













































































e SIMILARITY METRIC determines the merit or quality of match of the two images
as registered after transformation of the input image. The two images are hardly
ever perfectly registered, but a similarity metric such as an absolute difference of
the two images after transformation may indicate how well the images have been
registered. Note that taking the absolute difference between two registered images
is not always a good measure of the accuracy of registration, it is mentioned here

as one of the many options.

2.2 Reviewed materials

All image registration algorithms are combinations of instances of the four components
listed above. An algorithm design involves identifying a suitable feature space, deciding
on the necessary search space, navigating such a search space in the most efficient manner
and determining which of the transformations produces the best match using the appro-
priate similarity metric. The choice of each component to be used is primarily dependent
on the kind of images to be registered. A brief description of some registration algorithms
highlighting these components follows.

Fornano et al. [14] use intensity information in SAR images as the feature space. With
prior knowledge of SAR imaging, 2D translations and minimal scaling were chosen as
the search space. Fourier methods were applied for the search strategy and the similarity
metric was a measure of how well the spectrum of the two images aligned. The processing
in this algorithm is on the raw SAR data which is usually very huge (order of gigabytes).
The method is well suited for space-borne SAR images which suffer from the kinds of
distortions accounted for in the scheme, the processing however takes appreciable time.

Registering SAR images by modeling the sources of distortions in SAR imaging and
incorporating this in the SAR image processing scheme was attempted by Fernandes et al.
[12]. Estimated translation, rotations and scaling based on the knowledge of SAR image
acquisition scheme are included in the processing to compensate for the distortions. The
estimations/modeling are analogous to the search space and search strategy, the raw image
pixels serve as the feature space. A comparison of the spectrum of the registered images
serves as the similarity metric. The accuracy of the model for the distortions is crucial
to the accuracy of the registration scheme. The models may not always be accurate or
empirical, tracing the sources of errors in registration could thus be difficult.
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Baggs et al. [2] attempt to reduce the computation time and yet retain the accuracy in
registering images by using what they called a “Length code algorithm”. The length code
of objects in images is defined as the distance between the centroid of the object and the
object boundary, this is used as the feature space. Translational and rotational features of
the length code are used for the search space, the search strategy is an exhaustive search
over all the possible translations and rotations for all the objects identified in the images.
Geometrically measured translation and rotational errors between input and reference im-
ages are used as the similarity metric. Minimum matching errors with huge computational
gains were recorded for simulated image data. The validity of this for any real image reg-
istration problem was not shown. Non-existence of objects in parts of the images may

also result in errors.

Obtaining “Tie points” (accurately identified common points on both images to be regis-
tered) which is a step prior to obtaining a warping function which defines the relationship
between input and reference images is very difficult and even thought impossible by some
[15, Pg.1]. Goshtaby et al. [15] attempt to register images by segmenting the images in
question and finding the centre of gravity of similar closed segments in both images.
The established centre of gravity points in both images serve as the feature space, the
number of coefficients defined in the warping function/polynomial serve as the search
space as they represent translation, rotation, scaling and other distortions which need to
be accounted for to register the input/slave image to the reference image. Least squares
regression method is used to calculate the polynomial coeflicient and this serves as the
search strategy. The absolute difference of both registered images was used as a similar-
ity metric and also a test of the accuracy of the algorithm. Growe et al [17] also worked
in the same direction by attempting to solve the problem of accurately identifying “Tie-
points” as a feature space by using prior knowledge from GIS data to identify features in
images such as road intersections. Such points are identified through the use of defined
semantics which are to be satisfied. Such accurately identified points then serve as feature
space and registering the images follows a similar process as in the work done in [15] .
In both algorithms, the distortions that lead to misregistration are assumed to be global
and continuous over the whole image, this is usually not true for most images especially

remotely sensed images.

Le Moigne [31][32] introduces the dimension of parallel processing to image registra-
tion, parallelization itself is basically not an image registration issue but it creates new
possibilities in image registration algorithms. Raw pixel values are used as the feature
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space but a reduction in the data set is achieved by resolution reduction using wavelet
decomposition. The search space was a combination of rigid translations and rotations.
The search strategy is hierarchal - a large search space is navigated at lowest resolu-
tion and in larger “steps”, as the resolution of the same image is increased, the search
space is navigated more accurately (“finer” steps through) but is centered around the so-
lution found in the prior resolution level, this is repeated until the full image is aligned
as accurately as defined at full resolution. The algorithm was tested by applying known
translations and rotations to Thematic Mapper (TM) and Advanced Very High Resolution
Radiometry (AVHRR) images and the algorithm attempts to register these intentionally
mis-aligned images with the original ones. Accuracy results and timing gains resulting

from parallelization are recorded.

Chalermwat [7][6] extends on the algorithm implemented by Le Moigne [31] by reduc-
ing the search space. Genetic algorithms are applied such that the search even within
the defined search space is not exhaustive yet the ability to find the best match between
both images is not compromised. The algorithm is tested on more data in addition to
those in [31], including SAR images and images from Geostationary Operational Envi-
ronmental Satellite - (GEOS-8). Both algorithms have the great advantage of being able
to register multi-resolution images using wavelet decomposition, huge timing gains are
also recorded because of parallelization. Their tests are however on images in which
known translations and rotations are introduced, no tests were carried out in registering
non-simulated unregistered images. The algorithms are also limited to rigid, global and
continuous distorted images, this is usually not the case with remotely sensed images.
The algorithm is inappropriate for SAR images in particular.

The algorithms surveyed have some good features but none seems usable for SAR images
with typical image sizes in the order of a gigabyte and a complex combination of local
distortions. Some components of the algorithms are however extracted and modified for
use in the algorithm design of this dissertation.
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Chapter 3

Algorithm Theory,Design and
Implementation

3.1 Introduction

This chapter designs a parallel algorithm for the registration of SAR images. The four
basic considerations for any registration scheme earlier discussed are addressed, these are
made with specific relation to the nature of typical SAR images, the required accuracy for
SAR image post-processing and the most efficient parallelization schemes.

3.2 Centre Offset Module

3.2.1 Theory

The backscatter (amplitude/magnitude) from remotely sensed images may differ markedly
for the same image scene, this is usually due to Radiometric errors [6]. This is particularly
true for SAR images. The magnitude of the backscatter of the images to be registered is
not a good choice as a “feature space” as information in the images which is invariant
to illumination is required. Phase correlation which utilizes the phase information in the
images backscatter is used. This is achieved by using one of the properties of the Fourier
transform. The translational property of the Fourier transform (Shift Theorem) states
that, given two 1 — dimensional signals fi and f, which are functions of an independent
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variable z, and differ only by a displacement dz, i.e.

folz) = filz — da) (3.1

then the Fourier transforms F; and F; of the signals are related by

Fy(wg) = e ¥@=d) By (w,) (3.2)

where | Fo(w,) = Fi(w,) |

The two displaced signals thus have the same Fourier transform magnitade but differ in
phase. This phase difference can be shown to be directly related to the displacement
dz. Computing the normalized cross-power spectrum of the two signals and then taking
the inverse Fourier transform of this, we obtain a signal which is approximately zero

everywhere else except at the point at which the signals are spatially displaced.

Fi(we) P (We)  _ (uuaa)
Fiwn)Fs(ws) | © (3.3)
Pt} = da (3.4)

The 1 — dimensional displacement dz is thus obtained. This is easily extended to 2 —
dimensions for images as shown in Equation 3.5.

Fi{eWedewn )} = (dg, dy) (3.5)

where F (w,) is the complex conjugate of F(ws).

Rigid 2 — dimensional translation distortion in one image with respect to the other can
be obtained using this method. This method for finding the franslation in one image with
respect to the other is immune to noise limited to narrow bandwidths, it is relatively scene
dependent and its accuracy is only affected by significant white noise [5, Pg. 346]. Thus,
given two images A and B of the same scene, rigidly mis-aligned as shown in Figure 3.1a,
the phase correlation method as described above will indicate the displacements dz and dy
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Figure 3.1: Rigid Translation in one image with respect to the other

Note that this has to be done with the prior knowledge that the images at least have some
common points, an application of the method to images as shown in Figure 3.1b will
not be valid as the two signals are completely uncorrelated, this will be indicated by the
normalized Cross-correlation (CC) value e+@«v%) which ranges 0 < CC < 1. This is
a figure of merit for the result of the phase correlation method for specific images(signals)
and would be approximately zero for uncorrelated images.

Also, as rotation and other distortions earlier mentioned are not accounted for, the offset
calculated for the images will be crude, this only serves as a first step to register the
images, other distortions will be accounted for in the algorithm. For space-borne SAR
images, (eg. ERS images), rotation in images of the scene acquired by antennas on the
same platform is usually less than 5° [45], this is minimal, and the result of the initial
offset calculated using the phase correlation method will be a valid crude estimation.

3.2.2 Implementation

Typical SAR images are of size 1GB (2048 4nge-pins) X 26, 000(gzimuth—tines)) Samples,
each represented by 8bytes(complex float) , this makes performing the phase correla-
tion as described for the whole 2 — dimensional image impracticable for many comput-
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Figure 3.2: Sub-image A’ and B’ extracted from the centre of images to be registered.

ing nodes and for most purposes, this is unnecessary. Again, a prior knowledge of the
estimated displacement of the images in question in the 2 dimensions is needed. This
determines the size of the sub-images to be extracted from the centre of the images as
shown in Figure 3.2 for the crude calculation of the displacement (offset) of one image

with respect to the other in both dimensions.

The magnitude correlation method should then give a crude indication of how the whole
images are translated with respect to each other. Typical worst case scenario translations
for ERS SAR images are 1000 pixels in the azimuth and 50 pixels in the range [45], typical
centre size extracted for the offset calculation 18 512 ange—sampies) * 1024(azimuth—tines)
samples, these sizes could be changed depending on prior knowledge of the translation

between images to be registered.

Details of the implementation are:

e Extract centre patches from both (Master and Slave) images.

e Obtain translation(offsets) in both dimensions as described. Store offsets in both

axes for further use.

Note The plots as shown in Figures 3.3 and 3.4 are “folded over”, that is, these are mirror
images of the original. Thus, the translation is (z — dz,y — dy), the obtained
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Figure 3.3: Plots of Offsets obtained from magnitude correlation of 2 images of size
j 1024 = 512 samples
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Figure 3.4: Zoomed-in plots showing offsets in both dimensions
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translation from the plots shown are (512 — 437 = 75) pixel samples in the range(x)
and {1024 — 924 = 924) in the azimuth(y).

The 3 — dimensional plots of the result of phase correlation between a SAR image and
a second which is obtained by pre-shifting the original image in the two dimensions is
shown in Figure 3.3, zoomed-in views (Figure 3.4) show the exact translations in the
range(x) and azimuth(y). The translations obtained here are at best (assuming no rotations
or any other distortion) accurate to 1 — resolution cell. The second image was obtained
by shifting the original image by 75 pixel samples in the range(x) and 100 pixel samples
in the azimuth(y).

3.3 Tie-point Offset Module

3.3.1 Theory

Application of the calculated centre offset to the displaced image will register the images
accurate to 1 — resolution cell at best. The rigid translation of one image with respect to
the other may not be global, thus, the centre offset calculated may not be valid all through
the images. Also, the accuracy of registration to 1 — resolution obtained is not adequate
for SAR/INSAR applications [34][45].

After the crude offset is applied, a regular grid of “Tie-points” are defined all through both
images in question, this is done to obtain the offsets between the images at these specific
regions in the images. Generally, the higher the number of Tie-points defined, the higher
the probability of the accuracy of the warping function determined from the offsets at
these points, this is because there is more statistical information, and the data is generally
more representative [5, Pg.353]. The lower limit on the number of Tie-points in the range
axis for ensuring accurate results for SAR images is deduced in [45].

A patch of the image is then extracted around each defined Tie-point on the Slave and
Master images. The size of the patch to be used for the local correlation is variable, a size
of 64 x 64 samples in both axes has been determined to produce accurate results for SAR
images with normalized cross-correlation greater than 0.2 [20].
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The extracted patch is interpolated by zero-padding of the signal in the frequency domain.
An interpolation by a factor of 8 ensures that the local offset calculated is accurate to 1/8
of a resolution cell of the image, this is required for SAR/INSAR applications [46]. An
example of interpolating 4 x 4 samples in the frequency domain by a factor of 2 is shown.
The same interpolation scheme for a 64 x 64 sample image patch will resultina 512 x 512
samples patch for the local correlation.

z z 0000z z
z z 0000 2z z
0 0000O0GO0OQ
0 0000COGO0ODO
0 000O0CO0ODO
6 0000CGO0CO0CO
z x 0000 2z =z
z xz 0000z =z

Note z represents the image sample in the frequency domain

The local offset is then calculated using the magnitude correlation method as described in
Section 3.2.

3.3.2 Parallelization

The numerous offset calculations can be done in parallel, the results are then collated for

use in subsequent calculations.

The two images are divided equally amongst the computing nodes, this ensures that the
number of local offset to be calculated on each computing node is the same. Since the
processing to be done is at the pixel (low) level [9], the load balancing for this task is

trivial.

Consideration is given for the size of the RAM on the computing nodes. Depending on
the size of this, it may be necessary to send the portions of the images multiple times.
A protocol is also established for file access by the computing nodes as they load their
assigned portion of the image into memory for processing, this is necessary because only

one node can access the image files at once. A node loads its image portion for processing
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into memory then sends a confirmation to the spawning (controlling) node when it is done,
a signal is then sent to the next node to perform the same operation until all of them have
done this.

3.3.3 Implementation

e Divide images (equally to the last row) using Column/Rows method [49, Pg. 102]
among the computing nodes.

e Apply crude centre offset to slave image

e Load assigned portion of images into memory and send confirmation signal to
spawning (controlling) computing node.

¢ Computing nodes perform the following tasks:
—~ Define Tie-point positions.

— Extract image patch around Tie-points.

— Interpolate, do magnitude correlation and obtain 2 — dimensional offset for
each image patch.

-~ Record Tie-point Offsets, signal to spawning computing node when done,
send Tie-point offsets to spawning computing node for further processing.

3.4 Warp Module

3.4.1 Theory
As stated in Section 1.1, the main objective of registration is to obtain the relationship

between the two images in question; what function applied to a slave image will warp it
to a reference master image. The warping process can be divided into two:

3.4.1.1 Calculation of warping Co-efficients

There is no prior knowledge of the exact nature of the relationship between the slave and
the reference image, this is usually represented by a general polynomial [5, Pg. 353][23].
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For the reference image with sample co-ordinates (z, y), the corresponding sample posi-
tion on the slave image to be warped is (z', 3'). The relationship between the co-ordinates
may then be of the form

7' = a, + @17 + agy + a3y + asx? + a5y’ + s Y e (3.6)
Y = by + bz + boyy + bazy + baz? + by + bz Y (3.7)
where ay, as....... bi,boo ... are the warping co-eflicients which are the unknowns in the

polynomial. When these are obtained, the positions 2,4’ can then be calculated for all

z, Y.

The order of the general polynomial chosen is a trade-off between accuracy and speed.
Generally, the higher the order of the polynomial, the better the accuracy of the warping
function. Higher order polynomial functions may however be unpredictable and usually,
the limit is the 3rd order [23][35]. Also, higher order polynomials give better warping
accuracy around the Tie-points but large warping errors may occur at positions far away
from the Tie-points [35]. A single order polynomial is chosen for this warping function,
this accounts for translations, rofations, stretch, shear and scaling which are the typical
distortions which may occur in SAR images. The polynomial used is:

z' = a, + 617 + apy + azTy (3.8)

y = b, + bz + by + bazy 3.9)

Linear regression approximation method is used to determine the values of the co-efficients;
the polynomial is fitted to the data provided by the offsets from the Tie-points by min-
imizing the error for each data point from the function defined by the polynomial. The
minimum number of Tie-points data required to obtain the warping co-efficients is the
number of co-efficients to be calculated, in this case, many more Tie-points are used in
practice as earlier mentioned.

The least square regression method applied is weighted, that is, a figure of merit (in this
case the Cross-correlation C'C' ) is used to determine what statistical contribution the
data from each Tie-point offset makes in the linear regression approximation. Generally,
the higher the value of the CC, the more reliable the offset results obtained from the
magnitude correlation method. Temporal de-correlation in SAR images are due to bodies
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of water on the images, layed-over regions etc.[46][29], the offsets obtained from these
regions are not reliable, the CC values are very low (= 0) and they make little or no
contribution in the regression approximation. The matrices used for the calculation are of
the form:

4y T [ %o ToYo |
/ Qg
T L & oy Tt
‘ ‘ 5]
=1 | | | * (3.10)
ag
Lo 1 | o
. '7;;;-1 i 3 1 ZTp—-1 Yn—1 Tn-1¥Yn-1 i
"’wo g — - -
0 wy - - o
W= 1 [ | | |
N I I
(0 0 0 0w |

where n is the number of Tie-point offset results used, and W is the weighting matrix in
the curve fitting process (GNU Scientific Library http: //sources.redhat . com/
gsl/ref/gsl-ref toc.html). A similar matrix is formed for y' to solve for the
co-efficients by, by, by and by .

34.1.2 Warping

The calculated values of the co-efficients are used to create a third image (warped image)
by calculating the positions for the samples on the slave image as represented on the
reference image using Equations 3.8 and 1.9. The corresponding sample pixel positions
to be read from (z’, y') may be:

¢ 2’ and ¢/’ are integer values:-use exact image sample represented at this position in
the slave image on the warped image.

e 2’ and or ¢ fall outside the range of the image:- set the value of the sample position
in the warped image to zero(0).

e 1’ and or ¢ is/are non-integer value(s):- the pixel position to be read from is not
defined on the slave image(see Figure 3.5). It has been determined that the 6 — point
cubic interpolation method is the best way for computing the value which will be
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represented in pixel position for SAR images [24][4]. This method is employed
for all the positions that fall in this group. The 2-dimensional 6 — point cubic
interpolation is achieved by applying the following function

2 2 . .
0z, 0)=3 3 iapimu (‘” }ff"”) u(g ,f“m) G.11)
% ¥

l=—1 m=-1
WS 41 0<s|<1

MOEREEEL i L Y (3.12)
0 2<|s|

where u is the interpolation kernel, (z, ) is a point that falls in the rectangle whose ver-
tices are defined by [z;, £;41]X [¥k, Yk+1],hy and h, are the z and y sampling increments
(both = 1 in this case), and j, k, | and m are dummy variables used as counters [24].

y
i

Calculated value (x°,y)

falling on non-integer values

| and needing interpolation

Y to determine sample values to be

represented on warped image.

\\Sample positions on slave
image represented by

integer values (x’,y’)

=X

Figure 3.5: Diagram showing need for interpolation after applying warping function

3.4.2 Parallelization

The calculation of the warping co-efficients is intrinsically serial.
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The actual warping (and interpolation when needed) is parallelized. The slave image
to be warped is divided amongst the computing nodes, load balancing, file access and
limitations of available RAM considerations are made as described in Sub-section 3.3.2.

f Rotation

.T.Wc,_,..

X

Reference Image Stave image with

offsets in both axes and minimal rotation.

a= portion of image  in reference image whose samples x,y, are to be located in the slave image
b= portion of image in slave image equal to the same size in reference image

b =portion to be added (in number of rows) to the portion of slave images sent to be warped
in order to preserve edge information

The sample located at (x,¥) in the reference image will be located at (x°,y") in the slave image

Figure 3.6: Typical ERS SAR translation and rotation distortions

The new pixel positions of the samples on the slave image to be represented on the warped
image depend on the obtained warping function and are not known prior to the actual
warping. It is thus necessary that the portion of the slave image sent to each computing
node is greater than the portion of the image to be warped. This takes account for the
edge effect [8][10][49]. How much more has to be sent is determined on the basis of the
initial calculated centre offset plus some more to account for rotation and other distortions

reflected in the final warping polynomial used.

In this algorithm, the portion of the slave image to be warped plus twice the number of
rows calculated as the azimuth centre offset is assigned to each processing node. This is
based on the envisaged worst case rotation in SAR images (see Figure 3.6) and should
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ensure that no information is lost at the edges of the adjoining image portions sent to the

different computing nodes for warping.

3.4.3 TImplementation

3.5

Calculate warping co-efficients using results from Tie-points offset calculation.

Divide slave image as in Sub-section 3.3.3. Add (2 * azimuth — centre — of fset)
rows to the size of the slave image to be loaded into memory by the processing
nodes.

Access file and load assigned image portion into memory. Observe file access pro-
tocol as described in Sub-section 3.3.3.

Obtain sample value, (interpolate when needed) from slave image for new position
m warped image. Do for each pixel position on the reference image to produce

warped image portion on each computing node.

Send signal to spawning (controlling) node when done, controlling node ensures
file access protocol, and proper assembly of the different image segments.

Algorithm Summary
The magnitude correlation technique utilizes the phase information in the backscat-
ter of the SAR images to be registered, this is the Feature space.

The search space is ultimately determined by the distortions (translations,rotation,

shear) accounted for in the determined warping polynomial.

The search strategy involves an initial crude centre-offset calculation, followed by
a more accurate Tie-point offset calculations, and the determination of a warping

polynomial based on this.

The similarity measure will be mentioned under the discussions on accuracy.
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Figure 3.7: Algorithm Flow Diagram
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3.6 Conclusion

The algorithm thus designed based on theoretical and practical considerations will be
implemented and tested to determine its effectiveness for the required purpose
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Chapter 4

Implemented Algorithm Tests

4.1 Introduction

The parallel algorithm designed in Chapter 3 is implemented in C language on a parallel
cluster of 6 processing nodes {all processing nodes with the same configuration- pentium
11 350M hz processor with 512 M bytes RAM) with the Linux operating system installed
on all processing nodes. The Parallel Virtual Machine (PVM) is the middle-ware for
communication and other parallel processing constructs.

The images used for testing the implemented algorithm are tandem images of Cape Town,
South Africa obtained by the ERS satellite, the images relevant parameters are listed
in the Appendix. The raw images obtained by the satellites were processed into fully
focused SAR images. Test images were then extracted from both images to be registered.
Figure 4.1 shows the full image and an approximate area extracted from both images for

registration.

This chapter discusses the results under two major headings of accuracy of the registration

and timing results.

4.2 TImage Registration Accuracy Tests

The GAMMA SAR processing software (GAMMA Remote Sensing Research and Con-
sulting AG http://www.gamma-xs.ch/) is a well used commercial SAR process-
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Figure 4.1: Cape Town ERS SAR Image showing extracted portion for registration
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ing software. One of the functions it is capable of is the registration of fully focused SAR
images which is what the algorithm implemented in this project does. The result of regis-
tering the test images using the GAMMA software is used as a benchmark for assessing
the accuracy result of the algorithm as implemented in this project. The comparison is
both qualitative(visual inspection) and quantitative.

4.2.1 Qualitative Measure

The quality of interferogram images [46] formed from registered images of the same scene
is a measure of how accurately the images have been registered. The quality of this also
depends on other parameters, especially the imaging baseline (see 1.1)[38]. However, for
the same set of images registered by different algorithms, the quality of interferogram is
a valid basis for comparison. Inaccurate registration results in interferometric noise - ran-
dom nature of the phase plots over a region resulting from non-coherence and non-clarity
of interferometric patterns resulting from such phase plots where they exist. Properties to
look for in interferogram images formed from accurately registered images are:

® Appearance of interferometric patterns such as “contour-like” lines where there are
height changes (for example mountains) on the images.

e Clarity of these patterns.

The quality of both of these are an indication of the values of the correlation co-efficient
(CC) of the registered images

Figure 4.2 shows the original extracted images and the resulting warped (registered) slave
image using the GAMMA software and the implemented algorithm. The reference master
image does not change.

The regions with contour lines on the interferograms shown indicate regions of height
changes, for example due to mountains (this may be apparent from the original images
Figure 4.3). The interferograms in both cases show good visual similarity in all regions.
Based on the formed interferograms from the registered images, the implemented regis-
tration algorithm compares well with the GAMMA software.
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(b) Extracted portion of Slave Image (25388.slc)

Figure 4.2: Original extracted images for registration and the resulting registered images
using GAMMA and the Implemented Algorithm
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(b) Registered Slave Image Using Implemented algorithm

Figure 4.3: Registered Slave Images using the GAMMA and Implemented algorithm
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(a) Interferogram from images registered by GAMMA

(b) Interferogram from images registered by implemented algorithm

Figure 4.4: Flattened Interferograms formed by images registered by GAMMA and the
implemented algorithm

Colour code: Blue (0) -> Light Green(27)



Figure 4.5: Coherence Map showing the regions whose average values are compared
Colour Code: Blue (Lowest CC) -> Yellow (Highest CC)

4.2.2 Quantitative Measure

The quantitative measure of accuracy of registration is the coherence co-efficient (CC)
3.2. A single figure such as the average coherence co-efficient over a whole image may
however not be a valid indication of how well the images in question have been registered.
A good example of situations for which a single average value will not be valid is found
in images for which a large region of the images have non-coherent backscatter due to the
nature of the scene being imaged, eg. bodies of water. This will result in a low value of
CC (tending to 0 on a per unit scale of 0 < C'C' < 1) over the whole image. This may
hide the fact that small but relevant regions of the images are accurately registered with
relatively high values of C'C . For the purpose of quantitative comparison of the imple-
mented algorithm and the GAMMA software, the average C'C values are computed for
different regions of the generated coherence co - efficient maps. The regions considered
are as marked in Figure 4.5.

As is shown in Table 4.1, the C'C average values of the regions marked in Figure 4.5
compare well. Note the C'C' values for region A which is a body of water, the average CC
value is very low as expected, if this region formed a larger percentage of the images, it
will be an example of the earlier described possible situation and will justify the argument

for marking specific regions for comparison. The body of water is however a relatively
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Table 4.1: Average Coherence Coefficient values ( on a scale of 0 — 1 ) for marked
regions on the Coherence map in Figure 4.5

| Region GAMMA | Implemented Algorithm

A 0.155 0.156

B 0.366 0.381

C 0.507 0.514

D 0.464 0.470

E 0.414 0416

F 0.463 0.448

Whole Image 0.347 0.350

Whole Image (without water region A) | 0.367 0.370

small percentage of the whole image and the average CC value over the whole image is
thus a valid measure in this case.

Based on the averaged CC values over the marked regions, the implemented algorithm
registers the images in question at least as accurately as the GAMMA software.

Note that numerous parameters can be changed in the process of registering images using
the GAMMA processor in a bid to obtain the best accuracy possible. The parameters
set for the registration used as a bench mark here were chosen with a bid to get the best
registration accuracy possible, this information was obtained by consulting the GAMMA
software reference manual and also from consultation with colleagues who have wide

experience in the use of the software.

4.3 Timing Results

Even though the underlying principles for registering images using the GAMMA software
are very similar to that employed in this project, the exact nature of the relationship be-
tween the numerous sub-tasks cannot be established, this makes exact timing comparison
impossible. The GAMMA software’s parameters were however set to make the tasks per-
formed to do the registration to be very similar to the tasks performed by the algorithm.
The GAMMA software was found to be slightly faster than the implemented algorithm
on a single processing node. (Average time for GAMMA processor = 8687seconds ,
Average time for implemented algorithm = 8700seconds ). The time difference aver-
age = 13seconds represents a minute percentage ( & 0.15% ) of the total time taken
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for the processing. The total time taken for the image registration process is measured

for different numbers of processing nodes (n). The tasks carried out in each case is the

same. The same test is carried out for each number of processing nodes four (4) times

to ensure statistical validity. Table 4.2 shows a total time budget for each number of

processing nodes for the identifiable tasks in the registration process. A summary of the

budget, logically categorizing the different tasks into four(4) groups - (i)Parallel process-

ing, (ii)Serial processing, (iii)l/O and System overhead and (iv)Imbalance are shown in

the Tables adjoined to the plots in Figures 4.6 and 4.7 which show the plot of time results

in seconds and as percentages of a whole.

Table 4.2: Average values of recorded time for the different tasks that make up the regis-
tration process. All recorded values are in Seconds.

 Tasks I Node |2Nodes | 3Nodes | 4 Nodes | 5 Nodes | 6 Nodes |
Extract Centre (I/0) 0.25 0.25 0.25 0.50 0.25 0.25
Centre Offset Calcula- | 23.50 23.50 23.50 23.25 23.25 23.50
tion (SC)
Register ~ Processing | 6.75 7.25 7.25 7.00 7.00 7.25
Nodes (SO)
Part of Tie-point Offset | 3.75 3.50 3.50 3.50 3.25 3.75
Comp.(I/O & SO)
Part of Tie-point Offset | 8700.70 | 4361.50 | 2901.00 | 2180.67 | 1738.00 | 1444.70
Comp. (PC)
Part of Tie-point Offset | 1.00 0.50 0.25 0.75 1.67 2.00
Comp.(VO & SO)
Part of Tie-point Offset | 0.00 0.50 0.00 1.00 0.50 1.00
Comp.(Im)
*Compute Warping Co- | 0.00 0.00 0.00 0.00 0.00 0.00
efficients(SC)
Part of Warp Slave Im- | 1.00 1.00 1.00 1.00 1.00 1.67
age(l/O & SO)
Part of Warp Slave Im- | 97.00 50.50 34.00 25.25 21.00 16.50
age (PC)
Part of Warp Slave Im- | 2.00 3.00 2.50 3.25 3.50 3.50
age ('O & SO)
Part of Warp Slave Im- | 0.00 0.50 1.00 0.50 0.50 0.50
age(Im)
Total 8835.95 | 4452.00 | 2974.25 | 2246.17 | 1799.92 | 1504.12

/O:Input-Output  SC:Serial Computation
Im:Imbalance
* The four averaged values were much less than 0.00 seconds

SO:System Overheads
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(a) Percentages of time spent on different categories for different number of processing nodes

Figure 4.6: Plots showing the time budget for the registration process
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Figure 4.7: Percentage of Time taken by different Categories of the processes
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The main focus of any parallel algorithm design is the maximization of the percentage
of the time taken for parallel processing and as a result minimizing the time taken for
the other listed 3 categories. This ensures that the processing nodes “enrolled” in the
parallel cluster are actually processing for most of the time and not losing idle CPU cy-
cles(processor utilization). This determines the overall efficiency of the parallel system
and thus indicates justification for the parallelization scheme(or otherwise).

4.3.1 Load Imbalance

1.6
14

1.2

0.8 ——Imbaance

0.6

Time in Seconds

04

0.2

0
1 e 3 4 5 5

—e—Imbalance C 1 1 1.5 1 1.5
No. of Processing Nodes

Figure 4.8: Plot showing extra time overhead due to load imbalance

As earlier explained, the tasks performed in parallel - tie-point offset calculation and im-
age warping are at the low level (pixel level) and are evenly distributed 3.3.2. This ensures
that the computing load distributed amongst the computing nodes are well balanced.

The recorded average values of imbalance for all values of n are very low (= 0 seconds),
they seem random, following no particular trend and cannot be attributed to any identifi-
able specific cause.
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The time lost as a result of imbalance in load on processing nodes for this implemented
algorithm as a percentage of the total time taken for the processing is negligible for all
values of n and can be ignored.

4.3.2 Communication versus Computation

10000

Qo000

8000

7000

6000

—— Computation
5000 —a— Communization
communkation:computation

4000

Time in Seconds

3000
2000

1000

1 2 3 4 5 6
—e— Computation 86822.5 | 4436.5 | 2959.5 (2230.75|1763.25| 14835
—a- Communication 9.00 1525 [ 1475 | 1550 | 1667 | 18.42

communication:comput |0.00102 | 0.00344 [ 0.00408 [ 0.00665 (0.00035 | 0.0124
stion

No. of Processing Nodes

The plots of communication and communication:computation are hardly distinguishable
because of their relatively low values, the adjoining table however shows the values

Figure 4.9: Plots showing the communication:computation ratio as the number of pro-
cessing nodes is scaled

An objective of all parallel algorithm is to reduce the communication : Computation ratio.
The time taken for I/O and the accompanying system overhead are shown in the adjoining
table to the plot shown in Figure 4.9, the Figure also shows the communication : computa-

tion ratio ( this is hardly distinguishable from the plots for the communication, the values
are shown in the adjoining Table ). As is expected, the ratio is recorded as increasing as
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7 is increased - the more the number of processing nodes, the more time is spent on I/O
and system overheads.

A great percentage of the time in the I/O and system overhead category is accounted for
by the time taken to “enlist” the processing nodes in the parallel cluster (see Table 4.2),
this is a function of PVM and is unavoidable. The time taken for file /O and information
exchange between the processing nodes is almost negligible.

Overall, the communication : computation ratio is very low, the time taken for /O and
system overheads as compared to the time taken for actual computation for this imple-
mented algorithm is almost negligible.

4.3.3 Serial versus Parallel Computation

If the time taken for intrinsically serial computation accounts for a relatively high per-
centage of the whole processes, parallelization of the algorithm may not be justifiable.
For example, by Amdahl’s law, the maximum obtainable speed-up by parallelizing an
algorithm is given by
n
S= ——2— 4.1

1+{n+1)f @1

where f is the serial fraction of the parallelized algorithm and 7 is the number of process-

ing nodes.

Applying this law, an algorithm with a serial fraction of 5% has a maximum speed-up of
20 if the remaining 95% are completely parallelized. This is the upper limit for the speed-
up irrespective of the number of the number of processing nodes employed in performing
the tasks. Note that Amdahl’s law makes a number of assumptions which are not valid for
all situations [1], the concept of a rapid decrease in achievable speed-up as intrinsically
serial parts of an algorithm increases is however valid for all cases.

For many parallel algorithms (as in this case), the time taken for the serial computation
is higher than that for I/O and system overheads and time lost due to imbalance in the
computational load on the processing nodes. It is seen that the percentage of the serial
computation as a part of the whole process increases fairly rapidly as n is increased ( note
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Figure 4.10: Plots showing Time for Parallel and the Serial Computation and the Paral-
lel:Serial ratio
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rapid drop in parallel:serial computation ratio in Figure 4.10 ), this is the main consid-
eration for the upper limit of n to employ for processing and still maintain reasonable
efficiency, it determines how scalable a parallel algorithm implementation is. The greater
percentage of the time taken for the serial computation is accounted for by the time taken
for the centre offset calculation ( see Table 4.2 ), this will be given further considerations
under discussions of Speed-up and Scalability in Subsections 4.3.4 and 4.3.5.

4.3.4 Speed-up (S)

As a bench mark for assessing the recorded speed-up as n is scaled, a theoretically derived
maximum speed-up is used. The underlying assumption in deriving the Gustafson-Barsis
law is that the serial portion of the algorithm does not change for different sizes of the
algorithm [18], this is valid for this particular algorithm as the time for the serial com-
putation is accounted for by the centre offset calculation and it remains constant for all
sizes of the problem. The derivation also assumes that the I/O and system overheads are
negligible, this is also valid for this algorithm (see Subsection 4.3.2). If the time spent for
the total processing on n computing nodes is

T=t,+1, 4.2)

where ¢, is the constant time taken for the serial portion and %, is the time taken by n
processors to complete the parallel portion, then the time taken by 1 processor is

T =t,+nt, (4.3)
and the speed-up S is given by
ts - ni
G = -5 P 4.4

if for simplicity we set ¢, + 1, = 1, then,

S =ts+nty =t +n(l —t,) 4.5)

This is the Gufstafsons-Barsis law.
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