11 5.32
Improved TSS 5.15 1 4.15 5.14
Modified Conjugate Search 5.36 | 3.07 5.33
Modified Feature Search 5.00 | 5.22 5.05
Modified Monotony 4.89 | 8.77 5.10
Modified SEA 4.69 | 7.79 4.85
Modified SEA v2 5.04 | 9.06 5.26
Modified TSS 534 | 3.01 5.30
Monotony 4.89 | 8.75 5.09
New DMD 543 | 3.83 5.40
One Dimensional Full Search 5.52 | 1.59 5.47
PBIL 5.03 | 4.44 5.07
Parallel Hierarchical One D Search 5.73 | 0.00 5.67
Plus Pattern Search 547 | 3.78 5.44
Prefiltered Sampled Points 2 4.94 | 6.48 5.07
Prefiltered Sampled Points 3 4.76 | 7.66 4.92
Prefiltered Sampled Points 4 483 | 7.10 4.97
Prefiltered Sampled Points 5 4.79 | 7.58 4.95
Projection Search 5.31 | 8.86 5.50
Sampled Pts 2 4.74 | 7.41 4.90
Sampled Pts 3 4.75 | 7.69 4.91
Sampled Pts 4 4.77 | 7.29 4.93
Sampled Pts 5 4.78 | 7.62 4.94
Subblock Full Search 5.26 | 3.59 5.23
TSS 5.34 | 3.28 5.30
Tile search 4.90 | 4.89 4.93
Variance 537 ]9.27 5.58

Table B.6: Comparison of Algorithms for the sequence animate2
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Algorithm Difference block
Absolute
Mean | Variance | Mean | Variance
2Dlog Search _ 0.09 | 4314 12.7 | 270.0
Block Based Gradient Descent Search | 0.05 | 478.0 13.7 | 2914
Conjugate Directional Search 0.11 | 487.7 13.8 | 296.4
Conjugate Search 0.09 | 472.2 13.7 | 284.3
Cross Pattern Search _ 0.03 | 404.8 124 | 251.4
Cross Search 0.11 | 409.6 12.5 | 252.8
Dynamic SW Adjustment 0.08 | 468.2 13.4 | 289.3
Energy -0.39 | 78.7 6.5 36.1
Four Step Search 0.09 | 403.5 12.3 | 252.2
Improved TSS 0.02 250.8 9.8 155.4
Modified Conjugate Search 0.09 | 401.2 12.3 | 2494
Modified Feature Search 0.05 102.5 74 47.2
Modified Monotony 0.00 | 794 6.6 36.5
Modified SEA 7 0.00 | 66.4 6.0 30.5
Modified SEA v2 0.13 | 123.6 7.9 61.9
Modified TSS 0.08 | 401.6 12.3 | 250.7
Monotony -0.00 | 79.2 6.5 36.4
New DMD 0.07 | 342.2 11.7 | 206.3
One Dimensional Full Search -0.02 | 470.7 14.2 | 269.9
PBIL 0.00 | 124.8 8.1 59.0
Parallel Hierarchical One D Search -0.13 | 809.9 18.8 | 457.1
Plus Pattern Search 0.04 | 405.6 12.7 | 243.3
Prefiltered Sampled Points 2 0.32 | 1720 9.3 85.6
Prefiltered Sampled Points 3 348 | 2771 11.8 150.7
Prefiltered Sampled Points 4 2.18 | 3175 11.8 183.5
Prefiltered Sampled Points 5 143 | 271.2 11.0 153.3
Projection Search 0.11 146.0 8.8 68.6
Sampled Pts 2 0.01 70.8 6.2 324
Sampled Pts 3 0.01 74.7 6.4 33.9
Sampled Pts 4 0.01 76.5 6.5 34.8
Sampled Pts 5 0.01 79.0 . |6.6 35.9
Subblock Full Search 0.03 | 337.1 11.1 213.0
TSS 0.10 | 394.1 12.1 | 246.6
Tile search -0.05 | 85.5 7.0 36.6
Variance 0.02 | 145.2 8.7 69.8

Table B.7: Comparison of Algorithms for the sequence cnn_news
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Algorithm Motion Vector | PSNR | DFD
Mean | Variance (x 10%)
2Dlog Search 3.847 6.301 21.78 | 4.129
Block Based Gradient Descent Search | 2.549 6.810 21.34 | 4.440
Conjugate Directional Search 3.197 7.532 21.25 | 4.496
Conjugate Search 3.085 6.548 21.39 | 4.456
Cross Pattern Search 5.855 8.501 22.06 | 4.026
Cross Search 5.010 9.551 22.01 | 4.070
Dynamic SW Adjustment 3.318 3.488 2143 | 4.348
Energy 196.382 | 21501 29.17 | 2.124
Four Step Search 4.340 8.003 22.07 | 3.999
Improved TSS 8.826 32.431 24.14 | 3.174
Modified Conjugate Search 5.336 9.613 22.10 | 4.005
Modified Feature Search 92.480 | 18674 28.02 | 2.418
Modified Monotony 204.135 | 22185 29.13 | 2.131
Modified SEA 170.510 | 20046 29.91 | 1.948
Modified SEA v2 229.765 | 21278 27.21 | 2.554
Modified TSS 4.146 9.135 22.09 | 3.993
Monotony 203.235 | 22103 29.14 | 2.128
New DMD 6.511 14.479 22.79 | 3.789
One Dimensional Full Search 3.788 20.419 21.40 | 4.606
PBIL 83.880 | 11731 27.17 | 2.637
Parallel Hierarchical One D Search 0.001 0.005 19.05 | 6.105
Plus Pattern Search 6.017 8.079 22.05 | 4.141
Prefiltered Sampled Points 2 195.302 | 36344 25.77 | 3.025
Prefiltered Sampled Points 3 76.179 | 23526 23.71 | 3.825
Prefiltered Sampled Points 4 50.527 | 14920 23.11 | 3.829
Prefiltered Sampled Points 5 52.363 | 13652 23.80 | 3.560
Projection Search 197.904 | 19501 26.49 | 2.860
Sampled Pts 2 169.757 | 19805 29.63 | 2.015
Sampled Pts 3 175.042 | 20068 29.40 | 2.075
Sampled Pts 4 172.409 | 19835 29.30 | 2.098
Sampled Pts 5 175.534 | 20120 29.15 | 2.134
Subblock Full Search 6.252 11.520 22.85 | 3.621
TSS ' 5.087 7.974 22.18 | 3.947
Tile search 46.885 | 7769 28.81 | 2.273
Variance 223.836 | 20166 26.51 | 2.821

Table B.8: Comparison of Algorithms for the sequence cnn_news
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Algorithm Entropy
Pixel ] Motion Vector [ Cumulative

2Dlog Search 6.06 | 3.50 6.02
Block Based Gradient Descent Search | 6.18 | 2.97 6.13
Conjugate Directional Search 6.20 | 3.04 6.15
Conjugate Search 6.19 | 3.03 6.14
Cross Pattern Search 6.03 | 3.93 6.00
Cross Search 6.05 |3.79 6.01
Dynamic SW Adjustment 6.14 | 3.34 6.10
Energy 5.14 |9.19 5.38
Four Step Search 6.02 | 3.66 5.98
Improved TSS 5.69 | 4.64 5.67
Modified Conjugate Search 6.02 | 3.61 5.99
Modified Feature Search 533 | 7.07 5.43
Modified Monotony 5.15 | 9.23 5.39
Modified SEA 5.02 | 8.92 5.25
Modified SEA v2 541 1949 5.66
Modified TSS 6.02 | 3.58 5.98
Monotony 5.14 | 9.23 15.39
New DMD 595 |4.30 5.92
One Dimensional Full Search 6.25 | 2.40 6.20
PBIL 5.45 | 5.60 5.53
Parallel Hierarchical One D Search 6.65 | 0.00 6.59
Plus Pattern Search 6.08 | 3.94 6.05
Prefiltered Sampled Points 2 5.65 | 7.15 5.81
Prefiltered Sampled Points 3 596 | 4.69 6.00
Prefiltered Sampled Points 4 5.97 | 4.55 5.99
Prefiltered Sampled Points 5 5.88 [ 5.00 5.90
Projection Search 5.57 | 9.29 5.79
Sampled Pts 2 5.06 | 8.46 5.28
Sampled Pts 3 5.11 | 8.95 5.33
Sampled Pts 4 5.12 | 8.22 5.33
Sampled Pts 5 515 | 8.93 5.37
Subblock Full Search 5.87 | 3.92 5.84
TSS 6.00 | 3.77 5.96
Tile search 5.23 | 6.24 5.30
Variance 5.55 | 947 5.79

Table B.9: Comparison of Algorithms for the sequence cnn_news
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Algorithm Difference block
Absolute
Mean | Variance | Mean | Variance
2Dlog Search ‘ 0.28 | 394.7 10.2 289.8
Block Based Gradient Descent Search | -0.09 | 476.5 11.0 355.6
Conjugate Directional Search 0.01 | 484.2 11.1 361.0
Conjugate Search -0.02 | 477.6 11.1 | 355.3
Cross Pattern Search 0.05 370.9 10.4 263.5
Cross Search 0.38 | 413.9 10.6 | 301.8
Dynamic SW Adjustment 0.06 | 457.6 10.8 | 341.6
Energy -0.51 | 140.9 7.3 88.2
Four Step Search 0.30 384.7 - 10.1 282.3
Improved TSS , 0.15 | 255.6 8.7 180.4
Modified Conjugate Search 0.21 366.1 10.0 266.0
Modified Feature Search 0.17 | 215.0 8.5 143.4
Modified Monotony 0.25 160.7 7.7 102.0
Modified SEA 0.14 110.6 6.5 68.5
Modified SEA v2 0.11 121.6 6.8 74.7
Modified TSS 0.23 | 383.2 10.1 281.6
Monotony 0.25 159.1 7.6 101.0
New DMD 0.31 359.1 10.4 | 250.6
One Dimensional Full Search -0.06 | 567.7 12.5 412.3
PBIL 0.37 | 237.2 8.8 159.7
Parallel Hierarchical One D Search -0.34 | 8204 14.6 607.3
Plus Pattern Search 0.08 426.1 11.0 306.0
Prefiltered Sampled Points 2 1.37 247.5 8.9 170.3
Prefiltered Sampled Points 3 0.17 142.0 7.1 91.1
Prefiltered Sampled Points 4 0.80 138.8 7.3 86.4
Prefiltered Sampled Points 5 0.19 163.7 7.5 107.4
Projection Search 0.11 | 375.7 10.9 | 256.9
Sampled Pts 2 0.16 118.0 6.7 73.0
Sampled Pts 3 0.18 141.4 7.1 90.6
Sampled Pts 4 0.18 129.5 7.0 80.4
Sampled Pts 5 0.22 161.0 7.5 105.4
Subblock Full Search 0.12 | 285.7 9.0 204.1
TSS 0.32 | 369.5 10.0 | 269.7
Tile search 0.08 1374 7.3 84.4
Variance 0.04 310.2 10.1 207.8

Table B.10: Comparison of Algorithms for the sequence crawls
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Motion Vector

Algorithm PSNR | DFD
Mean | Variance (x 10%)
2Dlog Search 2.481 3.728 22.17 | 3.330
Block Based Gradient Descent Search | 1.546 2.498 21.35 | 3.575
Conjugate Directional Search 1.824 3.186 21.28 | 3.609
Conjugate Search 1.793 2.939 21.34 | 3.595
Cross Pattern Search 5.014 8.428 22.44 | 3.369
Cross Search 7 3.755 7.986 21.96 | 3.443
Dynamic SW Adjustment 2.364 2.378 21.53 | 3.501
Energy 136.212 | 15651 26.64 | 2.365
Four Step Search 2.836 4.621 22.28 | 3.290
Improved TSS 6.864 27.469 24.06 | 2.819
Modified Conjugate Search 3.792 7.778 22.49 | 3.252
Modified Feature Search 42.593 | 9176 24.81 | 2.752
Modified Monotony 158.794 | 17835 26.07 | 2.492
Modified SEA 100.085 | 11006 27.69 | 2.108
Modified SEA v2 117.103 | 12982 27.28 | 2.226
Modified TSS 2.814 5.541 22.30 | 3.277
Monotony 154.662 | 17251 26.12 | 2.478
New DMD 4.926 9.501 22.58 | 3.388
One Dimensional Full Search 1.466 8.692 20.59 | 4.052
PBIL 60.012 | 7906 24.38 | 2.864
Parallel Hierarchical One D Search 0.001 0.004 18.99 | 4.747
Plus Pattern Search 5.199 8.045 21.84 | 3.562
Prefiltered Sampled Points 2 158.267 | 25657 24.19 | 2.891
Prefiltered Sampled Points 3 111.939 | 11974 26.61 | 2.321
Prefiltered Sampled Points 4 114.059 | 13214 26.71 | 2.366
Prefiltered Sampled Points 5 115.987 | 12578 25.99 | 2.438
Projection Search 144.166 | 14152 22.38 | 3.543
Sampled Pts 2 103.000 | 11238 27.41 | 2.182
Sampled Pts 3 111.632 | 11930 26.63 | 2.316
Sampled Pts 4 109.217 | 11862 27.01 | 2.279
Sampled Pts 5 115.620 | 12507 26.06 | 2.425
Subblock Full Search 4.953 10.824 23.57 | 2.935
TSS 3.761 6.299 22.45 | 3.248
Tile search 38.173 | 6991 26.75 | 2.365
Variance 176.331 | 17958 23.21 | 3.289

Table B.11: Comparison of Algorithms for the sequence crawls
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Algorithm

Entropy

PixelJ Motion Vector | Cumulative

2Dlog Search 5.64 | 2.99 5.60
Block Based Gradient Descent Search | 5.72 | 2.38 5.67
Conjugate Directional Search 573 | 241 5.68
Conjugate Search 573 |2.39 5.68
Cross Pattern Search 5.70 | 3.86 5.66
Cross Search 5.70 | 3.56 5.66
Dynamic SW Adjustment 5.69 | 2.82 5.64
Energy 5.27 | 8.55 5.44
Four Step Search 5.63 | 3.18 5.58
Improved TSS 546 | 4.39 5.44
Modified Conjugate Search 5.62 | 3.33 5.58
Modified Feature Search 546 | 5.02 5.48
Modified Monotony 534 | 8.80 5.53
Modified SEA 5.11 | 7.88 5.26
Modified SEA v2 519 | 8.19 5.36
Modified TSS 562 | 3.14 5.58
Monotony 5.33 | 8.77 5.52
New DMD 5.72 | 3.97 5.68
One Dimensional Full Search 592 |[1.35 5.86
PBIL ' 5.51 | 5.10 5.56
Parallel Hierarchical One D Search 6.08 | 0.00 6.02
Plus Pattern Search 5.76 | 3.90 5.73
Prefiltered Sampled Points 2 551 | 7.74 5.66
Prefiltered Sampled Points 3 5.24 |8.14 5.39
Prefiltered Sampled Points 4 5.27 | 7.58 5.42
Prefiltered Sampled Points 5 5.30 | 8.18 5.45
Projection Search 5.79 | 8.83 5.94
Sampled Pts 2 5.16 | 7.45 5.31
Sampled Pts 3 5.23 | 8.14 5.39
Sampled Pts 4 5.22 | 7.29 5.37
Sampled Pts 5 529 | 8.18 5.45
Subblock Full Search 5.50 | 3.80 5.47
TSS 5.62 | 3.48 5.58
Tile search 5.28 | 5.00 5.31
Variance 5.70 1| 9.08 5.88

Table B.12: Comparison of Algorithms for the sequence crawls
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Algorithm Difference block
Absolute
Mean | Variance | Mean | Variance
2Dlog Search 0.04 | 834.6 159 | 581.5
Block Based Gradient Descent Search | -0.01 | 895.1 16.6 619.6
Conjugate Directional Search 0.11 | 9324 171 | 639.5
Conjugate Search 0.02 | 912.2 17.0 | 624.8
Cross Pattern Search 0.07 756.4 14.9 535.2
Cross Search 0.01 | 805.8 15.7 | 560.1
Dynamic SW Adjustment 0.05 | 875.5 16.4 | 605.0
Energy -0.23 | 95.5 5.2 68.3
Four Step Search 0.06 | 801.7 15.5 | 560.2
Improved TSS 0.15 | 523.6 12.1 | 376.7
Modified Conjugate Search 0.04 |7794 15.3 | 5444
Modified Feature Search -0.03 | 142.0 6.6 97.8
Modified Monotony -0.03 | 95.9 5.4 66.7
Modified SEA -0.03 | 68.7 4.5 48.4
Modified SEA v2 -0.15 | 116.6 6.1 78.9
Modified TSS 0.04 | 779.0 15.3 | 544.8
Monotony -0.04 | 95.1 5.4 66.1
New DMD ' 0.02 | 739.3 15.2 | 509.0
- One Dimensional Full Search 0.11 906.0 17.1 612.7
PBIL 0.08 | 163.8 7.0 115.1
Parallel Hierarchical One D Search 0.04 1425.5 22.5 920.3
Plus Pattern Search 0.03 799.2 15.5 559.6
Prefiltered Sampled Points 2 1.40 122.8 6.6 80.9
Prefiltered Sampled Points 3 -0.04 | 80.8 4.9 57.0
Prefiltered Sampled Points 4 0.44 | 91.1 5.3 62.7
Prefiltered Sampled Points 5 -0.04 | 89.9 5.1 63.8
Projection Search 0.04 | 2153 8.2 148.8
Sampled Pts 2 -0.01 | 76.8 4.8 54.0
Sampled Pts 3 -0.04 | 79.8 4.8 56.3
Sampled Pts 4 -0.01 | 83.3 5.0 58.6
Sampled Pts 5 -0.03 | 87.0 5.0 61.7
Subblock Full Search . 10.06 |6724 13.9 | 479.1
TSS 0.02 | 784.9 154 | 549.1
Tile search -0.06 | 93.0 6.0 57.3
Variance 0.12 | 219.1 8.0 154.5

Table B.13: Comparison of Algorithms for the sequence cross_country
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Algorithm Motion Vector PSNR | DFD
Mean | Variance (x 10°%)
2Dlog Search 3.951 8.011 18.92 | 5.171
Block Based Gradient Descent Search | 2.621 8.004 18.61 | 5.395
Conjugate Directional Search 3.229 9.458 1843 | 5.563
Conjugate Search 3.111 8.324 18.53 | 5.511
Cross Pattern Search 5.772 11.717 19.34 | 4.834
Cross Search 4.881 11.948 19.07 | 5.095
Dynamic SW Adjustment 3.062 4.310 18.71 | 5.346
Energy 171.139 | 20194 28.33 | 1.698
Four Step Search 4.492 10.590 19.09 | 5.051
Improved TSS 9.001 43.397 20.94 | 3.940
Modified Conjugate Search 5.297 12.597 19.21 | 4.983
Modified Feature Search 107.245 | 19731 26.61 | 2.160
Modified Monotony 183.199 | 21631 28.31 | 1.756
Modified SEA 137.393 | 18682 29.76 | 1.464
Modified SEA v2 192.902 | 19632 27.46 | 1.996
Modified T'SS 3.982 11.168 19.22 | 4.974
Monotony 182.054 | 21505 28.35 | 1.751
New DMD 6.763 16.913 19.44 | 4.932
One Dimensional Full Search 4.554 24.686 18.56 | 5.567
PBIL 96.049 | 13133 25.99 | 2.269
Parallel Hierarchical One D Search 0.001 0.006 16.59 | 7.306
Plus Pattern Search 5.893 11.191 19.10 | 5.031
Prefiltered Sampled Points 2 177.053 | 27533 27.24 | 2.155
Prefiltered Sampled Points 3 146.778 | 18961 29.05 | 1.588
Prefiltered Sampled Points 4 159.706 | 21415 28.54 | 1.736
Prefiltered Sampled Points 5 150.504 | 19184 28.59 | 1.662
Projection Search 179.255 | 18750 24.80 | 2.652
Sampled Pts 2 146.868 | 18990 29.28 | 1.550
Sampled Pts 3 146.375 | 18974 29.11 | 1.576
Sampled Pts 4 150.199 | 19180 28.93 | 1.615
Sampled Pts 5 149.107 | 19088 28.74 | 1.634
Subblock Full Search 6.153 15.806 19.85 | 4.518
TSS 5.007 10.970 19.18 | 4.992
Tile search 52.392 | 8424 28.44 | 1.944
Variance 208.405 | 19199 24.72 | 2.614

Table B.14: Comparison of Algorithms for the sequence cross_country
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Algorithm Entropy
Pixel | Motion Vector [ Cumulative
2Dlog Search 6.20 | 3.44 6.14
Block Based Gradient Descent Search | 6.26 | 2.81 6.20
Conjugate Directional Search 6.32 | 2.80 6.26
Conjugate Search 6.31 | 281 6.25
Cross Pattern Search 6.11 | 3.77 6.07
Cross Search 6.19 | 3.62 6.14
Dynamic SW Adjustment 6.25 | 3.19 6.19
Energy 4.73 | 8.82 4.95
Four Step Search 6.16 | 3.58 6.12
Improved TSS 582 | 4.38 5.80
Modified Conjugate Search 6.15 | 3.41 6.11
Modified Feature Search 5.09 | 6.91 5.20
Modified Monotony 4.79 | 8.90 5.01
Modified SEA 4.53 | 8.06 4.72
Modified SEA v2 499 | 9.13 5.22
Modified TSS 6.14 | 3.44 6.09
Monotony 4.79 | 8.89 5.01
New DMD 6.18 | 4.34 6.14
One Dimensional Full Search 6.35 | 2.60 6.29
"PBIL 5.15 | 5.58 5.23
Parallel Hierarchical One D Search 6.73 | 0.00 6.64
Plus Pattern Search 6.17 | 3.81 6.13
Prefiltered Sampled Points 2 511 | 7.79 5.28
Prefiltered Sampled Points 3 4.64 | 8.21 4.84
Prefiltered Sampled Points 4 4.78 | 8.04 4.97
Prefiltered Sampled Points 5 4.70 | 8.23 4.90
Projection Search 5.37 | 9.01 5.56
Sampled Pts 2 4.61 7.90 4.81
Sampled Pts 3 4.63 | 8.21 4.83
Sampled Pts 4 4.67 | 7.89 4.86
Sampled Pts 5 4.68 | 8.22 4.87
Subblock Full Search 6.00 | 3.67 5.96
TSS ' 6.15 | 3.62 6.10
Tile search 5.00 | 6.16 5.07
Variance 5.33 | 9.35 5.56

Table B.15: Comparison of Algorithms for the sequence cross_country
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Algorithm Difference block
Absolute
Mean | Variance | Mean [ Variance
2Dlog Search A -0.04 | 701.7 15.2 | 470.5
Block Based Gradient Descent Search | -0.07 | 865.1 16.7 | 584.6
Conjugate Directional Search -0.10 | 930.7 176 | 622.0
Conjugate Search -0.11 | 931.0 17.6 | 621.6
Cross Pattern Search -0.04 | 674.9 15.0 | 450.0
Cross Search -0.13 | 784.1 16.3 | 518.9
Dynamic SW Adjustment -0.10 { 767.3 15.9 | 514.8
Energy -0.99 | 428.1 124 | 276.6
Four Step Search -0.03 | 660.9 14.8 | 442.2
Improved TSS -0.06 | 490.6 12.8 | 326.1
Modified Conjugate Search -0.06 | 732.5 15.7 | 486.9
Modified Feature Search -0.06 | 516.2 13.4 336.3
Modified Monotony 0.09 429.8 12,5 273.1
Modified SEA 0.07 | 320.5 10.7 | 206.4
Modified SEA v2 0.58 | 512.9 13.7 | 325.3
Modified TSS -0.05 | 645.1 14.7 | 430.2
Monotony 0.09 | 427.0 125 | 2714
New DMD -0.16 | 761.0 16.2 | 500.0
- One Dimensional Full Search -0.03 | 1421.6 22.1 934.9
PBIL -0.12 | 662.4 152 | 432.5
Parallel Hierarchical One D Search -0.01 | 1874.4 25.9 | 1204.8
Plus Pattern Search -0.07 | 772.5 15.9 | 519.0
Prefiltered Sampled Points 2 1.54 | 433.0 12.9 268.1
Prefiltered Sampled Points 3 0.11 | 403.3 12.0 | 260.4
Prefiltered Sampled Points 4 0.69 | 4328 12.6 275.7
Prefiltered Sampled Points 5 0.12 451.4 12.6 292.2
Projection Search -0.01 | 883.2 18.1 553.9
Sampled Pts 2 0.09 | 356.3 11.2 | 230.2
Sampled Pts 3 0.12 401.5 11.9 259.4
Sampled Pts 4 0.14 | 4226 12.2 | 2734
Sampled Pts 5 0.14 444.6 12.5 287.8
Subblock Full Search -0.07 | 508.6 13.0 | 338.8
TSS -0.09 | 658.8 14.8 439.1
Tile search 0.07 355.1 11.5 222.3
Variance 0.07 | 780.7 17.0 | 492.1

Table B.16: Comparison of Algorithms for the sequence cycling
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Algorithm Motion Vector PSNR | DFD
Mean ] Variance (x 10%)
2Dlog Search 3.117 3.751 19.67 | 4.943
Block Based Gradient Descent Search | 2.060 3.220 18.76 | 5.444
Conjugate Directional Search 2.575 4.029 18.44 | 5.711
Conjugate Search 2.537 3.771 18.44 | 5.718
Cross Pattern Search 5.098 7.008 19.84 | 4.875
Cross Search 4.411 6.890 19.19 | 5.294
Dynamic SW Adjustment 2.907 2.051 19.28 | 5.165
Energy 149.507 | 19081 21.81 | 4.015
Four Step Search 3.476 4.463 19.93 | 4.808
Improved TSS 6.765 22.201 21.22 | 4.169
Modified Conjugate Search 4.655 7.142 19.48 | 5.094
Modified Feature Search 49.672 | 11172 21.00 | 4.360
Modified Monotony 173.715 | 21545 21.80 | 4.070
Modified SEA 111.942 | 16530 23.07 | 3.471
Modified SEA v2 183.989 | 18882 21.03 | 4.457
Modified TSS 3.465 5.370 20.03 | 4.765
Monotony 171.261 | 21264 21.83 | 4.055
New DMD 5.508 8.902 19.32 | 5.252
One Dimensional Full Search 2.321 10.982 16.60 | 7.171
PBIL 78.245 | 11300 19.92 | 4.929
Parallel Hierarchical One D Search 0.001 0.005 15.40 | 8.412
Plus Pattern Search 5.343 6.661 19.25 | 5.176
Prefiltered Sampled Points 2 141.183 | 23225 21.77 | 4.203
Prefiltered Sampled Points 3 143.160 | 17541 22.07 | 3.885
Prefiltered Sampled Points 4 146.572 | 18293 21.77 | 4.080
Prefiltered Sampled Points 5 155.198 | 17680 21.59 | 4.101
Projection Search 181.956 | 17162 18.67 | 5.899
Sampled Pts 2 121.595 | 16976 22.61 | 3.650
Sampled Pts 3 143.040 | 17611 22.09 | 3.875
Sampled Pts 4 147.437 | 17424 21.87 | 3.970
Sampled Pts 5 154.165 | 17672 21.65 | 4.072
Subblock Full Search 5.298 8.682 21.07 | 4.237
TSS 4.384 5.224 19.94 | 4.819
Tile search 85.319 | 15991 22.63 | 3.747
Variance 199.511 | 18131 19.21 | 5.523

Table B.17: Comparison of Algorithms for the sequence cycling
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Algorithm Entropy _

- Pixel | Motion Vector | Cumulative
2Dlog Search 6.28 | 3.33 6.23
Block Based Gradient Descent Search | 6.40 | 2.83 6.35
Conjugate Directional Search 6.48 | 2.95 6.42
Conjugate Search 6.48 | 2.94 6.42
Cross Pattern Search 6.26 | 3.91 6.22
Cross Search 6.38 | 3.75 6.33
Dynamic SW Adjustment 6.34 | 3.18 6.28
Energy 6.00 | 8.55 6.13
Four Step Search 6.24 | 3.48 6.19
Improved TSS 6.04 | 4.47 6.01
Modified Conjugate Search 6.32 | 3.65 6.28
Modified Feature Search 6.12 | 5.27 6.13
Modified Monotony 6.03 | 8.82 6.18
Modified SEA 580 |7.84 5.90
Modified SEA v2 6.16 | 9.07 6.32
Modified TSS 6.23 | 3.46 6.18
Monotony 6.03 | 8.80 6.17
New DMD 6.37 | 4.11 6.33
One Dimensional Full Search 6.80 | 1.96 6.73
PBIL 6.28 | 5.54 6.32
Parallel Hierarchical One D Search 7.03 | 0.00 6.95
Plus Pattern Search 6.34 | 3.94 6.30
Prefiltered Sampled Points 2 6.09 | 7.51 6.20
Prefiltered Sampled Points 3 5.96 | 8.52 6.09
Prefiltered Sampled Points 4 6.03 | 8.15 6.16
Prefiltered Sampled Points 5 5.96 | 8.60 6.09
Projection Search 6.55 |9.14 6.69
Sampled Pts 2 587 | 7.70 5.98
Sampled Pts 3 595 | 8.51 6.08
Sampled Pts 4 598 |8.01 6.11
Sampled Pts 5 6.02 | 8.70 6.16
Subblock Full Search 6.07 | 3.95 6.03
TSS 6.24 | 3.71 6.20
Tile search 5.93 | 6.60 5.99
Variance 6.46 | 9.30 6.61

Table B.18: Comparison of Algorithms for the sequence cycling
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Algorithm Difference block
Absolute
Mean | Variance | Mean | Variance
2Dlog Search -0.88 | 1965.3 21.6 1497.7
Block Based Gradient Descent Search | -0.43 | 3903.5 325 2849.3
Conjugate Directional Search -0.79 | 2644.8 26.4 | 1946.7
Conjugate Search -0.88 | 2692.9 26.8 | 1975.2
Cross Pattern Search 0.04 1261.8 16.5 | 989.4
Cross Search -1 -0.48 | 1429.7 18.3 1094.5
Dynamic SW Adjustment -0.52 | 2431.2 25.2 1798.5
Energy -0.18 | 159.4 6.5 117.8
Four Step Search -0.74 | 1564.5 18.8 1212.0
Improved TSS 0.21 626.7 11.1 504.3
Modified Conjugate Search -0.52 | 1460.3 18.5 1117.7
Modified Feature Search -0.02 | 396.5 9.5 305.4
Modified Monotony 0.08 179.2 6.9 132.1
Modified SEA 0.09 115.2 54 86.3
Modified SEA v2 0.11 598.6 12,5 443.2
Modified TSS -0.40 |} 1388.0 17.8 1069.8
Monotony ' 0.08 179.8 6.9 132.5
New DMD -0.66 | 1100.5 15.7 | 855.6
One Dimensional Full Search -0.54 | 3024.5 28.9 | 2190.1
PBIL -0.14 | 499.4 11.0 | 377.9
Parallel Hierarchical One D Search -0.02 | 5869.1 45.8 3771.1
Plus Pattern Search 0.04 1354.4 17.6 1044.8
Prefiltered Sampled Points 2 -0.55 | 800.0 15.0 | 576.6
Prefiltered Sampled Points 3 4.64 1174.8 18.6 850.5
Prefiltered Sampled Points 4 0.94 1266.5 17.7 | 952.5
Prefiltered Sampled Points 5 -1.07 | 1005.3 16.0 750.2
Projection Search -0.16 | 1213.0 18.2 883.0
Sampled Pts 2 0.08 127.8 5.7 95.4
Sampled Pts 3 0.06 162.0 6.5 120.3
Sampled Pts 4 0.05 159.8 6.4 119.0
Sampled Pts 5 0.04 199.0 7.2 147.8
Subblock Full Search 0.23 821.3 12.8 657.1
TSS -0.48 | 1354.7 17.5 1050.2
Tile search 0.01 151.3 6.6 107.3
Variance 0.07 591.6 12.6 432.2

Table B.19: Comparison of Algorithms for the sequence rot_disc3
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Algorithm Motion Vector PSNR | DFD
Mean | Variance (x 10%)
2Dlog Search 4.680 5.615 15.20 | 7.035
Block Based Gradient Descent Search | 2.497 6.855 12.22 | 10.555
Conjugate Directional Search 3.942 9.575 13.91 | 8.592
Conjugate Search 3.747 7.999 13.83 | 8.713
Cross Pattern Search 6.967 5.068 17.12 | 5.365
Cross Search 6.281 7.091 16.58 | 5.953
Dynamic SW Adjustment 3.748 2.911 14.27 | 8.178
Energy 103.754 | 15015 26.11 | 2.097
Four Step Search 5.541 7.483 16.19 | 6.107
Improved TSS 10.507 | 17.782 20.16 | 3.597
Modified Conjugate Search 6.487 7.290 16.49 | 6.020
Modified Feature Search 45.193 | 9646 22.15 | 3.104
Modified Monotony 113.939 | 15664 25.60 | 2.231
Modified SEA 75.425 | 10817 27.52 | 1.748
Modified SEA v2 189.296 | 21368 20.36 | 4.052
Modified TSS 5.366 9.036 16.71 | 5.799
Monotony 113.780 | 15602 25.58 | 2.236
New DMD 7.593 10.858 17.72 | 5.091
One Dimensional Full Search 4.517 21.522 13.32 | 9.391
PBIL 72.513 | 8683 21.15 | 3.582
Parallel Hierarchical One D Search 0.001 0.011 10.45 | 14.889
Plus Pattern Search 7.027 4.623 16.81 | 5.719
Prefiltered Sampled Points 2 215.347 | 32254 19.10 | 4.862
Prefiltered Sampled Points 3 151.457 | 27361 17.43 | 6.045
Prefiltered Sampled Points 4 129.254 | 23923 17.10 | 5.768
Prefiltered Sampled Points 5 127.426 | 21360 18.11 | 5.203
Projection Search 179.886 | 18759 17.29 | 5.906
Sampled Pts 2 78.135 | 10903 27.07 | 1.850
Sampled Pts 3 96.632 | 12512 26.04 | 2.099
Sampled Pts 4 93.319 | 12066 26.09 | 2.078
Sampled Pts 5 111.795 | 13592 25.14 | 2.325
Subblock Full Search 8.162 6.260 18.99 | 4.166
TSS 6.280 6.056 16.81 | 5.674
Tile search 33.279 | 4557 26.33 | 2.155
Variance 169.555 | 17734 20.41 4.104

Table B.20: Comparison of Algorithms for the sequence rot_disc3
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Algorithm Entropy
Pixel | Motion Vector | Cumulative

2Dlog Search 6.37 | 3.57 6.31
Block Based Gradient Descent Search | 6.83 | 2.93 6.75
Conjugate Directional Search 6.66 | 3.05 6.60
Conjugate Search 6.68 | 3.07 6.62
Cross Pattern Search 6.04 | 3.64 6.01
Cross Search 6.20 | 3.55 6.16
Dynamic SW Adjustment 6.61 | 3.35 6.54
Energy 5.00 | 7.97 5.16
Four Step Search 6.19 | 3.67 6.14
Improved TSS 5.54 | 4.42 5.54
Modified Conjugate Search 6.22 | 3.52 6.18
Modified Feature Search 5.45 | 4.79 5.49
Modified Monotony 5.09 | 8.24 5.25
Modified SEA 4.76 | 7.27 4.90
Modified SEA v2 5.88 |9.20 6.05
Modified TSS 6.15 | 3.60 6.11
Monotony 5.10 | 8.25 5.26
New DMD 6.02 | 4.32 5.99
One Dimensional Full Search 6.80 | 2.55 6.73
PBIL 5.67 | 5.84 5.73
Parallel Hierarchical One D Search 7.44 | 0.00 7.34
Plus Pattern Search 6.15 | 3.66 6.11
Prefiltered Sampled Points 2 6.12 | 8.10 6.26
Prefiltered Sampled Points 3 6.35 | 7.70 6.45
Prefiltered Sampled Points 4 6.23 | 747 6.31
Prefiltered Sampled Points 5 6.11 | 7.70 6.20
Projection Search 6.30 | 9.21 6.45
Sampled Pts 2 4.84 | 6.89 4.97
Sampled Pts 3 5.01 | 7.97 5.16
Sampled Pts 4 499 | 7.34 5.14
Sampled Pts 5 514 | 8.33 5.30
Subblock Full Search 5.71 | 3.53 5.69
TSS 6.11 | 3.62 6.07
Tile search 5.09 | 5.79 5.14
Variance 5.86 | 9.11 6.03

Table B.21: Comparison of Algorithms for the sequence rot_disc3
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Algorithm Difference block

' Absolute

Mean | Variance | Mean [ Variance

2Dlog Search A -0.03 | 454.9 9.2 370.2
Block Based Gradient Descent Search | -0.12 | 615.7 11.0 495.7
Conjugate Directional Search -0.16 | 597.7 10.7 | 483.8
Conjugate Search -0.16 | 591.2 10.6 | 478.0
Cross Pattern Search , 0.05 357.9 8.5 286.0
Cross Search -0.33 | 629.3 11.5 | 497.6
Dynamic SW Adjustment 0.03 | 470.0 9.4 381.3
Energy -0.42 | 204.0 7.2 152.3
Four Step Search -0.01 | 427.7 8.9 347.6
Improved TSS 0.10 285.4 7.5 228.7
Modified Conjugate Search 0.09 | 342.8 8.0 278.9
Modified Feature Search 0.01 160.3 6.3 120.0
Modified Monotony -0.15 | 221.0 7.6 164.0
Modified SEA -0.01 | 115.2 5.7 83.2
Modified SEA v2 0.18 1498.0 23.1 965.1
Modified TSS 0.05 | 383.9 8.5 311.7
Monotony -0.13 | 216.1 7.5 160.0
New DMD -0.19 | 524.3 10.8 | 408.1
One Dimensional Full Search 0.06 1301.6 17.3 1001.4
PBIL -0.12 | 326.3 8.6 252.0
Parallel Hierarchical One D Search -0.05 | 1464.9 18.7 1117.0
Plus Pattern Search 0.05 388.2 8.8 311.2
Prefiltered Sampled Points 2 -0.57 | 482.1 10.7 367.9
Prefiltered Sampled Points 3 1.61 541.6 11.1 421.2
Prefiltered Sampled Points 4 1.05 475.5 10.1 375.6
Prefiltered Sampled Points 5 0.54 409.6 9.2 325.2
Projection Search , -0.03 | 621.2 12.5 | 465.0
Sampled Pts 2 -0.03 | 135.0 6.0 99.1
Sampled Pts 3 -0.17 | 214.9 7.2 163.3
Sampled Pts 4 -0.10 | 1824 6.8 136.8 -
Sampled Pts 5 -0.24 | 255.7 7.8 195.6
Subblock Full Search 0.09 | 299.7 7.5 243.3
TSS 0.04 | 375.9 8.5 304.5
Tile search -0.20 | 227.0 7.8 166.5
Variance 0.06 611.4 12.5 456.1

Table B.22: Comparison of Algorithms for the sequence ttennis
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Algorithm Motion Vector PSNR | DFD
Mean | Variance (x 10%)
2Dlog Search 3.161 4.268 21.55 | 2.992
Block Based Gradient Descent Search | 2.080 3.899 20.24 | 3.561
Conjugate Directional Search 2.588 4.545 20.37 | 3.470
Conjugate Search 2.559 4.320 20.41 | 3.459
Cross Pattern Search 4.509 6.726 22.59 | 2.756
Cross Search 3.986 7.735 20.14 | 3.732
Dynamic SW Adjustment 3.028 2.795 21.41 | 3.063
Energy 140.420 | 24461 25.03 | 2.342
Four Step Search 3.372 4.860 21.82 | 2.909
Improved TSS 4.930 15.163 23.58 | 2.449
Modified Conjugate Search 3.919 5.627 22.78 | 2.599
Modified Feature Search 26.974 | 7532 26.08 | 2.062
Modified Monotony 151.057 | 26166 24.69 | 2.455
Modified SEA 57.413 | 12247 27.52 | 1.837
Modified SEA v2 241.331 | 22658 16.38 | 7.504
Modified TSS 3.511 5.243 22.29 | 2.762
Monotony 149.922 | 26049 24.78 | 2.435
New DMD 5.057 7.601 20.94 | 3.504
One Dimensional Full Search 0.768 5.775 16.99 | 5.632
PBIL ' 41.282 | 7188 23.00 | 2.802
Parallel Hierarchical One D Search 0.001 0.006 16.47 | 6.063
Plus Pattern Search 4.679 6.718 22.24 | 2.852
Prefiltered Sampled Points 2 137.497 | 27496 21.30 | 3.478
Prefiltered Sampled Points 3 41.762 | 10841 20.79 | 3.606
‘Prefiltered Sampled Points 4 34.707 | 8108 21.36 | 3.268
Prefiltered Sampled Points 5 33.707 | 6903 22.01 | 2.992
Projection Search 164.226 | 20943 20.20 | 4.062
Sampled Pts 2 73.198 | 14920 26.83 | 1.947
Sampled Pts 3 117.876 | 20191 24.81 | 2.336
Sampled Pts 4 105.222 | 19181 25.52 | 2.195
Sampled Pts 5 133.260 | 21211 24.05 | 2.521
Subblock Full Search 4.270 7.127 23.36 | 2.442
TSS 3.978 5.167 22.38 | 2.747
Tile search 29.558 | 5132 24.57 | 2.530
Variance 194.094 | 22934 20.27 | 4.051

Table B.23: Comparison of Algorithms for the sequence ttennis
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Algorithm Entropy
Pixel ] Motion Vector [ Cumulative

2Dlog Search 533 | 295 5.28
Block Based Gradient Descent Search | 5.56 | 2.59 5.51
Conjugate Directional Search 5.52 | 2.69 5.47
Conjugate Search 5.52 | 2.68 5.47
Cross Pattern Search 5.29 | 3.42 5.26
Cross Search 5.67 | 3.57 5.63
Dynamic SW Adjustment 5.36 | 2.71 5.31
Energy 5.15 | 8.05 5.30
Four Step Search 5.30 | 3.04 5.26
Improved TSS 5.12 | 3.46 5.09
Modified Conjugate Search 5.16 | 2.80 5.13
Modified Feature Search 4.98 | 4.07 4.98
Modified Monotony 5.23 | 8.22 5.38
Modified SEA 4.85 | 5.51 4.91
Modified SEA v2 6.84 | 9.53 7.00
Modified TSS 524 | 3.01 5.20
Monotony 5.22 18.20 5.37
New DMD 562 | 3.73 5.58
One Dimensional Full Search 6.21 | 0.69 6.14
PBIL 535 |4.24 5.36
Parallel Hierarchical One D Search 6.31 | 0.00 6.23
Plus Pattern Search 5.33 | 3.46 5.29
Prefiltered Sampled Points 2 5.64 | 6.64 5.74
Prefiltered Sampled Points 3 5.63 | 4.10 5.63
Prefiltered Sampled Points 4 549 |4.18 5.48
Prefiltered Sampled Points 5 5.37 | 4.34 5.37
Projection Search 5.87 | 8.87 6.01
Sampled Pts 2 4.92 | 5.85 5.00
Sampled Pts 3 5.13 | 7.64 5.26
Sampled Pts 4 5.06 |6.70 5.17
Sampled Pts 5 522 | 8.02 5.37
Subblock Full Search 5.10 | 3.09 5.06
TSS 524 | 3.12 5.20
Tile search 5.28 | 4.57 5.29
Variance 5.86 | 9.23 6.04

Table B.24: Comparison of Algorithms for the sequence ttennis
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C.1 Basic Classes | rotum s

//

template< class T>

C.1.1 Bag.h int

Bag(‘r)::current( const int pos, T &out) const

i {
::::::: ‘-:z‘::g-::g:g:-_ if( (pos < no_elements) && ( pos >= 0))
T o {
#include <iostream.h> out = datalpos] ;
index = pos ;
return 1;
X | urn 0
This is just a storage class really... 3 return U;
1/
«/ template< class T>
int
template< class T > Bag<T>::insert_item( const T& item)
’ {
;15“ Bee if( (next_item + 1) <= no_elements )
public: datalnext_item] = item ;

next_item++;

Bag() :data(NULL) ,no_elements(0),next_item(0),
return 1;

index(0){};

Bag( const int size):data(NULL),no_elements(size), }
next_item(0),index(0){ alloc_mem();};

Bag( const Bag<T> &b);

return 0;

}

“Bag(){ delete [] data;}; /" T
template< class T>

int

Bag<T>::delete_item{( const Tk item)
{

Bag<T>& operator=( const Bag<T> &b) ;

// accessor functions.
void reset_iterator() const { index = 0;}; for( int i = 0 ; 1 < mext_item ; i++)
const Tk current() const { return datalindex] ;};

int current( const int pos, T &out) const ; if( data[i] == item)

{
int insert_item( const Tk item) ; for( i’“.j =i+1; ] ( next_item ; j++)
int delete_item( const Tk item) ; dut.u[ j-1 '_d““[J] *
// shift everything one dovn.
int get_size() conmst { return no_elements;}; .
int get_number_of_stored_elements() const next_item--;
{ return next_item;};
return 1;
T get_olement( comst int i){ if( (i >= 0) && }
( i < next_item)) )
return data[i]; else {cerr << "QUt of bounds return 0;
BAG: :get_element!";exit(1);};}; 4
1/
protected: template< class T>
void
T wdata ; Bag<T>::alloc_mem()
short int no_elements , next_item ; {
delete data;
mutable short int index;
if( no_elements < 0)
void alloc_mem() ; {
cerr <<
private: “BAG:Number of elements to bag must be positive!"
friend ostreamk operator<<{ ostream %o, <« en‘dl i
const Bag<T> &b); exit(1);
X
1/
data = nevw T[no_elements] ;
template< class T> . )
Bag<T>::Bag( const Bag<T> &b) lf‘(( data == NULL)
{
no_elements = b.no_elements ; cerr << "BAG:Unable to allocate memory!" << endl ;
next_item = b.next_item ; exit(1);
index = 0 ; 3
alloc_men() ; for( int 4 = 0 ; i < no_elements ; i++4)
} - ! datali] = T();
1o e 3/
template< class T>
Bag<T> & template< class T>

Bag<T>: :operator=( const Bag<T> &b) ostreamt operator<<( ostream &o, const Bag<T> &b)
for( int i = 0 ; 4 < b.next_item ; i++ )

no_elements = b.no_elements ; .
o << b.datafi] << endl ;

next_item = b.next_item ;
index = 0 ;

return o;
alloc_mem() ;
for( int i = 0 ; i < next_item ; i++) 1
data[i] = b.datali] ; s
#endif
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C.1.2 PBIL.h

// stuff to implement a PBIL for motion vector searches

#ifndef __MY_PBIL__
#define __MY _PBIL__
#include <iostream.h>
#include <stdlidb.h>

const int PBIL_LENGTH = 18 ;

const int BALF_PBIL_LENGTH = 9;

const float L = 0.1; // old = 0.05
const float MUTATION_VALUE = 0.03;
const unsigned int LOCAL_MASK = 511 ;

class PBIL
{
public:

PBIL(){zero();} ;
“PBIL(){};

int extract_x() const
int extract_y() const

void Bet_x( const int x) ;
void set_y( const int y) ;

void set_resulte_x{ const int x);
void s.t_ru.ults-y( const int y);

void evaluation({ const int x ,
const int last_evaluation);

void update_x() ;
void update_y(} ;

void mutate() ;
void reseed( const unsigned int seed);

void reseed() ;

void next() ;
void zero() ;

int final_ output_x() const ;
int final_output_y() comst ;

private:

float result_x[ HALF_PBIL_LENGTH J;
float result_y[ RALF_PBIL_LENGTH J;

char bits_x[ HALF_PBIL_LENGTH J;
char bits_y[ HALF_PBIL_LENGTH ];

char best_bits_x[ HALF_PBIL_LENGTH J;
char best_bits_y[ HALF_PBIL_LENGTH J;

//char 1logl[512][512];
int get_random() ;

)

//

void
PBIL: :zero()
{
/efor{ int 4 = 0 ; i < 512 ; i++)
for( imt j = 0 ; j < 512 ; j++)
{
loglil[3] = 0;
Yo/

for( int j = 0 ; j < HALP_PBIL_LENGTH; j++)
{
result_x[j] = 0.
result_y[jl = 0.
}

5
5;

¥

1/
inline int
PBIL::get_random()
{

int rnd = rand() ;

return (rmnd>>5);

}

14
inline int
PBIL::extract_x({) const

int rea = 0 ;
int bit_val = 1;

for( int i = 0 ; i < HALF_PBIL_LENGTH; i++)
{
res += ( bits_x[i] == 1) ? bit_val : 0;
bit_val = bit_val<<l ;
}
return res ;

¥

11
inline int
PBIL::extract_y() const

{
int res = 0 ;
int bit_val = 1;
for{ int i = 0 ; i < HALF_PBIL_LENGTH; i++)
{
res += ( bits_y[i] == 1) ? bit_val : 0;
bit_val = bit_val<<l ;
}
return res ;
}
Jfommmmmmmm e eee

inline void
PBIL::set_x( const int val)

{
int mask = 1;
if( val < Q)
{
cerr << "Require a positive value'
<< endl ;
exit(1);
unsigned int num = (unsigned int)(val);
for{ int 1 = 0 ; i < HALF_PBIL_LENGTH; i++)
if( (mask & num) > 0)
{
bits x[i] = 1;
}
else bits x[i]l = 0;
mask = mask << 1;
}
}
/1

inline void
PBIL::set_y( const int val)

{
int mask = {;
if( val < 0)
{
cerr << "Require a positive value"
<< endl ;
exit(1);
Y
unsigned int num = (unsigned int)(val);
for( int i = 0 ; i < HALF_PBIL_LENGTH; i++)
{
if( (mask & num) > 0)
{
bits_x[i] = 1;
Y
else bits_x[i] = 0;
mask = mask << 1;
Y
Y/

inline void
PBIL::set_resulta_x{ const int x)
{

int mask = 1;

for( int i = 0 ; i < HALF_PBIL_LENGTH; i++)
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result_x[i) = ( (x & mask) > 0 )
? 0.75 : 0.25;

mask = mask<<l ;

A ----
inline void

PBIL::set_results_y( const int y)
{

int mask = 1;

for( int i = 0 ; i ¢ HALF_PBIL_LENGTH; i++)

{
result_y{i] = ( (y & mask) > 0)
? 0.75 : 0.25;

mask = mask<<l ;
}
}

1/

inline void

PBIL::evaluation{ const int x ,
const int last_evaluation}

{
if( x >= last_evaluation )}
return ;

for( int i = 0 ; i < HALF_PBIL_LENGTH; i++)
{
best_bits_x[i] = bits_x[i] ;
beet_bits_y[i] = bits_y[i] ;

inline void
PBIL: :update_x()
{
for( int i = 0 ; i < BALF_PBIL_LENGTH; i++)

result_x[i] += ( best_bits_x[i] == 1)
? (L*(1.0 - result_x[il))
: (L*(result_x[i] - 1.0)) ;
}
3}

1/
inline void
PBIL: :update_y()
{
for( int i = 0 ; i < HALF_PBIL_LENGTH; i++)
{
result_y[il += ( best_bits_y[i] == 1)
7 (L*(1.0 - result_y[i]))
(Le(result_yf(il] - 1.0)) ;
}
}

14

inline int
PBIL::final_ output_x() const

int res = 0 ;
int bit_val = 1;

for{ int i = 0 ; i < HALF_PBIL_LENGTH; i++)
{

res += ( result_x[i] >= 0.5) ? bit_val : 0;
bit_val = bit_val<<i ;
return res ;
}
1/
inline int
PBIL::final_output_y() const
{
int res = 0 ;
int bit_val = 1;
for( int i = O ; i < BEALF_PBIL_LENGTH; i++)
{
res += ( result_y[i] >= 0.5) ? bit_val : 0;

bit_val = bit_val<<l ;
}
return res ;

}

//
inline void
PBIL: :mutate()
{

int mask, scaled, rnd , sign;

for{ int i = 0 ; i < HALF_PBIL_LENGTH; i+4)
{
rnd = get_random() ;
mask = (1<<10) - 1;
scaled = (rnd & mask) & 256 ;
sign = (rnd & 512 ) ;

if( scaled > 0)
result_x[i] += ( sign == 0) ? -MUTATION_VALUE
: MUTATION_VALUE ;
}

for( int i = 0 ; 1 < HALF_PBIL_LENGTH; i++)

md = get_rundom() P

mask = (1<<10) - 1;

scaled = (rnd & mask) & 256 ;
sign = (rnd & 512 ) ;

if( scaled > 0)
result_y[il += ( sign == Q) ? -MUTATION_VALUE
: MUTATION_VALUE ;
}
}
//

inline void
PBIL: :reseed( const unsigned int seed)
{

srand( seed );

}

124
inline void
PBIL: :reseed()
{

int seed = 1 ;

srand( seed );

}

/7
inline void
PBIL: :next()
{
int x = 0,y = 0 ;
float test bit_x = 0.0, test_bit_y = 0.0 ;

//do{
for( int i = 0 ; i < HALF_PBIL_LENGTH; i++)
{
x = got_random() & LOCAL_MASK;
y = get_random() & LOCAL_MASK;

test_bit_x = x/( (float)(LOCAL_MASK)) ;
test_bit_y = y/( (float)(LOCAL_MASK)) ;

if( test_bit_x <= result_x[i] )
bits_x[i] = 1;
else bits_x[i]l = 0;

if( test_bit_y <= result_y[i) )
bits_y[i] = 1;
else bits_y[i] = 0;

//cout << “rmd_x: " << x
//<< " rnd_y: " <C y << endl;

// }vwhile( loglextract_x())[extract_y()] == 1);
// np point looking at the same location twice

//loglextract x())[extract y()] = 1;

#ondif

C.1.3 Point.h

// stuff to inplement a point data class

#ifndef __POINTS__
#define __POINTS__

#include <iostream.h>
#include <fstream.h>

clags point
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{

public: const int MAX_OUT = 30000 ;
point():1x(0),1y(0){}; /1
point(const short int xa, const short int ya): inline
1x(xa), ly(ya){} ; long int
point( const peint &p):1x(p.1x),ly(p.ly){}; MSE( const int i, const int j, const unsigned char ref,
“point (){}; const unsigned char smtn,
const int cols , const int rows)
const int x(} comst { return 1x ;}; {
const int y() const { return ly; }; int k,1 ,error, offset, pos_offset = i + jrcols;
long int s_error = 0 ;
pointd operator=( const point &p){ lx = p.1x ; . int arg ;
ly = p.ly; return s»this;};
unsigned long int operator()( const point &q) conmst; for( k = 0; k <= WIDTH ; k++)
// returns the distance between two points . ’
const point operator()( const point ta, for( 1 =0 ; 1 <= WIDTH ; 14+)
const point &b ) const; { .
const point operator()(comst short int a, if( ((i+k) < cols) && ( (j+1) < rows ) )
const short int b)
{lx = a;ly = b; return sthis;}; : offset = k + l*cols ;
// compares 2 pts relative vith self as reference and returns pt arg = offset + pos_offset ;
// closest.
error = s( ref + arxg ) --
ipt operator==(const point &pt) const «( mtn + arg ) ;
{return (( (1x == pt.1x ) && (ly == pt.ly) ) ? 1 : 0);}; B_OITOr += error«error ;
int operator!=(const point &pt) const
{ return {( sthis == pt );}; else
{
unsigned long int mod() comst { return (1x*lx + lysly) ;}; return MAX_OUT ;
const point operator-{( const point &a ) const ; // Block out of bounds => suppress mtn vector...
3}
protected: 3}
>

short int 1lx, ly;
/leout << “"x: " << i

private: [/¢c "y "<
friend ostreamk operator<<{ostream &o,const point 2p) //<< " Distertion : "
{ 0 €< p.1x << " \t" << p.ly ; return o;}; //<< s_error <«
// endl ;
}; return s_error ;
1/ }
inline
inline int MAE( const int i, comst int j, const int a ,
unsigned long int const int b, const unsigned char *ref,
point: :operator() {const point &q) const . const unsigned char *mtn, const int cols,
{ const int rows)
int a = 1x - q.1x ;
int b = 1y - q.1y ; int k,1 ,error, s_error = 0;
return asa + b*b ; long int offset, mtn_offset = i + jscols ;
} long int pos_offmet = a + bwcols ;
1/
inline for{ k = 0; k < 8 ; k++)
const point
point::operator() (const point &a, const point &b) const for{ 1 =0 ; 1 <8 ; 1+44)
{ {
return { a(*this) > b(*this)) 2 a : b ; if( ((i+k) < cols) 2& ( (j+1) < fovs ) &
} ((i+k) >= 0) &k ((j+1) >= 0) )
1/ {
inline offset = k + lscols ;
const point
point::operator-(const point & a) const error = *( ref + mtn_offset + offset )
{ - »(mtn + pos_offset + offset ) ;
point res(lx,ly) ;
res.lx -= a.lx ; error = ( error < 0) ? -error : error ;
res.ly -= a.ly ;
Treturn res ; 8_6ITOr += error ;
} }
/! - else
{
®endif //__POINTS__ return MAX_OUT ;
// Block out of bounds => suppress mtn vector
2}
3}
- - }
C.2 Basic Algorithms retarn o_error ;
3}

Basic a implemanting the different motion searches
//Basic algs imp 8 inline void min( long int sminimum, long int *tmp,
#include <iostream.h> int try_x,int try_y, int sx, int wy)

#include <stdlidb.h> . -
if( stmp < *minimum )

1/
*x = try.x ;
*y = try.y

const int M_SIZE = 8, N_SIZE = 8 , THRESHOLD.1 = 23, vminimum = stap ;
H

THRESHOLD_2 =345, 0K = 1, INTRA = -1, DONE_PIXEL = -1 ;

const int WIDTH = 7 , MIN_WIDTH = 15;
const int SEARCH_WIDTH = 400 ;
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for( int t = 0 ; t <= (WIDTH*subsample) ;

int
find_min( const int no, int *x_comp, int *y_comp, t ¢= subsample)
const unsigned char »ref, const unsigned char »mtn, {

for( int u = 0 ; u <= (WIDTH#subsample) ;

int *best_x, int sbest_y,const int rows,
u += subsample)

const int cols, const int r, const int c)

value = *(offset_mtn + t + uscols )

int i;
~ w(ref_offset + t + uscols) ;

int minimum = MAX_OUT, tmp;

//cout << "\nFindMIn" << endl ; value = ( value < 0) ? -value : value ;
for( i = 0; 1 < no; i++) next_min += value ;
3}
//cout << i << endl ; }

tmp = MAB( x_comp(i] + ¢, y.comp(i]l ¢+ r, ¢, r,

ref, mtn, cols, Tows) ; if( next_min < minimum)// find closest motion vector

//min( tminimum, &tmp, x_complil, y_comp(il, {
//best_x , best_y); minimum = next_min ;
x=7T;
i1f( tmp < minimum) y = 8
{
sbest_x = x_comp[i] ; else if( (next_min == minimum) &&
sbest_y = y_comp[i] ; (next_min != MAX_OUT) &k
minimum = tmp ; (minimum != MAX_OUT) )
3} {
else if( (tmp == minimum) &% (tmp !'= MAX_OUT)) current_length = (x ~ i)*(x - i) + (y - jIely - )
{ next_length = (r - i)a(r - i) + (s - jI*(s - j) ;
wbest_x = x_comp[i] ;
sbest_y = y_comp[i] ; if ( next_length < current_length)
3} { ’
3} x =71
return minimum; y = 8;
3} 3}
void find_min_2( imt no, int *x_comp, int #*y_comp, b
conat unsigned char »ref, }
const unsigned char *mtn, int *best_x, }
int best_y, const int *x_pos_comp , }
const int *y_pos_comp, int rows, int cols) //--=--
void
int 1, j; gan_diﬂarence,block( const int x, const int y,const int a,
long int minimum = MAX_OUT, tmp; const int b, const unsigned char sref ,
static int done[SEARCH_WIDTH] [SEARCH_WIDTH] ; const unsigned char smtn , int »di,
const int cols, const int rows)
if( ((x_comp[0] == O)ak(y_comp[0] ==0)) || {
/%= set up @ start of block+/ int offset_a = 0, mtn_offset = x + y*cols;
((x_comp{no-1] == 0)kk(y_compino-1] ==0))) int offset b = a + becols ;
for( i = 0; i < mo ;i++) if( 1)//(x < ( cols - 7)) &k ( y < (rovs ~ 7} ) )
for(j = 0; j < mo ; j++) done[il[j] = DONE_PIXEL ; {
3} for( int 4 = 0 ; i < 8 ; i++)
{
for( i = 0; i < no; it+) for( int j = 0 ; j < 8 ; j++)
{
if( done[ x_comp(il][ y._comp[i] ] != DONE_PIXEL) offset_a = j + iwcols ;
{
tmp = KAE( x_complil, y_comp(il, x_pos_compl[i], ! a(di + offset_a + offset_b) = =(mtn + offset.a + offset b) -
y_pos_comp[i], ref, mtn, cols, rows) ; *(ref + offset_a + offset_b + mtn_offset) ;
3}
donelx_comp[il]1[ y_comp[il ] = tmp ; }
3}
min( &minimum, &tmp, x_comp[il, if( ((x + a) <0) It ( (x + a) >= ( cols }) ||
y_comp[i], best_x , best_y) ; ((y +B) <0) I} ( (y+1b)> ( rows )) )
} {
} cout << "\n error gen diff block!" << endl;
3} cout << "pos_x: " << a << " pos_b: " << b
// C Mx: M x My My
<< " offset_b: " << offset_b
void << " motion offset: " << mtn_offset
find_min_MAE( const unsigned char sref , << " Distortion: "
const unsigned char smtn , << MAE( x + a, y + b, a, b,(unsigned char »)ref,
int i, int j, const int rovws, const int cols, (unsigned char *)mtn, cols, rows)
int &x , int &y , const int subsample = 1) << endl ;
{ /lexit(1) ;
int offset = i + jecols ; b
unsigned char sref_ offset = offset + (unsigned char *)eref , //cout << "end diffing" << endl ;
woffeet _mtn ; }
1/
int minimum = MAX_OUT ;
int next_min = 0 , value = 0; void
int current_length = O , next_length = 0; fsa( const unsigned char sref , const unsigned char *mtn ,
int *di , int *vecs, :
cout << "\nMAE!'\n" << flush ; const int rows , const int cols , comst int subsample)
. {
for( int r = 0 ; r < (cols - 8) ; T++) int x , ¥y ;

int counter = 0;
for( int 6 = 0 ; s < ( rows - 8) ; B++)
{ cout << "fsal\n" << flush ;

offset_mtn = (unsigned char *)(emtn) + r + s*cols ;
for( int i = 0 ; i < ¢ols ; i += 8)

276



{

for( int j = 0 ;j < rows ; j += 8) gen_difference_block( x,y, i, j ,ref, mtn,
di, cols, rows) ;
find_min_MAE( ref , mtn, i, j, rows, cols , /eif( (x te 0) Il (y t= 0))
X , y , subsample); cout << "x:" << x << " y:" < y << " min:". << sum_min
//cout << "fsa2\n" << flush ; €C M A" << i << " iV << j << endl %/
}
s(vecs + counter) = x - i; counter++ ; }
// Note the motion vectors.. }
*(vecs + counter) = y - j; counter++ ; 7 -
gen_difference_block( x - i ,y - j, i, j , void

ref, mtn, di, cols, rows) ; ’ TTS( const unsigned char *ref ,const unsigned char smtn ,

} int *di , int svece, const int rows , const int cols ,

} const int sub_sample_factor)

} {

1/ static int x_comp[9] ;

static int y_comp[9] ;
const int sub_fea_search_width = 8 ;

int i , best_x = 0, best_y = 0;
void int w = 4 ;

subblock_fsa(const unsigned char *ref,const unsigned char smtn,

int #di , int ®vecs, const int rows , int counter = 0;
const int cols , const int subsample)

{ //cerr << "rows: " << rows
int x , y , tmp.x , tmp_y; //<¢< "cols: " << cols << endl ;
int current_length = 0 , next_length = 0 ;
int counter = 0; for( int r = 0 ; r < rows ; r += 8)
long int sum_min , minimum; {

for{ int ¢ = 0 ; ¢ < cols ; c += 8)
cout << "sub fsal\n" << flush ; {
v=4;
for( int i = 0 ; i < cols ; i += 8) best_x = 0;
best_y = 0;
for{ int j = 0 ;j < rows ; j += 8)

{ x_comp[0] = 0; y_compl0] = w; // O,v
minimum = 0; x_comp[1] = w; y_comp[1] = w; // w,v
sum_min = MAX_QOUT ; x_comp[2] = w; y_comp[2] = 0; // w,0
tmp_x = 0; x_comp[3] = w; y_comp[3) = ~w; // w,-v
twmp_y = O; x.comp[4) = 0; y_compl4) = ~w; // 0,~w
x=0; x_comp{S] = -w;y_comp[5] = -~w; //-v,~wv
y=0; x_comp[6] = -v;y_compl6] = 0; //-v,0

x_comp[7] = -w;y_comp[7] = w; // -v,u
for( int r = -sub_fsa_search_width ; x_comp[8] = 0; y_comp[8] = 0; // 0,0
r <= sub_fsa_search_width ; .
r+4) //cout << "TTS " << counter << " r "
for( int ¢ = -sub_fsa_search_vidth ; //¢< r << "¢ " << ¢ << endl ;

¢ <= sub_fsa_search_width ;
c+¢) find_min( 9, x_comp, y_comp, ref, mtn,

{ tbest_x, kbest_y, rous, cols,
tmp_y = j +r; r, ¢ ;

tmp.x = i + ¢ ;
for( i = 0; i < 2; i++)
if( (tmp_x >= 0) && ( tmp_x < cole) &t¢

(tmp_y >= 0) && ( tmp_y < rows) ){ v o= w/2;
minimum = MAE( twp.x , tmp_y, i, j, ref, x.comp[0} = 0 + best_x ;
mtn, cols, rows); y-comp[0)} = v + best_y ;/% O,us/
x_comp[1] = w + best_x ;
/%cout << "r:" << r << " g™ y_comp[1] = v + best_y ;/* w,v ¢/
<< ¢ << " min:" x_comp[2] = w + best.x ;
<< minimum << " tmp_x:" y.comp[2] = O + best_y ;/+ v,0 »/
<< tmp_x << " tmp_y" x_comp[3] = v + best_x ;
<< tmp_y << endl ;*/ y-comp[3] = -w + best_y ;/* w,-uw =/
x_comp[4] = 0 + best_x :
if( minimum < sum_min) y_comp[4] = -u + best_y ;/e 0,-v */
x_comp[B] = -w + best_x ;
sum_min = minimum ; y.comp[6] = -w + best_y ;/»-u,-v =/
x = c; x.comp[6] = -v + best_x;
y=1r; . y-comp[6] = O + best_y ;/*-w,0 %/
x_comp(7] = -v + best.x ;
else if( (minimum == sum_min) y-comp[7] = w + best_y;/» -w,v »/
&k (sum_min < MAX_OUT)&k x_comp{8] = 0 + best_x ;
(minimum < MAX_OUT)) y.comp[8] = O + best_y; // 0,0
{
current_length = x®x + y*y ; find_min( 9, x_comp, y.comp, ref, mtm,
next_length = r*r + csc ; dbest_x, &best_ y,
rows, cols, r, ¢) ;
if( current_length < next_length ) }
{ *(vecs + counter ) = best_x ; counter++ ;
x = C; »(vecs + counter ) = best_y ; counter++ ;
y=rx;
} gen_difference_block( best_x , best_y ,c,r,ref,
} mtn, di, cols, rows) ;
} }
} }
}
s(vecs + counter) = X | counter++ ; 1/
// Note the motion vectors..
*#(vecs + counter) = y | counter++ ; //0ne dimensional full search...
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void
IDFS(const unsigned char *ref , const unsigned char smtn,
int *#di , int »vecs, const int rows ,

const int cols , const int sub_sample_factor)
{
int best_x = 0 ,best.y = O;
int x =0, y=0;
int counter = 0;
long int tmp = MAX_OUT , minimum = MAX_OUT;
for( int r = 0 ; r < rows ; r += 8)
{
for( int ¢ = 0; ¢ < cola ; ¢ += 8)
{

y = 0;// x_Tow

x = 0; //RESET
best_x = 0 ;
best_y = 0 ;
minimum = MAX_OUT ;

for{ int i = -7 ; i < 8 ; i++)

tmp = MAE( i + ¢, y + r,c, r, ref ,mtn,
cols ,rove };

if( tmp < minimum)

1{
X = i; minimum = tmp ;
}
}
for( int i = -7 ; i < 8 ; i++)
{

tmp = MAE( x + ¢, i +r, ¢, r, ref ,mtn,
cols ,rovs );

if( tmp < minimum)

1{
y = i; minimum = tmp ;
}
}
for( int i = -3 ; i < 4 ; i++)
1{

tmp = MAE( i + x + ¢, y+ 71, ¢, 1, ref,
mtn ,cols ,rows );

if( tmp < minimum)

{ .
best_x = i + x; minimum = tmp ;
}
}
for{ int i = ~3 ; i < 4 ; i++)
{

tmp = MAE( best_x + ¢, i + y + r,c, r, ref,
mtn ,cols ,rows );

if( tmp < minimum)
1{
best_y = i + y; minimum = tmp ;
}
}

*(vecs + counter ) = best_x ; counter++ ;
// vrite mtn vec
=(vecs + counter ) = best_y ; counter++ ;

gen_difference_block( best_x , best_y ,c,r,
ref, mtn, di, cols,
rovs) ;
}
}
}
1/

void
cross_search{const unsigned char »ref,const unsigned char smtn,
int *di , int #vecs, const int rowvs ,

const int cols , const int sub_smple_factor)
1{

int w=4 ,x=0,y=0;

int x_comp[5] , y_comp[5] , best_x = 0 , best_y = 0 ;

int greek_croas_x[5) , greek_cross_y[5) , st_a_x[5] ,
st_a_y[5] ;

long int tmp = MAX_OUT, minimum = MAX_OUT;

int flag = O;

int *x_pointer = NULL, *y_pointer = NULL;
int counter = 0;

greek_cross_x[0] = 0; greek_cross_y[0] = 0;

greek_cross. x[1] = -1; greek_cress_y[1) = -1;
greek_cross_x[2] = -1; greek_cross_y[2] = 1;
greek_cross_x{3] = 1; greek_cross_y[3] = -1;
greek_cross_x[4] = 1; greek_cross_y[4] = 1;

st_a_x[0] = 0; st_a_y[0] = 0;

st_a_x[1] = -1; st_a_.y[1] = 0 ;
st_a_x[2] = 0; st_a_y[2] = -1;
st_a_x[3] = 1; st_a_y[3) =0 ;
st_a_x[4] = 0; st_a_y[4) =1 ;

for( int r = 0 ; r < Tows ; r += 8 )
for( int ¢ = 0 ; ¢ < cols ; c += 8)
{
best_x = 0 ;
best_ y = 0 ;
minimum = MAX_OUT ;
w =4 ; // Reset action ...

for( int count = 0 ; count < 2 ; count++)
{
x_comp{0) = 0 + best_x ; y_comp[0] = O + best_y; //0,0
x_comp{1] = -v + best_x; y_comp{l] = -w + best_y; //-v,-v
x_comp{2) = -w + best_x; y_comp[2] = v + best_y; //-v,v
x_comp{3) = w + best_x; y_compl3] = -v + best_y; //v,-v
x_comp{4] = w + beat_x; y_comp[4] = v + best_y; //w,v

for( int i = 0 ; i < 5 ; i++)
{
tmp = MAE( x_comp[i] + c, y_comp[il + r, ¢,
r, ref ,mtn ,cols
TOVE ),
if( tmp < minimum )
{
best_x = x_comp{i] ; best_y = y_comp[i] ;
minimum = tmp ;

flag = ( (i==0) || (i==1) || (i==4) )
?1 : 0; //End case

}

v = w/2;

x=0;
y = 0 ; // Reset action...

if(flag == 1)
{

X_pointer = st_a_x ; y_pointer = st_a_y ;
}
else
1{
x_pointer = greek_cross.x ;
y-pointer = greek_cross.y ;

}

for( imt i = 0 ; i ¢ 5 ; i++)
1{
tmp = MAE( best_x + x_pointer[i]l + c, best_y +
y.pointer[i] + r, c, r, ref ,
mtn ,cols ,rows );
if( tmp < minimum )
{
x = x_pointer[i] ; y = y_pointer[i] ;
minimum = tmp ;

}

best_x += x ;
best_y += y ;

s(vecs + counter ) = best_x ; counter++ ; // urite mtn vec
»(vecs + counter ) = best_y ; counter++ ;

gon_difforanco_block( bext_x , best y , c,Tr,ref,
mtn, di, cols,rovs) ;
}
}
11--- -

void
modified_TTS(const unsigned char *ref,const unsigned char smtn ,
int *di , int *vecs, const int rowvs ,
const int cols , ctonst int sub_sample_factor )
1{
int x_comp[16] , y.comp[16] , best_x = 0, best_y = 0;
int v = 4 ;
int counter = 0 ;
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//cerr << "“rows: " << rows << "cols: " << cols << epdl ;

for(int r = 0 ; r < rovs ; r += 8)
{

for( int ¢ = 0 ; ¢ < cols ; ¢ += 8)

v =4 ;
best_x = 0 ;
best_y = 0;

x_comp[0] = 0; y_comp[0] = w; // O,v
x_comp[1] = w; y_comp[1]) = w; // w,v
x_comp(2] = v; y_comp(2] = 0; // w,0
x_comp[3] = v; y_comp(3] = -w; // w,~w
x_comp[4] = 0; y_comp(4] = -w; // 0,-w
x_comp{5) = ~w;y_comp{6) = -w; //-w,~w
x_comp[6) = ~w;y_comp[6) = 0; //-v,0
x_comp[7] ~w;y_comp[7]) = w; // -w,v
x_comp[8) = 0; y_comp{8) =0; // 0,0

[

x_comp[9) = 0 ; y_comp[9] =1 ;
x.comp(10] = 1; y_comp[10] = 1 ;
x_comp[11] = 1; y_comp[11] = 0 ;
x_comp[12) = 1; y_comp[12] = -1 ;
x_comp[13] = 0; y_comp[13] = -1 ;
x_comp{14] = -1; y_comp[i4] = -1 ;
x_comp[15] = -1; y_comp[15] = 0 ;
x_comp(16] = -1; y_comp[16] = 1 ;

//cout << "TTS\n" << endl ;

find_min( 17, x_comp, y.comp, ref, mtn, &best_x,
&beat_y, rows, cols , r, ¢) ;

//1s the best soln close to the cenmtre...
if( (best_x==1) || ( best_x==-1) || (best_x==0) )}
{

x_.comp{0] = 0 + best_x; y_comp[0] = 1 + best_y;
x_comp{1] = 1 + best_x; y_comp[1] = 1 + best_y;
x_comp[2) = 1 + best_x; y_comp[2] = 0 + best_y;
x_comp[3] = 1 + best_x; y_comp[3] = -1 + best_y;
x.comp[4) = 0 + best_x; y_comp[4) = -1 + best_y;

x_comp[5) = -1 + best_x; y_comp[5] = -1 + best_y;
x_comp[6] = -1 + best_x; y_comp[6] = 0 + best_y;
x_comp[7] = -1 + best_x; y_comp[7] = 1 + best_y;
x.comp[8] = best_x ; y_comp[8] = best_y ;

find_min( 9, x_comp, y_comp, ref, mta,
&best_x, &best_ y, rows, cols , r, c) ;
}
else
{ // pnormal TTS

for( int i = 0; i < 2; i++)

{

v =w/2;

x_comp[0] = 0 + best_x ;
y_comp[0] = w + best_y ;/» 0,u/
x_comp(1] = w + best_x ;
y.comp[1] = w + best_y ;/* w,u */
x_comp(2]) = w + best_x ;
y_comp([2]) = 0 + best_y ;/* v,0 »/
x_comp[3] = w + best_x ;

y.comp[3) = -~w + best_y ;/* w,-v %/
x_comp(4] = O + best_x ;

y.comp[4] = «w + best_y ;/« 0,-w %/
x_comp[5] = -v + best_x ;

y_comp[5] = ~w + best.y ;/e-w,-v */
x_comp[6] = -~w + best_x;

y.comp{6] = 0 + best_y ;/%-vw,0 */
z_comp{7] = -v + best_x ;

y.comp(7] = w + best_y;/* -w,u »/
x_comp{8] = 0 + best_x ;

y.comp{8] = 0 + best_y; // 0,0

find_min( 9, x_comp, y.comp, ref, mtn,
&best_x, &best_y, rows, cols,
r, c) ;

}
*(vecs + counter ) = best_x ; counter++ ;
»(vecs + counter ) = best_y ; counter++

gen_difference_block( best_x , best_y ,c,r,ref,
mtn, di, cols, rows) ;

}

void

tvoD_log_search(const unsigned char *ref,const unsigned char »mtn,
int *di , int wvecs, const int rovs ,
const int cols , const int sub_sample_factor)

int x_comp{9) , y.comp[9] , best_x = 0, best_y = 0, end = 0;
int top = 0, minipum = MAX_OUT;

int counter = 0;
for( int r = 0 ; T < rous ; r += B)
for( int ¢ = 0 ; ¢ < cols ; c += 8)

best x = 0 ;
best_y = 0;

end = 0 ;

minimum = MAX_QUT ;

vhile( end == 0)
{
//nev_min = MAX_QUT ;
// Force re-examination of minimum value...

x_comp[0] = 0 + best_x; y_comp[0] = 2 + best_y; // 0,2
x_compf1] = 2 + best_x; y_comp[1] = O + best_y ; // 2,0
x_comp[2) = 0 + best_x; y_comp[2] = -2 + best_y; // 0,-2
x_comp[3] = -2 + best_x;y_comp[3] = 0 + best_y ; //-2,0
x_comp{4] = 0 + best_x; y_.comp{4] = O + best_y; // 0,0

for( int 1 = 0 ; i < 5 ; i++)

{
if( {x_comp[i]l > WIDTH) || ( x_comp{il < -WIDTH) ||
(y_comp[i]l > WIDTH) || ( y_comp[i]} < -WIDTH) )
{
end = 1;
break ;// End case..boundary
else

{
tmp = MAE( x_comp[i] + c, y_comp[i] + r, ¢,
r, ref ,mtn,cols ,rows );

i2( (i == 4 ) &¢ ( tmp <= minimum) )
end = 1 ; -
best_x = x_comp[i) ; best_y = y_comp[i] ;
minimum = tmp ;
break;
} // End case..centre point ...... .danger

if( tmp < minimum )

best_x = x_comp[i) ; best_y = y_compl[i] ;
minimum = tmp ;

}
}
}
}
x.comp[0] = O + best_x; y_compl0] = 1 + best_y; // 0,1
x_comp[1] = 1 + best_x; y_comp[1] = 1 + best_y; // 1,1
x_comp[2] = 1 + best_x; y_comp[2] = O + best_y; // 1,0
x_comp[3] = 1 + best_x; y_comp[3] = -1 + best_y; // 1,-1
x_comp(4] = 0 + best_x; y_comp(4] =« -1 + best_y; // 0. -1
x_comp[5] = -1 + best_x; y.comp[6] = -1 + best_y;// -1,-1
x_comp[6] = -1 + best_x; y_comp[6] = 0 + besat_y; // ~1,0
x_comp[7] = -1 + best_x; y_comp[7] = 1 + best_y; // -1,1
x_comp[8] = best.x ; y_comp[8] = best_y ; //0,0

find_min( 9, x_.comp, y_comp, ref, mtn, &beat_x, &best_ y,
rows, cols , r, c) ; // Look at pels round pt...

//cout << “MTNVEC" << best_x
//<< " " << best_y << endl ;

*(vecs + counter )} = best_x ; counter++ ;
s(vecs + counter ) = best_y ; counter++ ;

gen_di!ference_block( best_x , best_y ,c¢,r,ref, mtn,
di, cols,rows) ;
}
}
}
1/

void
SEA(conet unsigned char sref , const unsigned char »mtn ,
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int =di , int *vecs, const int rows , {

const int cols , const int sub_umple_fnctor) offset = ¢ + r¥*cols ;
int best_x = 0, best_y = 0; // Cale R
int offset , offset_p; R =0 ; // Reset R.
int R = 0;
int old_MAE = MAX_QUT , new MAE = MAX_OUT ; for( int m = 0 ; m < B ; mt+)
for( int n = 0 ; n < 8 ; n++)
long int dist_old , dist_new ;//<><><>< R += #(mtn + offset + m + nscols );
unsigned int counter = 0; //---Find mtn vectors----
const int new_cols = cols - 8 , new_rows = rows - 8 | 0ld_MAE = MAE( ¢ , r , ¢ , r , ref, mtn, cols, rous);
//sum_norm[0] ; // Initial estimate
//static int data[300000] ; //01d_MAE = ( 0ld_MAE > 0) 7 old_MAE : -old_MAE ;
static int sum_norm{300000] ;
best_x = 0;
/* best_y = 0;
//First col... dist_old = rows=cols;//<><><><
for( int 1 = 0 ; 1 < rows ; l++4) .
{ /*if( sum_norm[offset] != R)
offset = l®cols ; {
sum = 0; . cout << sum_norm{offmet] << "\t" <<
R €< "\t" << ¢ << "\g"
for{ int k = 0 ; k < B ; kt+) << r << endl ;
sum += *( ref + k + offset);
yu/

dataloffset] = sum;
//cout << r << "\t" << ¢ << endl;
//rest of the cols...rov-vise...

for( int j = 0 ; j < rous ; j++) for( int u = 0 ; u <= new_rows; u++ ) // Orig -7 to 8
{ for{( int v = 0 ; v <= new_cols ; v++) // Orig -7 to 8
for( int i = 1 ; i <= new_cols ; it+) {
{ offset_p = v + u*cols ; // Offset fot the data

offset = i + j*cols;
if( ((R - old_MAE) <= sum_norm(offset_p] ) &&

dataloffsetl = dataloffeet - 1] - ((R + 0ld_MAE) >= sum_norm[offset_p] ) )
#(ref + offset - 1) {
+ *( ref + offget + 7) ; /+new_MAE = R - sum_norm{ offset_p ] ;
} new_MAE = ( new MAE > O ) 7 new_MAE : -new_MAE ;»/
}
//tirst row ..... col wise..... new _MAE = MAE( v , u , ¢, r, ref, mtn,
for{ 1 = 0 ; 1 <= new_cols ; 1l++) cols, rows);
{
sum = O; if( new_MAE < o0ld_MAE )
{
for( int k = 0 ; k < 8 ; kt+) best_x = v - c;
sum += datal krcols + 1]; best_y = u - r;
sum_norm[l] = sum; 0ld_MAE = new_MAE;
b
dist_old = best_x*best_x + best_y*best_ y;
// Rest of the rows...... col wise 11>k 0<
const int seven_cols_up = 7*cols ; 3}
else if( new_MAE == old_MAE) // Ensure min dist...
for{ int 4 = 0 ; i <= new_cols ; i++) /#((R - 01d_MAE) == sum_norm{offset_p] ) &t
{ ((R + 0ld_MAE) == sum_norm[offset_p] )} )*/
for( int j = 1 ; j <= new_rows ; j++) {
{ dist_new = (v ~ c}*{v - c ) + (u - r)*(u - 1) ;

offset = i + jecols ;
if( dist_nev < dist_old)

sum_norm{offset] = sum_norm[offaet - cols] {
- dataloffaset - cols] + dataloffset + seven_cols_up ] ; best_x = v ~ ¢;
} best_y = u - r;
}
/1--- dist_old = dist_new;
~/ b
}
for( int j = 0 ; j <= new_rows ; j++) }
for( int i = 0 ; i <= new_cols ; i++) //} -
{ }
sum_norm[ i + jecols] = 0 ; »{vecs + counter ) = best_x ; counter++ ;

*(vecs + counter ) = best_y ; counter++ ;
for( int k = 0 ; k < B ; k++)
for( int 1 =0 ; 1 < 8 ; 1++) gen_difference_block( best_x , best_y ,c,r,ref, mtn,
di, cols,rows) ;
sum_norm{i + j*cols] += w#(ref + i + jscols + 1 +

k*cols); }
}
if( ((5 + %) > B11) Il (GG +1) <0) I} 1/
((j +k) <0) I (Ci+1)>8611))"
void
cout << "ERROR YYYYYYYYYYYYYYYYYYY" << endl ; conjugate_search(const unsigned char *ref,const unsigned char *mtn,
int =di , int evecs, const int rows ,
} const int cols, const int sub_sample_factor)
} {

int best_x = 0 , best .y = 0 ;
int end_x = 0, end_y = 0, offset_x = 0, offset_y = O;
for( int r = 0 ; r < rows ; r += 8)
for( int ¢ = 0 ; ¢ < cols ; ¢ += 8) long int x , ¥ , z ;
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int counter = 0; else

{
for(int r = 0 ; r < rows ; T += 8 ) end_y = 1;
for{ int ¢ = 0 ; c < cols ; ¢ += 8)

{ offgset.y = 0 ;
best x = 0 ; offgset x = 0 ;
best .y = 0 ; 3
offset_x = 1;
offset_y = 0; // Check boundary cdns....

end_x = 0;

end_y = 0; if( (best_y < -7) || ( best_y > 7))
{

1 =MAE(c -1, 1, ¢, r, ref ,mtn , cols ,rows ) ; ’ best_y = (best_y < -7) 7 -7 : T ;

y = MAE( ¢ , r, ¢, r, ref ,mtn , cols ,rows )} ; end_y = 1;

2 =MAE( c +1, r, ¢, r, ref ,mtn , cols ,rous ) ; offset .y = 0;
}

wbile( end_x == 0 ) // x-component... //cout << best_x << " " << best_y

V722 AR TH0 SR T SRR 2
it(x<y) // << endl ;
{ }

z=y; *(vecs + counter ) = best_x ; counter++ ;

yex; *(vecs + counter ) = best_y ; counter++ ;

best_x-- ; goen_difference_block( best_x , best.y ,c,r,ref, mtn,

di, cols,rows) ;
x = MAE( best_x - 1 + ¢, r, ¢, r, ref ,mtn,

cols ,rovs } ; 3
}
else if( z < y) 174
void
x =y, modified_conjugate_search(const unsigned char sref ,
y = z; const unsigned char *mtn ,
int *di , int *vecs, const int rows ,
best _x++ ; const int cols,const int sub_sample_factor)
{
2z = MAE( best_x + 1 + ¢, r, ¢, r, ref ,mtn, int minimum = MAX_OUT , tmp , best_ x = 0 , best_y = 0 ;
cols ,rows ) ; int counter = 0;
} int length = 0 , new_length = 0 ;
slse
{ for( int r = 0 ; r < rows ; r += 8 )
end x = 1; for( int ¢ = 0 ; ¢ < cols ; c += 8) -
{
offset_ y = 1 ; best_x = 0 ;
offset _x = 0 ; best_y = 0 ;
} minimum = MAX_QUT ;
if{ (best_x < -7) I{ ( best_x > 7) ) for( int i = =7 ; i < 8 ; i++)
// Check boundary cdnms.... {
{ tmp = MAE( i + ¢, r, ¢, r, ref ,mtn ,cols ,rTovws ) ;
best_x = (best_x < -7) ? -7 : 7 ; if( top < minimum )
{
end x = 1; best_ x = 1 ;
offset_x = 0; minimum = tmp;
offset.y = 1 ;
3 else if( (tmp o= minimum) && ( tmp < MAX_OUT))
{
//cout << best_x << " " << best_y length = best_x*best_x ;
FZAZSRLAR 24N SR SRR 2 31 new_length = jsi ;
// << emndl ;
} if( new_length < length )
{
offset_x = 0 ; best_x = i ;
offset_y = 1 ; }
}
x = MAE(best_x + c, r -~ 1,¢c, r, ref ,mtn, cole,rovs) ; /*cout << "1x:" << best_x << " y:"
y = MAE(best_x + ¢, T ,c, r, ref ,mtn, cols,rows) ; //<< best_y << " min:" << min
z = MAE(best_x + c, r + 1,c, r, ref ,mtn, cols,rows) ; €C " ci" <€ g <¢ " r:" << 1 << endl ;;;%/
}

vhile( end_y == 0 ) // y-component...
minimum = MAX_OUT ; // Reset ...

if(x<y) for( int j = =7 ; j < 8 ; j++)
{
2=y ; . tmp = MAE( c + best_x , T + j» ¢, r, ret ,mtn ,cols
y=x; ,TOWE ) ;
if( tmp < minimum )
best_y -= 1 ; {
best_y = j ;
x = MAE( best_x + c, best_y - 1 +r, c, r, minimum = tmp;
ref ,mtn ,cols ,rows }; }
} else if{ (tmp == minimum) && ( tmp < MAX_OUT))
else if( z < y) {
{ length = best_ysbest_y ;
x=y; neu_length = j*j ; // yes this is right!
y =z
if( new_length < length )
best_y += 1; {
best_y = j ;
z = MAE( best_x + c, best_y +1 + r, ¢, T, }
ref ,mtn ,cols ,rows }; }

/ecout << "2x:" << best_x << " y:"
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//<< best_y << “ min:" << min

<C " og:" << ¢ €< M r:" << 1 << endl ;;;e/ ' for{ int b = 0 ; b < 8 ; b++)
} {
s(vecs + counter ) = best_x ; counter++ ; ' tmp = ( ref + mtn_offset + H + becols) -
s(vecs + counter ) = best_y ; counter++ ; «(mtn + offset + H + b¥cols) ;
|
gon_difforenca_block( best_x , best_y ,c,r,ref, mtn, l result += ( tmp < 0) ? -tmp : tmp ;
di, cols,rows) ; ' 4
/#1£( (best_x '= 0) || ( best_y != 0)) . return result ;
cout << "writtem x:" << best_x << " y:" }
//<¢< best_y << " min:" << min
<< " g <€ g << " r:t << 1 << endl ;;;v/ ) void
} : PPS(const unsigned char eref , const unsigned char *mtn ,
} ' int *di , int svecs, const int rows ,
const int cols , const int sub_sample_factor)
[fmmmmm e oo {
int best_x , best_ y;
void long int old_MAE , new_MAE;
PHODS (const unsigned char *ref , const unsigned char *mtn ,
int *di , int svecs, const int rows , int counter = 0 ;
const int cole , const int sub_sample_factor)
{ for( int r = 0 ; r < rows ; r += 8 )
int best_x = 0 , best_y = 0; for( int ¢ = 0 ; ¢ < cols ; c += B)
int S = 4 ; // See article {
const int log.2.p = 2 ; // See article best_x = 0 ;
unsigned int x1, x2, x3 , y1, ¥y2, y3 ; best_y = 0 ;

int counter = 0; old _MAE = MAX_OUT;
for( int r = 0 ; r < yrows ; r += 8 ) /lcout << ¢ << " " << r << endl ;
for{ int ¢ = 0 ; c < cols ; c += 8)
for( int i = -sub_fsa_search_width + c;
i < ( sub_fsa_search_width + c);

best_x = 0 ;
best_y = 0 ; i+4)
for( int j = -sub_fsa_search_vidth + r ;
for( dnt i = 0 ; i < (1 4 log 2_p) ; i++) j < ( sub_fsa_search_vidth + r);
{ i)
1/-- {
z1 = MAE(c + best_x - S,r,c,r,ref,mtn,cols,rows); new_MAE = plus_MAE(i,j,c,r,ref,mtn,cols,rovs);
x2 = MAE(c + best_x ,r,c,r,ref ,mtn,cols,rovs);
x3 = MAE(c + best.x + S,r,c,r,ref,mtn,cols,rovs}; if( nev_MAE < old_MAE)
{
best_x = ((x1<x2) &k (x1<x3)) ?(best_x - §):best_x; best_x = i - ¢;
best_x = ((x3<x2) && (x3<x1)) 7(best_x + S):best_x; best_y = j - x;
/1--
old_MAE = new_MAE;
y1 = MAE(c,r + best_y - S,c,r,ref,mtn,cols,rovs); Yelse if( old_MAE == new_MAE)
y2 = MAE(c,r + best_y ,c,r,ref,mtn,cols,rovs);
y3 = MAE(c,r + best_y + S,c,r,ref,mtn,cols,rous); best_x = i - ¢;

best.y = j - r;
best_y = ((y1<y2) && (yl<y3)) 7?(best_y - S):best_y;

best_y = ((y3<y2) && (y3<yl)) ?(best_y + S):best_ y; }
7AS «(vecs + counter ) = best_x ; counter++ ;
=(vecs + counter ) = best.y ; counter++ ;
S = 8/2 ; gen_difference_block( best_x , best_y ,c,r,ref, mtn,
3 di, cols,rows) ;
}
«(vecs + counter ) = best_x ; counter++ ; }
s(vecs + counter )} = best_y ; counter++ ; /7
gon_differenca_block( best_x , best_y ,c,r,ref, mtn,
di, cols,rows) ; int cross_MAE(const int x, const int y,const int ¢,const int r,
const unsigned char »ref ,const unsigned char smtn,
} const int cols, const int rows)
// {

const int H = 7 ; // see paper
int plus_MAE( const int x, const int y, comst int c, comst int r,

const unsigned char »ref , const unsigned char *mtn, int result = 0 , tmp , mtn_offset , offset ;
const int cols, const int rows)
{ if( (x <0) 1} (x> (cols - 8)) I
const int H =3 ; // n -~ 1 see paper (y <0) It ( y > (rows - 8)))

return MAX_OUT;
int result = 0 , tmp , mtn_offset , offset ;
int h_offset; mtn_offset = x + y#cols ;
offset = ¢ + recols ;
if( (x < 0) Il ( x> (cols - 8)) I
(y <0) Il (y> (rows - 8))) for( int a = 0 ; a < H ; a++)

return MAX_QUT; {
tmp = »( ref + mtn_offset + a + a*cols) -

h_offset = Hecols ; s(mtn + offset + a + axcols) ;

H
mtn_offset = x + yscols ;

offset = c + recols ; result += ( tmp < 0) ? -tmp : tmp ;

for( int a = 0 ; a < 8 ; a++) tmp = *( ref + mtn_offset + H - a + ‘a*cols) -
{ s«(mtn + offset + H - a + a*cols) ;
tmp = *( ref + mtn_offset + h_offset + a) -

*(mtn + offset + h_offset + a) ; result += ( tmp < 0) 7 -tmp : tmp ;

¥

result += ( tmp < 0) ? ~tmp : tmp ; return result ;
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x_comp(3] = -1 + best_x ; y_comp[3]) = 0 + best_y ;
void x_comp(4] = O + best_x ; y_comp[4] = 0 + best_y ;
CPS(const unsigned char *ref , const unsigned char *mtn , x_comp[6) = 1 + best_x ; y_comp[5] = 0 + best_y ;
int »di , int *vecs, const int Tows ,
const int cols , const int sub_sample_factor) x_comp[6] = -1 + best_x ; y_comp[6] = 1 + best_y ;
{ x_comp[7] = 0 + best_x ; y_comp[7] = 1 + best_y ;
int best_x , best_y; x_comp[8) = 1 + best_x ; y_comp[8] = 1 + best_y ;
long int old_MAE , new_MAE;
int counter = 0 ; find min(9, x_comp,y_comp,ref,mtn,tbest_x, &best_y,
rous, cols , r, c) ;
for( int r = 0 ; r < rows ; r += 8 )
for{ int ¢ = G ; c < cols ; c += 8) »(vecs + counter ) = best_x ; counter++ ;
{ . *(vecs + counter ) = best_y ; counter++ ;
best_x = 0 ; gen_difference_block( best_x , best_y ,c,r,ref, mtn,
best_y = 0 ; di, cols,rows) ;
old_MAE = MAX_OUT; . }
}
//cout << ¢ << " M << x << endl ; // -
void
for( int i = -sub_fsa_search_vidth + ¢; new_DMD(const unsigned char »ref , const unsigned char *mtn ,
i < (sub_fsa_search_width + c); int *di , int %vecs, const int rows ,
i+4) const int cols , const int sub_sample_factor)
for( int j = -sub_fsa_search_width + r; {
j < (sub_fsa_search_width + r); int best_x , best_y, v;
j++) long int old_MAE , new_MAE;
{ . int counter = 0 ;
nev_MAE = cross MAE( i,j,c,r,ref,mtn,cols,rows ); int x_comp[9] , y_comp(9] ;
if( nmew_MAE < old_MAE)
{ const threshold = 32 ;
best_x =i - ¢;
best_y = j - r; for( int * = 0 ; r < rows ; T += 8 )
for( int ¢ = 0 ; ¢ < cols ; ¢ += B)
old_MAE = new_MAE;
Yolse if( old_MAE == new_MAE) - best_x = 0 ;
{ best.y = 0 ;
best_x = i - ¢; old_MAE = MAX_OUT;
best_y = j - r; v = 4;
}
} do{
new MAE = MAE( ¢ + best_x ,r + best_y, ¢, r,
w(vecs + counter ) = best_x ; counter++ ; ref ,mtn ,cols ,rows) ;
w(vecs + counter ) = best_y ; counter++ ; 0ld_MAE = nev_MAE ;
gon_dithronca,block( best_x , best_y ,c,r,ref, mtn,
di, cols,rows) ; if ( new_MAE < threshold) break;
}
} x_comp[0] = -v + best_x ; y_comp[0] = best_y ;
1/ x.comp(1] = best_x ; y_comp[i] = w + best y ;
x_comp[2] = w + best.x ; y_comp[2] = best_y
void x_comp([3] = best_x ; y_comp[3] = -v + best_y ;
Four_SS(const unsigned char *ref , conat unsigned char *mtn ,
int *»di , int ®svecs, const int rows , nev_MAE = find_min( 4, x_comp, y.comp, ref, mtnm,
const int cols , const int sub_sample_factor) &best _x, kbest.y,
{ rows, cols , r, ¢) ;
int best_x , best y;
int x_comp[9] ; if( new_MAE < threshold) break;
int y_comp[9] ;
int v ; if( new_MAE <= old_MAE ){
int counter = Q ;
/1---
for( int r = 0 ; r < rows ; r += 8 ) x_comp[0] = -v + best_x ; y_comp[0] = best_y ;
for( int ¢ = 0 ; ¢ < cols ; ¢ += 8) x_comp[1] = best_x ; y_comp[1] = v + best_y ;
x.comp[2] = w + best_x ; y_compl2] = best_y ;
best_x = 0 ; x_comp[3] = best_x ; y_compl3] = -uw + best_y ;
best y = Q¢ ;
we=1; nev MAE = find_min( 4, x_comp, y_comp, ref, mtn,
&best_x, &best_ y,
do{ Tows, cols , 1, ¢) ;
x_comp[0] = -2 + beat_x ; y_comp(0] = -2 + best_y ;
x_comp[i] = 0 + best_x ; y_comp[1] = -2 + best_.y ; if( new_MAE < threshold) break;
x_comp[2] = 2 + best_x ; y_comp[2] = -2 + best_y ; }
x_comp[3] = -2 + best_x ; y.comp[3] = 0 + best_y ; : v = w/2;

Jwhile( w > 0);

+

x_comp(4] = 0
x_comp[5) = 2

0
best_x ; y.comp{4] = O + best.y
best_x ; y_comp[5] = O + best_y

+

*(vecs + counter ) = best_x ; counter++ ;
#*(vecs + counter ) = best_ y ; counter++ ;

+

best_x ; y.comp{6] = best_y ;

x_comp[6] = -2 24+
best_x ; y_comp{7] = 2 + best y ;
2+

x_comp[7]) = 0

+

x_comp(8] = 2 + beat_x ; y_comp(8] = best_y ; gen_difference_block( best_x , best_y ,c,r,ref, mtnm,
di, cols,rows) ;

find_min( 9,x_comp, y_comp, ref, mtn,kbest_x,kbest_ y, }

rows, cols , r, ¢) ; }

' 1/
wd; void
Jwhile(v < 4); CDS(const unsigned char sref , const unsigned char »mtm ,
int »di , int w»vecs, const int rows ,

x_comp{0] = -1 + best_x ; y_comp[0] = -1 + best_y ; const int cols , const int sub_sample_factor)
x_comp[1] = 0 + best_x ; y.compli] = -1 + best_y ; {
x_comp[2] = 1 + best_x ; y._comp[2) = -1 + best_y ; int best_x = 0 , best_y = 0 ;

int end_x = 0, end_y = 0, end_slant,offset _x = 0, offset.y
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long int x , y , z ; best_y += 1;
int counter = 0;
2z = MAE( best_x + ¢, best .y + 1 + 1, ¢, T,

for{ int r = 0 ; r < rous ; r += 8 ) ref ,mtn ,cols ,rovs );
for( int ¢ = 0 ; ¢ < cols ; ¢ += B) }
else
best_x = 0 ; {
best .y = 0 ; end_y = 1;
offset x = 1;
offset_y = 0; : offset_y = 0 ;
end_x = 0; offset_x = 0 ;
end_y = 0;

end_slant = 0;
// Check boundary cdns....
x=MAE( c -1, r, ¢, r, ref ,mtn , cols ,rous )
y = MAE( ¢ , r, ¢, r, ref ,mtn , cols ,rous ) ; if( (best_y < -7) |l ( best_y > 7))
z=MAE(c+1, 1, ¢, ¥, ref ,mtn , cols ,rous ) ;
best_y = (best.y < -7) 7 -7 : 7 ;

while( end_x == 0 ) // x-component... end y = 1;
{ offset_ .y = 0;
if( x <y) }
{ //cout << best_x << " " << best_y
z=y; J7¢¢ " Y < r "M e
y = x; /] << endl ;
}
best _x-- ;

if( (best_x !'= 0) &tk (best_y '= 0)){
x = MAE( best_x - 1 + ¢, r, ¢, r, ref,

mtn , cols ,rovs ) ; x = MAE(best_x + ¢ - 1, r - 1 + best_y,
c, r,ref ,mtn ,cols ,rows);
else if( z < y) y = MAE(best_x + c , T + best_y,
{ ¢, r,ref ,mtn ,cols ,rows);
x =y; z = MAE(best_x + ¢ + 1, r + 1 + best_y,
y = z; c, r,ref ,mtn ,cols ,rovs);
best_x++ ; vhile( end_slant == 0 ) // slant-component...
z = MAE( best_ x + 1 + ¢, r, ¢, r, ref, if( x <y )
mtn , cols ,rows ) ; {
} z=y;
else LYy =x;
{
end_x = 1; best_y ~= 1 ;
best_x -= 1;
offset .y = 1 ;
offset_x = 0 ; x = MAE( best_x + ¢ - 1,
} beat_y - 1 +r, ¢, T,

ref ,mtn ,cols ,rows );
if( (best_x < -7) || ( best_x > 7) )

// Check boundary cdnms.... else if( z < y)
{ {
best_x = (best_x < -7) 7 -7 : 7 ; x =y;
y = z;
end_x = 1;
offset_x = 0; best_y += 1;
offset .y = 1 ; best_x += 1;

z = MAE( best_x + c + 1,

//cout << best_x << " " << best_y << best_.y + 1 +r, ¢, T,
FZANEERISE IR R O ref ,mtn ,cols ,rows );
// << endl ; 3}
} olse
{
offset_x = 0 ; end_slant = 1;
offset_y =1 ;
offset_y = 0 ;
x = MAE( best_x + ¢, r - 1, ¢, r, ref, offset_x = ;
mtn , cols ,rows) ;
y = MAE( best_x + c, T , ¢, r, Tef,
mtn , cols ,rows ) ; // Check boundary cdns....
z = MAE( best_x + ¢, r + 1, ¢, r, ref,
mtn , cols ,rows ) ; if( (best_y < -7) || ( best_y > 7) {i

o~

(best_x < -7) || best_x > 7))

vwhile( end_y == 0 ) // y-component...

{ best_y = (best_y < -7) ? -7 : 7 ;
if(x<y) best_x = (best_x < -7) 7 -7 : T ;
{ .
z2=y; end_y = 1;
y=x; offset y = 0;
best.y -= 1 ; }
}
x = MAE( best_x + c, best_.y - 1 +r, ¢, r,
ref ,mtn ,cols ,rovs ); w(vecs + counter ) = best_x ; counter++ ;
} #(vecs + counter ) = best_y ; counter++ ;

else if( z < y) .

{ gen_differan:a_hlock( best_x , best.y ,c,r,ref, mtnm,
x=y; di, cols,rows) ;

y =z }
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}

1/

void

BBGDS{const unsigned char *ref , const unsigned char *mtn ,

int »di , int »vecs, const int rows ,
conet int cols , const int sub_sample_factor)

int best_x = 0 , best_y = 0 , tx, ty;
int nevw_MAE , old_MAE , stop;

int counter = 0;

for( int r = 0 ; r < rows ; r += 8 )
for( int ¢ = 0 ; c < cols ; ¢ += 8)
{
best_x = 0 ;
best_y = 0
tx = 0;
ty = 0;
old_MAE = MAX_QUT ;
stop = 0;

i

// cout << r << " " << ¢ << endl ;
//while( stop == 0){
for( int qq = 0 ; qq < 7; qq++){

tx = 0;
ty = 0;

if( stop == 0)
{

for( int yy = -1 ; yy < 2 ; yy++)

/eif( ((yy + best_y) < -7 ) |l ( (yy + best_y)> 7))
stop = 1;
continue;

}=/

for( int xx = -1 ; xx € 2 ; xx++4)

/*if( ((xx + best_x) < =7 ) || ( (xx + best_x) > 7))
{
stop = 1;
continue;
}e/
new MAE = MAE(best_x + c + xx,best_y + r + yy,
¢, r, ref ,mtn , cols ,rows) ;
if ( new_MAE < old_MAE )
{
tx = Xxx;
ty = yyi

©01d_MAE = nev_MAE ;

if( (xx == 0) &k ( yy == 0))
{ stop = 2; break;}

}
if( stop == 2) break; // cntr found best match.

}alse break;
best_x = best_x + tx;
best_y = best_y + ty;
}

w(vecs + counter ) = best_x ; counter++ ;
s(vecs + counter ) = best_.y ; counter++ ;

gsn_difforence_block( best_x , best_y ,c,r,ref, mtn,
di, cols,rows) ;

}

/!

void

DSWA_IS(const unsigned char sref , const unsigned char *mtn ,

int *di , int *vecs, const int rows ,
const int cols , comst int sub_lnmple_factor)
{
int best_x = 0 , best .y = 0 ;
int new _MAE , old_MAE , second_last = MAX_OUT;

const float T_1 = 0.3;
const float T_h = 0.6; // see article

float G

int x_comp(S] ;
int y_comp[5] ;

int v ;

int counter = 0;

for( int r = 0 ; r < rows ; r += 8 )

for( int ¢ = 0 ; c < cols ; ¢ += 8)

{

best_x = 0 ;
best_y = 0 ;
MAX_QUT

old_MAE =
v =4

//cout << ¢ << " " << r << endl;

vhile( v > 1){

x_comp[0] =

x_comp[1] = w +
x_comp[2] = w +
x_comp[3] = -v +
x_comp[4] = -v +

best_x
best_x
best_x
best_x
best_x

i
H
H

H

cout << w << endl ;

y_comp[0]
y.comp[1]

; y_compl2]

y_comp(3]
y_compl4]

for( int i = 0 ; i < 5 ; i++)

{

new_MAE = MAE(best_x + c , best y
¢, r, ref ,mtn , cols ,rows) ;

if( new_MAE < old_MAE )

{

second_last = old_MAE;
old_MAE = new_MAE ;

}
}

G = (second_last - old_MAE)/second_last ;

if(G>Th) ve=

else

if( (G <= Th) &k ( G >=T.1)) v

else

x_comp[0]
x_comp[1]
x_comp[2]
x_comp(3]
x_comp[4]

v=( H°3)/4. H

v+
v +

v/4 ;

best_x
best_x
best_x
best_x
best_x

y.comp[0]
y.compl1]
y._compl(2)
y._compl3)
y_comp 4]

for( int i = 0 ; i < 5 ; i++)

{

.t onon

best_y
w + best y
-w + best_y
v + best_y
-w + best.y
+r,
w/2;
best_y
best_y
best_y ;
v + best_y ;

~v + best_y ;

new_MAE = MAE(c + x_complil, r + y_comp[i] ,
¢, r, ref ,mtn , cols ,rows) ;

if( new_MAE < old_MAE )

{

best_x = x_comp[il;

best.y =

y.comp[il);

second_last = old_MAE;
©l1d_MAE = new_MAE ;

}
}

G = (second_last - old_MAE)/second_last ;

if( 6> T.h) v =

else

w/4 ;

if( ( G <= T.h) &k ( G >= T.1)) v = w/2;

else

v e (we3)/4 ;

}

for( int i = -1 ; i € 2 ;
for{ int j = -1 ; j < 2; j++)

new_MAE = MAE(c + best_x + i,

r + best_y + j,
¢, r, ref ,mtn , cols ,rovs) ;

i++)

if ( nev_MAE < old_MAE )

{

best_x = best_x + i;
best_y = best y + j;
©ld_MAE = new _MAE ;

}
}
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+(vecs + counter ) = best_x ; counter++ ; int note_best_x[8], note_best_y[8], note_second_best_x[8],

s(vecs + counter ) = best_y ; counter++ ; note_second_best_y[8] , note_old_MAE[8],
note_second_old_MAE[8];

gon_diffarence_block( best_x , best_ y ,c,r,ref, mtn,

di, cols,rows) ; for( int r = 0 ; r < rows ; r += 8 )
} for{ int ¢ = 0 ; c < cols ; c += 8)
} { \
1/ best_x = 0 ;
best_y = 0 ;
void iterate_TSS_step( const int w, const int index, second_best_x = 0 ;
int best_x[], int best_y[], second_best_y = 0 ;
int second_best_x[], int second_best_y(l, ’ old_MAE = MAX_OUT ;
int old_MAE[], int second_old_MAE[], second_old_MAE = MAX_OUT ;
const unsigned char sref, W= 4;
const unsigned char »mtn,
const int rows, const int cols, //cout << e << " " << T << endl;
const int r, const int c)
{ for( int q = 0 ; q < b ; q++)}{
int x_comp(9] , y.comp[9] ; v =4

int new_MAE;

x_comp[0] = 0 + x_offset[ql;
x_comp[0] = 0 + best_x[index] ; y_comp[0] = w + y_offset[ql; // O,v
y_comp[0] = w + best_ylindex] ;/= 0,ws/ x_comp[1] = w + x_offset[ql;
y_comp(1] = w + y_offsetlql; // w,w
x_comp[1] = w + best_x[index] ; x_comp[2] = w + x_offsetlql;
y_comp[1] = v + best_y[index] ;/* w,w *»/ y_comp{2] = 0 + y_offset{ql; // wv,0
x_comp[3] = w + x_offset[ql;
x_comp[2] = w + best_x[index] ; y_comp[3] = -w + y_offsetlql; // w,~v
y.comp[2] = 0 + best_ylindex] ;/» w,0 */ x_comp(4] = 0 + x_offset[ql;
y_comp[4] = -w + y_offsetlql; // 0,~v
x_comp[3] = w + best_x[index] ; x_comp[5] = -w + x_offsetlql;
y.comp[3] = -w + best_y[index] ;/* w,-w */ y_comp[5] = -w + y_offsetlql: //-vw,-v
x_comp[6] = -v + x_offsetlql;
x_comp[4) = 0 + best_x[index] ; y_comp[6] = 0 + y_offsetlql; //-w,0
y_comp[4] = -v + best_ylindex] ;/*» 0,-w %/ x_comp[7] = ~v + x_offsetlql;

. y_comp[7] = v + y_offsetlql; // -w,v
x_comp[5] = -v + best_x[index] ; x_comp[8] = 0 + x_ offsetlql;
y_comp[5] = -w + best_y[index] ;/e-v,-w »/ y_comp[8] = 0 + y_offsetlq); // 0,0
x_comp(6) = -v + best_x[index] ; //cout << "TTS " << counter <<
y_comp(6] = 0 + best_y[index] ;/+-w,0 =/ J/" T " << T <€ ¢ " <K ¢ << endl ;
x_comp[7] = -v + best_x[index] ; /+0ld_MAE = find_min{ 9, x_comp, y.comp, ref, mtn,
y_comp[7] = w + best_y[index] ;/+ -w,w =/ &best_x, &best_ y,

rows, cols, r, ¢) ;*/
x_comp[8) = O + best_x[index] ;

y.comp[8] = 0 + best_y[index] ; // 0,0 note_best_x[0) = 0;

note_best_y[0] = 0;
best_x[index + 1] = O; note_second_best_x[0] = 0;
best_y[index + 1] = 0; nota_sacond-hut_y[O] = 0;
second_best_x[index + 1] = 0; note_old_MAE[0] = MAX_OUT;
second_best_y[index + 1] = 0; note_second_old_MAE[0] = MAX_OUT ;

i
old_MAE[index + 1] = old_MAE[index 1;
for( int i = 0 ; i < 9 ; i++)

for{ dint i = 0 ; i €9 ; i++) < ’

{ new_MAE = MAE( x_comp(i] + ¢, y_comp[il + r,

nev_MAE = MAE( x_comp{il), y_complil, c,r, c,r ,ref,mtn,cols,rovs);
ref,mtn,cols,rows);
if( new_MAE < note_old_MAE[0])

if( nev_MAE <= old_MAE[index + 1]) {
{ note_second_old_MAE[0] = note_old_MAE[0);
second_old_MAE[index + 1] = old_MAE[index + 1]; note_second_best_x[0] = note_best_x[0];
second_best_x[index + 1] = best_x[index + 1]; note_second_best_y[0] = note_best_x[0];

second_best_y[index + 1] = best_x[index + 1];
note_old_MAE[0] = new_MAE;

o0ld_MAE([index + 1] = new_MAE; note_best_x[0) = x_compfi] ;
best_x[index + 1] = x_comp[i] ; note_best_y[0] = y_complil ;
best_y[index + 1] = y_comp[i] ; }
} }
}
}
/*for( int i = 0; i < 2; i++)
void {
Improved_TSS(const unsigned char =ref, v o= w/2 e/
const unsigned char smtn , w o= 2;
int »di , int s»vecs, const int rows , /*iterate TSS_step( w, i, note_best_x, best_y,
const int cols , const int sub_smple_factor) note_second_best_x,
{ note_second_besnt_y,
int best_x = 0 , best_ .y = 0 ; note_old_MAE, note_second_old_MAE,
int old_MAE, d_old_MAE, d_best_x, d_best_y ;; ref, mtn, rovs, cols, r, c);»/

int new_MAE;
x_comp[0] = 0 + note_best_x[0]

int x_comp([8], y_comp[8) , v; ’ y_comp[0] = w + note_best_y[0) ;// O,v
int counter = 0;

. x_comp[1] = w + note_best_x[0] ;
int log.x[5] , log.y[5] , log_MAE[S] ; y.comp[1] = v + note_best_y[0] ;// w,v
const int x_offset[S] = {0, -7, -7, 7, 7 }; x_comp[2] = w + note_best_x[0] ;
const int y_offset(6] = {0, 7, -7, 7,-7 }; y_comp[2] = 0 + note_best_y[0] ;// w,0
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note_best_x[0] ;
note_best_y[0] ;// w,-w

+

x_comp[3] = w
y_comp[3] = ~v

+

+

note_best_x[0]

x_comp[4] = 0 H
note_best_y[0] ;// 0,-v

y.comp[4] = ~v

+

e

note_best_x[0]

x_comp[5] = -v B
note_best_y[0] ;//-vw,-w

y_comp[5] = -w

+

x_comp[6] = -v + note_best_x[0] ;
y_comp(6] = 0 + note_best_y[0] ;//-v,0

x_comp[7] = -w + note_best_x[0] ;
y.comp[7] = v + note_best_y[0] ;// -w,v

x_comp[8] = 0 + note_best_x[0] ;
y.comp(8] = 0 + note_best_y(0] ; // 0,0

/*0ld_MAE = find_min( 9, x_comp, y_comp, ref, mtn,

&kbest_x, kbest_y,

rovs, cols, r, c) ;*/
note_old_MAE[1] = MAX_OUT;
note_best_x[1] = 0;
note_best_y[1] = 0;

for{ int i = 0 ; i € 9 ; i++)
{
nevw_MAE = MAE( x_comp[i) + ¢, y_comp[i] + r,
c,r ,ref,mtn,cols,rows);

if( nev_MAE < note_old_MAE(1])
note_second_old_MAE[1] = note_old MAE[1];

econd_best_x[1] = note_best_x[1];
note_second_best_y[1] = note_best_y[i];

note_old_MAE[1] = new_MAE;
note_best_x[1] = x_comp[i] ;
note_best_y[1] = y_comp[il ;

}

note_second_best_x[0]

x_comp[0] = 0 H
note_second_best_y[0] ;// O,w

y_comp[0] = w

+ +

note_second_best _x[0]

x_comp[1] = w ;
note_second_best_y[0] ;// w,w

y_comp[1] = v

+ o+

x_comp[2) = w + note_second_best_x[0] ;
y.comp[2] = 0 + note_second_best_y[0] ;// w,0

note_second_best_x[0] ;
note_second_best_y[0] ;// w,-w

x_compf3] = w
y.comp[3] = -v

+ o+

+

note_second_best_x[0]

x_comp[4) = © H
note_second_best_y[0] ;// 0,-v

y.comp[4] = -v

+

+

note_second_best_x[0]

x_comp[5] = -w H
note_second_best_y[0] ;//-w,-w

y_comp[5] = -v

+

x_comp[6] = -v + note_second_best_x[0] ;
y.comp[6] = 0 + note_second_best_y[0] ;//-v,0

x_comp([7] = -v + note_second_best_x[0] ;
y_comp[7] = w + note_second best_y[0] ;// -w,v

x_comp[8] = 0 + note_second_ best_x[0] ;
y_comp[8] = 0 + note_second_ best_y(0] ; // 0,0

/*0ld_MAE = find_min( 9, x_comp, y.comp, ref, mtn,

&Abest_x, &best_y,
rows, cols, r, c) ;*/
note_old_MAE[2] = MAX_OUT;
note_best_x[2] = 0;
note_best_y[2] = 0

for{ int i = 0 ; i < 9 ; i++)
{
new_MAE © MAE{ x_comp[il] + ¢, y.comp[i] + r,
c,r ,ref,mtn,cols,rows);

if( new_MAE < note_old_MAE[2])
note_second_old_MAE[2] = note_old_MAE[2];
note_second_best_x[2] = note_best_x[2];

note_second_best_y[2] = note_best_y[2];

note_old_MAE[2] <= nev_MAE;

note_best_x[2] = x_compl[i] ;
note_best_y[2] = y_comp(i] ;

}

11/

w=1;

+

note_best_x[1]

x_comp[0] = 0 H
note_best_y[1) ;// O,v

y.comp[0] = v

+

+

note_best_x[1]

x_comp[1] = v B
note_best_y[1] ;// w,v

y_comp[1] = v

+

+

note_best_x[1]

x_comp(2] = w :
note_best_y[1] ;// v,0

y_comp[2] = 0

+

x_comp[3] = v + note_best_x[1] ;
y_comp[3] = -v + note_best_y[1] ;// w,-v

+

note_best_x[1]

x_comp[4] = © H
note_best_y[1] ;// 0,-w

y_comp[4] = -w

+

+

x_comp[5] = -w

note_best_x[1]
y.comp[5] = -w ¥

note_best_y[1] ;//-w,-w

+

x.comp[6] = -v + note_best_x[1] ;
y_comp[6] = 0 + note_best_y[1] ;//-v,0

x_comp[7) = -w + note_best_x[1] ;
y_comp[7] = w + note_best_y[1] ;// -w,v

x_comp[8] = 0 + note_best_x[1] ;
y.comp[8) = 0 + note_beat_y[1] ; // 0,0

/%0ld_MAE = find_min( 9, x_comp, y_comp, ref, mtn,

Abest_x, &best_y,

rows, cols, r, ¢) ;%/
note_old_MAE[3] = MAX_OUT;
note_best_x[3]) = 0;
note_best_y[3] = 0;

for{ int i = 0 ; i < 9 ; i++)
{
new_MAE = MAE( x_comp(i] + ¢, y_comp[i] + r,
c.r ,ref,mtn,cols,rows);

if( new_MAE < note_old_MAE(3])

note_second_old_MAE[3] = note_old_MAE[3];
note_second_best_x[3) = note_best_x[3];
note_second_best_y[3] = note_best_y[3];

note_old_MAE[3] = new_MAE;
note_best_x[3] = x_comp[i] ;

note_best_y[3] = y_comp[i] ;

}

+

note_second_best_x[1)

x_comp[0] = 0 H
note_second_best_y[1] ;// 0,v

y_comp[0] = v

+

+

note_second_best_x[1]

x_compf1] = w H
note_second_best_y[1] ;// wv,v

y.comp[i] = w

+

note_second_best_x[1]

x_comp [2] H
note_second_best_y[1] ;// v,0

w
y.comp[2] =0

+ +

x_comp[3] = v + note_second_best_x[1] ;
y_comp[3] = -v + note_second_best_y[1] ;// v,-v

+

note_second_best_x[1]

x_comp[4] = 0 B
note_second_best_y[1] ;// 0,-w

y_comp[4] = -w

+

+

note_second_best_x([1]

x_comp[5] = -v H
note_second_best_y[1] ;//-w,-v

y_comp([5] = -w

+

x_comp[6] = -v + note_second best_x[1] ;
y_comp[6] = 0 + note_second_ best_y[1] ;//-w,0

x_comp[7] = -v + note_second_best_x[1] ;
y_comp(7] = w + note_second_best_y[1] :// -w,w

x_comp[8] = 0 + note_second_best_x[1] ;
y.comp[8] = 0 + note_second_best_y[1] ; // 0,0

/#0ld_MAE = find_min( 9, x_comp, y_comp, ref, mtn,

kbest_x, kbest_y,



rows, cols, r, ¢) ;*/

note_old_MAE[4] = MAX_OUT ; x_comp[7] = -w + note_second_best_x[2] ;
note_best_x[4] = 0; : y.compl7] = w + note_second best_y[2] ;// -w,v
note_best_y[4] = 0;
x_comp[8] = 0 + note_second_best_x[2] ;
to:( int i =0 ; i <9 ; it+) y_comp[8] = 0 + note_second_best_y[2] ; // 0,0
now_MAE = MAE( x_comp[il + ¢, y_cemp[il + r,
¢,r ,ref,mtn,cols,rouvs); . note_old_MAE[6] = MAX_OUT;
note_best_x[6] = 0;
if( new_MAE < note_old_MAE(4]) note_best_y[6] = 0;
note_second_old_MAE[4]) = note_old_MAE[4]; ‘ for( int i = 0 ; i < 9 ; i++)
note_second_best_x[4] = note_best_x[4]; {
note_second_best_y[4] = note_beat_y[4]; nev_MAE = MAE( x_comp[il + ¢, y.comp[i] + r,

c,r ,ref,mtn,cols,rovs);
note_old_MAE[4] = new_MAE;

note_best_x[4) = x_comp(i] ; if( nev_MAE < note_old_MAE[6])
note_best_y[4) = y_comp(i] ; {
note_second_old_MAE[6] = note_old_MAE(6];
} note_second_best_x(6] = note_best_x(6];
//--- note_second_best_y(6] = note_best_y(6];
x_comp[0] = 0 + note_best_x[2] ;
y_comp[0] = w + note_best_y[2] ;// O,v note_old_MAE([6] = new_MAE;

note_best_x[6) = xz_comp(i] ;
note_best_y[6) = y_comp[i) ;

+

note_best_x[2]

x_comp(1] = w ;
note_best_y[2] ;// w,v }

y_comp[1]

[
[
+

}
x_comp(2] = v + note_best_x[2] ;
y_comp[2] = 0 + note_best_y[2] ;// v,0
old_MAE = note_old_MAE(3];

x_comp[3] = w + note_best_x[2] ; best_x = note_best_x[3] ;
y_comp[3] = - + note_best_y[2] ;// w,-w best_y = note_best_y[3] ;
x_comp[4] = 0 + note_best_x[2] ; for( int i = 4 ; i < 7 ; i++)
y_comp(4] = -w + note_best_y[2] ;// 0,-v {

if( note_old_MAE[i] < old_MAE )

+

note_best_x[2] ;

note_best_y[2] ;//-w,-w best_x = note_best_x[i) ;
best_y = note_best_y[i] ;
old_MAE = note_old MAE[i};

x_comp[6] = -v
y_comp(6] = -v

+

x_comp[6) = -w + note_best_x[2]

y_comp[6] = 0 + note_best_y(2) ;//-v,0 }
' }
x_comp(7] = -v + note_best_x[2] ;
y.comp[7] = w + note_ best_yl[2) ;// -w,v for( int i =3 ; i <7 ; i++)
x_comp(8) = 0 + note_best_x[2] ; if( note_second_old _MAE(i] < old_MAE )
y_comp[8) = 0 + mote_best_y[2] ; // 0,0 {
best_x = noto_aecond_hest_x[i] B
pote_old_MAE[5) = MAX_OUT; best_y = note_second_ best_y[i] ;
note_best_x[6] = 0; 0ld_MAE = note_second_old MAB[il;
note_best_y[5) = 0; }
for( int i = 0 ; i € 9 ; i++) } .
{
new_MAE = MAE( x_compli] + ¢, y.compl[il + r, log_x[q] = best_x ;
c,r .ref,mtn,cols,rows); log_ylq] = best_y;
log_MAE[q) = old_MAE ;

if( new_MAE < note_old_MAE[6]) }
note_second_old_MAE[6] = note_old_MAE(5); for( int a = 0 ; a < 5; a++)
note_second_best_x[5] = note_best_x[5]; {
note_second_best_y[5] = mote_best_y[5]; if( log.MAE[a} < old_MAE )

{
note_old_MAE[5] = new_MAE; best_x = log.x(al;
note_best_x(5] = x_complil ; best_y = log.ylal;
note_best_y[6] = y_complil ; old_MAE = log MAE[a};
}

} }

*(vecs + counter ) = best_x ; counter++ ;
«(vecs + counter ) = best_y ; counter++ ;

+

note_second_best_x[2]

x_compl0] = 0 H
note_second_best_y[2] ;// O,w

y_comp[0} = v

+

gen_dit!ennce_block( best_x , best.y ,c,r,ref, mtn,

x_comp[1] = v + note_second_best_x[2] ; di, cols,rows) ;
y_comp(1] = w + note_second_ best_y[2] ;// w,v }

}
x_comp[2] = w + note_second_best_x[2] ; 12

note_second_best_y[2] ;// v,0

+

y_compl[2] = 0

z.comp(3] = w + note_second_best_x[2] ;
y.comp[3] = -w + note_second_best_y[2] ;// w,-v C.3 Proposed New Algorlthms

note_second_best_x[2] ;
note_second_best_y(2] ;// 0,-v // Optimised algorithms for fast motion searches .This is
// original/self modified stuff......

+

x_comp(4] = O
y_comp[4] = -w

+

x_comp[5] = -v + note_second_best_x[2] ;
y.comp{§] = -w + note_second_best_y{2] ;//-w,-v ) #include <point.h>

' #include <bag.h>
x.comp[6] = -v + note_second_best_x[2] ; ginclude <vector.h>
y.comp[6] = 0 + note_second_best_y[2] ;//-v,0 ginclude <vector.ccd
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#include <pbil.h>
// Rest of the rows...... col wvise

tinclude <algorithms.cc> const int seven_cols_up ¢ 7xcols ;

// #include <dct.h>

for( int i = 0 ; i <= pew_cols ; i++)

/+ Housekeeping stuff at EQFs=»s/ {
for{ int j = 1 ; j <= new_rows ; j++)
conet long int LIST_SIZE = 16321 ; {
const int LIST_SCALE_FACTOR = 58 ; // was 16 offset = i + jecols ;
//const int ZERQ SHIFT = LIST_SIZE+LIST_SCALE_FACTOR/2 ;
const long int FRAME_SIZE_MAX = 272484 ; sum_norm[offset] = sum_norm[offset - cols] - dataloffset - cols]
+ dataloffset + seven_cole_up ] ;

static long int index [LIST_SIZE*LIST_SCALE_FACTOR] ; ’ }
static long int entry_index[LIST_SIZE+LIST_SCALE_FACTOR] ; >

1/---
static point stuff[FRAME_SIZE_MAX]; point pt , best_so_far;
static long int data[FRAME_SIZE_MAX] ;
static long int scratch[FRAME_SIZE_MAX]; for( int i = 0 ; i <= pew_cols ; i++)
static long int sum_norm[FRAME_SIZE_MAX] ; // make histogram of values ...

. for( int j = 0 ; j <= new_rows ; j++)
const int VECTOR_LENGTH = 4; {
template class vector<int, VECTOR_LENGTH> ; offset = 1 + jecols ;
static vector<int,VECTOR_LENGTH> features[FRAME_SIZE_MAX] ; index[ sum_norm[offset] ] += 1;
}

template class Bag<point>;

tmp = index([0] ;
template class index[0] = 0 ;
ostreamk operator<<( ostreamk , const Bag<point>});

for( int i = 1 ; i < LIST_SIZE ; i++)
static Bag<peint> -point_bnss[LIST-SIZB‘LIST_SCALB_FACTOR] H {
//index[i] += index[i - 1 ];
tmp.2 = index[4i] ;

void
modified SEA(const unsigned char *ref , index[i]l = ( index[i] > 0 ) ? tmp : 0 ;
const unsigned char #mtn , tmp += tmp_2 ;
int »di , int *vecs, const int rows , . }
const int cols , const int dummy)
{ for( int i = 0 ; i <= new_cols ; i++)
int offset ; for( int j = 0 ; j <= new_rows ; j++)
long int sum = 0, R = 0; {

offset = i + jecols ;
int old_MAE = MAX_OUT , nev_MAE ;
stuff{ (index[ sum_normfoffset] 1) +
long int position, other_position , tmp , tmp_2; (entry_index[sum_norm[offset] 1) ]
= point(i,j);
long int test_a , test_ b ;
entry_index[ sum_norm[offset] J++ ;
int counter = 0;
/--
const int new_cols = cols - B , nev_rows = rovs -~ 8 ;
int stop = 0;
//--Clear index array... int not_found = 0 ;
for( int init = 0 ; init < LIST_SIZE ; init++)
//cout << "HERERERERERREREREEREEEREE " << R << endl ;
index[init] = 0;
entry_index[init] = 0 ; for( int r = 0 ; r < rows ; r += 8)
} for( int ¢ = 0 ; ¢ < cols ; c += 8)
//-- {
offset = ¢ + recols ;
//First col...
for( int 1 = 0 ; 1 < rows ; 1l++) // Calc R
{ R=0; // Reset R.
offset = lecols ;
sum = O; for( int m = 0 ; m < 8 ; m++)
for( int n = 0 ; n < B ; n¢+)
for( int k = 0 ; k < 8 ; k++) R += *( mtn + offset + m + n¥cols );
sum += *(ref + k + offset);
//---Find mtn vectors-=---
dataloffaet] = sum;
pt c,r );
//rest of the cols...row-vise... not_found = 1;
stop = 0;

for( int i = 1 ; i <= nev_cols ; i++)
old_MAE = MAX_QUT ;

for( int j = 0 ; j < rows ; j++) pesition = R;
{ other_position = R - 1;
offset = i + jecols;
//cout << ¢ €< " " << r << endl ;
data[offset] = dataloffset - 1] - *(ref + offset - 1)
+ s(ref + offset + 7) ; vhile( ( (R - old_MAE) <= position) &k
} ( (R + 01d_MAB) >= position) &k ( position < LIST_SIZE)/+kk
}
//tirst row ..... col vise..... ( (R - 0ld_MAE) <= other _position) &k
for( int 1 = 0 ; 1 < cole ; 1++) ( (R + old_MAE) >= other_position)*/ ){

sum = 0; if( (entry_index[position] != 0) /+kk ( position < LIST_SIZE)»/)

for( int k = 0 ; k < 8 ; k++) for( int q = 0 ; q < entry_index[positionl; q++)

sum += data(k#cols + 1]; {
new_MAE = MAE( stuff[ index[position] + q1.x(),

sum_norm(1] = sum; stuff[ index[position] + ql.y(),
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¢,r, ref , mtn , cols , rous); const int new_cols = cols - 8 , new_rovs = rows - 8 ;
int old_MAE = MAX_DOUT , new_MAE ;
if( new_MAE < old_MAR)

{ /*static unsigned long int index{LIST_SIZE] ;
best_so_far = stuff[ index[position] + ql; static unsigned long int entry_index[LIST_SIZE] ;
old_MAE = new_MAE ; static point stuff[FRAME_SIZE_MAX];

}else static unsigned int data[300000] ;
if( nev_MAE == old_MAE) static unsigned int sum_norm[300000] ;*/

{
test_a = ( best_so_far - pt).mod() ; //--Clear index array...
test_b = ( stuff[ index[position] + q)] - pt).mod(); for( int init = 0 ; init < LIST_SIZE ; init++)
{
best_so_far = ( test_a > test_b ) . index[init] = 0;
? stuff[ index[position] + q] : best_so_far ; entry_index[init] = 0 ;
}
/ecout << test_a << " next" << test b << " pt' << pt /-~
<< " best " << best_so_far << endl ;*/
} //First col...
} for( int 1 = 0 ; 1 < rows ; 1++)
} {
position++; offset = l*cols ;
sum = 0;
while( ( (R - old_MAE) <= other_position) k& for( int k = 0 ; k < 8 ; k++)
( (R + old_MAE) >= other_position) kk sum += *( ref + k + offset);
( other_position >= 0) && (other_position != pesition)){
if( (entry_index[other_position] f= Q) /e&& datafoffset] = sum;
( other_position >= 0)+/)

{ //rest of the cols...row-wise...

for{ int q = 0 ; q < entry_index[other_pesition] ; gq++)
{ for( int i = 1 ; i <= new_cols ; i++)
new_MAE = MAE( stuff[ index[other_position] + ql.x(), { :
stuff[ index{other_position] + ql.y(), for( int j = 0 ; j < rows ; j++)
¢,r, ref , mtn , cols , rows); {
offset = i + jecols;
if( new_MAE < old_MAE)

{ data[offset] = dataloffset - 1] =~ «(ref + offset - 1)
hest_so_far = stuff[ index[other_position] + ql; + »( ref + offset + 7) ;
old_MAE = nev_MAE ; }

}olse X
if( new_MAE == old_MAE) //tirst row ..... col wise.....

{ for(int 1 = 0 ; 1 < cols ; 1+4)
test_a = ( best_so_far - pt).mod(} ; {
test_b = ( stuff[ index[other_position]l + q] sum = 0;
- pt).mod()
for( int k = 0 ; k < 8 ; k++)
best_so_far = ( test_b < test_a ) sum += datalkecols + 1];

? stuff[ index[other_position] + ql

best_so_far ; sum_norm([1] = sum;

©}

} // Rest of the rows...... col wise
} const int seven_cols_up = 7#cols ;
other_position--; )
for( int i © 0 ; i <= new_cols ; i++)
//cout << old_MAE << endl ;
for{ int j = 1 ; j <= new_rovs ; j++)
} {
//---- offset = i + jescols ;
s{vecs + counter ) = (best_so_far.x() - c) ; counter++ ;
s(vecs + counter ) = (best_so_far.y() - r) ; counter++ ; sum_norm[offset] = sum_normloffset - cols] - dataloffset - cols]
+ dataloffset + seven_cols_up 1;
gen_difference_block( best_so_far.x{) - c, }
best_so_far.y() - r, }
¢,r,ref, mtn, //---
di, cols,rows) ; point pt , best_so_far;
} for( int i = 0 ; i <= new_cols ; i++4)
} for( int j = 0 ; j <= new_rows ; j++)
1/ {
offset = i + jecols ;
static int old_MAD=[300000] ; index[ sum_norm[offset] ] += 1;
static char old_block[70] ; }
void tmp = index[0] ;
modified_SEA_v2(const unsigned char *ref , index[0] = 0 ;
const unsigned char *mtn ,
int »di , int #vecs, const int rows , for( int i = 1 ; 1 < LIST_SIZE ; i++)
const int cols , const int dummy) {
{ //index[i] += index[i - 1 ];
static int logger = 0; tmp_2 = index[i] ;
index[i] = tmp ;
int offset , test_abs_val ; tmp += tmp_2 ;
long int sum = 0, R = 0, D , test_pos ; }
long int position, other_position , tmp , tmp_2; for( int 4 = 0 ; i <= pew_cols ; i++)

for( int j = 0 ; j <= new_rows ; j++)

long int test_a , test b ;
offset = i + j*cols ;

unsigned int counter = 0;
stuff[ index[ sum_norm[offset] ] +
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entry_index[sum_norm[offaet] ] ] = { .
pti,j); for( int q = 0 ; q < entry_index[position]; q++)
test_pos = stuff[ index[position] + ql.x() +

entry_index{ sum_norm[offset] ] =
stuff[ index[position] + ql.y()*cols ;

entry_index{ sum_norm{offset} ] + 1;

test_abs_val = old_MADs[test_posl - D;
//~- test_abs_val = ( test_abs_val < 0) ? -test_abs_val
:test_abs_val;

int stop = 0; if( test_abs_val <= old_MAE ){
int not_found = 0 ; new_MAE = MAE( stuff[ index[position] + ql.x(),
1/ -- : stuff[ index[position] + ql.y(),
¢, r, ref, mtn , cols, rows );

if( logger == 0)

{ if ( new_MAE < old_MAE)
for( int a = 0 ; a < 8§ ; a++) {
{ best_so_far c stuff[ index(position] + ql;
for( int b = 0 ; b < B ; b++) 0ld_MAE = new_MAE;
{ }olse if( new_MAE == old_MAE)
old_block[ b + a*8] = «(mtn + b + a¥cols); . {
} test_a = pt(best_so_far) ;
3} test_b = pt{stuff{ index[position] + q1) ;
best_so_far = ( test_a > test_b )
for( int i = 0 ; i <= new_rows ; i++ ) ? stuff[ index[position] + q] : best_so_far
for( int j = 0 ; j <= new_cols ; j++) ;
}
offset = j + iwcols; }
old_MADs[ offset] = MAE( j ,i ,0 ,0, ref, mtn ,cols, }
rovs); }
/#3£( 01d_MAE < old_MADs[ offset]) position++;
}
best_so_far{ j , i) ; wvhile( /+*{ (R - 0ld_MAE) <= position) &k

( (R + old_MAE) >= position) &&=/
01d_MAE = old_MADe[ offset] ;

} else if( old _MAE == old_MADs[ offset]) ( (R - old_MAE) <= other_position) &%
( (R + o0ld_MAE) >= other_position)){
best_so_far{ j , i); if( (entry_index[other_position] != 0) &t
I/ ( other_position >= 0) &k (other_position != position) )
} { '
logger = 1; for( int q = 0 ; q < entry_index[other_position] ; q++)
} {
// handle the first ome. 0,0 test_pos = stuff( index(other_position] + ql.x() +
/*#(vecs + counter ) = (best_so_far.x() ) ; counter++ ; stuff[ index[other_position] + ql.y()®cols ;

*(vecs + counter ) = (best_so_far.y() ) ; counter++ ;
test_abs_val = old_MADs[test_pos] - D;

gen_difference_block(best_so_far.x() , best_so_far.y() , test_abs_val = ( test_abs_val < 0) ? -test_abs_val
0,0,ref, mtn, di, cols,rows) ;=/ :test_abs_val;
1/ ~——--
if( test_abs_val <= old_MAE ){
for(int T = 0 ; r < rows ; r += B) nev_MAE = MAE( stuff[ index[other_position] + ql.x(),
for( int ¢ = 0 ; c < cols ; c += B) stuff[ index[other_position] + ql}.y(),
{ ¢, r, ref, mtn , cols, rows );

offset = c + recols ;
if( new_MAE < old_MAE)

/1it( (x == 0) & ( ¢ == 0) ) continue ;// skip 0,0 {
best_so_far = stuff[ index(other_position] + ql;
// cout << r << " " << ¢ << ondl ; old_MAE = new_MAE;
}Yelse if( new_MAE == o0ld_MAE)
// Calc R {
R =0, // Reset R. test_a = ( best_so_far - pt).mod() ;
D=0 ; // Reset D. test_b = ( stuff[ index[other_ position] + q] - pt).mod();
for( int m = 0 ; m < 8 ; m++) best_so_far = ( test_a > test_b)
for( int n = 0 ; n < B ; n++) ? stuff( index[other_position] + qJ
best_so_far ;
R += =( mtn + offset + m + necols ); }
tmp = ( *( mtn + offset + m + n*cols ) - }
*{ old_block + m + n*8 ) ); }
tmp = ( tmp < 0) ? -tmp : tmp ; }
D += tmp ; other position--;
} }
11----
»(vecs + counter ) = (best_so_far.x() - ¢) ; counter++ ;
//---Find mtn vectors---- #(vecs + counter ) = (best_so_far.y() - r); counter++ ;
pt{ e,r ); gen_difference_block(best _so_far.x()} - c ,
not_found = 1; best_so_far.y() - r,
stop = 0; c,r,ref, mtn, di, cols,rous) ;
old_MAE = MAX_OUT ; }
}
position = R; //
other _positien = R - 1; void
sampled_pte(const unsigned char *ref ,
while{ ( (R - old_MAE) <= pogition) &% const unsigned char emtn ,
( (R + 0ld_MAE) >= position) /=kk int *di , int =vecs, const int rows ,
const int cols , const int sub_sample)
( (R - old_MAE) <= other_position) &k {
( (R + 01d_MAE) >= other_position)*/ ){ //dct forvard_dct ;

if( (entry_index[position] '= 0) k& ( pesition < LIST_SIZE))
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int offset ; }
long int sum = 0, R = O;
for( int i = 0 ; i <= new_cols ; i += sub_sample)

0 ; j <= nev_rovs ; j += sub_sample)

long int position, other_position , tmp , for( int j
tmp_2, old_MAE, new_MAE;

long int test_a , test b ; offset = i + j=cols ;

unsigned int counter = O; stuff[ index( sum_normfoffset]l 1 +
entry_index[sum_norm[offset] 1 ] =

const int new_cols = cols ~ 8 , new_rows = rows - 8 ; pti,j);

/=

static unsigned long int index([LIST_SIZE] ; entry_index[ sum_norm[offmet] ] =

static unsigned long int entry._index[LIST_SIZE] ; entry_index[ sum_norm[offset] 1 + 1;

static point stuff[FRAME_SIZE_MAX];
static unsigned int data[300000] ;

static unsigned int sum_norm[300000] ;=/ //==
//--Clear index array... int stop = 0;
for( int init = O ; init < LIST_SIZE ; init++) int not_found = 0 ;
{
index[init] = 0; for( int r = 0 ; r < rows ; r += 8)
entry_index([init] = 0 ; ‘ for( int ¢ = 0 ; ¢ < cols ; c += 8)
3} {
/== offset = ¢ + rxcols ;
//First col... // Calc R
for( int 1 = 0 ; 1 < rows ; 1l++) R =0 ; // Reset R.
offset = lscols ; for{ int m = 0 ; m < 8 ; m++)
sum = 0; for( int n = 0 ; n < 8 ; n++)

R += *(mtn + offset + m + n*cols );
for( int k = 0 ; k < 8 ; k++4)

sum += *(ref + k + offset); //---Pind mtn vectors----
dataloffset] = sum; pt( c,r );
3 best_so_far{c,r);
//rest of the cols...row-wise... not_found = 1;
stop = 0;
for{ int i = 1 ; i <= new_cols ; it+) old_MAE = MAX_QUT;
for( imt j = 0 ; j < rows ; j++) // cout << T << "\t" << ¢ << endl ;
{
offset = i + jecols; old_MAE = MAE( ¢, r, c, r, ref, mtn, cols, rows);
. if( old_MAE == 0 )
dataloffset] = dataloffset - 1] - =(ref + offset - 1) {
+ w(ref + offset + 7) ; best_so_far = pt ;
}
else
//tirst row ..... col wige..... ' {
for( dnt 1 = 0 ; 1 < cols ; 1++) position = R;
{ other_position = R - 1;
sum = Q;

vhile{ ( (R - old_MAE) <= position) &&
for{ int k = 0 ; k < 8 ; k++) ) ( (R + 0ld_MAE) >= position) && ( pesition < LIST_SIZE)
sum += datalkecols + 1];
/*( (R - 0ld_MAE) <= other_position) &&
sum_norm[1] = sum; ( (R + old_MAE) >= other_position)*/){
}
// Rest of the rows...... col vise if( (entry_index[position] != 0) /=&k
const int seven_cols_up = T*cols ; ( position < LIST_SIZE)*/){

for( int i = 0 ; i <= new_cols ; it+) for( int g = 0 ; q < entry_index(position]; qt+)

{
for( int j = 1 ; j <= new_rows ; j++) new_MAE = MAE( stuff[ index[position] + q).x(),
{ stuff [ index[position] + ql.y(),
offset = i + jecols ; c,r, ref , mtn , cols , rows);
sum_norm[offset] = sum_norm[offset - cols] - dataloffset - cols] if( new_MAE < 0ld_MAE)
+ dataloffset + seven_cols_up ] ; {
b hest_so_far = stuff[ index[position] + gl;
} old_MAE = new _MAE ;
11--- Yolse
point pt , hest_so_far; 1£( nev_MAE == old_MAE)
{
for( int i = 0 ; i <= new_cols ; i += sub_sample) test_a = (best_so_far - pt).mod() ;
for( int j = 0 ; j <= new_rows ; j += sub_sample) test_b = (stuff[ index[position] + q) - pt).med() ;
{ best_so_far = ( test_a > test_b )
offset = i + jrxcols ; 7 stutf{ index(position] + ql
index[ sum_norm[offset] ] += 1; best_so_far ;
} }
}
tmp = index[0] ; 3
index[0] = 0 ; position++;
for{ int i = 1 ; i ¢ LIST_SIZE ; i++) vhila( /#( (R - 0ld_MAE) <= position) &
{ ( (R + 0ld_MAE) >= position) &&=/

//index[i] += index{i - 1 ];
tmp_2 = index[i] ;

index[i] = tmp ;

top += tmp_2 ;

( (R - old_MAE) <= other_position) &&
( (R + old_MAE) >= other_position) &t
( other_position >= 0)){
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if ( (entry_index{other_position] != 0) 2& long int sum = 0, R = 0;

/#( other_position >= 0) &&+/ (positien != other_positien) ){

int old_MAE = MAX_OUT , new _MAE ;
for( int q = 0 ; q < entry_index[other_position] ; q++)
. long int position, other_position ;
new_MAE = MAE( stuff[ index[other_position] + ql.x(),

stuff{ index[other_position] + ql.y(}, long int test_a , test. b ;

¢,r, ref , mtn , cols , rows);
int counter = 0;

if( nev_MAE < old_MAE)
{ const int new_cols = cols - 8 , nev_rows = rows - 8 ;

best_so_far = stuff[ index[other_position] + ql;
old_MAE = new_MAE ; ’ //--Clear index array...
for( int init = 0 ; init < LIST_SIZE ; init++)

}else
i?( new_MAE == old_MAE)
{ index[init] = 0;
test_a = (best_so_far - pt).mod() ; entry_index[init] = 0 ;
test_b = (stuff[ index[other_position] + point_bagsal[init] = NULL ;
q] - pt).mod() ; }
11--
best_so_far = (test_a > test_b )
? stuff[ index[other_position] + q] : //First col...
best_so_far ; for( int 1 = 0 ; 1 < rows ; 1l++)
} {
} offset = l*cols ;
} sum = 0;
//position++;
other_position--; for( int k = 0 ; k < 8 ; k++)
sum += *(ref + k + offset);
}
//---- dataloffset] = sum;
point best_point( best_so_far ) ; //rest of the cols...row-vise...
long int max = MAX_OUT, new_pos , length ;
long int old_length = { best_so_far.x() - c)=( best_so_far.x{)- ¢) for( int i = 1 ; i <= pew_cols ; i++)
+ (best_so_far.y() - r)e( best_so_far.y() - r); {
for( int j = 0 ; j < rows ; j++)
const int range = sub_sample - 1; {
offget = i + jecols;
for( int ly = best_so_far.y() - range; dataloffeet] c datafoffset - 1] - =(ref + offset - 1)
1y <= (best_so_far.y() + range) ; ly++) + s{ref + offset + 7) ;
for( int 1lx = best_so_far.x() - range ; 3}
1x <= (best_so_far.x() + range) ; 1lx++) 3}
{ //tirst rovw ..... col wise.....
if( (ly >= 0) && ( ly <= nev_rovs) &k for( int 1 = 0 ; 1 < cols ; 1++4)
(1x >= 0) &% ( 1x <= new_cols) } {
sum = 0;
nev_pos = MAE( 1x , 1y ,
c,//vest_so_far.x() , for( int Xk = 0 ; k < 8 ; k++4)
r,//best_so_far.y() , sum += data[kecols + 1];
ref, mtn,
cols, rows ); sum_norm[l] = sum;
if ( new_pos < max ) // Rest of the rows...... col wvise

const int seven_cols_up = T*cols ;
best_point = point{ 1lx , 1y ) ;

max = new_pos ; for( int i = 0 ; i <= new_cols ; i++)
} {
else if( (new_pos == max) && ( nev_pos (= MAX_OUT)) for( int j = 1 ; j <= nev_rous ; j++)
{ {
length = (1x - ¢)*(lx - ¢) + (ly - r)*(ly - r); offset = i + jecols ;
if( length < old_length) sun_norm[offset] = sum_norm[offset - colsl
{ - dataloffset - cols]
old_length = length; + datafoffset + seven_cols_up ] ;
best_point( 1x , 1y ); }
} }
} 1/---
} point pt , best_so_far, current_point ;
}
for{ int i = 0 ; i <= new_cols ; i++)
1/===- // make histogram of values ...
»(vecs + counter ) = (best_point.x() - ¢) ; counter++ ; for( int j = 0 ; j <= nevw_rows ; j++)

*(vecs + counter ) = (best_point.y() - r); counter++ ;
offmet = i + j=cols ;

gen_difference_block(best point.x() - ¢ ,best_point.y() - r , index[ sum_norm[offset] ]++;
c,r,ref, mtn, di, cols,rowvs) ;
//foruard_dct.perform_ dct( 8 , 8, #di , «di , r , ¢ ) ;

3} //tmp = index[0] ;
} //index[0] = 0 ;
1/
for(int i = 0 ; 1 < LIST_SIZE ; i++)
void {/*

feature_search{const unsigned char »ref , //index[i] += index[i - 1 ];
const unsigned char »mtn , . tmp.2 = index[i] ;
int *di , int *vecs, const int rows , index[i] = ( index{i] > 0 ) ? tmp : 0 ;
const int cols , const int sub_sample) tmp += tmp.2 ;*/

{

int offset ; point_bags(i]l = nev Bag<point>(index[il) ;
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if ( point_bags{i] == NULL)

{
cerr << "Unable to allocate bag !' << endl;
exit(1);
}
}
for( imt i = 0 ; i <= nev_cols ; i++)

for( int j = 0 ; j <= new_.rows ; j++)
offset = i + jecols ;
point_bags[ sum_norm[offset] J->insert_item( point(i,j) ) ;
/7--

int stop = 0;
int not_found = 0 ;

//cout << "HERERERERERREREREEREEEREE " << R << endl ;

for{ int r = 0 ; r < rows ; r += 8)
for( int ¢ = 0 ; ¢ < cols ; c += 8)
{

offmet = c + recols ;

// Calc R
R =0 ; // Reset R.

for( int m = 0 ; m < 8 ; m++)
for{ int n = 0 ; n < § ; n++)
R += *=( mtn + offset + m + n*cols );

//---Find mtn vectors----

pt( c,r );
best_so_far(c,r);
not_found = 1;
stop = 0;

old_MAE = MAX_QOUT ;
position = R;
other_position = R - 1;

//cout << ¢ << " " << r << endl ;

vhile( ( (R - old_MAE) <= position) &k
( (R + 0ld_MAE) >= position) k& ( position < LIST_SIZE)

/*( (R - old_MAE) <= other_position) &&
( (R + 0ld_MAE) >= other_position)#/ ){

if( (index{position] != 0)
/+&& ( position ¢ LIST_SIZE) =/)
{

//cout << " ++pos " << position << emdl ;

/#if( point_bags[ position ]
->current(0, best_so_far) ==
0)
{
cerr << "Qut of bounds:bag !" << endl ;
exit(1);
}e/

for( int q = 0 ;
q < point_bags[position]
->get_number_of_stored_elements()
P qHe)
{
if( point_bags[position]
->current{q, current_point)==
0)

cerr << "Dut of bounds:bag !” << emdl ;
exit(1);
}

new_MAE c© MAB( currenmt_point.x(),
current_point.y(),
c,r, ref , mtn , cole , rows);

if ( new_MAE < old_MAE)
{
best_so_far = current_point;
0ld_MAE = new_MAE ;
Yalse
if( new_MAE == 0ld_MAE)

test_a = ( best_so_far - pt).med() ;
test b = ( current_point - pt).med();

best_so_far = ( test_a > test b )
? current_point : best_so_far ;

/ecout << test_a << " next" << test_b << " pt" << pt
<< ' best " << best_so_far << endl ;*/
}
}
}

position++;

vhile( /#( (R - old_MAE) <= position) &2
( (R + 0ld_MAE) >= position) &k+/

( (R - 0ld_MAE) <= other_position) &&
( (R + 0ld_MAE) >= other_position) &k
(other_position >= 0) ){

if( (index{other_position] != 0) &k
/#(other_position >= 0) && */
{other_position != position))

{
/*if( point_bags[ other_position ]
->current (0, best_so_far) ==
0)
{
carr << "Qut of bounds:bag ." << endl ;
exit(1);
Yo/
for( int q = 1 ;

q < point_baga[other_position]->

got_number_of _stored_elements();

q++)
if( point_bags{other_position]->current(q, current_point)==
0)
{
cerr << "Qut of bounda:bag !" << endl ;
exit(1);

new_MAE = MAE( curremt_point.x(),
current_point.y(),
c,r, ref , mtn , cole , rows);

if ( new_MAE < old_MAE)

best_so_far = current_point;
old_MAE = new MAE ;

Yolse
if( new_MAE == old_MAE)

test_a = ( best_so_far - pt).mod() ;
test_b = ( current_point - pt).mod() ;

best_so_far = ( test_a > test_b )
? current_point : best_so_far ;
}
}
}

other_position--;
//cout << old_MAE << emndl ;

}

1/----

s(vacs + counter ) = (beat_so_far.x() - c) ; counter++ ;
*(vecs + counter ) = (best_so_far.y() - r) ; counter++ ;

gen_difference_block( best_so_far.x() - ¢,
best_so_far.y() - r,
¢,r,rof, mtn,
di, cols,rows) ;

}
delete [1 point_bags ;// garbage collection ;;;

}
f e m e e o
inline
int sum_up( const int x, comst int y,

const int a, const int b,

const int cols , const unsigned char *raf)

{
int tmp = O;
/xcout << "x: M << x << My "<y
<< " ar " << a << " b:i" << b << endl ;%/

if( ((x >= a) Il (y>=1b))
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{ , index[init] = 0;

cerr << "(x,y) must be before (a,b)" << emdl ; entry_index[init] = 0 ;
exit(1); }
//eout << "su " << {{void =)ref) << endl ; // making feature-----------
for( int j =y ; j <= b ; j++) const int N = §;
for( int i = x ; i <= a ; i++) const int N_1_cols_up = ( N - 1)*cols;
1/-==mmn
/xcout << ((void *)ref) << " " for( int 1 = 0 ; 1 < rows ; 1++)
<< ((voide){ref + i + jwcols))
¢ M " <€ § << MM << i << endl ;*/ offset = lecols ;
tmp += *(ref + i + jecols) ; . sum = 0;

//cout << "su end" << endl for( int k = 0 ; k < N ; k++)

return tmp; sum += *(ref + k + offset);
}
datafoffset] = sum;
inline //rest of the cols...row-vwise...
int feature_MAE( const int v , const int u , .
const int c , comst int r , for( int i = 1 ; i <c (new_cols + 4); i++)
const vector<int, VECTDR_LENGTH> sfeatures,
consat int cols, const int rows) for( int j = 0 ; j < rows ; j++)
{ {
int result = 0 , tmp , tmp_1 , tmp_2 ;; offset = i + jwcols;
int offset_1 = ¢ + rscols ;
int offset_2 = v + u*cols ; dataloffret] = dataloffset = 1] -~ *(ref + offset - 1)
+ #(ref + offset + N - 1) ;
if( (e <0) I (x <0) Il (¢ >= cols) }
tt ( © >= rows) I} }
(v <0) 1} (u<O) it (v > {cols - 8)) //first rov ..... col wise.....
Il (u> ( rows ~ 8))) for( int 1 = 0 ; 1 < cols ; 144)
{ {
cerr << “Input out of bounds! Featurs MAD" << endl ; sum = O;
cerr << " ¢: " &€ ¢ <C " r: " << p €< My M K<y
<< " yu: Y << u << endl ; for( int k = 0 ; k < N ; k++)
return MAX_OUT; sum += datafkecols + 1];
}
//cout << " Arsytcdyxc " << endl ; scratchl] = sum;
for( int n = 0 ; n < VECTOR_LENGTH ; n++) // Rest of the rows......col wise
{
//cout << "\t" << n ; for( int i = 0 ; i <= (new_cols + 4) ; i++)
tmp_1 = features[offset_1][n] ; {
//cout << " a" for( int j =1 ; j <= (new_rows + 4) ; j++)
tmp_2 = features[offset_2][n] ; {
//cout << " b" << endl ; offtget = i + jecols ;

tmp = tmp.l - tmp_2 ;
scratch(offset] = scratch[offset - cols] -

tmp = ( tmp < 0) ? -tmp : tmp ; dataloffset - cols] + data[offset + N_1_cols_up ] ;
result += tmp ; }
}
//cout << " Breytcdyxc " << endl ;
11---
return result; for( int j = 0 ; j <= nev_rous ; j++)
} for( int i = 0 ; i <= new_cols ; i++)
{
void offset = i + jecols ;
feature_search_2(const unsigned char *ref ,
const unsigned char *mtn , /*ql = sum_up( i,j, i+3, j+3,cols, ref) ;
int *di , int ®vecs, const int rovs , q2 = sum_up( i+4,j, 1+7, j+3,cols, ret) ;
const int cols , q3 = sum_up( i,j+4, i+3, j+7,cols, ref) ;
const int sub_sample_factor) q4 = sum_up( i+4,j+4, i+7, j+7,cols, ref) ;*/
{
int offset ; ql = scratch[ offeset ] ;
int R = 0; Q2 = scratch[ offset + 4 ];
int old_MAE = MAX_OUT , new_MAE = MAX_OUT ; q3 = scratch[ offset + 4+cols J;
int new_feature MAE , old_feature MAE = MAX_OUT ; q4 = scratch[ offsmet + 4 + 4*cols ];
int pesition , other_position , sum , tmp_.2 , test_a , test b ;
' (features[offset])[0] = ql + q2 + q3 + q4 ;
//long int dist_old , dist_new ;//<><><>< (teatures[offset])[1] = ql + q2 - q3 - q4 ;
(features[offset])[2] = q1 + q3 - q2 - q4;
unsigned int counter = 0; (features[offset])(3] = q1l - q2 - q3 + q4 ;
const int new_cols = cols -~ 8 , nev_rows = rows - 8 ; sum_norm[offset] = (features[offset])[0);;
int q1 , q2, q3 , q¢ ; /etest = sum_up(4,j,i+7,j+7, cols, ret);
//static int data[300000] ; if( test != sum_norm[offset])
//static int sum_norm[300000] ; {
cerr << "out_of_range!" << endl ;
//static vector<int,VECTOR_LENGTH> cerr << i << "\t" << j << endl ;
//features[300000] ; 3/
}
int tmp ;
11---
//--Clear index array... point pt , best_so_far;

for( int init = 0 ; init < LIST_SIZE ; init++)
for( int i = 0 ; i <= new_cols ; i++)

295



for( int j = 0 ; j <= new_rows ; j++) nev_feature MAE = feature MAE( xx, yy, c,r, features,
{ cols, rows);
offset = i + j*cola ;
index[ sum_norm[offset] ] += 1; if( new_feature MAE <= old_feature_MAE)
. {

old _feature MAE = nev_feature_MAE;
tmp = index[0] ;

index[0] = 0 ; new_MAE = MAE( xx, yy, ¢,r, ref , mtn , cols ,
Tows);
for( imt i = 1 ; i < LIST_SIZE ; i++) 1£( nev_MAE < old_MAE)
{ {
//index[i] += index[i - 1 J; best_so_far( xx , yy );
tmp_2 = index[i] ; . 0ld_MAE = new_MAE;
index[i] = tmp ;
tmp += tmp_2 ; . }else if{ (new MAE == old_MAE) &%
} //( new_feature MAE '= MAX_OUT) &k
( (point( xx , yy ) - pt).mod() <
for( int i = 0 ; i <= new_cols ; i++) (best_so_far - pt).mod{) ) )
for( int j = 0 ; j <= new_rows ; j++) {
{ //0ld_feature_MAE = nev_feature_MAE;
offset = i + jxcols ; : best_so_far( xx , yy );

old_MAE = new _MAE;
stuff[ index[ sum_norm[offset] ] +
entry_index{sum_norm[offset] ] ] = I/
pt{i,j); }
}
entry_index[ sum_norm[offset] ] =
entry_index{ sum_norm{offset] ] + {; . /*01d_MAE = MAE( best_so_far.x(),
best_so_far.y(), c,r, ref , mtn , cols , rows);s/

‘eout << "end section make feature!" << emdl ; /1
const int SUB_WIDTH = 10; if( old_MAE > THRESHOLD){
const int THRESHOLD = 300;
//cout << 01d_MAE << " M << R << " ¥
for( int T = 0 ; r < rows ; r += 8) 1/ << position << " " << other_position << endl;

for( int ¢ = 0 ; ¢ < cols ; c += B)
vhile( ( (R - 0ld_MAE) <= position) &&
( (R + 0ld_MAER) >= position) && ( position < LIST_SIZE)
//cout << c << "\t" << r << emdl ; /*( (R - 0ld_MAE) <= other_position) k&
( (R + 0ld_MAE) >= other_position)*/ ){
offset = ¢ + recols ;
if( (entry_index{pomition] != 0) /=k&
// Calc R ( position < LIST_SIZE)s/ ){
R =0 ; // Reset R.
for( int q = 0 ; q < entry_index[position]; q++)

for( int m = 0 ; m < 8 ; mé+) {
for{ int n = 0 ; n < 8 ; n++) : new_feature MAE = feature MAE( stuff[ index[position] + ql.x(),
R += *(mtn + offset + m + n*cols ); : stuff{ index(position] + ql.y(),
c,r,
//---Find mtn vectors---- features,cols , rows);
old_MAE = MAX_OUT ; if( new_feature MAE <= old_feature MAE ){
new_MAE = 0;
old_feature MAE = MAX_OUT ; old_feature MAE = new_feature MAE;

nev_feature MAE = 0;
/*test = sum_up( stuff[ index[position] + ql.x(),

best_so_far(c,r); stuff[ index[position] + ql.y(),
pt( ¢, r); stuff[ index[position] + qJ.x() +7,
//dist_old = rowssrows + colsecols;//<><><>< stuff[ index[position] + ql.y() +7,

cols, ref);
positien = R;

other position = R - 1; if( test != position)
// do an initial search around the origin of the search block corr << "misclassifed block!" << endl ;
for( int yy = r - SUB_WIDTH ; yy <= (r + SUB_WIDTH) ; yy += 2) Y=/

{

if((yy < 0) Il ( yy > new_rows)) break;
nevw_MAE = MAE( etuff[ index[position] + ql.x(),
for( int xx = c¢ - SUB_WIDTH ; xx <= (c + SUB_WIDTH) ; xx += 2) stuff{ index[position] + ql.y(),
, c,r, ref , mtn , cols , rows);

if( (xx < 0) || ( xx > new_cols)) break;
if( ((index[position] + q) < 0) i
nev_MAE = MAE( xx, yy, ¢,r, ref , mtn , cols , ((index[position] + q) > (512#512)))
rovws); {
if( new_MAE < old_MAE) corr << "bounds!" << endl ;
{ }
best_so_far( xx , yy );
0ld_MAE = new_MAE; if( new_MAE < old_MAE)
{
}else if( (new_MAE == old_MAE) &k best_so_far = stuff[ index[position] + ql;
(new_MAE '= MAX_OUT) && old_MAE = new_MAE ;
( (point( xx , yy ) - pt).mod() < . Jelse
(best_so_far - pt).mod() ) ) if ( new_MAE == gld_MAE)
{ {
best_so_far( xx , yy ); test_a = (best_so_far - pt).mod() ;
//01d_MAE = new_MAE; test b = (stuff[ index[position] + q) - pt).mod() ;
} best_so_far = ( test_a > test_b )
7 stuff[ index[position] + ql
/% best_so_far ;
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}

}

}
}
position++;

}
while{( /#( (R - old_MAE) <= position) &k
( (R + 0ld_MAB) >= position) &&s/
( (R - 0ld_MAE) <= other_position) &&

( (R + 0ld_MAE) >= other_position) && (other_pesition >= 0)){

if( (entry_index[other_position] != 0) &t

/#(other_position >= 0) && */(other_position != position) ){

for( int q = 0 ; q < entry_index[other_position] ; q++)

nev_feature _MAE = feature MAE( stuff[index[other_position]
+ q1.x0),
stuff{index[other_position]
+ ql.y0),
c,r,
features,cols , rovs);
if( nev_feature_MAE <= old_feature_MAE ){

old_feature MAE = new_feature_MAE;

/*test = sum_up( stuff[ index[other_position] + ql.x(),
stuff[ index[other_position] + ql.y(),
stuff[ index[other_position] + ql.x() +7,
stuff[ index[other_position] + ql.y() +7,
cols, ref);

if( test != other_position)

cerr << "¢ misclassifed block!" << endl ;
}s/

if( ((index[other_position) + q) < 0) }|
((index[other_position] + q) > (512#512)))
{

cerr << "bounds!" << endl ;

}
nev_MAE = MAE( stuff[ index[other_position] + ql.x(),
atuff[ index[other positiom] + ql.y(),
c,r, ref , mtn , cols , rovs);

if( new MAE < old_MAE)
{

best_so_far = stuff( index[other_position] + qJ;
0ld_MAE = new_MAE ;
Yolre
if( nev_MAE == old_MAE)
{
test_a = (best_so_far - pt).mod{) ;
test_b = (stuff[ index(other_position] +
q] - pt).mod() ;

best_soc_far = (test_a > test_b )
? stuff[ index[other_position) + q)
best_so_far ;
}
}
}
}
// posmition++;
other_poesition--;
}
}
#*(vecs + counter ) = best_so_far.x{) - ¢ ; counter++
*(vecs + counter ) = best_so_far.y() - r ; counter++

gen_difference_block( best_so_far.x() - ¢ ,
best_so_far.y() - r ,c,r,ref, mtn,
di, cols,rove) ;

}
}
1

class PBIL;

void

Pop_BIL(conn unsigned char »ref , const unsigned char smtn ,

int »di , int »*vecs, const int rovs ,
const int cols , const int sub,uamplc‘factor)
{
unsigned int counter = O;
int best_x , best_y , offset, new_MAE, old_MAE;

PBIL loc ;

for( int r = 0 ; r < rows ; T += 8)
for{ int ¢ = 0 ; ¢ < cols ; ¢ += 8)
{

offset = c + recols ;

best_x = 0;

best_y = 0;

new_MAE = MAX_OUT;

old_MAE = MAX_OUT ;

loc.zero();

loc.set_x(c);
loc.set_y(x);

loc.set_results_x( c );
loc.set_results_y( T );

//cout << 1 << "\t" << ¢ << endl ;

for( int g = 0 ; g < 100 ; g++)
{
for{ int t = 0 ; t < 30 ; t++ )

nev_MAE = MAE(loc.extract_x(),
loc.extract_y(),
c,r, ref , mtn , cols , Tows);

loc.evaluation(nevw_MAE, old_MAE);

//cout << "1 << endl;
loc.next();
//cout << "@" << endl;

if( new_MAE < 0ld_MAE ) 0ld_MAE = new_MAE;
>
loc.update_x();
loc.update_y{);
//cout << "#" << endl ;
loc.mutate() ;

}

best_x = loc.finnl_output_x() H
best_y = loc.final_output_y() ;

if( best_x < 0) best_x = 0;
if( best_x > ( cols - 8)) best_x = cols - 8 ;
if{ best_y < 0) best_y = 0;
if( best_y > { rovs - 8)) best_y = rous - 8 ;

*(vecs + counter ) = best_x - ¢ ; counter++ ;
#{vecs + counter ) = best.y - r ; counter++ ;

gen_difference_block( best_x - ¢ ,
best_y - r ,c,r,ref, mtn,
di, cols,rows) ;

}
//
/»
const int MAX_C = 512;
const int MAC_R = 512;

template class Block<int> ;
int foruard DCT( Block<it> &b);
int forvard_DCT{ const Block<int> &kref, Block<int> &out);

void

DCT_domain{const unsigned char *ref , const unsigned char smtn ,

int *di , int *vecs, const int rows ,
const int cols , const int sub_sample_factor)

unsigned int counter = 0 ;
int best_x , best_y , offset;

static Blocks<int> b[MAX_CJIMAX_R];

for( int i = 0 ; i < rows ; i++)
for( int j = 0; j < cols ; j++)
bli]l [j).copy_data( »(ref + j + i*cols), cols , rows);

forvard_DCT( b[0][0] );

for( int r = 0 ; r < rows ; T += 8)
for( int ¢ = 0 ; c < cols ; ¢ += 8)
{
offset = ¢ + recols ;
best_x = O;
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best .y = 0;

»(vecs + counter ) = best_x - c ; counter++ ;
=(vecs + counter ) = best_y - r ; counter++ ;

gen_difference_block( best_x - ¢ ,
best_y - r ,c,r,ref, mtn,
di, cols,rows) ;
¥
}=/
1/

const int F_MTD = 20 ;
const int NDISE_ADJ = 7;
void
Feature_Monotony{(const unsigned char =ref ,
const unsigned char *mtn ,
int *di , int *vecs, const int rows ,
const int cols ,
const int sub_sample_factor)
{
int best_x , best_y;
long int old_MAE , nev MAE;
int counter = 0 , offset, monotony, offset_p,
R, point_monotony;
int position , other_position, n, tmp, tmp_ 2,
test_a, test_b, sum;
int MAE_2 , old_MAE_2 ;

// make feature using monotony operator
const int new_rows = rows - 8;
const int new_cols = cols - 8;
const int centre = 4 + 4ecols;

//--Clear index array...
for( int init = 0 ; init < LIST_SIZE ; init++)

index[init] = 0;
entry_index[init] = 0 ;
point_bags[init] = NULL ;

//--

//Firat col...
for( int 1 = 0 ; 1 < rows ; 1++)

offset = lecols ;
sum = Q;

for( int k = 0 ; k < B ; k++)
sum += s(ref + k + offset);

dataloffset] = sum;
//rest of the cols...rovw-wise...

for( int i = 1 ; i <= new_cols ; i++)
{
for{ int j = 0 ; j < rows ; j++)
{

offset = i + jecols;

dataloffset] = data[offset - 1] - s(ref + offset - 1)
+ #{ref + offset + 7) ;

}
//tirst row ..... col wise.....
for( int 1 = 0 ; 1 < cols ; 1l++)

sum = Q;

for( int k = 0 ; k < 8 ; k++)
sun += datalk+cols + 1];

sum_norm{1] = sum;
>
// Rest of the rows...... col wise
const int seven_cols_up = 7¢cols ;

for( int i = 0 ; i <= new_cols ; it++)

for( int j = 1 ; j <= new_rows ; j++)
{

offret = i + j=xcols ;

sum_norm[offset] = sum_norm[offset - cols]
- dataloffset - cols]
+ dataloffset + seven_cols_up ] ;

}
11---
point pt , best_ so_far, current_point ;

for{ int i = 0 ; i <= new_cols ; i++)
// make histogram of values
for( int j = 0 ; j <= new_rows ; j++)
{
offpet = i + jecols ;
index[ sum_norm[offset] J++;

top = index[0] ;
index([0] = 0 ;

for( int i = 1 ; i < LIST_SIZE ; i++)

//index[i] += index[i ~ 1 ];
tmp_2 = index[i] ;
index{i] = ( index[i] > 0 } 7 tmp : 0 ;
tmp 4= tmp_2 ;
>

for( int i = 0 ; i <= nev_cols ; i++)
for( int j = 0 ; j <= new_rows ; j++)
{

offset = i + jecols ;

stuff[ (index[ sum_normfoffset] 1) +
(entry_index[sum_norm[offset] J) ] = point(i,j);

entry_index{ sum_norm[offset] Jl++ ;

//--

// reusing sum_norm here

for( int i = Q0 ; i <= new_rows ; i++)
{

offset = iscols ;

for( int j = 0 ; j <= new_cols; j++)
{
monotony = 0;
n=1;
for( int k = 0; k < 8 ; k++)

offset_p = kxcols + offset + j ;

for( int 1 = 0 ; 1 < B ; 14+4)
{
monotony += ( w(ref + 1 + offset_p) <=
*(ref + centre + offset))
?n: 0 ;
//n+s;
>
>

monotony -= 1; // account for centre pixel

sum_norm[offset + j]1 = monotomy;
b
}

//

for( int r = 0 ; r <= nev_rovs ; r += 8 )
for( int ¢ = 0 ; c <= new_cols ; c += 8)

best_x = 0 ;
best_y = 0 ;
old_MAE = MAX_DUT;
o1d_MAE_2 = MAX_OUT;
offget = ¢ + recols ;
R = 0;
monoteny = 0;
//cout << ¢ << "\t" << r << endl ;
for( int k = 0; k < 8 ; k++)
offset_p = kkcols + offset ;
for( int 1 = 0 ; 1 < 8 ; 1+44)
monotony += ( (mtn[ 1 + offsmet_p]) <=
(mtn[ centre + offset]))
?71:0;
R += mtnloffset_p + 1] ;
}

monotony -= 1; // account for centre pixel;
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osition = R;

ther_position = R - 1;

Y ZSe—

hile( ( (R - old_MAE) <= position) &&

{ (R + 0ld_MAE) >= position) &k (position < LIST_SIZE )){

if( (entry_index{position] t= 0) /+&& ( position < LIST_SIZE)}*/)

©0ld_MAE_2 = MAX_OUT;// Reset for this set of sum norms

for( int q = 0 ; q < entry_index[position]; q++)

point_monotony = sum_norm(stuff( index(position] + q].x() +

stuff [ index[position] + q).y()=colel ;

MAE_2 = point_monotony - monotony ;

/
}

}

MAE_2 = ( MAE_2 < 0) 7 -MAE_2 : MAE_2 ;
i?( MAE_2 <= old_MAE_2){
old MAE_2 = MAE_2;

/#if( ( point_monotony <= (monotony + NOISE_ADJ)) &t
( point_monotony >= (monotony - NOISE_ADJ)) ){=/
new_MAE = MAE( stuff[ index[positioen] + q].x(),
stutf[ index[position] + q).y(),
c,r, ref , mtn , cola , rows);

if( new_MAE < old_MAE)
{
best_so_far = stuff[ index[position] + ql;
0ld_MAE = new_MAE ;
Yelse
if( new_MAE == old_MAE)

test_a = ( best_so_far - pt).mod() ;
test_b = ( stuff[ index[positionl + q] - pt).mod();

best_so_far = ( test_a > test b )
? stuff[ index[position] + gq] : best_so_far ;

*cout << test_a << " next" << test_b << " pt" << pt
<< " best " << best_so_far << endl ;*/
}

//i£( (position - R} > F_MTD)break;// only search
//closest points

}

position++;

vhile( ( (R - 0ld_MAE) <= other_position) &&

{

( (R + 01d_MAE} >= other_position) &&

(other_position >= 0 ) && (other_position != positioen)){

if( entry_index[other_position] != 0)
o0ld_MAE_2 = MAX_OUT;// Reset for this set of sum norms
for( int q = 0 ; q < entry_index[other_pesition] ; q++)

point_monotony =
sum_norm{stuff[ index{other_position] + ql.x() +
stuff[ index[other_position] +
q] .y()*cols] ;

MAE_2 = peint_monotony - monotony ;
MAE_2 = ( MAE_2 < 0) 7 -MAE_2 : MAE_2 ;

if( MAE_2 <= old_MAE_2){

©ld_MAE_2 = MAE_.2;
/#if( ( point_monotony <= (monotony + NOISE_ADJ)) &k
( point_monotony >= (monotony - NOISE_ADJ)) ){»/
nev_MAE = MAE( stuff[ index[other_position] + ql.x(),
stuff[ index[other_position] + ql.y(),
c,r, tef , mtn , cols , rows);

if( new_MAE < old_MAE)

best_so_far = stuff[ index[other_position] + ql;
old_MAE = new_MAE ;

Jelee
if( new_MAE == old_MAE)

test_a = ( best_so_far - pt).mod() ;
test_b = ( stuff[ index{other_position] + q)
- pt).med() ;

best_so_far = ( test_b < test_a )

? stuff[ index[other_position] + q) :
best_so_far ;

//if({(R - other_position) > F_MTD) break;// omly
//search closest points
}
}

other_position--;

//cout << old_MAE << endl ;

}
//----
//cout << ¢ << " " << r << endl ;

*(vecs + counter ) = best_so_far.x() - c; counter++ ;
*(vecs + counter ) = best_so_far.y() - r; counter++ ;

gen_difference_block( best_so_far.x() - ¢, best_so_far.y(} - r,

c,r,ref, mtn, di, cols,rows) ;

}
1/

const int MTD = 20 ;

void
Feature_Modified_Monotony(const unsigned char »ref ,
const unsigned char *mtn ,
int *di , int »vecs,
const int rows ,const int cols,
const int sub_sample_factor)
{
int best_x , best_y;
long int old_MAE , nev_MAE;
int counter = 0 , offset, monotony,
offset_p, R, point_monotony;
int position , other_position, test_a,
test_b, tmp, tmp_2, sum,n;
int MAE_2 , old_MAE_ 2 ;

//--Clear index array...
for( int init = 0 ; init < LIST_SIZE ; init++)

index[init] = 0;
entry_index[init] = 0 ;
}

/7=
// make feature using monotony operator
const int new_rows = rows - 8;
const int new_cols = cols -
const int centre = 4 + 4=cols;

/7--

//First col...
for( int 1 = 0 ; 1 < rows ; 1++)
{
offset = l=cole ;
sum = 0;

for( int k = 0 ; k < 8 ; k++)
sum += *(ref + k + offset);

data(offset] = sum;
//rest of the cols...rou-vise...

for( int i = 1 ; i <= new_cols ; i++)
{ .
for( int j = 0 ; j < rows ; j++)
{

offset = i + jecols;

dataloffset] = datafoffset - 1] - s(ref + offset - 1)
+ *(ref + offmet + 7) ;
}
}
//first row ..... col wise.....
for( int 1 = 0 ; 1 < cols ; 14+4)

sum = 0;

for( int k = 0 ; k < 8 ; k++)
sum += data(k=cols + 1];

sum_norm[l] = sum;
}
// Rest of the rTows...... col wime
const int seven_cols_up = 7e*cols ;
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for{( int i = 0 ; i <= new_cols ; i++)
{

for( int j = 1 ; j <= new_rows ; j++)
offset = i + jscols ;

sum_norm[offset] = sum_norm[offset - cols]
- dataloffset - cols]
+ dataloffset + seven_cols_up ] ;

}
/1---
point pt , hest_so_far, current_point ;

for( int i = 0 ; i <= nev_cols ; i++)
// make histogram of values ...
for( int j = 0 ; j <= new_rovs ; j++)
{
offget = i + jscols ;
index[ sum_norm[offmet] J++;

}

tmp = index[0] ;
index[0] = 0 ;

for( int i = 1 ; i < LIST_SIZE ; i++)
//index[i] += index[i - 1 ];
tmp_2 = index[i] ;
index[i] = ( index[i] > 0 ) ? tmp : 0 ;
tmp += tmp_2 ;
¥

for( int i = 0 ; i <= new_cols ; i++)
for( int j = O ; j <= new_rous ; j++)

offset = i + jecols ;

stuff[ (index[ sum_norm[offset] 1) +

(entry_index[sum_norm[offset] 1) ] = point(i,j);

entry_index[ sum_norm[offset] J++ ;

//--
// reusing sum_norm here

for( int i = 0 ; i <= new_rows ; i++)
L

offset = ixcols ;

for( int j = 0 ; j <= new_cols; j++)
{
monotony = 0;
n = 1;
for{ int k = 0; k < 8 ; k++)

offset_p = k*cols + offset + j ;

for( int 1 = 0 ; 1 < 8 ; 1++)
{
monotony += ( (ref[ 1 + offset_pl) <=
(ref[ centre + offset]))
?n:0;
n++;
}
}

monotony -= 36; // account for centre pixel;

sum_norm[offset + j] = monotomy;
}
}

1/

for( int r = 0 ; r < rows ; r += 8 )
for( int ¢ = 0 ; c < cols ; ¢ += 8)
{
best x = 0 ;
best_y = 0 ;
old_MAE = MAX_OUT;
old_MAE_2 = MAX_QUT ;
offset = c + r*cols;
R=0;
monotony = 0;

//cout << ¢ << "\t" << r << endl ;
n=1;
for{ int k = 0; k < B ; k++)
{
for( int 1 = 0 ; 1 ¢ B ; 1++)

monotony += ( (mtn[ 1 + ke*cols + offaet]) <=
(mtn[ centre + offset]) )

?n:0;
n++;
R += mtn[ 1 + k*cols + offset];
¥

monotony -= t; // account for centre pixel;
//if(R < 0) cout << "R<O" << endl;

position = R;
other_position = R - {;

//cout << "hererere" << endl ;
//--
while( ((R - 0ld_MAE) <= position) &&

((R + old_MAE) >= position) &t (position < LIST_SIZE )){

if( (entry_index[position] != 0))}
©0ld_MAE_2 = MAX_QUT;// Reset for this set of sum norms

for{ int q = 0 ; q < entry_index[position]; q++)
{
point_monotony = sum_norm[stuff[ index[position] + q).x() +
stuff[ index[position] + ql.y()*cols] ;

MAE_2 = point_monotony - monotony ;
MAE_2 = ( MAE_2 < 0) ? -MAE_2 : MAE_2 ;

if( MAE_2 <= old_MAB_2){

old MAE_2 = MAE_2;
/+if( ( point_monotony <= (monotony + 35«NOISE_ADJ)} &k
( point_monotony >= (monotony - 35*NOISE_ADJ)) ){s/
new_MAE = MAE( stuff{ index{position] + ql.x(),
stuff[ index[position] + ql.y(),
c,r, ref , mtn , cols , rovs);

//cout << q << endl;

if( new_MAE < o0ld_MAE)
{
best_so_far = stuff[ index[position] + ql;
old_MAE = new_MAE ;
Jelse
if( new_MAE == old_MAE)
{
test_a = ( best_so_far - pt).mod() ;
test_b = ( stuff[ index(position] + q] - pt).med();

best_so_far = ( test_a > test b )
? stuff[ index{position] + q] : best_so_far ;

/*cout << test_a << " next' << test_ b << " pt" << pt
<< " best " << best_so_far << endl ;*/
}
}
//if( (position - R) > MID)break;//only search
//closest matcehs to monotony perator
}
}
position++;
}
//cout << "22222hererere’ << endl ;
vhile( ( (R - old_MAE) <= other_position) &&
( (R + 01d_MAE) >= other_position) &k
(other_position >= 0) &k (other_position != position) ){
if( entry_index[other_position] != 0)

©1d_MAE_2 = MAX_OUT;// Reset for this set of sum norms
for( int q = 0 ; q < entry_index{other_position] ; q++)
{
point_monotony =
sum_norm{stuff[ index[other_position] + ql.x() +
stuff[ index[other_position] +
ql.y()scols] ;

MAE_2 = point_monotony - monotony ;
MAE_2 = ( MAE_2 < 0) ? -MAE_2 : MAE_2 ;

if( MAE_2 <= old_MAE_2){
old_MAE_2 = MAE_ 2;

/#if( ( point_monotony <= (monotony + NOISE_ADJ)) &&
( point_monotony >= (monotony - NOISE_ADJ)) ){»/
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new_MAE = MAE( stuff( index[other_position] + ql.x(),
stuff[ index{other_position] + ql.y(},
c,r, ref , mtn , cols , Tows);

if( new_MAE < old_MAE)
{
best_so_far = stuff[ index[other_position] + ql;
old_MAE = new_MAE ;
Jelae
if( new_MAE == old_MAE}

test_a = ( best_so_far - pt).med() ;
test_b = ( stuff[ index[other_position] + q] - pt).med() ;

best_so_far = ( test_b < test.a )
? stuff[ index[other_position] + ql
best_so_far ;
}
}
//if((R - other_position) > MTD)break;
// only search closest matcehs to monotony perator

}

other_position--;

//cout << old MAE << endl ;

/11----

//cout << ¢ << " " << r << endl ;

s(vecs + counter ) = best_so_far.x() - c ; counter++ ;
»(vecs + counter ) = best_so_far.y() - r ; counter++ ;

gen_difference_block( best_so_far.x() - ¢, best_so_far.y() - r,
c,r,ref, mtn, di, cols,rows) ;
}
)
/7
void
sampled_pts_prefilt(const unsigned char *ref ,
const unsigned char *mtn ,
int *di , int ®vecs,const int rows ,
const int cols,const int sub_lample)

int offset ;
long int sum = 0, R = 0;

long int -position, other_position ,
top , tmp_2, old_MAE, new_MAE;
long int test_a , test_b ;

unsigned int counter = 0O;

const int new_cols = cols - 8 , nev_rows = rows - 8 ;
const int f_cols = cols - sub_sample ,
f_rows = rows - sub_sample;

//~~Clear index array...
for( int init = 0 ; init < LIST_SIZE ; init++)

index[init] = 0;
entry_index[init] = 0 ;

/{~- For scratch pad ---

//First col...
for{ int 1 = 0 ; 1 < rows ; 1++)
{
offset = lecols ;
sum = 0;

for{ int k = 0 ; k < sub_sample ; k++)
sum += *(ref + k + offset);

dataloffset] = sum;
//rest of the cols...row-vise...

for( int i = 1 ; i <= £_cols ; i++)
{
for{ int j = 0 ; j < rows ; j++)
{

offset = i + jscols;

dataloffset] = dataloffset - 1] - #(ref + offset - 1)
+ s(ref + offset + mub_sample - 1) ;
>
}
//tirst row ..... col wise.....
for( int 1 = 0 ; 1 < cols ; 1l++)

{

sum = 0;

for{ int k = 0 ; k < sub_sample ; k++)
sum += datalkscols + 1];

scratch[1] = ( sum + sub_sample*sub_sample/2)
/(sub_sample*sub_sample) ;

// Rest of the rows...... col wise
const int sub_sam_cols_up = (sub_sample - 1)*cols ;

for( int i = 0 ; i <= f_cols ; i++)
{
for( int j = 1 ; j <= £_rous ; j++)
{

offset = i + jecols ;

scratch[offset] =
(scratch[offset - cols]*sub_samplessub_sample
- dataloffset - cols]
+ dataloffset + sub_sam_cols_up ]
+ sub_sample*sub_sample/2)
/(sub_sample*sub_sample);

}
}

// for( int i = 0 ; i < f_cols ; i++)//// Normalize back to usual
1/ //Bumnorm range.
1/ {
1/ for( int j = 0 ; j < f_rows ; j+4)
/1L
/7 offmet = i + jucols ;
// scratch[offset] = (scratch[offset] + sub_sample*sub_sample/2
1/ )/(sub_sample*sub_sampla);
/7Y
1/ }

1/---

// Generate sum norm for scratch-----------------

//First col...
for( int 1 = 0 ; 1 < f_rows ; 1++)
{
offset = l*cole ;
sum = 0;

for( int k = 0 ; k < 8 ; k++)
sum += scratch[k + offset];

data[offset] = sum;
//rest of the cols...row-wise...

for( int i = 1 ; 4 <= nev_cols ; i++)
{
for( int j = 0 ; j < f_rowe ; j++)
{

offset = i + jecols;

dataloffmet] = dataloffset - 1] - scratch{ offset - 1]
+ scratch[ offset + 7] ;
>
}
//first row ....
for( int 1 = 0 ; 1 < f_cols ; 1+4)
{

sum = O;

for( int k = 0 ; k < 8 ; kt+)
sum += data[ke*cols + 1];

sum_norm[1] = sum;

// Rest of the rows...... col wime
const int seven_cols_up = 7%cols ;

for( int i = 0 ; 1 <= new_cols ; i++)

{
for( int j = 1 ; j <= new_rows ; j++)
{
offget = i + jecols ;
sum_norm[offset] = sum_norm[offeet - cols) - dataloffset - cols)
+ dataloffset + seven_cols_up ] ;
}
}
1/---

point pt , best_so_far;
for( int i = 0 ; i < nev_cols ; i += sub_sample)
for{ int j = 0 ; j <= new_rows ; j += sub_sample)
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{ best_so_far = ( test_a > test_b )

offset = i + jecols ; ? stuff[ index[position] + q] :
index[ sum_norm[offset] ] += 1; best_so_far ;
} }
}
tmp = index[0] ; }
index[0] = 0 ; position++;

for( int i = 1 ; i < LIST_SIZE ; i++)

{ vhile( /=( (R - old_MAE} <= position) &¢&
//index[i] += index[i - 1 J; ( (R + 0ld_MAE) >= position) kis/
tomp_2 = index[i] ;
index[iJ = tmp ; i ( (R - ©1d_MAE) <= other_position) &&
tmp += tmp_2 ; ( (R + 0ld_MAE) >= other_position) &&
} ( other_position >= 0)){
if ( (entry_index[other_position] != 0) &&
for( int i = 0 ; i <= new_cols ; i += sub_sample) /#( other_position >= 0) &&k*/ (position != other_position) ){

for( int j = 0 ; j <= new_rows ; j += sub_sample)
for( int q = 0 ; q < entry_index[other_position] ; q++)}
offset = i + jecols ;
nev_MAE = MAE( stuff[ index[other_position] + ql.x(},

stuff[ index[ sum_norm[offset] ] + stuff[ index[other_position] + ql.y(),
entry_index[sum_norm{offset] ] ] = c,r, ref , mtn , cols , rows);
pt(i,j);
if( new_MAE < o0ld_MAE)
entry_index{ sum_norm[offset] ] = {
entry_index[ sum_norm[offset] ] + i; best_so_far = stuff[ index[other_position] + ql;
} cld_MAE = new_MAE ;
Yolse
/1-- if( new_MAE == old_MAE)
{
int stop = 0; test_a = (best_so_far - pt).mod() ;
int not_found = 0 ; test_b = (stuff[ index[other_position] +

q] - pt).mod() ;
for( int r = 0 ; r < rows ; r += B)

for( int ¢ = 0 ; c < cols ; c += 8) best_so_far = (test_a > test_b )
7 stuff[ index[other_position]l + qJ
offset = c + rscols ; best_so_far ;
// Calc R b
R=0; // Reset R. }
//position++;
for( int m = 0 ; m < 8 ; m++) other_position--;
for( int n = 0 ; n < B ; n++) }
R += (mtn + offset + m + n*cols ); }
/1=----

//---Find mtn vectors----
point best_point(best_so_far) ;

pt( c,r ); int max = MAX_OUT, new_pos , length ;
best_so_far(c,r); int old_length = ( best_so_far.x() - ¢)=( best_so_far.x()- c)
not_found = 1; + (best_so_tar.y() - r)»( best_so_far.y() - r);
stop = 0;
old_MAE = MAX_OUT; const int range = sub_sample - 1;
// cout << r << "\t" << ¢ << endl ; for( int ly = best_so_far.y() - range;
1y <= (best_so_far.y() + range) ; ly++)
old_MAE = MAE( ¢, r, ¢, r, ref, mtn, cols, rows); for( int 1x = best_so_far.x() - range ;
if( old_MAE == 0) 1x <= (best_so_far.x() + range) ; lx++)
{
hest_so_far = pt ; if( (1y >= 0) &k ( ly <= new_rows) &&
(1x >= 0) &k ( lx <= new_cols) )
else {
{ nev_pos = MAE( 1x , 1y ,
position = R; c,//best_so_far.x() ,
other_position = R - 1; r,//vest_so_far.y() ,
ref, mtn,
vhile( ( (R - old_MAE) <= position) && cols, rous );

( (R + old_MAE) >= position) &k( position < LIST_SIZE)
if( new_pos < max )
/%( (R ~ old_MAE) <= other_position) &&
( (R + 0ld_MAB) >= other_position)=/){ best_point = point( 1lx , ly ) ;
max = nev_pos ;

1£( (entry_index[position] t= 0)/x && }
( position < LIST_SIZE)*/){ else if( (nev_pos == max) &k ( nev_pos != MAX_OUT))
{
for( int q = 0 ; q < entry_index[position]; q++) length = (1x - c)*(1x - ¢) + (ly - ©)*(ly - 7);
{
nev_MAE = MAE( stuff[ index[positien] + q).x0), if ( lenmgth < old_length)
stuff[ index[position] + ql.y(), {
c,r, ref , mtn , cols , rows); old_length = length;

best_point( 1x , ly );
if( new_MAE < old_MAE)
{

b
best_so_far = stuff[ index[positien] + ql; }
0ld_MAE = new_MAE ; }
Jelse
if( new_MAE == old_MAE) 1/----
{ «(vecs + counter ) = (best_point.x{() - c) ; counter++ ;
test_a = (best_so_far - pt).mod() ; *«(vecs + counter ) = (best_point.y() - r}; counter++ ;
test_b = (stuff[ index[position] + q] - pt).mod() ;
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gen_difference_block(best_point.x() - ¢ ,best_point.y() - r , data[offset - cols) + dataloffset + N_1_cols_up ] ;

c,r,ref, mtn, di, cols,rows) ; }
//forvard _dct.perform_ dct( 8 , 8, *di , *di , r , c ) ; }
1/--=
}
[ )= m=me e e cout << "lhxvciwevweec!" << endl;//////1111111111111111108071107
void
projection_search_2(const unsigned char =sref , . for( int j = 0 ; j <= new_rows ; j++)
const unsigned char *mtn , for( int i = 0 ; i <= new_cols ; i++)
int *di , int ®*vecs, const int rows , {
const int cols,const int sub_sample_factor) offget & i + jscols ;
int offset , tmp; ) ql = scratch[ offset ] ;
int R1,R2,R3,R4; q2 = scratch[ offset + 4 ];
int F; q3 = scratch[ offset + 4xcols ];
int old_MAE = MAX_OUT , new_MAE = MAX_QUT ; q4 = scratch[ offset + 4 + 4%cols ];
int new_feature MAE , old_feature_MAE = MAX_OUT ;
int length , length_old , step; (features[offret])[0] = q1 + q2 + q3 + q4 ;
int log = 0; (features[offset])[1] = q1 + q2 - q3 - q4 ;
(features[offset))[2] = q1 + q3 - q2 - q4;
int trial_val(9) ; (featuresloffset])[3] = q1 - q2 - q3 + q4 ;
//long int dist_old , dist_new ;//<><><><¢ sum_norm[offset]) = (features[offset])[0];
unsigned int counter = 0; top = ({ ((features(offset])[0]<<9) +
((features[offset]) [1]<<8) +
const int new_cols = cols - 8 , nev_rows = rovs - 8 ; ((features[offset])[2]<<8) +
(features[offset])[3] )>>4) ;
int q1 , 92, Q3 , Q4 ,sum; // calc hash function.
//int b1, b2, b3, b4 ; data[offset] = tmp ;
point last_upper , last_lower; index[ tmpl++ ;
}
//--Clear index array...
for( int init = 0 ; 1/--~
init < (LIST_SIZE»LIST_SCALE_FACTOR) ; init++) cout << “2hxveiwcvwcecc!" << endl;/////1//17111111111111
{
index[init] = 0; point pt , best_so_far, candidate;
point_bagslinit] = NULL ;
entry_index[init] = 0 ; for( int i = 0 ;
/ i < (LIST_SIZE*LIST_SCALE_FACTOR) ; i++)
-- {
point_bags[i) = nev Bag<point>(index[i]) ;
// making feature----------- -
if( point_bags[i] == NULL)
const int N = 4; {
const int N_1_cols_up = ( N - 1)*cols; cerr << "Unable to allocate bag !" << endl;
exit(1);
cout << "where " <<endl ;//First col... }
}
for( int 1 = 0 ; 1 < rows ; l++) cout << "3hxveivcvweee!" << endl;////1111111111111111101111111111
{
offset = l*cols ; for( short int j = 0 ; j <= new_Tows ; j++)
sum = 0; for( short int i = 0 ; i <= new_cols ; i++)
{
for( int k = 0 ; k < N ; k++) offset = i + jecols ;

sum += *(ref + k + offset);
//cout << offset << " do: " << dataloffset] << endl;/////////
data[offset] = sum; .
3 // cout <<point_bags[ dataloffset] ] << endl;////////1/11111]
//rest of the cols...rov-wise...
point_bags[ dataloffset] ]->insert_item( point(i,j)} ) ;
for( int i = 1 ; i <= (new_cols + 4); i++) 3

{
for{ int j = 0 ; j < rows ; j++) cout << "end section make feature!" << endl ;
{
offset = i + jecols; for{ int r = 0 ; r < rows ; r 4= B)
for( int ¢ = 0 ; c < cols ; c += 8)
data[offset] = dataloffset - 1] - *(ref + offset - 1) {
+ =(raf + offset + N - 1) ;
} J//cout << ¢ << "\t" << r << endl ;
}
//tirst rov ..... col wise..... offset = c + r*cols ;
for( int 1 = 0 ; 1 < cols ; 1++)
// Calc R
sum = 0; ql = sum_up( ¢ ,r , c+3, r+3,cols, mtn) ;
q2 = sum_up( c+4,r , c+7, r+3,cols, mtn) ;
for{ int k = 0 ; k < N ; k++) q3 = sum_up( ¢ ,r+4, ¢+3, r+7,cols, mtn) ;
sum += datalkecols + 1]; q4 = sum_up( <¢+4,r+4, <¢+7, r+7,cols, mtn) ;
scratch[l] = sum; Rl = q1 + g2 + q3 + q¢ ;
} . R2 =q1 +q2 - q3 - q4 ;
// Rest of the rows...... col vise R3 =q1 +g3 -q2 - g4 ;

R4 = q1 - q2 - q3 + q4 ;

for( imt i = 0 ; i <= (new_cols + 4) ; i++)
F = ( 512*R1 + 256%R2 + 256*R3 + R4 )/16 ;

for( int j = 1 ; j <= (new_rovs + 4) ; j++)
{ step = 0;////1/1111111117/11/

offset = i + jecols ;
//---Find mtn vectors----

scratch[offset] = scratch[offset - cols] -
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old_MAE = MAX_OUT ; : 3}

nev_MAE = MAX_OUT + 2; }
old_feature_MAE = MAX_QUT ; }
new_feature_MAE = MAX_QOUT + 2; }
length_old = MAX_OUT; }
best_so_far(c,r); step++; // old step*3 ; step + 16
pt{ c, 1t );
log++;

1/
1/ - --

' //cout << "final" << old_MAE <<
vhile( old_feature MAE >= step){ . //" ofm" << old_feature_MAE << endl ;/////////
step = ( step > 255%64) ? 255%64 : step ;// met limits =(vecs + counter ) = best_so_far.x() - c ; counter++ ;

*(vecs + counter ) = best_so_far.y() - r ; counter++ ;
trial_val(0] = F - (step>>4)

trial_val(1] = F + (step>>4) ; gen_differance_block( best_so_far.x() - ¢ ,
best_so_far.y() - r ,
trial_val[2] = F - {(step<<4) ; c,r,ref, mtn,

trial_val[3] = F + (step<<4) di, cols,rows) ;

trial_val[4] = F - (step<<5) ; }
trial_val[5] = F + (step<<5) ; for{( int i = 0 ;
i < (LIST_SIZEsLIST_SCALE_FACTOR) ; i++)
//trial_val[6) = F - (step<<5) ; ;
// trial_val[7] = F + (step<<5) ; delete point_bags[i] ;
point_bags[i) = NULL ;
for{ int k = 0 ; k < 6 ; kt+)

{ }
tmp = trial_vallk] ; /!
if( entry_index[tmp] >= log ) 1/
{ void
continue; Feature_variance(const unsigned char sref ,
3 const unsigned char smtn ,
int *di , int *vecs, const int rows ,
entry_index[tmp) = log ;// mark pon as read const int cols,const int sub_sample_factor)
if( tmp >= LIST_SIZE+*LIST_SCALE_FACTOR) {
break ; ! int best_x , best_y;
long int old_MAE , new_MAE;
i1£f( tmp < 0) int counter = 0 , offset, variance, offset_p,
{ R, point_variance;
//cerr << "Hash function negative!" << endl; int position , other_position, tmp, tmp_2,
continue; test_a, test_b, sum;
//exit(1); ! int MAE_2 , old_MAE.2 , sq
}
// make feature using monotony operator
if( point_bags[tmpl->get_size() > 0) const int new_rows = rows - 8;
{ const int new_cols = cols - 8;
for{ int t = 0 ; t < point_bags{tmp)l->get_size()
R 220 //--Clear index array...
for{ int init = 0 ; init < LIST_SIZE ; init++)
candidate = point_bags[tmp]->get_element{t);
index(init] = 0;
new_feature_MAE = feature MAE( candidate.x{), entry_index[init) = 0 ;
candidate.y{), point_bags[init] = NULL ;
c,r, } ’
features, /1--
cols , Tows);
if( new_feature_MAE <= old_feature_MAE) //First col.
{ for( int 1 = 0 ; 1 < rows ; l++4)
old_feature _MAE = neu_feature MAE; { :
: offset = lwcols ;
new_MAE = MAE( candidate.x(), . sum = Q;
candidate.y(),
c,r, ref, mtn, for( int k = 0 ; k ¢ B ; k++)
cols, rowe ); gum += »(ref + k + offpet);
if( new_MAE < old_MAE) dataloffset] = sum;
{ }
0ld_MAE = new_MAE; //rest of the cols...row-wise...
best_so_far = candidate;
} for( int i = 1 ; i <= new_cols ; i++)
else if( new_MAE == old_MAE) {
p for( int § = 0 ; j < Tows ; j++)
length = (candidate.x() - c)= {
{candidate.x() - ¢c) + ' offset = i + jecols;
(candidate.y() - r)=
(candidate.y() - r); dataloffset] = dataloffset - 1] - *(ref + offset - 1}
+ s(rof + offmet + 7) ;
length_old = (best_so_far.x() - c)« }
(best_so_far.x() - ¢) + }
{best_so_far.y() - r)e //€irst row ..... col wise.....
{best_so_far.y() - r); for{ int 1 = 0 ; 1 < cols ; 1++)
{
if( length < length_old) sum = 0;
{
best_so_far = candidate; for( int k = 0 ; k ¢ 8 ; k++)
3} ' sum += datalkecols + 1);
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offset_p = k*cols + offset ;

sum_norm[1] = sum;
) for( int 1 = 0 ; 1 < 8 ; 1++)
// Rest of the rows...... col wise {

const int seven_cols_up = 7#cols ; sq += mtn[ 1 + offset_pl*mtnl 1 + offset_pl;

for( int i = 0 ; i <= new_cols ; i++) R += mtn[offset_p + 1] ;
{
for( int j = 1 ; j <= new_rows ; j++) Y
{
offset = i + j*cols ; variance = sq - RsR ;
position = R;
sum_norm[offeet] = sum_norm[offset - cols] ' other_position = R - 1;
- datal[offset - cols] /- -
+ data[offset + seven_cols_up ] ; vhile( { (R - old_MAE) <= position) &&
} ( (R + old_MAE) >= position) && (pesition < LIST_SIZE )){
}
1/-=- it ( (entry_index{position] t= 0) /xkk ( position < LIST_SIZE)+/)
point pt , best_so_far, current_point ; {

old_MAE_2 = MAX_OUT;// Reset for this set of sum norms

for( int i = 0 ; i <= new_cols ; i++)

// make histogram of values ... for( int q = 0 ; q < entry_index[position]; q++)
for( int j = 0 ; j <= new_rows ; j++) {
{ point_variance = sum_norm[stuff[ index([position] + qJ.x() +
offset = i + jwcols ; stuff[ index[position] + ql.y()*cols] ;
index[ sum_norm[offset] ]++;
} MAE_2 = point_variance - variance ;

MAE_2 = ( MAE_L2 < 0) 7 -MAE_2 : MAE_2 ;
tmp = index[0] ;

index[0] = 0 ; if( MAE_2 <= old_MAE_2){
for( int i = 1 ; i < LIST_SIZE ; i++) 0ld_MAE_2 = MAE_2;
//index[i] += index[i - 1 ]; /%if( ( point_monotony <= (monotony + NOISE_AD))) &k
tmp_2 = index[i] ; ( point_monotony >= (monotony - NOISE_ADJ)) ){s/
index[il = ( index[i] > 0 ) ? tmp : 0 ; new MAE = MAE( stuff[ index[position] + q].x(),
tmp += tmp_2 ; stuff[ index[position] + ql.y(),
} c,r, ref , mtn , cols , rows);
for{ int i = 0 ; i <= new_cols ; i++) if( nev_MAE < old_MAE)
for( int j = 0 ; J <= nev_rovs ; j++) {
best_so_far = stuff[ index[position] + ql;
offset = i + jescols ; 0ld _MAE = new_MAE ;
}olse
stuff[ (index{ sum_norm{offset] ]) + 1f( new_MAE == old_MAE)
(entry_index[sum_norm[offset] 1) ] {
= point(i,j); test_a = ( best_so_far - pt).mod() ;

test_b = ( stuff[ index{position] + q] - pt).mod();

entry_index[ sum_norm[offset] ]++ ;
best_so_far = ( test_a > test_b )

/1=~ ? stuff{ index[position] + q) : best_so_far ;
// reusing sum_norm here
for( int i = 0 ; i <= new_rows ; i++) /*cout << test_a << " next" << test_b << " pt" << pt
{ << " best " << best_so_far << endl ;»/
offset = i%cols ; }
}
for( int j = 0 ; j <= new_cole; j++) //if( (position - R) > F_MTD)break;// only search
{ //closest points
variance = 0; }
5q = 0; }
for( int k = 0; k < B ; k++) position++;
{

offset_p = k*cols + offset + j ;
vhile{ ( (R - 01d_MAE) <= other_position) &2

for( int 1 = 0 ; 1 < B ; 1++) ( (R + 01d_MAE) >= other_poszition) &&
8q += ref[1 + offset_pleref[l + offset_p] ; (other_position >= 0 ) &k (other_position != position)){
} if ( entry_index[other_position] != 0)
sum_norm{offaet + j] = old_MAE_2 = MAX_OUT;// Reset for this set of sum norms
8q - sum_norm[offset + jlxsum_normloffset + jl;
3 for{ int q = 0 ; q < entry_index[other_position) ; q++)
} {
1/ point_variance =
sum_norm{stuff[ index{other_poeition] + ql.x() +
for( int r = 0 ; r <t nev_Tows ; r += 8 ) stuff[ index[other position] +
for( int ¢ = 0 ; c <= new_cols ; ¢ += 8) ql.y()*cols] ;
{
best_x = 0 ; MAE_2 = point_variance - variance ;
best_y = 0 ; MAE_2 = ( MAE_2 < 0) 7 -MAE_2 : MAE_2 ;
0ld_MAE = MAX_OUT;
old_MAB_2 = MAX_OUT; if( MAE_2 <= old_MAE_2){
offset = c + T*cols ;
R =0; old_MAE_2 = MAE_.2;

/%if ( ( point_monotony <= (monotony + NOISE_ADJ)) &k
( point_monotony >= (monotony - NOISE_APJ)) ){+/
neu_MAE = MAE( stuff[ index{other_position] + q).x(),
J/eout << c << "\t" << r << endl ; . stuff[ index[other_position] + ql.y(),
c,r, ref , mtn , cols , rovs);

variance = 0;
sq = 0;

for( int k = 0; k < 8 ; k++)
{ if( new_MAE < old_MAE)
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{

best_so_far = stuff[ index[other_position] + ql;

old_MAE = new_MAE ;
Yelse
if( nev_MAE == old_MAE)

test_a = ( best_so_far - pt).mod() ;
test b = ( stuff[ index[other_position] + ql
- pt).mod() ;

best_so_far = ( test_b < test_a )
? stuff[ index[other_position] + ql
best_so_far ;

//1£((R - other_position) > F_MTD) break;// enly
//search closest points

}

other_position--;
//cout << old_MAE << endl ;

}
11----

/leout << ¢ <« " " K< r << endl ;
s(vecs + counter ) = best_so_far.x() - c; counter++
s(vecs + counter ) = best_so_far.y() - r; counter++
gen_difference_block( best_so_far.x() - c,
best_so_far.y(}) - r,
c,r,ref, mtn, di, cols,rows) ;

}
11 -

void

Featuxe_energy(const unsigned char #*ref,
const unsigned char *mtn ,
int »di , int *vecs, const int rowvs ,
const int cols,const int sub_sample_factor)

int best_x , best_y;

long int old_MAE , new_KAE;

int counter = 0 , offset, variance, offset_p,
R, point_energy;

int emergy ;

int position , other_position, tmp, tmp_2,
test_a, test_b, sum;

int MAE_2 , old MAE_2 , sq ;

// make feature using monotony cperator
const int nev_rows = rows - 8;

const int new_cols = cols - 8;

//--Clear index array...
for( int init = 0 ; init < LIST_SIZE ; init++)

index[init] = 0;
entry_index[init] = 0 ;
point_bags[init] = NULL ;
1/--
//First col...
for( int 1 = 0 ; 1 < rows ; 1+4+)
{
offset = l*cols ;

sum = 0;

for( int k = 0 ; k < 8 ; k++)
sum += *x(ref + k + offaset);

dataloffset] = sum;
//rest of the cols...row-vise...
for( int i = 1 ; i <= pew_cols ; i++)

for( dnt § = 0 ; j € rows ; j4+)

{
offset =i + j*cols;
dataloffset] = dataloffset - 1] - s(ref + offset - 1)
+ #(ref + offset + 7) ;
}
}
//tirst row ..... col wise.....
for{ int 1 = 0 ; 1 < cols ; 14+4)
{

B

sum = 0;

for( int k = 0 ; k < 8 ; kt+)

sum += datalkecols + 1];

sum_norm[1] = sum;

// Rest of the rows...... col wise
const int seven_cols_up = 7#cols ;

for( int i = 0 ; i <= new_cols ; i++)
{
for( int j = 1 ; j <= new_rows ; j++)
{
offset = i + jecols ;
sum_norm[offset] = sum_norm[offset - colsl

- dataloffset - colsl

+ dataloffset + seven_cols_up 1 ;

}
11---

point pt , hest_so_far, current_point ;

for( int i = 0 ; i <= new_cols ; 1++)

// make hiatogram of values

for( int j = 0 ; § <= new_rous ; j++)

offset = i + jacols ;
index[ sum_norm[offset] 1++;

tmp = index[0] ;
index[0] = 0 ;

for( int i = 1 ; i < LIST_SIZE ;

{

//index[i] += index[i - 1 ];

tmp_2 = index[i] ;

index[i] = ( index[i]l > 0 ) ? tmp :

tmp += tmp_2 ;
}

for( int i = 0
for( int j =
{

offset = i + j¥cols ;

i++)

; i <= new_cols ; i++)
0 ; j <= new_rows ; jo+)

stuff[ (index[ sum_norm(offset] 1) +
(entry_index[sum_norm[offset] 1) ]

= point(i,j);

entry_index[ sum_norm[offset] J++ ;

1/--
// reusing sum_norm here

for( int i = 0 ; i <= new_rows ; it++)

offset = iscols ;

for( int j = 0 ; j <= new_cols; j++)

{
variance = 0;
sq = 0;
for( int k = 0; k < 8 ; k++)

offset_p = kscols + offset + j ;

for( int 1 = 0 ; 1 < 8 ; 14+)
8q += ref[l + offset_plsref[l + offset_p] ;
}

sum_norm[offeet + j]1 = s8q ;
}
}
1/

0

for( int r £ 0 ; r <= new_rows ; r += 8 )

for( int ¢ = 0 ; ¢ <= new_cols ; ¢ += 8)

{
best_x = 0 ;
best_y = 0 ;
old_MAE = MAX_QUT;
old_MAE_2 = MAX_OUT;
offset = ¢ + recols ;
R=0;
variance = 0;
sg = 0;

//cout << c << "\t" << r << endl
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for{ int k = 0; k < 8 ; k++) test_a = ( best_so_far - pt).mod() ;
test_b = ( stuff[ index[other_position] + ql
offset_p = kecols + offset ; - pt).mod() ;
for( int 1 = 0 ; 1 < B ; 1++) best_so_far = ( test.b < test_a )
{ ? stuff( index[other_position] + qJ
8q += mtn[ 1 + offset_plemtn[ 1 + offset_pl; best_szo_far ;
R += mtn[offset_p + 1] ; }
¥
} }
’ }
energy = sq ; other_position--;
position = R; >
other_position = R - 1; /1----
[/-evem-
while( ( (R - old_MAE) <= position) &k //cout << ¢ << " " << r << endl ;
( (R + old_MAE) >= position) &k (position < LIST_SIZE )){ s(vecs + counter ) = best_so_far.x() - c; counter++ ;
s(vecs + counter ) = best_so_far.y() - r; counter++ ;
if( (entry_index[position] != 0) /#kk ( position < LIST_SIZE)+/) gen_difference_block( best_so_far.x() - c, best_so_far.y() - r,
: c,r,ref, mtn, di, cols,rows) ;
old_MAE_2 = MAX_QOUT;// Reset for this set of sum norms }
¥
for( int q = 0 ; q < entry.index[position]); q++) /1
{ const int sqrt_2 = 141 ;
point_energy = sum_norm[stuff[ index[position] + q).x() +
stuff[ index[position) + gql.y()=cols] ; inline int sine( const int u , const int k)
{
MAE_2 = point_energy - emergy ; static double my_pi = acos(-1) ;
MAE_2 = ( MAE_2 < 0) ? -MAE_2 : MAE_ 2 ; static int log = 0 ; :
if ( MAE_2 <= old_MAE_2){ static int values[64] ;
©ld_MAE_2 = MAE_2; if( log == 0)
{
new MAE = MAE( stuff[ index[position] + ql.x0), for( int a =0 ; a < 8 ; at+ )
stuff[ index[position] + q).y0), for( int b = 0 ; b < 8 ; b++)
c,r, ref , mtn , cols , rows); {
values[a®8 + b) = ( (int)( 100#sin( (2+#a + 1)smy_pi*b/16 ) )) ;
if( nev_MAE < old_MAE) }
{ }
best_so_far = stuff[ index[position] + ql;
old_MAE = new_MAE ; return values[ u + k«8 ];
Yelse }
if( new_MAE == old_MAE)
{ inline int sine( const int arg)
test_a = ‘( best_so_far - pt).mod() ; {
test_b = ( stuff[ index[position] + gl - pt).mod(); static double my_pi = acos(-1) ;

astatic int log = 0 ;
best_so_far = ( test_a > test._b )

? stuff[ index[position] + q] : best_so_far ; static int values(64] ;
¥
} if( log == 0)
¥ {
} for( int a = 0 ; a < 8 ; a++ )
position++; for{ int b = 0 ; b < 8 ; b++)

valuesfa*8 + b] = ( (int)( 100*ein( argemy_pi/16 )));
vhile( ( (R - old_MAE) <= other_position) &t

( (R + 0ld_MAE) >= other_position) && >
(other_position >= 0 ) &t (other_position != position)){
if( entry_index[other_position] != 0) return values[ argi16 ];
¥

0ld_MAE_2 = MAX_OUT;// Reset for this set of sum norms
inline int cosine( const int u , const int k)

for( int q = 0 ; q ¢ entry_index[other_position] ; q++) {
{ static double my_pi = acos(~1) ;
point_energy = static int log = 0 ;
sum_norm(stuff[ index[other_position] + q).x() +
atuff[ index[other_position] + static int values(64] ;

ql.y()=cols] ;
if( log == 0)

MAE_2 = point_energy - energy ; {
MAE 2 = ( MAE_2 < 0) ? -MAE_2 : MAE_2 ; for( int a =0 ; a < 8 ; a+t )
for{ int b = 0 ; b < 8 ; bt+)
if( MAE_2 <= ©1d_MAE_2){ {
values[a*8 + b] = ( (int)( 100wcos( (2#a + 1)smy pisb/16 ) )) ;
o0ld_MAE_2 = MAE_2; }
¥
nev_MAE = MAE( stuff{ index[other_position] + q].x(),
stuff[ index[other_position] + ql.y(), return values[ u + ke8 ];
¢,r, ref , mtn , cols , rows); }
if( new_MAE < old_MAE) inline int cosine( const int arg)
{
best_so_far = stuff{ index[other_position] + ql; static double my_pi = acos(-1) ;
old_MAE = new_MAE ; static int log = O ;
Yolao
if( new_MAE == old_MAE) static int values[64] ;
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if( log == 0) //long int dist_old , dist_new ;//<>¢<><><

for( int a = 0 ; a < 8 ; a++ ) unsigned int counter = 0;
for( int b = 0 ; b < 8 ; b++)
{ const int new_cols = cols - B , new_rows = rows - 8 ;
values[a*8 + b]) = ( (int)( 100scos( argsmy_ pi/16 ))) ;
} int block[64] ;
} //int q1 , q2, q3 , q4 ;
return values[ argh16 1; int tmp ;
}
//--Clear index array...
inline void for( int init = 0 ; init < LIST_SIZE ; init++)
rou_dct( const unsigned char =start , int placeﬂ ,
const int coefficients) index[init] = 0;
{ entry_index([init] = 0 ;
for{ int k = 0 ; k < coefficients ; k++)
{
place[k] = 0; // making feature-----------
for{ int u = 0 ; u < 7 ; ut+)
//const int N = 4;
place[k] += start[ulecosine(u,k); // const int N_1_cols_up = ( N - 1)=cols;
1/-----=
place(k] = for( int j = 0 ; j <= new_rows ; j++)
( k == 0) ? (place[k] + sqrt_2/2)/(sqrt_2) : placel[k]l/100 ; for( int‘i = 1 ; i <= new_cols ; 1+4)
{
) offset = i + j=cols ;
inline void for(int k = 0 ; k < B; kt¢+)
col_dct( const unsigned char *start , int place[l , rov_dct( (ref + k¥cols + offset) , &block[k*8) , 3);
const int cols, const int coefficients )
{ for(int k = 0 ; k < 2; k++) // only first 4 features around
for( int k = 0 ; k < coefficients ; kt+) // origin used
{ col_dct( (ref + k + offset) , &block[k] , cols, 3);
place[k*8] = 0;
for( int u = 0 ; u < 7 ; ut+) (features[offset])[0] = block[0];
{ (features[offset])[1] = hlock[1];
place[k#8] += start[uxcolal*cosine(u,k); (features[offset]}[2] = block[8];
) (features[offset])[3] = block[9];
place[k*8] =
( k == 0) 7 (place[k*8] + sqrt_2/2)/(sqrt_2) : place[k+8]/100 ; sum_norm[offset] = (features[offset])[0];;
}
} cout €< M ij:" << i <<¢ " " << j << endl ;
}
inline void
row_dst( const unsigned char *start , int place(] , //---
const int coefficients) point pt , best_so_far;
{
for( int k = 0 ; k < coefficients ; k++) for( int i = 0 ; i <= new_cols ; i++)
{ for( int j = 0 ; j <= new_rows ; j++)
place[x] = 0; {
for{ int u = 0 ; u < 7 ; u++) offset = i + jwcols ;

index[ sum_norm[offset] ] += 1;
placelk] += start[ule*sine(u,k);

place[x] = tmp = index[0] ;
( k == 0) 7 (placelk] + sqrt_2/2)/(sqrt_2) : place[k]/100 ; index[0] = 0 ;
}
} for( int i = 1 ; i < LIST_SIZE ; i++)
{
inline void //index[i] += index[i - 1 ];
col_dst( const unsigned char *start , int place(] , tmp_2 = index[i] ;
const int cols, const int coefficients ) index{i] = tmp ;
{ tmp += tmp_2 ;
for( int k = 0 ; k < coefficients ; k++) }
{
place[k*8] = 0; for( int i = 0 ; i <= new_cols ; i++)
for( int u = 0 ; u < 7 ; u++) for{ int j = 0 ; j <= nev_rows ; j++)
{ {
place[k*8] += start[uscols]*sine(u,k); offget = i + jecols ;
place[k»8] = stuff[ index[ sum_norm[offset] ] +
( k == 0) 7 (place[k#8] + sqrt_2/2)/(sqrt_2) : place[k+8]/100 ; entry_index[sum_norm{offset] ] ] =
} pt(i,j);
}
void . entry_index[ sum_norm[offset] ] =
feature_search_DCT(const unsigned char sref , entry_index[ sum_norm[offset] ] + 1;
const unsigned char *mtn , }
int *di , int svecs, const int rows ,
const int cols,const int sub_smple_factor) cout << "end section make feature!" << endl ;
{
int offset ; // const int SUB_WIDTH = 10;
int R = 0; const int THRESHOLD = 300;
int old_MAE = MAX_OUT , new_MAE = MAX_OUT ;
int new_feature MAE , old_feature MAE = MAX_OUT ; for( int r = 0 ; r < rows ; r += B)
int position , other position , tmp_2 , test_a , test b ; for( int ¢ = 0 ; ¢ < cols ; c += 8)

//static vector<int,VECTOR_LENGTH>
//sine_features [FRAME_SIZE_MAX] ; cout << ¢ << "\t" << r << endl ;

308



if( ((index[position] + q} < 0) [I

offset = ¢ + recols ; ((index[position] + q) > (512%512)))

cerr << "bounds'" << endl ;

// Calc R
R=0; // Reset R. ’ }
for(int k = 0 ; k < 8; k++) if( new_MAE < old_MAE)
rov_dct( (mtn + k=cols + offset) , &block[k+8] , 3); {
best_so_far = stuff[ index[position] + ql;
for(int k = 0 ; k < 2; k++) // only first 4 features around 0ld_MAE = new_MAE ;
// origin used Yelse
col_dct( (mtn + k + offset) , kblock[k] , cols, 3); if( new_MAE == old_MAR)
{
R = block([0] ; test_a = (best_so_far - pt).mod() ;
//---Find mtn vectors---- test_b =
(stuff[ index[position] + q] - pt).med() ;
0ld_MAE = MAX_QOUT ; best_so_far = { test_a > test_b )
nev_MAE = 0; ? stuff[ index[position] + q]
old_feature MAE = MAX_OUT ; best_so_far ;
new_feature MAE = 0; }
}
best_so_far(c,r); >
ptlc, r ); }
//dist_old = rows®rows + colswcols;//<><><>< position++;

vhile( /#( (R - old_MAE) <= position) &&

position = R;
( (R + 0ld_MAE) >= position) &&*/

other_position = R - 1;

/+/ do an initial search around the origin of the search block { (R - 0ld_MAB) <= other_position) &t

for( int yy = r - SUB_WIDTH ; yy <= (r + SUB_WIDTH) ; yy++) { (R + 0ld_MAB) >= other_position) &t
(other_position >= 0)){

if({yy < 0) [} ( yy > new_rous)) break; if( (entry_index[other_position] != 0) &&

/#(other_position >= 0) && */(other_position != position) ){

for( int xx = ¢ - SUB_WIDTH ; xx <= (c + SUB_WIDTH) ; xx++)
for( int q = 0 ; q < entry_index[other_position] ; q++)

{
if( (xx < 0} I{ { xx > new_cols)) break; {
nev_feature MAE =
new_MAE = MAE( xx, yy, ¢,r, ref , mtn , cols , feature MAE( stuff{index[other_position]
rows); + ql.x0),
if ( new_MAE < old_MAE) stuff [index[other_position]
{ + ql.y(Q),
best_so_far( xx , yy )i Xy
0ld_MAE = new_MAE; features,cols , rows);

if( new_feature_MAE <= old_feature_MAE ){
Yelse if( (new_MAE == old_MAE) &&

(new_MAE !'= MAX_OUT) &k old_feature MAE = new_feature MAE;

( (point( xx , yy ) - pt).mod() <
(best_so_far - pt).mad() ) ) if( ((index[other_position] + q) < 0) {f

{ ((index[other_position] + q) > (6512+512)))
best_so_far( xx , yy );
//01d_MAE = new_MAE; cerr << "bounds!" << endl ;

3
} new_ MAE =

Yo/ MAE( stuff([ index[other_position] + ql.x(),
stuff[ index[other_position] + ql.y(),
/#%01d_MAE = MAE( best_so_far.x(), c,r, ref , mtn , cols , rowvs);

best_so_far.y(), c,r, ref , mtn , cols , rovs);*/
if( new_MAE < old_MAE)

- {

best_so_far = stuff[ index[other_position] + ql;
if( old_MAE > THRESHOLD){ old_MAE = new_MAE ;
Yolse
//cout << old_MAE << " " <C R << " " if( new_MAE == old_MAE)
/7 << position << " " << other_position << endl; {
teat_a = (best_so_far - pt).mod{) ;
vhile( ( (R - old_MAE) <= position) && test_b = (stuffl index[other position] +
( (R + old_MAE) >= position) &k ( position < LIST_SIZE) q] - pt).med() ;
/#( (R - old_MAE) <= other_position) && beat_so_far = (test_a > test b )
( (R + 0ld_MAE) >c other_position)e/ ){ ? stuff[ index[other_position] + q)
best_so_far ;
if( (entry_index[position] != 0) /w&& }
( position < LIST_SIZE)#/){ }
}
for( int q = 0 ; q < entry_index[position]; q++) }
{ //poaition++;
new_feature_MAE = other_position--;
feature MAE( stuff[ index[position] + ql.x(), }
stutf[ index[position] + ql.y(), }

»(vecs + counter ) = best_so_far.x() ~ ¢ ; counter++ ;

c,r,
#(vecs + counter ) = best_so_far.y() - r ; counter++ ;

features,cols , rowa);

gon,ditferonce_block( best_so_far.x{) - ¢ ,
best_so_far.y() - r ,c,r,ref, mtn,
di, cols,rows) ;

if( new_feature_MAE <= old_feature MAE ){

old_feature MAE ¢ nev_feature_MAE;

nev_MAE = MAE( stuff[ index[position] + q.x(), }

stuff [ index[position] + ql.y(), }

¢,r, ref , mtn , cols , rovs); 1/
void



tile_search(const unsigned char »ref ,
conat unsigned char »mtn ,
int »di , int *vecs, const int rows ,
const int cols , const int dummy)

int offset ;
long int sum = 0, R = 0;

int old _MAE = MAX_OUT , new_MAE ;

long int position, other_position ;

long int test_a , test b ;

int counter = 0, pos = 0, largest, tile_offset;

const int new_cols = cols - 8 , new_rows = rovs - 8 ;

static short int search_pos_x[1600] , search_pos_y[1600] ;
const int THRESHOLD = 500 ;

//First col...
for( int 1 = 0 ; 1 < rows ; 1++)

offset = lscols ;
sum = 0;

for( int k = 0 ; k < 8 ; kt+)
sum += =(ref + k + offset);

dataloffset] = sum;
//Test of the cols...row-wise...

for( int i = 1 ; i <= new_cols ; i++)
{
for( int j = 0 ; j < Tows ; j++)
{

offget = i + jecols;

datafoffeet] = data[offset - 1] - *(ref + offset - 1)
+ =(ref + offset + 7) ;

3
}
//first Tov ..... col wise.....
for( int 1 = 0 ; 1 < cols ; 1++)
{
sum = 0;

for( int k = 0 ; k < B ; k++)
sum += datalk+*cols + 1];

sun_norm[1l] = sum;
3
// Rest of the rovs...... col wise
const int seven_cols_up = 7*cels ;

for( int i = 0 ; i <= new_cols ; i++)
{

for( int j = 1 ; j <= nev_rows ; j++)
offset = i + j¥cols ;

sum_norm[offset] = sum_norm[offset - cols]
- data[offset - cols]
+ datafoffset + seven_cols_up ] ;

}
11---
point pt , best_so_far;

//cout << "HERERERERERREREREEREEEREE " << R << endl ;

for( int r = 0 ; r < rows ; r += 8)
for{ int c = 0 ; ¢ < cols ; c += 8)
{

offset © ¢ + recols ;

// Calc R
R =0 ; // Reset R.

for( int m = 0 ; m < 8 ; m++)
for( int n = 0 ; n < 8 ; n++)
R += »( mtn + offset + m + nscols );

//---Find mtn vectors----

pt c.r );
pos = 0;

0ld_MAE = MAX_QUT ;
position = R;
other_position = R - 1;

largest = { cols < rows ) ? rows : cols ;
//cout << ¢ << " " << 1T << endl ;////1111111/
for( int log = 0 ; log < largest/8; log++){
pos = 0 ;
for{ int i =1 ; i < log ; i++ )

pos++;
search_pos_x[pos] = c + ie8 ;
search_pos_yl[pos] = r + log=8 ;
// lover right hand cnr across
post+;

search_pos_x[pos] = ¢ - i*8 ;
uaarch_pou_y[pol] =r + log*8 ;
// lower right hand cnr across

pos+t;
search_pos_x[pos] = ¢ + i»8 ;
search_pos_y[pos] = r - log*8 ;
// upper right hand cnr across
pos++;

search_pos_x[pos] = ¢ - i*8 ;
search_pos_y[pos] = r - loges ;
// upper right hand cnr across

poatt;
search_pos_x[pos] = c + log*8 ;
search_pos_y[pos] = r - i*8 ;
// upper right hand cnr down

pos+t;
search_pos_x[pes] = ¢ + loge8 ;
search_pos_y[pos] = r + i*8 ;
// upper right hand cnr down

poB++;
search_pos_x[pos] = ¢ - log*8 ;
search_pos_ylpos] = r - i*8 ;
// lower right hand cnr dovn

pos++;
search_pos_x[pos] = ¢ - log*8 ;
search_pos_yl[pos] = r + i#8 ;
// lower right hand cnr dovn

search_pos_x[0] = c ;
search_pos_y[0] = r ;
// alvays search centre tile.

//cout << "gudvhicvihcvihcvgihve" << endl ;

for( int i = 0 ; i <= pos ; i++)
{
for{ int y = =4 ; y < 3 ; y++)

if( (search_pos_y[i]l + y) < 0) continue ;
else
if( (search_pos_y[il + y) > rows) break ;

for( int x = -4 ; X < 3 ; x+4)
{
if( (search_pos_x[i] + x) < 0) continue ;
else
if( (search_pos_x{i] + x) > cols) break ;

tile_offset = search_pos_x[i] + x +
( search_pos_y[i] + y)wcola ;

if( ((R - old_MAE) <= sum_norm[tile_offset]) &t
((R + 01d_MAE) >= sum_norm{tile_offset]))

new_MAE = MAE{ search_pos_x[i] + x,
search_peos_y[il + y,
c,r, Tef , mtn , cols , rows);

if( new_MAE < old_MAE)
{
best_so_far = point(search_pos_x[i] + x,
search_pos_y[1] + y );
old_MAE = nev_MAE ;
}olse

310



{

if( new_MAE == old_MAE)

test_a = ( best_so_far - pt).mod() ;
test_b = ( point(search_pos_x[i]l + x,
search_pos_y[i] + y} -

pt).mod();

best_so_far = ( test_a > test_b )
? point(search_pos_x[i] + x,
search_pos_y[i] + y)
best_so_far ;

if( old MAE < THRESHOLD) largest = log + 2 ;
// might be that a closer/ point exists

/~we=
«(vecs + counter )} = (best_so_far.x() - ¢) ; counter++ ;
»(vecs + counter ) = (best_so_far.y() - r) ; counter++ ;

gen_difference_block( best_so_far.x() - ¢,

}

124

1/

best_so_far.y() -~ r,
c,r,ref, mtn,
di, cols,rows) ;

}

/* Housekeeping stuff at EQFss»%/

conat int number_of _functions = 33 ;

struct function_date

{

H

char ename ;
void (s#function)(const unsigned char =,

const unsigned char =,

int =, int *, conmst int,
const int , conet int ) ;

const function_data functions_listed{number_of_functions] =

{

1/

e e N e e N R R e e R e W R e e I R e T L N T gy

“"Conjugate_Search" , conjugate_search},//////////1
“Cross_Search" , cross_search},

“Full_Search" , fsa },

"Modified_Conjugats_Search" , modi!i.d_conjugate_naarch},
“Modified_SEA" , modified_SEA },//////111171111/%
“Modified_SEA_v2" , modified_SEA_v2 },

“Modified TSS"” , modified TTS },
"One_Dimensional_Full_Search” , IDFS },
“pParallel_Hierarchical_One_D_Search” , PHODS },
"Sampled_Pts" , sampled_pts}, ////////10
"Subblock_Full_Search" , subblock_fsa} ,

"SEA" , SEA },

"TSS" , TIS },

"2Dlog.Search" , twoD_log.search 1},
“Cross_Pattern_Search" , CPS },///////////1%
"Plus_Pattern_Search' , PPS },

"Feature_Search” , feature_search},
“Modified_Feature_Search" , feature_search_2},
“PBIL", Pop_BIL},

“Monotony"”, Feature Monotony}, /////////20
“Modified_Monotony", Feature_Modified_Monotony},
“Conjugate_Directional_Search”, CDS},
"Four_Step_Search", Four_SS},

“New_DMD",new DMD }, //////////124
"Block_Based_Gradient_Descent_Search"” , BBGDS},//////25
“Prefiltered_Sampled_Points" , sampled pts_prefilt},
"Projection_Search", projection_search_ 2},//////27
“Dynamic_SW_Adjustment", DSWA_IS},

“Improved TSS" , Improved.TSS},

“Variance" , Feature_variancel},///////30

“Energy" , Feature_energyl},

"DCT" , feature_search DCT},

“Tile_search" , tile_search}///////33
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