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Abstract

Satellite imagery for 2011 earthquake off the Pacific coast of Tohoku has provided
an opportunity to conduct image transformation analyses by employing multi-temporal
images retrieval techniques. In this study, we used a new image segmentation algo-
rithm to image coastline deformation by adopting graph cut energy minimization frame-5

work. Comprehensive analysis of available INSAR images using coastline deformation
analysis helped extract disaster information of the affected region of the 2011 Tohoku
tsunamigenic earthquake source zone. We attempted to correlate fractal analysis of
seismic clustering behavior with image processing analogies and our observations
suggest that increase in fractal dimension distribution is associated with clustering of10

events that may determine the level of devastation of the region.
The implementation of graph cut based image registration technique helps us to de-

tect the devastation across the coastline of Tohoku through change of intensity of pix-
els that carries out regional segmentation for the change in coastal boundary after the
tsunami. The study applies transformation parameters on remotely sensed images by15

manually segmenting the image to recovering translation parameter from two images
that differ by rotation. Based on the satellite image analysis through image segmen-
tation, it is found that the area of 0.997 sq km for the Honshu region was a maximum
damage zone localized in the coastal belt of NE Japan forearc region. The analysis
helps infer using matlab that the proposed graph cut algorithm is robust and more20

accurate than other image registration methods. The analysis shows that the method
can give a realistic estimate for recovered deformation fields in pixels corresponding
to coastline change which may help formulate the strategy for assessment during post
disaster need assessment scenario for the coastal belts associated with damages due
to strong shaking and tsunamis in the world under disaster risk mitigation programs.25
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1 Introduction

The pacific coast of Tohuku in Northeast (NE) Japan has experienced past damag-
ing inter-plate earthquakes due to heterogeneous rupture dimensions that overlap one
after another (Nagai et al., 2001; Mishra et al., 2003). Studies by Mishra et al. (2003) re-
vealed that the zone of the 2011 Tohoku tsunamigenic earthquake has a history of sev-5

eral past damaging scenario due to strong earthquake shakings and havoc tsunamis.
Nagai et al. (2001) produced a comprehensive map of rupture distribution of past
damaging earthquakes that showed overlaps of a mega-thrust earthquake of mag-
nitude Mw 9.0 with the 1897 Miyagi-oki earthquake and the 1989 Sanriku earthquakes
(Mw 7.5), in vicinity of which the 11 March 2011 tsunamigenic Tohoku earthquake10

rocked the coastal belt of NE Japan forearc region (Mishra et al., 2003; Mishra, 2004).
The earthquake was located about 130 km east of the Sendai and about 430 km north-
east of Tokyo (USGS, IRIS). The earthquake was so powerful that a killer tsunamis
wave generated upto several meter heights that caused a huge devastation in the en-
tire coastal belts of Miyagi, Fukusima and Sendai city of Northeast Japan. This is the15

greatest earthquake so far recorded in the history of Japan seismology. Maximum dam-
age was reported by several agencies of Japan and overseas to show the damage in
the coastal belt of NE Japan was mainly due to tsunamis and the subsequent fire that
broke out due to strong shaking and tsunamis. There is a report on nuclear emission
and leakage after the mega-thrust earthquake. This earthquake was associated with20

tremendously high seismic moment that was capable to displace the original location
of the northeast part of the Honshu Island.

In order to quantify the precise deformation region, a homogenous field for analysis
of devastation to surroundings is essential for monitoring an energy dissipation field
which in this scenario is the satellite imagery. The robustness of the satellite images25

lies in the ability to be acquired globally in any time frame for feature based (Brown,
1992) and intensity based (Zitova and Flusser, 2003) analysis of the different segments
in the image. Particularly, the physical identification of the changes involved for objects
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– a task involving image segmentation analysis constitutes an essential issue for data
analysis from satellite prospection. In fact, image segmentation can be understood as
the process of assigning a label to every pixel in an image, the same label represent the
same object. A graph cut image registraion technique has been proposed for extraction
of damage region along the coastline and the results compared with fractal distribution5

models for damage information along the coastline of Tohoku. Automatic extraction of
shoreline features from aerial photos has been investigated using neural nets and im-
age processing techniques (Liu et al., 2011). The proposed study formulates a robust
image information retrieval for the satellite imagery (Aubert and Kornprobst, 2006) to
conform by delineating and labeling regions of interest (ROIs) on the reference image.10

The remotely sensed Advanced Synthetic Aperture Radar (ASAR) imagery acquired
on 2 November 2010 as shown in Fig. 1a, representing the scenario of the coastal belt
of Sendai prior to earthquake, while Fig. 1b showed the post tsunamigenic earthquake
damage scenario of the region acquired on 21 March 2011. These images have been
retrieved and diagnosed in the same visualization framework for change of pixel anal-15

ysis for point by point correspondence mapping of disaster zones can be very useful
to determine essential relations between the fractal value and damage level (Schubert
et al., 2008). Analysis of the image transformation by non rigid registration schemes
can detect the associated crustal deformation during the earthquake occurrence and
termination phase (Thevenaz et al., 1998) presenting analysis of geometry of the rup-20

tured fault and the energy released by the earthquake (Puymbroeck et al., 2000). The
ASAR images are highly effective for large scale disaster analysis as it is free from cli-
matic perturbations for any region unlike optical images from Advanced Space-borne
Thermal Emission and Reflection Radiometer (ASTER) (Yamaguchi et al., 1998) sen-
sors. ASAR imagery is applicable in remote sensing because of its robust applications25

having enhanced geometric correction accuracy.
The utilities of such studies in satellite image analysis for intensity and feature

based extraction from remote sensing in multispectral classification are well docu-
mented in several fields, such as environmental monitoring studies, change detection
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and weather forecasting (Radke et al., 2005; Holia and Thakar, 2009). The graph cut
minimization framework as described in Boykov et al. (2001) is appropriately resolve
detection of a phenomenon of a certain dimension, considering it as a registration
problem. A formulation for region wise segmentation technique (Meng et al., 2011) in
this framework may guide the minimization process towards a solution influenced ex-5

ternally. The outcome may provide collective information to a geo-analyst a scenario to
utilize regional segmentation method for disaster analysis through remotely acquired
satellite imagery for earthquake model. This approach can be used as a potential tool
for post disaster loss assessment by policy makers, administrators, disaster managers
to get a feedback for future investment purposes.10

2 Methodology of pre-process and data retrieval

Most of the nature phenomena exhibit fractal characteristics (Sun et al., 2006; Chen
and Chen, 1998), so fractal modeling of natural surfaces can play an important role
in remote sensing for interpretation of surface physical phenomena. Image registration
scheme has been analyzed by defining a motion for every pixel in the image. Data ele-15

ment set P representing the image pixels has a neighborhood for a set N representing
all pairs {p,q} of neighboring elements in P . In other words, the pixel sitting at a posi-
tion p(k) on the original image is known to have moved by f (k) on the second image
for a significant space window. If “A” be a vector specifying the assignment of pixel
“p” in “P ”, then each “Ap” can be either in the background or the object. “A” defines a20

segmentation of “P ”, displacement label (vector) is assigned to each pixel in the source
image to indicate the corresponding position in the floating image.

The image segmentation analysis in the proposed study has been categorically
distributed into the following steps (a) preprocessing the satellite imagery for analy-
sis, (b) image registration technique for minimization of mismatch between two im-25

ages, (c) extraction of the optimal transformation from registration by calculating dis-
placement of each pixel for energy minimization between two images, (d) regional
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segmentation obtained from the various transformations produced by the different re-
gions. Monitoring a process over a specific time or a long period needs a homogenous
long data series statistical moments, can also be used to complement the characteri-
zation of the texture of geographical regions for spatial resolution analysis.

2.1 Image registration5

An image registration technique developed here involves analysis of intensity of pixels
extraction algorithm by precisely making a point to point correspondence for two (or
more) images of the same area through geometrically aligning common features (or
control points) identified in the images. Given a fixed image F as shown in Fig. 2a and
a moving image M as shown in Fig. 2b, we show that non-parametric image registra-10

tion may be treated as an optimization problem that aims at finding the displacement
of each pixel for area of interest and decide if all pixels contained in the region satisfy
some similarity constraint. The transformation models the spatial mapping of points
from the fixed image space to the moving image space to analyze the deformation
field of the pixels. The deformation field was evaluated for a pixel object representative15

energy function having two coefficients of a data dependent term and a smoothness
term. Transformations for deformable surface to image registration provides better way
to control the smoothness of the deformation field allowing a more complete frame-
work for non-rigid registration with graph cut method. The image processing schemes
involved in the process of deformable field extraction consists of feature detection, fea-20

ture matching, transformation function estimation and image re-sampling. The trans-
formation asserts the pixels in the moving image like a set of nodes, where each pixel
move freely in a locally coherent connected to its neighbors by edges and Markov ran-
dom field (MRF) pixel classification (Kato et al., 2001). After labeling the graph, a mean-
ingful segmentation of the image from the deformation criterion (Miller et al., 1998) is25

obtained. The deformation field undergoes two forces, one that matches the moving
image with the original image, the second that keeps the deformation field smooth. In
order to register the original and moving images for point to point correspondence, we
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need to optimize (Boykov et al., 2001b) over a given space of spatial transformations.
Taking advantage of efficient algorithms for global min-cut solutions (Greig et al., 1989),
were first to discover that powerful min-cut/max-flow algorithms from combinatorial op-
timization can be used to minimize certain important energy functions in visualization
framework models. Centering that point, the displacement window obtained has been5

matched based on a threshold value for every pixel points with the same label share
certain visual characteristics. Using the data analysis we have assigned various levels
to the pixels and found the data cost term. This energy function gets optimized by graph
cut (via alpha expansion) and optimum labeling is obtained.

2.2 Graph-cut based non-rigid registration and retrieving transformation10

The graph cut method was introduced for interactive image segmentation that is un-
affected by smoothness of the pixels flow but identify change of intensity associated
with object boundaries. The study passes a new method to pass the deformation field
across resolution levels in order to enable multi-level non-rigid registration using graph-
cuts where P denote a set of pixels and segmentation can be done by assigning label15

lpεL to each pixel p,qεP , energy minimum function for pixel values resulting to

E (L) =
∑
pεP

Dp(lp)+
∑

(p,q)εN

Vp,q(lp, lq) (1)

The deformation field between two images I1 and I2 as source and moving image can
be recovered by minimizing the energy as in Eq. (1). The first term, Dp(lp), measures
how the data differs between the source image and the moving image. For instance,20

squared sum of differences as in Eq. (2) multimodal images (Lombaert et al., 2007) that
implements mutual information can be used for analysis. The second term, Vp,q(lp, lq) is
an index of the smoothness coefficient for the deformation field. The technique involves
constructing a specialized graph for the energy function to be minimized such that
the minimum cut or maximum flow on the graph also minimizes the energy globally.25

According to the algorithm, on each pixel a velocity metric corresponding to crustal
155
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deformation is defined with use of the intensity differences and gradient information.
Let I and J respectively be the static image and the moving image of dimension d
and X be the continuous spatial domain of both images. For any spatial point x =
(x1,x2...xd ) ∈ X, I(x) and J(x) are the intensity values (or feature vectors in general) at
x of both images. In formulation, a transformation T represent a displacement vector5

field D which is relative to every point x displacement in J away from its original position
by the vector D(x) ∈ Rd to the new point x+D(x). Optimize an assignment from a finite
set of transformations through a discrete labeling problem.

D∗ = argminC(I(X),J(X +D))+ λS(D). (2)

The dissimilarity function C can be anything such as sum absolute difference (SAD),10

sum squared difference (SSD), normalized cross-correlation function or negative of
the mutual information. Magnitude of the first derivative term as smoothness function
S and get

D∗ = argmin C(I(X),J(X +D))+ λ
N∑
i=1

∫
X

|Dxi |dx (3)

Where D(xi) is the first derivative of D along direction xi and the differential ele-15

ment dX =dx1dx2...dx. dx+D(x) in Eq. (3) can be any non-integer valued vector, and
J(x+D(x)) needs to be computed using an interpolation function. Also, when x+D(x)
is outside the image domain, a pre-assigned background intensity value can be used.
Graph-cuts addresses segmentation in an optimization framework and finds a glob-
ally optimal solution for D∗ in Eq. (3) for wide class of energy functions. The following20

phases apply in image registration using graph cut. Several speps are involved in the
graph cut image transformation and registration, which are illustrated below:

1. A discrete labeling is applied to the deformed image J(x+D(x)).

2. Feature matching is done to find transformations for moving parts of source to
parts of target between the features in the reference and sensed image.25
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3. On feature matching, moved all the points as possibly close to the target by ap-
plying selected transformation v = fp(p).

4. Formulated energy function from these images E = D+S where D is the data term
and S is the smoothness term for the restriction imposed on the displacement of
the neighboring pixels.5

5. From similarity or dissimilarity measure assigned probable labels to the corre-
sponding pixel.

6. Data term incorporated can be a similarity or dissimilarity measure between two
images I(x) and J [x+D(x)] where D(x) is the deformation field and can be sum
absolute difference. S term is for assigning markovianity among neighboring pix-10

els represented by means based potts (Boykov et al., 1998) model having global
smoothness term for preserving continuity.

7. Energy gets minimized for optimal image registration.

8. Retrieve transformation matrix from minimized energy function.

9. R is the distance within which the object k has a strong effect on point p. If the15

point p is at object of interest like shoreline, the λ assigned is infinity and it is not
possible to assign the value D

∗ segment image and extracts the enclosed area,
then determine the correct registration point.

10. Based on discrete labels, find the amount of transformation. The number of labels
in each resolution is reduced and deformation vector field gets scaled to meet20

image resoultion in next finer level. Distance is used to measure alignment for a
given label. Smoothness is used to restrict and clear different labels for adjacent
cells.

11. Calculated area of difference transformation matrix for ranges.
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12. Applied image translation for images through adjacency matrix.

13. Regional segmentation for transformation range of different pixels by using the
search space to find the best alignment having intertwined components for pixel
comparison and pixel grouping.

14. Calculated conditional entropy parameters of the images for local, joint and re-5

gional values has been calculated as in Table 3 that shows the disorder of the
image.

15. Correlated with box counting method for fractal distribution estimation.

16. Relationship between fractal dimension and entropy features showed greater dif-
ferences between the groups of pixels showing increase of entropy and fractal10

dimension for image after earthquake occurence.

We observed that the graph cuts introduce spatial domain information of the image
that is lacking in the experimental results of the proposed method and compares the
results with the single-level version demons (Thirion, 1998) method for non-parametric
image registration for optimization finding the displacement of each pixel coherent and15

continually in spatial cluster regions that could be useful for cartographic classifica-
tion (Boykov and Jolly, 2001). There are other segmentation algorithms in the literature
which extends the concepts of graph cuts. Most prominent of them are graph cuts
and lazy snapping (Li et al., 2004). Lazy snapping separates coarse and fine scale
processing for making object specification and detailed adjustment easy in pixel sepa-20

ration. Beside, grab cuts (Rother et al., 2004) extends graph-cut by introducing iterative
segmentation scheme to the image graph for refined segmentation schemes in inter-
mediate steps. Segmentation with topology generation scenarios are set according to
the resolution and scale of the expected objects. Clusters are extracted by traversing
this tree and stopping nodes with distance smaller some threshold than certain thresh-25

old in region based extraction. By this method, not only single pixels are classified into
refined clusters but also homogenous image objects are extracted during a previous
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segmentation step. Grow cut (Vezhnevets and Konouchine, 2005) technique is given a
small number of user-labeled pixels, the rest of the image is segmented automatically
by a cellular automaton. The process is iterative, as the automaton labels the image,
user can observe the segmentation evolution and guide the algorithm with human input
where the segmentation is difficult to compute. In the areas, where the segmentation5

is reliably computed automatically no additional user effort is required.

3 Fractal analysis of damage

The fractal dimension is determined as the slope of the line which corresponds with the
regional segmentation scenario. We attempted to assess damage through the fractal
analyses of the data extracted from INSAR images acquired after earthquake. The10

box-counting method is found to be most appropriate approach for the purpose.
Suppose “F ” is a limited fractal figure on a plane and when “F ” is covered with square

grids which are built by boxes whose side length is δ (A grid is namely a box), then the
number of boxes intersecting on “F ” is “N”. If “N” is satisfied with the power law N
(δ) ∝ δ −D, then as δ → 0, the ratio of logarithm FD is estimated by means of the15

box-counting method (Ye and Chen, 2001).
In order to validate perspective distortion for the moving image (the image to seg-

ment), and the reference image, three phase optimization is implemented. The first
phase involves recovering a non-rigid deformation field using graph cut with α epani-
sion. The second shows how regional segmentation can influence the deformation20

map. The third is extraction of region based clusters through analysis of dissimilarity
of pixel values implementing application of fractal techniques to image analysis. The
proposed method is fast and robust against undesired change in imaging conditions. It
was shown that the algorithm can be also efficiently used to detect damages caused by
an earthquake. Images as shown in Fig. 2a, b correspond to two different captures of25

the same scene in different times rounded to 255×255 pixels. Region-based method-
ologies are predominant to segment the satellite image and active contour models are
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preferred. A number of corresponding ground-control points from two images said the
transformation parameters can be estimated for the images. The histogram of the im-
age region was dissected into two parts using the global mean value as the dividing
point. The mean and standard deviation were calculated for each image segmentation
process as shown in Table 1. Clusters can then be extracted by traversing spatial lo-5

cations for distance associated with smaller some threshold that can be visualized in
extracting the coastline. Significance of the spatial location of coastline for analyzing
refined region pixel shift analysis. The analysis shows logarithm linear relationship ob-
served if their distribution in logarithm coordinate system tends to be linear as shown in
Fig. 3 for the satellite imagery. The result shows that “Region A” has a relatively higher10

fractal dimension value compared with that of the “Region B”, which is consistent with
the analysis that the image in the post disaster zone had relatively higher number of
small scale objects, causing relatively higher fractal dimension. Both regions also show
difference from “Region C”. The technique of manual image registration developed in
this work is potentially powerful in terms of its registration accuracy as shown in Ta-15

ble 2, which demonstrates that the degree of automation, and its significant value in an
operational context of homogenous regional classification are conspicuously possible
from extracted data from satellite imagery. The matrix representation of the common
spatial transformations (e.g. rigid body, affine, projective) in homogeneous coordinates
can be well represented. The Euclidean representation is used to compute the spa-20

tial transformation (using e.g. matrix multiplication in homogeneous coordinates). This
corresponds to optimum transformation and the resultant transformation of different
pixels (voxels for 3-D) of the static image can be shown by the region based image
segmentation algorithm. Based on the image mismatch, the projection of the relative
displacement of each pixel in the two axes can be analyzed to evaluate the region25

where the maximum shift in the pixels takes place (Fig. 4). The maximum shift in the
intensity of the pixels gives us an empirical measure of the area of maximum devasta-
tion which may be highly significant to conduct future remote sensing observation for a
comprehensive analysis of geo-hazard distribution. From Table 2 it is evident that the
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pixel wise displacement values for intensity based registration of images is discretized
in different ranges such as 0–10, 10–20, 20–30, 30–40 in different columns as shown
in Fig. 5, which is regionally extracted from the moving image.

The region extraction through regional segmentation analysis for the nature of dev-
astation reveals from Table 2, suggesting that 1031 pixels for the region of maximum5

devastation has suffered the maximum displacement in terms of change in the number
of pixels. The region of maximum devastation is evaluated by multiplying the cluster
of pixels for region with the spatial resolution of each pixel corresponding to appoint
in the satellite imagery for estimation of the area of devastation. In this image, the
spatial resolution of the Envisat image is 30 m equivalent to a pixel which means one10

single pixel refers to the area of 302 or 900 squares of meters. After the multiplica-
tion of pixel change based on intensity and resolution, 1031×302 m2 =0.9279×106 m2

corresponding to 0.997 sq km is the region that has undergone the maximum devasta-
tion. This image is divided into 4 – sub-images and numbered in turn as A, B, C and
D. These are judge for non-zero sub-matrixes. Our analyses suggest that the 4 sub-15

images, A, B and C and D have clear linear tendency (Figs. 5–6), indicating that the
considered devastated area has the characteristic of a fractal. Using the least square
method these points are fit into a line.

4 Conclusions

This article implements the graph cut-α expansion that enables usage of a concur-20

rent segmentation and registration as mutually supporting processes for region based
cluster mapping. The graph cut analysis provides vivid outlook into the boundary and
regional penalty model to achieve more accurate results for remote analysis of the
imagery data. Comprehensive analysis of available INSAR images using coastline de-
formation analysis helped extract disaster information of the affected region of the 201125

Tohoku tsunamigenic earthquake source zone. We attempted to correlate fractal analy-
sis of seismic clustering behavior with image processing analogies and our observation
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suggests that increase in fractal dimension distribution is associated with clustering of
events that may determine the level of devastation of the region. The results have been
compared with fractal dimension analysis that shows that fractal dimension distribution
coefficient increases pixel changes as identified from Fig. 6. Extensive visual compari-
son shows that the relative accuracy of the resultant coastlines within one image pixel5

compared with the human visual interpretation of the features. The results give conclu-
sive evidence that fractal techniques can be extensively used for identifying the various
features present in a satellite INSAR image. Box counting method is very effective for
deriving the fractal dimensions. The future work will involve analyzing precursory data
models with damaged distribution area extracting shape priors from existing data, and10

use this information to find analogy between seismic clusters and segmented regions
for similar pattern recognition to produce a stable and physically consistent seismic
cluster in any region of moderate seismicity.

Based on the satellite image analysis through image segmentation, it is found that
the area of 997 km2 for the Honshu region was a maximum damage zone localized in15

the coastal belt of NE Japan forearc region. The analysis helps infer using matlab that
the proposed graph cut algorithm is robust and more accurate than other image reg-
istration methods. The analysis shows that the method can give a realistic estimation
for recovered deformation fields in pixels corresponding to coastline change which may
help formulate strategy for the post disaster need assessment of the region associated20

with strong shaking and tsunamis for disaster risk mitigation programs for the region
of analogous disaster scenario. The outcome of this study may provide collective infor-
mation to a geo-analyst to utilize regional segmentation method for disaster analysis
through remotely acquired satellite imagery for earthquake model. This approach can
be used as a potential tool for post disaster loss assessment by policy makers, admin-25

istrators, disaster managers to get a feedback for development of strategy for future
investment in the disaster prone regions of the world.

Acknowledgements. Authors express gratitude to the European Space Agency for providing
Images of the 2011 Tsunamigenic Tohoku earthquake (Mw 9.0) of both pre- and post-disaster
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Table 1. Absolute Intensity Difference for statistical emissivity values (the mean, the standard
deviation) for comparative measure of accuracy of regional segmentation values.

Registration Algorithm Mean Standard Deviation

Demons Algorithm 12.6100 27.1190
Graph Cut-α expansion 0.2449 4.4666
Graph cut-lazy snapping 0.2889 5.332
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Table 2. First five normalized joint intensity histogram analysis at 4 different locations.

Region displacement
classification

Pixelwise displacement

0–10
10–20
20–30
30–40
40–50

5.2×104

0.93×104

5831
1031
890
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Table 3. Maximum Entropy extracted from satellite images on the threshold based on regional
segmentation.

Acquired Image Local Entropy Joint entropy Global Relative Entropy

Before earthquake Image 140 36 145
After Earthquake Image 122 16 127
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Fig 2(a,b)Emissivity images (RGB=Band 14, 12, 10) retrieved from Static image (before 2 

earthquake)   on the left and for Moving Image (after earthquake). 3 
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Fig. 3  The INSAR images (up) and dimensions (down) of different regions in imagery acquired 5 from Tohuku 6 
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Fig1a): Acquired ASAR Image on 21 November 

2010 before the earthquake/tsunami from Envisat 

satellite 

 

 

Fig 1b):Acquired ASAR image on 21
st
 March ,2011 

after the earthquake from Envisat satellite 
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Fig. 1a. Acquired ASAR Image on 21 November 2010 before the earthquake/tsunami from
Envisat satellite.
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Fig. 1b. Acquired ASAR image on 21 March 2011 after the earthquake from Envisat satellite.
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Fig. 2. (a, b) Emissivity images (RGB=Band 14, 12, 10) retrieved from Static image (before
earthquake) on the left and for Moving Image (after earthquake).
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Fig 2(a,b)Emissivity images (RGB=Band 14, 12, 10) retrieved from Static image (before 2 

earthquake)   on the left and for Moving Image (after earthquake). 3 

 4 

 

 

  

Fig. 3  The INSAR images (up) and dimensions (down) of different regions in imagery acquired 5 from Tohuku 6 
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Fig1a): Acquired ASAR Image on 21 November 

2010 before the earthquake/tsunami from Envisat 

satellite 

 

 

Fig 1b):Acquired ASAR image on 21
st
 March ,2011 

after the earthquake from Envisat satellite 
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Fig. 3. The INSAR images (up) and dimensions (down) of different regions in imagery acquired
from Tohuku.
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Fig. 4. Plot of transformation of different pixels of static image.
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Fig. 5. Manual Segmentation for each region for displacement (a, b, c, d) of the pixels.
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      Fig 5a) Region 1( 0-10) 

                           

          Fig 5c) Region 3(20-30) 

 

          Fig 5b) Region 2( 10-20) 

 

 

       Fig 5d) Region 4(30-40) 

Fig 5: Manual Segmentation for each region for displacement (a, b, c, d) of the pixels 1 
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Region C:2.04 

 

Region D:2.12 

Fig 6: Fractal Dimension estimation of each  region from  Figure 5 1 
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Fig 6: Fractal Dimension estimation of each  region from  Figure 5 1 
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Fig. 6. Fractal Dimension estimation of each region from Fig. 5.
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