Fast Registration of Remotely Sensed Images
Arash Abadpour and Shohreh Kasaei
Sharif University of Technology, Tehran, Iran.
Abstract— The developments in remote–sensing technologies
has offered new opportunities and applications in environmental
monitoring. In recent years, researchers have focused on using
this information to assess earthquake damages and afterwards
reconstructions. A crucial step in change detection processes is
to register the multi–spectral temporal images. In this paper,
we propose a new, fast, and efficient PCA–based method for
remote–sensing image registration. The proposed method works
in realtime.

I. I NTRODUCTION
In recent years, the spatial and the spectral resolution of
the remote–sensing sensors and the revisiting frequency of the
satellites, has been extensively increased. These developments,
has offered the possibility of addressing new applications of
remote–sensing in environmental monitoring. On the other
hand, the officials are getting more and more aware of using
multi–spectral remote–sensing images for regular and efficient
control of the environment [1], [2].
A key issue in remote–sensing image analysis is to detect
changes on the earth surface, in order to manage possible
interventions to avoid massive environmental problems [3].
Recently, many researchers have worked on using the remote–
sensing data to help estimating the earthquake damages [4],
[5] or the afterwards reconstruction progresses [6]. Change
detection algorithms usually take two sets of images as the
two ensembles before and after the change and return the
locations where the changes are likely to be happened [1].
Before such stage, always a preprocessing step is necessary
to produce two comparable images in the spatial domain. The
process of registration aims at performing some geometrical
operations on one of the images, (or both of them), to give
two compatible images, in which, the pixels with the same
coordinates in the two images correspond to the same physical
point [7]. Many researchers have reported the impact of miss–
registration on the change detection results (e.g.see [8]). Note
that the registration operation is an inverse problem, trying to
compensate the real transformation produced by the imaging
conditions. This problem has an structural relation to the
problem of camera calibration [9], where one is concerned
with estimating the 3–D coordinates of a point from its
corresponding 2–D coordinates in (at least) two different
cameras. A well–known model for camera projection is the
direct linear transform (DLT) by Abdel–Aziz [10]. Modelling
a camera with 11 parameters, the DLT is able to compensate
perspective distortions [10].

In this paper, using principal components analysis (PCA)
we propose a new fast and effective registration method. The
method uses geometrical cues about the set of control points,
to estimate the registration transform in a very short time. the
estimation results are then enhanced in a novel formulation
using linear and quadratic optimization methods to best fit the
given images. Using this method, while giving high precision
our method works in realtime.
The rest of this paper is organized as follows: the geometrical initialization of the registration transform is proposed in
Section II-A. Two methods for computing the more precise
transformation using this initialization are stated in Section IIB and Section II-C. Section III contains the experimental
results and Section IV concludes the paper.
II. P ROPOSED M ETHOD
Assume the two images I1 and I2 , corresponding to two
different shots of a single scene in different times. The aim
of the registration process is to find the transformation T :
[x, y] → [x , y  ] such that, when applying the transform T
on the image I2 , the resulting image, I2 , gets aligned on
the image I1 (also called rectification). Here, we use some
control points [7] in the two images. Lets call the control
points in the two images, I1 and I2 , as xi and yi for i =
1, · · · , n, respectively. They are chosen such that, applying the
transform, T , on xi the result lies on yi . In fact, for each i,
xi and yi correspond to the same physical point in the two
images. There are some good works on automatic choosing
the control points (e.g.,see [11]). Thus, we assume that the
control points are, (somehow), found in the two images.
A. The Geometrical Initialization
In the methodology of DLT, each camera is modelled by
 = [x, y, z] on a
11 parameters and the project of the point X
camera is defined as u = (au x + bu y + cu z + du )/(ax + by +
cz +1) and v = (av x+bv y +cv z +dv )/(ax+by +cz +1) [10].
The denominator term, λ = ax+by+cz+1, applies the effects
 to the center of the camera on the
of the destination from X
projected point coordinates [10]. In the case of space–born
imagery, there are two simplifications to be applied on the DLT
formulation. Firstly, the vertical distance between the camera
and the subject points, z, is constant, because the camera
plane is almost parallel to the subject [7]. Secondly, as the
normal vector of the camera plane and the normal vector of the
earth surface are almost parallel, the denominator term, λ, gets

constant for all image pixels. Thus, setting a = λ1 au , b = λ1 bu ,
c = λ1 (cu z + d), ã = λ1 av , b̃ = λ1 bv , and c̃ = λ1 (cv z + d) gives
the simplified linear model, defined as u = ax + by + c and
v = ãx + b̃y + c̃, also known as the affine transform [7].
Note that the affine transformat can be
 rewritten
 in the matrix
 
a b
c

notation as, u = Ax + c where A =
and b =
.
ã b̃
c̃
Also, the two different transformations in the affine transform
resulting in u and v, are independently parameterized, in
contrast with the mixed case in the conventional DLT. While in
proving the theorems we use the matrix notation, in the text we
show the transformation described in the affine transformation
as the pair (tx , ty ) = ([a, b, c], [ã, b̃, c̃]). Table I shows some
common transforms in this notation.
TABLE I
S OME COMMON TRANSFORMS IN PAIR NOTATION .
Description
Unity
Translation by [x0 , y0 ]T
Rotation around [0, 0]
Balanced scaling by α
Unbal. scaling (α,β)

tx
[1, 0, 0]
[1, 0, x0 ]
[cos θ, − sin θ, 0]
[α, 0, 0]
[α, 0, 0]

ty
[0, 1, 0]
[0, 1, y0 ]
[sin θ, cos θ, 0]
[0, α, 0]
[0, β, 0]

For two pairs of transforms, (tx , ty ) and (tx , ty ), we define
the transform (tx , ty ) as the result of merging (tx , ty ) and
(tx , ty ), writing as (tx , ty ) = (tx , ty ) ◦ (tx , ty ), when applying
(tx , ty ) on an image results the same as applying (tx , ty ) on
the original image and then applying (tx , ty ) on the result.
Note that in the general case (tx , ty ) ◦ (tx , ty ) and (tx , ty ) ◦
(tx , ty ) are not necessarily equivalent. Numerical derivation
shows that using the transform pair notation, (tx , ty ) =
(tx , ty ) ◦ (tx , ty ) implies that, a = a a + b ã, b = a b + b b̃,
c = a c + b c̃ + c , ã = ã a + b̃ ã, b̃ = ã b + b̃ b̃, and
c̃ = ã c+b̃ c̃+c̃ . Note that applying numerous transformation
pairs on an image is a lengthy operation, also resulting in
numerical errors, while the above merging scheme enables
us to merge the transformation pairs and produce just one
transformation which is applied much faster and more reliable.
Our proposed method for registering two given remotely
sensed images, uses the decomposition of the transformation
into three elementary transformations of translation, rotation
and un–balanced scaling (see Figure 1). In practice, the
elementary transformations are also decomposed into more
transformations and then the result of merging the combination
of all transforms is applied on the image.
As shown in Table I, a balanced scaling is an orthogonal
transformation which multiples all distances by a constant
factor, while preserving angles. In contrast, an unbalanced
transformation manipulates both angles and distances in a
more complex way. It is known from linear algebra that, for
an unbalanced scaling, there exists two perpendicular vectors
v1 and v2 which are magnified by factors of α1 and α2
and the result of the transformation on any arbitrary vector
can be measured using these two vectors. Note that for an
arbitrary vector x there is one and only one representation as
x = av1 + bv2 . As the scaling transformation (y = Sx) is

a linear operator we have, Sx = aα1v1 + bα2v2 . Assuming
the points xi on the unit circle, we want to find the locus
of the transformed points yi = Sxi . Note that by changing
the coordinate system to the one with the axis of v1 and
v2 getting xi out of xi xi s yield a circle (xi  = 1). Note
that by writing the transformation matrix S as the diagonal
decomposition form of V DV −1 , the matrix V contains the
two vectors v1 and v2 as its columns and D is a diagonal
matrix with terms α1 and α2 on its main diagon. Note that
T
(V −1 yi ) D−2 (V −1 yi ) = xTi xi = 1. Thus, yi s shape up an
ellipse rotated by V with diagons equal to α1 and α2 . Consider
y = Sx again with the constraint x = 1. As v1 ⊥v2 , we
have a2 + b2 = 1. Also, Sx2 = a2 α12 + b2 α22 . Substituting
∂∆
b2 = 1−a2 in ∆ = a2 α12 +b2 α22 and computing ∂a
2 to find the
2
2
extremes of ∆, yields the values of α1 and α2 for the vectors
x = v1 and x = v2 , respectively. Thus, for the control points
yi in the second image corresponding to the control points
xi on the unit circle in the first image, performing principal
component analysis (PCA) gives the matrix V . Note that the
above method is only applicable if we have the set of control
points making a unit circle in the first image.
The geometric model we are using here is,
y = R(V DV −1 (x − a) − b) − c

(1)

where R is the rotation matrix and V DV −1 is the unbalanced scaling matrix. Here the two matrices R and V are
orthonormal, D is diagonal, the vectors a and b model the
points around which the scaling and rotation take place, and c
is the final translation vector. Equation (1) can be rewritten in
 where A = RV DV −1
the more simpler form of y = Ax + B
−1


and B = −(RV DV a + Rb + c). Consider the vectors
xi = x0 + vi in the first image, where vi satisfies vi  = 1.
Assume that the vector yi is the vector corresponding to xi in
the second image for i = 1, · · · , n. Then yi − y0 is the result
of applying the transformation on xi − x0 . Assume the case
of v2 = αv1 and the two vectors y1 and y2 as the result of
the transformation shown in (1) applied on the two vectors
x1 = x0 + v1 and x2 = x0 + v2 , respectively. We have,
y2 − y0 /y1 − y0  = Av2 /Av1  = α. Thus, for the
arbitrary vector x0 in the first image, the length of the vector
x − x0 in the first image and the length of its image in the
second image just vary by a constant multiplier, which is the
scaling factor in that direction. Hence, for the set of n control
points xi and yi in the first image and the second image,
the principal directions of the set Φ = {(yi − yi0 )/xi −
xi0 |i = 1, · · · , n, i = i0 } for an arbitrary value of i0 in the
range 1, · · · , n, give the matrix V , while its eigenvalues are
proportional to α1 and α2 . By using the computed V and
D, the unbalanced scaling is compensated while one needs to
compensate the balanced scaling independently. Note that if
the scaling is balanced, Φ makes a circle and the eigenvectors
get ambiguous. We propose computing the standard deviation
of the set Φ̃ = {yi − yi0 /xi − xi0 |i = 1, · · · , n, i = i0 } as
the criteria for the scale being balanced. Note that σΦ̃  0
show that the scaling is balanced. Also note that for the
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Fig. 1.

Flowchart of the proposed registration method.

balanced scaling, ηΦ̃ gives the scale. To find a value of i0
which results in computing the scales in more directions, we
propose using the point in the control points set, which is
the nearest to the expectation vector of the control points.
Note that selecting any other member of the control points set

as the central point yields the same result. After estimating
the scaling, we apply the produced transformation pair on the
yi to form the new control points in the second image. For
simplicity we use the same yi term for the new points. Note
that in this stage the transformation is reduced to y = Rx +b,

where xi = [xix , xiy ] and yi = [yix , yiy ] are the i-th
corresponding control points in the first and the second image,
respectively, and ω
 is the vector [a, b, c, a , b , c ]. We form the
gradient vector of Ψ, as:

where R is a rotation matrix. Also, note that for an arbitrary
value of i0 and i = i0 we have yi − yi0 = R(xi − xi0 ). The
angle between two vectors in the 2–D plane is computed as
 (
v , u) = sgn((v × u) · j) cos−1 v · u/v u, where sgn(x)
is the sign function. Now, by forming the set Θ = { (yi −
yi0 , xi − xi0 )|i = 1, · · · , n, i = i0 } and computing ηΘ =
E{θ|θ ∈ Θ}, the rotation angle is estimated. After estimating
the rotation, we apply the produced transformation pair on
yi to form new vectors. Now, the transformation is reduced
to a translation, y = x + a. Note that a = E{yi } − E{xi }.
Now merging the results, the whole transformation needed to
register the second image on the first image is acquired.
It is useful to show the registration result in a visual way
for illustration purposes. We propose to use a color image
when the underlying images are gray–scales. By putting the
first image in the red plane and the registered version of
the second image in the green plane while the blue plane is
filled with 255, one can find the non–alignments pixels which
will be shown as magenta and cyan regions. As a numerical
criteria of matching, we propose using the normalized mean
square
points as the total distortion ε =
n error of the control

2 / n(w 2 + h2 ), where, the first image is

y
−

x

i
i
i=1
h×w in pixels. We call this method the geometric initialization
method.

where, dix = xix − αyix − βyiy − γ and diy = xiy −
α yix −β  yiy −γ  . We propose applying (3) on (5) to minimize
(5) starting from T iteratively, with the halting condition
defined as ε being smaller than the preselected margin of
ε̃ or the number of iterations becoming too much. Thus, in
each iteration the transformation T = ([α, β, γ], [α , β  , γ  ])
changes to, T  = ([α(1 + δα ), β(1 + δβ ), γ(1 + δγ) ], [α (1 +
δα ), β  (1 + δβ  ), γ  (1 + δγ  )]) where [δα , δβ , δγ , δα , δβ  , δγ  ]T
λ 



∇Ψ if ∇Ψ
> λ∇Ψ
and ∇Ψ,
otherwise.
equals ∇Ψ

Note that all equations are written while a, b, c, a , b , c = 1.
Gradient–descent method is proved to go towards a minimum
point of the given function, when λ is selected small enough.
But by reducing λ the convergence speed declines.

B. Gradient–Descent Enhancement

C. Newton–based Enhancement

Assume the function f : Rn → R. The gradient–descent
method, is a first–order method for finding the minimum
point of this function, starting from a good initialization. The
 as the
standard gradient descent method uses x = x + λ∇f
next step, where λ is a user defined parameter, usually smaller
than unity. We use a more controlled formula here, defined as:

λ 

x + ∇f

  ∇f , ∇f  > λ
(2)
x =

 ≤λ
x + ∇f
, ∇f

Assume the function f : Rn → R. The Newton–based
method, is a second–order method for finding an extremum
point of this function, starting from a good initialization. At the
∂f
= 0, i = 1, · · · , n or equivalently,
extremum point we have ∂x
i



∇f = 0. Defining g (x) = ∇f |x , gives the new function g :
Rn → Rn getting its zero vector at the extremum points of f .
Using the Tailor series expansion of gi only to first derivative
 i)
 i )T |x (x − x0 ), where J(g
results in gi (x) = gi (x0 ) + J(g
0
∂gi
∂gi T

is the Jacobian of gi defined as J(gi ) = [ ∂x1 , , · · · , , ∂xn ] .
 i )T |x (x − x0 ) = −gi (x0 ),
Setting gi (x) = 0 results in J(g
0
 = x − x0 . Combining the n
which is a linear function of dx
equations, produced in this way for i = 1, · · · , n, results in
H(f )(x − x) = −gi (x) or x = x − H(f )−1 gi (x) as the
iteration of the Newton–based method towards the extremum.
The matrix H(f ) is the Hessian matrix of the function f . Note
that the Newton–based method finds the local extremum (not
the local minimum). Thus, proper selection of the initial point
is of great importance.
Assume the first image I1 on which the second image I2
is to be registered. Also, assume that the method proposed in
Section II-A has resulted in the transformation T with total
distortion of
ω ) into two parts of
nε. Here, we separate Ψ(
(
ω
)
=
(x
−
aαy
−
bβy
−
cγ)2 and Ψy (
ωy ) =
Ψ
ix
iy
i=1 ix
xn x
 
 
  2
(x
−
a
α
y
−
b
β
y
−
c
γ
)
,
where,
ω

=
[α,
β, γ]
ix
iy
x
i=1 iy
ω ) = Φx (
ωx ) + Φy (
ωy ),
and ω
 y = [α , β  , γ  ]. note that Φ(
∂
∂


Φ
(
ω
)
=
0,
and
Φ
(
ω
)
=
0.
Thus,
we
propose
minix
y
ω
y x
ω
x y
mizing Ψx and Ψy , independently. Numerical derivation shows
n
 x (
ωx )|a,b,c=1 = −2 i=1 [αdix yix , βdix yiy , γdix ]T
that JΨ
and

where, λ is a user defined step size. This method adds more
inertia to the solution.
Assume the first image I1 on which the second image I2
is to be registered. Also, assume that the method proposed in
Section II-A has resulted in the transformation T with total
distortion of ε. Note that the transform T produces the point
(u, v) out of (x, y) as u = αx+βy+γ and v = α x+β  y+γ  .
Assume rewriting the above transformation as,

u = aαx + bβy + cγ
(3)
v = a α x + b β  y + c γ 
where, a, b, c, a , b , and c are all equal to unity. Note
that by tuning these parameters around 1, one can enhance
the result. Defining,

Ψ(
ω) =

n


(xix − aαyix − bβyiy − cγ)2 +

i=1

(xiy − a α yix − b β  yiy − c γ  )2

(4)





 ω )
∇Ψ(


a,b,c,a ,b ,c =1


αdix yix
 βdix yiy 
n 


 γdix 
= −2
 

 α diy yix 
i=1  

β diy yiy

γ diy

(5)




αγyix
βγyiy 
HΨx (
ωx )|a,b,c=1
γ2
(6)
where dix = xix − αyix − βyiy − γ and diy = xiy −
α yix − β  yiy − γ  . In each iteration, the transformation T =
([α, β, γ], [α , β  , γ  ]) changes to, T  = ([α(1 + δα ), β(1 +
δβ ), γ(1 + δγ) ], [α (1 + δα ), β  (1 + δβ  ), γ  (1 + δγ  )]) , where,
[δα , δβ , δγ ]T = −HΨ−1
ωx )Jx (
ωx ) and [δα , δβ  , δγ  ]T =
x (
−1

ωy )Jy (
ωy ), when setting a, b, c = 1 is all equations.
−HΨy (
We propose applying the above iterations with the halting
condition of |εt+1 − εt | ≤ ε◦ , where ε◦ is the error resolution.
2
α2 yix

αβyix yiy
=2
i=1
αγyix
n


αβyix yiy
2
β 2 yiy
βγyiy

III. E XPERIMENTAL R ESULTS

(a)
Fig. 4.
12-29.

(b)

Panchromatic images of the city of Bam. (a) 2003-12-04. (b) 2003-

The tests were performed using a PIV 2600MHz personal
computer with 512MB of RAM. Figure 2 shows some different
transformations of an image and Figure 3 shows the control
points in the image shown in Figure 2–(a).

(a)

(b)

(c)

(d)

Fig. 2. Different transformations of an image. (a) First image. (b) Translated.
(c) Rotated and Translated. (d) Rotated, translated, and balanced scaled. (e)
Rotated, translated, and unbalanced scaled.
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(a)

(e)

Control points on the image shown in Figure 2–(a).

Figure 4 shows two panchromatic images taken from the
city of Bam by the IRS–1D satellite PAN sensor, before
and after the devastating earthquake of December 26, 2003.
Figure 5 shows the urban portion of the images. The first
images are cropped with no magnification to focus on details.
Figure 6 shows two images of the city of Bam by the IRS–1D
satellite LIS III sensor, each containing 3 channels.
Figure 7 shows the results of registering the images shown
in Figure 2 on the image shown in Figure 2–(a) using the
proposed geometric method. Here, the 20 control points shown
in Figure 3 are used. Table II lists the values of total distortion
and the elapsed time in this test. Table III lists the values of
ε when trying to register the samples shown in Figure 2 on
themselves and on each other, using the proposed geometric

Fig. 5.

(b)

Urban portion of the images shown in Figure 4.

method. In this paper, the nearest–neighborhood interpolation
method is used. As stated in [7] it is a satisfactory choice in
most cases. Note that when the transformation is not massively
changing the image (all except (e)), the proposed geometric
registration method results in about 1% distortion. The average
elapsed time in this test is 10ms.
A test was performed to see wether twice applying the
proposed geometric registration method on the second image
enhances the results. In numerous images, it was observed that
the value of ε and the resulting transformation are identical or
negligibly different in the second application of the proposed
method on the registered image.
Figure 8 shows the results of applying the proposed
gradient–descent enhanced method with λ = 0.002 and ε̃ =
0.001, (0.1% error). The maximum number of iterations is set
as 10000. Table IV lists the elapsed times and total distortion
values. Note the better alignment of the images, compared

(a)

(b)

Fig. 6. Multi–spectral images of the city of Bam. (a) 2003-12-04. (b) 200312-29.

TABLE IV
E LAPSED TIME FOR REGISTERING IMAGES SHOWN IN F IGURE 2 ON THE
IMAGE SHOWN IN F IGURE 2–( A ) USING THE PROPOSED

(a)

(b)

(c)

(d)

Fig. 7. Results of applying the proposed geometric method for registering
the images shown in Figure 2 on the image shown in Figure 2–(a).
TABLE II
E LAPSED TIME AND TOTAL DISTORTION RESULTS FOR REGISTERING THE
F IGURE 2 ON THE IMAGE SHOWN IN F IGURE 2–( A )
USING THE PROPOSED GEOMETRIC METHOD .

IMAGES SHOWN IN

2nd Image
t(ms)
ε

(a)
10
1.07%

(b)
11
1.07%

(c)
10
1.07%

GRADIENT– DESCENT ENHANCED METHOD .

(e)

(d)
10
1.06%s

(e)
10
1.07%

with the results of the proposed geometric method shown in
Figure 7, while the elapsed time is much higher.

2nd Image
t
ε

(a)
5.2s
0.36%

(b)
5.4s
0.29%

(c)
0.1s
0.099%

(d)
0.1s
0.099%s

(e)
2.8s
0.1%

distortion of 0.10%.

(b)

(c)

(d)

(e)

Fig. 9. Results of using the proposed method for registering the images
shown in Figure 2 on the image shown in Figure 2–(a) using the proposed
Newton–based enhanced method.
TABLE V
E LAPSED TIME FOR REGISTERING IMAGES SHOWN IN F IGURE 2 ON THE
IMAGE SHOWN IN F IGURE 2–( A ) USING THE PROPOSED Newton– BASED

(a)

(b)

(c)

(d)

(e)

Fig. 8. Results of using the gradient–descent enhanced proposed method for
registering the images shown in Figure 2 on the image shown in Figure 2–(a).

Figure 9 shows the results of applying the proposed Newton–based enhanced method with ε◦ = 10−10 . Table V
lists the elapsed times and total distortion values. Note the
perfect alignment of the images, while the elapsed time is
less than 20ms in all cases. The proposed Newton–based
enhanced method vanishes for registering an image on itself,
because the Hessian matrices get singular. Table VI lists the
values of total distortion resulted when registering the images
shown in Figure 2 on each other using the proposed Newton–
based enhanced method. Figures 10, 11 show the results of
registering the images shown in Figures 4,5, respectively, using
the proposed Newton–based enhanced method. The resulting
total distortion values are ε = 0.011% and ε = 0.566%,
respectively, while both has elapsed about 15ms. Figure 12
shows the result of registering the images shown in Figure 6
with the proposed Newton–based enhanced method using 20
control points. The method has elapsed 16ms resulting in total
TABLE III
T OTAL DISTORTION RESULTS WHEN REGISTERING THE IMAGES SHOWN IN
F IGURE 2 WITH EACH OTHER AND THEMSELVES USING THE PROPOSED
GEOMETRIC METHOD .
1st Image
2nd Image
(a)
(b)
(c)
(d)
(e)

(a)

(b)

(c)

(d)

(e)

1.07%
1.07%
1.08%
1.06%
1.07%

1.08%
1.07%
1.08%
1.07%
1.07%

1.07%
1.07%
1.07%
1.06%
1.07%

0.68%
0.67%
0.68%
0.66%
0.67%

4.35%
4.35%
4.35%
4.37%
4.35%

ENHANCED METHOD .

2nd Image
t(ms)
ε

(b)
16
0.02%

(c)
15
0.05%

(d)
16
0.05%

(e)
17
0.06%

TABLE VI
T OTAL DISTORTION RESULTS WHEN REGISTERING THE IMAGES SHOWN IN
F IGURE 2 WITH EACH OTHER AND THEMSELVES USING THE PROPOSED
Newton– BASED ENHANCED METHOD .
1st Image
2nd Image
(a)
(b)
(c)
(d)
(e)

(a)

(b)

(c)

(d)

(e)

–
0.017%
0.046%
0.054%
0.061%

0.017%
–
0.049%
0.055%
0.061%

0.046%
0.049%
–
0.066%
0.069%

0.045%
0.046%
0.056%
–
0.070%

0.062%
0.061%
0.066%
0.088%
–

IV. C ONCLUSIONS
A new fast and efficient registration method for remotely
sensed images is proposed. The method uses a geometrical
estimating of thetransform, enhanced with the Newton–based
method, using a novel formulation. The experimental results
show the total distortion results of less than half percent for a
realtime application elapsing less than 12msecs.
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(a)
Fig. 12.

(b)

Result of applying the proposed Newton–based enhanced registration method on the images shown in Figure 6.

Fig. 11. Result of applying the proposed Newton–based enhanced registration
method on the images shown in figure 5.

Fig. 10. Result of applying the proposed Newton–based enhanced registration
method on the images shown in figure 4.
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