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ABSTRACT

Digital images of natural scenes are usually characterized by
strong spatial correlation between adjacent pixels which has
been successfully exploited in the coding of still and moving
pictures. In this work we show that the strong spatial correla-
tion of natural images can also be used to speedup the video
to reference image alignment algorithms. To this end, we di-
vide the search locations in the reference image into groups.
The target frames are matched with only one location in each
group, while on the remaining locations we evaluate exact
theoretic upper bounds on the correlation coefficient. These
bounds are used to eliminate majority of the search locations
and thus result in significant speedup without effecting the
value or location of the global maxima. In our experiments,
up to 83.3% search locations are found to be eliminated and
the speedup is up to 5.3 times the FFT based implementation
and up to 7.9 times the spatial domain techniques.

Index Terms— Fast Algorithm, Video to Reference
Alignment, Bounds on Correlation Coefficient

1. INTRODUCTION

Digital images of natural scenes are usually characterized by
strong spatial correlation between adjacent pixels. This spa-
tial correlation has been successfully exploited by the still pic-
ture coding algorithms like JPEG and by the moving pictures
codecs like MPEG and H.264/AVC. In this paper we show
that the strong spatial correlation can also be exploited to
speedup the video to reference image alignment algorithms.
This results in an efficient, close to real time implementa-
tion of a number of applications in image processing that
use video to reference image alignment as a key component.
Such applications include object detection, model based land-
mark extraction, automatic camera tracking and video geo-
registration over large search space [1].

Although video to reference image alignment involves
pattern matching, it is inherently different from the block
matching for motion compensation [2]. This is because the
block matching algorithms are applied to video frames that
appear temporally close to each other and are acquired by the

same sensor, hence the level of dissimilarity is low. On the
other hand, video to reference image alignment may require
pattern matching between two images acquired at different
times, under different illumination conditions, and by us-
ing sensors with different spectral responses, resulting in
high dissimilarity. The inherent differences between block
matching in video compression and the video to reference
image alignment applications, render the standard matching
techniques [3], [4] used in the former to be inaccurate for
the latter. In contrast, the correlation coefficient, which is
usually criticized for its high complexity for block matching
applications [5], turns out to be a more accurate and robust
similarity measure for most of the video to reference image
alignment applications [6], [7]. While a number of schemes
have been investigated to reduce the time complexity of the
correlation, elimination of potential matching locations based
upon correlation bounds has not been well explored before
us. We have proposed an L1 norm based upper bound on
correlation coefficient in [8] for fast block matching algo-
rithms. This bound remains useful for blocks of very small
sizes, for example4× 4 and8× 8, while for the larger sized
target frames it approaches Cauchy Schwartz inequality and
cannot be used for elimination of potential search locations.
In [9] we have proposed another bound on correlation coef-
ficient which is based upon normalized angular distance and
an elimination algorithm using that bound for fast video to
reference image alignment as well. The Transitive Elimina-
tion Algorithm (TEA) [9] exploited inter-frame correlation
to obtain speedup and therefore had a limited scope because
strong inter-correlation over multiple frames is not always
guaranteed. In the current paper, we propose a third bound
on correlation coefficient which is based upon normalized
Euclidean distance and we theoretically compare this bound
with the bound based upon angular distance. We find that the
bound based upon angular distance is tighter than the bound
based upon Euclidean distance. Moreover, we also propose a
new algorithm for video to reference image alignment which
has significantly wider scope than the Transitive Elimination
Algorithm, because the currently proposed algorithm does
not require the video frames to be inter-correlated.



The currently proposed algorithm for fast video to refer-
ence image alignment exploits the local auto-correlation func-
tion of the reference image to establish bounds on the cor-
relation coefficient, and then uses these bounds to eliminate
unsuitable search locations. In the reference image, the spa-
tially consecutive candidate search locations are grouped into
Group Of Locations (GOL). The target frame is matched only
with the central location in each GOL, while for the remain-
ing locations upper bound on correlation is evaluated. If at a
specific location, the upper bound is found to be smaller than
the yet known maxima, that location is discarded because it
can never become the best match location. If at a location,
the elimination condition is not satisfied then actual correla-
tion will be evaluated. If a large number of search locations
are eliminated from the search space by bound comparison,
the over all video to reference image alignment process be-
comes very fast. For the execution time comparison, the pro-
posed algorithm is compared with FFT based frequency do-
main implementation, Bounded Partial Correlation (BPC) al-
gorithm [10], fast spatial domain implementation [11] and the
TEA [9], on the same dataset as used by [9]. In our experi-
ments, the currently proposed algorithm is found to be 5.32
times faster than the FFT based implementation, 2.88 times
faster than BPC and 7.90 times faster than fast spatial domain
implementation and 1.13 times faster than TEA. Although
there is some improvement in elimination performance and
execution time over TEA, the main advantage of the currently
proposed algorithm is its broader scope.

2. PROBLEM DEFINITION

We consider a digital image as a two dimensional sequence
of pixels indexed at discrete space(i, j). A target framef of
sizem × n pixels is to be matched at all valid search loca-
tions in the reference imageR of sizes × t pixels. For the
purpose of matching, the reference imageR is considered to
be divided into overlapping locationsliojo , each of sizem×n
pixels, where(io, jo) are the coordinates of the first pixel of
the reference location. The similarity measure used to match
the framef with search locationliojo is the correlation coef-
ficient defined as:

ρf
io,jo

=

mP
i=1

nP
j=1

(f(i, j)− f)(liojo(i, j)− liojo)s
mP

i=1

nP
j=1

(f(i, j)− f)2

s
mP

i=1

nP
j=1

(liojo(i, j)− liojo)2

,

(1)
wheref and liojo represent the mean off and liojo . For
each framef , the maxima ofρf

io,jo
will yield the best match-

ing candidate search location defined as(imax, jmax). The
primary goal is to minimize overall computations over a se-
quence of frames, without changing the value and location of
the global maxima for any individual frame. For this purpose,
following information may be used:
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Fig. 1. (a)Normalized angular distance between vectors. (b)
Normalized Euclidean distance between points.

1. All candidate locations in the reference image are
grouped into Group Of Locations (GOL), such that spa-
tially consecutive locations belong to the same GOL.

2. In a specific GOL, the correlations of the spatially cen-
tral location,licjc , with other locations in that GOL are
available and may be used for computational benefit.

3. For a framef , an initial guess of the best match location
is available from a previously matched frame.

We intend to match the framef only at the central location in
each GOL, while for the remaining locations we want to find
exact bounds on the correlation, so that unsuitable locations
in each GOL may be identified and discarded to reduce the
redundant calculations.

3. DERIVATION OF BOUNDS

We want to calculate upper bound onρf
iojo

, for all non-central
locations in each GOL, so that unsuitable reference locations
may be identified and eliminated from the search space. If at a
specific location, upper bound onρf

iojo
turns out to be smaller

than the current known maxima,ρmax, actual calculations of
ρf

iojo
at that specific location becomes redundant and may be

skipped without any loss of accuracy. For this purpose, we
intend to use the bounds on correlation coefficient, derived by
using its relationship with normalized angular distance (Fig-
ure 1a):

ρf
io,jo

= cos
(
θf

iojo

)
, (2)

whereθf
iojo

is the angular distance between[f−f ] and[liojo−
liojo ], considering them vectors inm× n dimensional space.
Let θf

icjc
be the angular distance between vectors[f − f ] and

[licjc−licjc ] andθiojo

icjc
be the angular distance between vectors

[liojo − liojo ] and[licjc − licjc ]. By the triangular inequality
of distance measures [9]:

|θf
icjc

− θiojo

icjc
| ≤ θf

iojo
. (3)



Taking cosine of both sides and simplifying, we get the fol-
lowing upper bound onρf

iojo
[9]:

ρf
iojo

≤ ρiojo

icjc
ρf

icjc
+

√
(1− (ρiojo

icjc
)2)(1− (ρf

icjc
)2). (4)

whereρiojo

icjc
is the correlation coefficient between central lo-

cation,licjc
, and a non-central location,liojo

, with in a GOL.
A similar bound can also be derived by using the relationship
between correlation coefficient and the normalized Euclidean
distance [8]:

ρf
iojo

= 1− 1
2
[
∆f

iojo

]2
, (5)

where normalized Euclidean distance∆f
iojo

, is defined as:

∆f
iojo

=
n∑

i=1

m∑

j=1

[f(i, j)− f

σf
− liojo(i, j)− liojo

σiojo

]2
. (6)

Let ∆f
icjc

be the normalized Euclidean distance betweenf

and liojo
and∆iojo

icjc
be the distance betweenliojo and licjc ,

then by the triangular inequality of distance measures (Figure
1b):

|∆f
icjc

−∆iojo

icjc
| ≤ ∆f

iojo
, (7)

Squaring both sides and using Equation (5), another upper
bound on the correlation coefficient is obtained:

ρf
iojo

≤ (ρiojo

icjc
+ρf

icjc
−1)+2

√
(1− ρiojo

icjc
)(1− ρf

icjc
). (8)

Both of the bounds given by Equations (4) and (8) can be
used to eliminate unsuitable search locations in a GOL, how-
ever a tighter bound can produce more elimination. Therefore
we theoretically compare these two bounds and show that the
bound derived by the normalized angular distance in Equa-
tion (4) is tighter than the bound based upon the normalized
Euclidean distance given by Equation (8).

Theorem 1 Upper bound on correlation coefficient based
upon normalized angular distance is tighter than the bound
based upon normalized Euclidean distance

Proof: From Equation (5):

∆iojo

icjc
∆f

icjc
= 2

√
(1− ρiojo

icjc
)(1− ρf

icjc
). (9)

Since0 ≤ ∆ ≤ 2 and−1 ≤ ρ ≤ +1, therefore following
inequality will always be true:

∆iojo

icjc
∆f

icjc

4
+

1
2

√
(1 + ρiojo

icjc
)(1 + ρf

icjc
) ≤ 1. (10)

From the non-negativity property of the distance measures:

∆iojo

icjc
∆f

icjc
≥ 0. (11)

Combining Equations (10) and (11):

∆iojo

icjc
∆f

icjc

[
1−∆iojo

icjc
∆f

icjc

4
−1

2

√
(1 + ρiojo

icjc
)(1 + ρf

icjc
)
] ≥ 0.

(12)
Adding factor1− 1

2 [(∆iojo

icjc
)2 +(∆f

icjc
)2] on both sides of the

equation and simplifying by combining the related terms we
get:

ρiojo

icjc
ρf

icjc
+

√
(1− (ρiojo

icjc
)2)(1− (ρl

icjc
)2)

≤ (ρiojo

icjc
+ ρf

icjc
− 1) + 2

√
(1− ρiojo

icjc
)(1− ρl

icjc
), (13)

which shows that the upper bound on correlation coefficient
based upon angular distance is tighter than the bound based
upon Euclidean distance. Therefore in the following sections,
we will use the bound based upon normalized angular dis-
tance for eliminating the unsuitable search locations.

4. CORRELATION ELIMINATION ALGORITHM

4.1. Basic Idea

In Correlation Elimination Algorithm (CEA), all valid search
locations in the reference image are divided into GOLs, such
that the spatially consecutive locations are assigned to the
same group. In each GOL, the correlation coefficient between
the spatially central location and the other locations,ρiojo

icjc
, is

pre-computed and remains available along with the reference
image. During the matching process, each target frame is ini-
tially matched with the central location of each GOL to get
ρf

icjc
. At all non-central locations in the GOL, upper bound

on correlation coefficient is evaluated using the Equation (4).
If at a search location, the upper bound on correlation is found
to be smaller than the current known maxima, the actual cor-
relation at that location can never exceed the current maxima.
Therefore, the correlation calculations at that specific location
becomes redundant and may be skipped without causing any
change in value or location of the global maxima. However,
if the upper-bound at a specific location evaluates larger than
the current known maxima, at that location correlation will be
computed. Thus, if large number of search locations are elim-
inated by the bound comparison, correlation computations are
done on very few locations and the overall matching process
becomes very fast.

4.2. Size and Shape of GOL

In order to get good elimination performance, local auto-
correlation within a GOL must be strong. Therefore, the
size and shape of GOL at a specific reference image loca-
tion depends upon the height, width and shape of the local
2D auto-correlation function at that location. If local auto-
correlation function has significant height over a larger width,
a larger sized GOL may be selected having same shape as the
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Fig. 2. Comparison of Correlation Elimination Algorithm
(CEA) with Spatial (SPT), FFT, BPC and TEA: (a) Average
execution time per frame. (b) Average % computation elimi-
nation .

local auto-correlation contour. Moreover, the width and shape
of the local-autocorrelation function varies from location to
location in the same image, therefore in general the size and
shape of GOL will also vary. However, in order to define ar-
bitrary size and shape of GOL, additional memory structures
and computations are required. In order to avoid these over-
heads, we assume all GOLs to be of same shape and same
size. This assumption renders the implementation of CEA
significantly simple at the cost of some loss of performance.

4.3. Computation of Local Auto-Correlation Function

In the proposed algorithm, local auto-correlation within all
GOLs must be available before starting the actual matching
process. The computation of local auto-correlation function
appears to be an additional overhead cost which is equivalent
to the cost of matching one target frame on all non-central
locations in the reference image. Since this is only one time
cost, it is distributed over all target frames which are to be
matched against one specific reference image. Thus, if the
number of target frames is significantly large, the cost of local
auto-correlation function becomes insignificant. Moreover, in
most of the video to reference image alignment applications,
the size of target frame is a fixed design parameter and ref-
erence image is available before starting the actual matching
process. In such cases, the local auto-correlation function on
the reference image can be pre-computed off line. Therefore
the cost of local auto-correlation function computation is ei-
ther nil or negligibly small.

5. EXPERIMENTS AND RESULTS

In order to demonstrate the concept of CEA, the multi-
satellite multi-temporal image dataset of [9] is used. The
reference image is an800K pixels satellite image and the
video sequence consists of 250 frames, each of size 101×101
pixels. All search locations in the reference image are divided
into groups, each consisting of3 × 3 locations. Each target
frame is matched with the central location of each group
and for the remaining eight locations, bounds are evaluated.
At a specific location, if bound is found to be smaller than

the yet known maxima, correlation calculations at that lo-
cation are skipped. In our experiments, the CEA algorithm
resulted in 83.34% search locations elimination and the exe-
cution time is 1.98 Sec/Frame, on a 1.6GHz, 1GB RAM, IBM
ThinkPad computer. The spatial domain time is observed to
be 15.64 Sec/Frame and the frequency domain time as 10.53
Sec/Frame. The BPC algorithm is implemented assuming
20% correlation area and 80% bound area [10]. The execu-
tion time of BPC is observed to be 5.70 Sec/Frame and the
average elimination as 65%. The execution time of TEA [9]
is 2.24Sec/Frame and the elimination is 81.00%. According
to these results, the speedup of the CEA algorithm over spa-
tial domain is 7.9 times, over FFT based implementation is
5.32 times, over BPC implementation is 2.88 times and over
TEA is 1.13 times. Thus CEA has shown some improvement
in elimination performance and execution time over TEA,
however, the main advantage of the CEA is its broader scope.
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