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ABSTRACT

Phase correlation is an efficient tool for precisely localizing
an object of interest in an image. However, its performance
is severely deteriorated, if: (1) the images contain signifi-
cant mismatch between the intensity levels of the pixels at
the opposite boundaries, (2) the object in the search image is
slightly rotated or scaled, or (3) the search image is signifi-
cantly noisy or blurred. Some of these problems have been
addressed by previous techniques, but at the cost of an spatial
constraint that the object is fairly inside some central region
in the search space. Therefore, we propose an efficient and
effective preprocessing technique, that extends the search im-
age and the template with new pixels having smoothly de-
caying values. It is demonstrated that the proposed method
outperforms two recent techniques in localizing an object of
interest in real images, especially when the object lies away
from the central region in the search space.

1. INTRODUCTION

Object localization in an image is a critical step in the im-
age registration and the visual tracking applications. It can
be carried out efficiently by phase correlating a template (i.e.
image of the whole object or its salient part) with the search
image, and finding the position of the highest peak (i.e. max-
imum value) in the correlation response. The phase correla-
tion (PC) is significantly robust to illumination variation and
offers a normalized response with a sharp peak at the best
match location [5, 7, 8, 10, 6]. The PC between an M x N
search image, s, and a P x Q template, 7, is computed as:
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where §(-) and §!() are the 2-D DFT (discrete Fourier
transform) and the 2-D inverse DFT functions, respectively,
the | - | operator computes the magnitude of every complex
number in its input matrix, the asterisk (¥) is the complex-
conjugate operation, and all the division and multiplication
operations are performed element-by-element. The normal-
ization of the DFTs of s and ¢ is performed to equate the mag-
nitude of all the complex numbers in the frequency domain
to 1, because the information of the translation of the object
in the image is contained only in the phase of the cross power
spectrum. This normalization is usually called whitening of
the signals [5].

The DFT considers a discrete image as cyclically re-
peated in every direction. For example, three cycles of a
house image! in every direction are shown in Fig. 1(middle

I www.imageprocessingplace.com/root_files_V3/image_databases.htm.

5 100 150 200 250

Figure 1: (top left) Original house image. (top right) zero-
padded image. (middle left) Cyclically repeated image. (mid-
dle right) Cyclically repeated zero-padded image. (bottom
left) Upper-left quadrant of the spectrum of the original im-
age. (bottom right) Upper-left quadrant of the spectrum of
the zero-padded image. In the spectrums, the top-left ele-
ment is the DC component and the bottom right element is
the highest frequency component.

left). This phenomenon causes (1) the well-known wrap-
around effect in the PC response [1, 8, 4], and (2) the discon-
tinuities at the boundaries of the image accompanied with the
corresponding spurious high frequency components in the
frequency domain as depicted by the horizontal and vertical
lines at the top and left sides of the power spectrum shown
in Fig. 1(bottom left). The wrap-around effect in the PC re-
sponse is eliminated by zero-padding the images under con-
sideration up to the size (M +P—1) x (N+Q—1), as shown
in Fig. 1(top right). However, the cyclically repeated zero-
padded image contains even more discontinuities, as shown
in Fig. 1(middle right), and the corresponding severe high-
frequency artifacts, as shown in Fig. 1(bottom right). These
artifacts increase the height of the false peaks and decrease
that of the true peak in the PC response, resulting in incorrect
localization of the object [10], e.g. a window (Fig. 2).
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Figure 2: (left) Surface showing various false peaks in the re-
sponse of the PC between the zero-padded house image and
the zero-padded template of the window of the house. (right)
The top-left vertex of the overlaid rectangle corresponds to
the highest peak at (1, 449) having magnitude only 0.047.
Thus, the standard PC could not localize the window.
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Figure 3: (top left) Blackman modulated house image. (top
right) Top-left quarter of the spectrum of the zero-padded
Blackman modulated image. (bottom left) Surface showing
the response of the PC between the modulated house image
and template of the window of the house. (bottom right) the
top-left vertex of the overlaid rectangle corresponds to the
highest peak at (246, 216) having magnitude 0.21.

In order to eliminate the discontinuities, Stone et al. [10]
proposed to modulate (i.e. multiply element-by-element) the
original images with a Blackman window [9] before zero-
padding. The Blackman window smoothly attenuates the
value of the pixel depending on its position relative to the
image center, as shown in Fig. 3(top left). Thus, the arti-
facts in the high-frequency regions in the spectrum are elim-
inated [Fig. 3(top right)], the false peaks in the PC response
are drastically attenuated [Fig. 3(bottom left)], and the ob-
ject (i.e. window of the house) is accurately localized [Fig.
3(bottom right)]. However, as a side effect, the Blackman
window hides all the non-central regions of the image [Fig.
3(top left)] and distorts the low-frequency components in the
spectrum [Fig. 3(top right)]. Thus, the template of an ob-
ject lying away from the central region (e.g. top portion of
the house) does not match with the object as good as it does
with some clutter at the central region. As a result, the PC
response contains multiple false peaks at the central region
having magnitude higher than that of the true peak at the ac-
tual location [Fig. 4(left)]. Thus, the actual object (i.e. top
portion of the house) is not localized [Fig. 4(right)].

Figure 4: (left) Surface showing various false peaks in the
response of the PC between the zero-padded Blackman mod-
ulated house image and the zero-padded template of the top
portion of the house. (right) The top-left vertex of the over-
laid yellow rectangle corresponds to the highest peak at (207,
209) having magnitude only 0.0248.
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Figure 5: (left) Surface showing correct peak in the response
of the projection operator based PC between the zero-padded
original house image and the zero-padded original template
of the window of the house. (right) The top-left vertex of the
overlaid rectangle corresponds to the highest peak at (246,
216) having magnitude only 0.049.

Recently, Keller et al. [6] suggested performing post-
processing instead of the pre-processing. That is, they phase
correlated the zero-padded original images and used a projec-
tion operator that zeros the correlation result beyond a rect-
angular support region (typically 21 x 21 size) at the center.
This technique is also successful in case the object is present
within the central region in the search space, e.g. the win-
dow of the house (Fig. 5). However, if the object lies outside
the support region at the center, it is not localized, e.g. the
top portion of the house (Fig. 6), even when we used large
support region of size half of the correlation surface.

In order to address the limitations of the two previous
techniques, we propose an efficient and effective method that
slightly extends the search image and the template with new
pixels having gradually decaying values before zero-padding
operation. The proposed pre-processing technique eliminates
the mismatch between the boundary pixels in the image with-
out degrading the actual scene, and improves the phase cor-
relation to localize the object robustly even when it lies at the
boundary of the search image.

The next section describes the process of decaying ex-
tension of an image in detail. Sect. 3 compares the proposed
technique with other methods on cluttered, rotated, blurred,
and noisy images. Finally, Sect. 4 concludes the paper.

2. DECAYING EXTENSION OF AN IMAGE

We propose to extend an image using three steps as follows.
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Figure 6: (left) Surface showing various false peaks at the
central region and zeroed true peak at the boundary region
in the response of the projection operator based PC between
the zero-padded original house image and the zero-padded
original template of the top portion of the house. (right) The
top-left vertex of the overlaid yellow rectangle corresponds
to the highest peak at (248, 80) having magnitude only 0.007.

2.1 Initializing the Extended Image

Let the original image be denoted by I having width, W, and
height, H. We want to extend the image from every direction
by 6 pixels, as shown in Fig. 7(top left). Thus, the size of the
extended image, I, becomes W, x H,, where W, = W + 26
and H, = H +26. If § < 4, the discontinuities are not elim-
inated adequately. On the other hand, if 6 > 4, the discon-
tinuities are eliminated very smoothly, but the computation
time taken by the phase correlation between the larger im-
ages is increased accordingly. In order to remain in the safe
side, we set 8 = 5 in all of our experiments to have robust
image matching without significantly increasing the compu-
tation time. We initialize every pixel in the extended regions
with the value of its nearest boundary pixel in the original
image. Thus, the initialized extended image is obtained, as:

1(0,0)
fo<x<o0-1&0<y<d—1,
I(x—38,y—9)
f6<x<W+6—-1&6<y<H+d6—1,
I(0,H —1)
L)) =4 0 <y <61 & H<y<H+5-1,
(W —1,0)
fW<x<W+0-1&0<y<6—1,
I(W—1,H-1)
W4+ <x<W,—1&H+3<y<H, —1.

2.2 Generating the Decaying Weights

We use a Gaussian function (because of its smooth and sym-
metric behavior) to generate the decaying weights to be ap-
plied on the new pixels in the initialized extended image.
Consider a RX column vector (where K = 28 + 1), de-
noted by g, containing the weights obtained by a Gaussian
function, as: g(k) = exp[ — (1/2){(k — 6)*/0?}], where
k=0,1,...,K—1, and the standard deviation, o, controls
the spread of the Gaussian function. If the value of ¢ is too
large, the function will go down too slow [Fig. 8(left)], and
the boundary elements will be too high from zero, resulting
in a sharp discontinuity during the zero-padding operation.
On the contrary, if its value is too low, the function will go
down abruptly to near-zero value [Fig. 8(middle)], result-
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Figure 7: (top left) Structure of an extended image, /., where
T = Top, L = Left, R = Right, and B = Bottom. (top right)
House image extended using & = 5. (bottom left) Zoomed
in top-right corner of the extended image showing new pix-
els with smoothly decaying values. (bottom right) Top-left
quadrant of the spectrum of the zero-padded extended image.

ing in a discontinuity even before the zero-padding opera-
tion. We want to have the function, that goes down smoothly
and becomes near-zero at its boundaries. We achieve this
objective by computing an appropriate value of ¢ automat-
ically according to the size of the vector using the expres-
sion: 0 =0.3[(K/2)—1]40.8, as in [3]. The appropriate
value of ¢ for 6 =5 (i.e. K = 11) and the corresponding
Gaussian weights are shown in Fig. 8(right). Then, we split
the vector g into its top and bottom halves (i.e. R? vec-
tors), as: g/ (k) =g(k) and g(k) =g(k+0+1), where

Now, consider a RK*K matrix, G, containing the weights
obtained by a 2D Gaussian function, as:

(ke — 8)° + (ky — 6)° H o

o2

Glhkeky) :exp[— ;{

where ky and ky = 0,1,...,0 — 1, and the value of o is the
same as computed previously. Then, we split the matrix G
into its four quarters (i.e. R9*% matrices). The top-left, top-
right, bottom-left, and bottom-right quarters are obtained as:
Gyi(ky,ky) = Glky,ky), Gy(ke,ky) = Glke + 6 +1,ky + 6 +
1), Gpi(ky,ky) = Glky,ky + 6 + 1), Gpr(ky,ky) = Gk + 6 +
1,ky), where ky and k, =0,1,...,6 — 1.

2.3 Applying the Decaying Weights

We multiply the g; vector element-by-element with every
column in the T patch in the initialized extended image [see
Fig. 7(top left)], g, vector with every column in the B patch,
g; row-vector with every row in the L patch, gg row-vector
with every row in the R patch, G;; matrix with the TL patch,
G;, matrix with the TR patch, G;; matrix with the BL patch,
and Gp, matrix with the BR patch. Figure 7(top right) il-
lustrates the extended version of the house image. It may
be noted that all the content of the original image is intact
in the extended image, and that only the pixels at the ex-
ternal regions are gradually getting more and more black as
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Figure 8: Effect of o on the Gaussian weights, when 6 = 5
(i.e. K=11). (left) o = 6.45, (middle) c = 0.43, and (right)
o = 2.61 (computed automatically).
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Figure 9: (left) Surface showing single dominant peak at the
correct location in the response of the PC between the zero-
padded extended house image and the zero-padded extended
template of the window of the house. (right) The top-left
vertex of the overlaid rectangle corresponds to the highest
peak at (246, 216) having magnitude 0.134.

depicted by the zoomed-in top-right corner of the extended
image in Fig. 7(bottom left). Furthermore, the resulting
spectrum [Fig. 7(bottom right)] of the zero-padded extended
image does not contain the high-frequency artifacts [unlike
the spectrum of the zero-padded original image — see Fig.
1(bottom right)] or the distorted low frequency components
[unlike the spectrum of the zero-padded Blackman modu-
lated image — see Fig. 3(top right)].

3. EXPERIMENTAL RESULTS

When we phase correlated the zero-padded extended ver-
sions of the house image and the template of the window
of the house, we obtained a single dominant peak in the PC
response [Fig. 9(left)] corresponding to the true location of
the window in the image [Fig. 9(right)]. Similarly, when we
phase correlated the zero-padded extended versions of the
same house image and the template of the top portion of the
house, again we obtained a single dominant peak in the PC
response [Fig. 10(left)] corresponding to the true location of
the top portion of the house in the image [Fig. 10(right)].
We can see that the proposed technique has drastically atten-
uated all the false peaks in the PC response even when the
object lies away from the central region in the search space.
This is a significant improvement introduced by the proposed
approach in the PC response as compared to the response ob-
tained using the Blackman window (Fig. 4) or the projection
operator (Fig. 6).

Furthermore, we compared the proposed approach with
the two techniques also for localizing a moving target in
the consecutive frames of numerous real videos. The pro-
posed approach outperformed them in all the videos, espe-
cially when the object moved away from the central region
of the video frame. For example, Fig. 11 shows a noisy,
shaky, and blurred video of a ground vehicle recorded from
a UAV (unmanned aerial vehicle). The ground vehicle is be-

Figure 10: (left) Surface showing single dominant peak at the
correct location in the response of the PC between the zero-
padded extended house image and zero-padded extended
template of the top portion of the house. (right) The top-left
vertex of the overlaid rectangle corresponds to the dominant
peak at (39, 123) having magnitude 0.123.
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Figure 11: Localizing a ground vehicle in the frames of a
noisy, shaky, and blurred UAV video containing slight rota-
tions and significant glare effect, when the template (shown
at the bottom left of every frame) is not updated. Only the
proposed method localizes the vehicle in all the frames.

ing continuously translated and slightly rotated, and there is a
noticeable glare effect at the end of the video. The template
— shown at the bottom-left of every frame — is kept con-
stant to make the scenario more challenging. We can observe
that only the proposed approach is successful in tracking the
ground vehicle persistently in this video even when the vehi-
cle is far from the central region of the frame. Similarly, Fig.
12 depicts the results of the three techniques on a cluttered
and noisy video (OneShopOneWait2cor.avi) from CAVIAR
database®. Since the PC is only for estimating the transla-
tion, it is not supposed to handle the significant variation in
the appearance of the walking woman to be tracked in this
video. Therefore, we smoothly update the template in each
iteration of the techniques being compared, using a-tracker
template updating method [2] (with @ = 0.25). The adap-
tive template is shown at the bottom-left of every frame. It
can be observed again that the proposed method outperforms
the other two techniques in tracking the walking woman ro-
bustly even when she goes away from the central region of
the frame.

Inherently, the PC is not invariant to scale, rotation,
etc. However, it should be a little tolerant to these situa-
tions. We performed another set of experiments to quan-
titatively find out the tolerances of the three PC schemes
against noise, scale change, blur, and rotation of the search
image. In these experiments, we used twelve standard real
images each of size 512 x 512: cameraman, house, jetplane,

Zhttp://homepages.inf.ed.ac.uk/rbf/CAVIAR/
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Figure 12: Localizing a woman in a noisy and cluttered
CAVIAR video, when the template (shown at the bottom-
left of every frame) is iteratively updated. Only the proposed
method localizes the woman in all the frames.

Table 1: Average tolerances of different PC techniques

Black. | Proj. Proposed
Gaussian Noise (o;,)) | 28.6 101.0 106.1
Scale Change (%) +3.6 +8.6 +8.7
Blur (Avg. Filt. Size) | 2 x2 10x10 | 11 x 11
Rotation (°) +2.5 +3.2 +2.6

lake, lena, livingroom, mandrill, peppers, pirate, walkbridge,
woman_blonde, and woman_darkhair (see footnote at the
first page of this paper). From every image, we extracted
a 75 x 75 template with its top-left position at (316,256), be-
cause the other two techniques could not detect the object at
all when it was far from the central region. Once the tem-
plate was prepared, we degraded every test image under con-
sideration with: (1) zero-mean Gaussian noise by increasing
its standard deviation parameter (0,), (2) change in scale us-
ing bi-cubic interpolation method, (3) blur effect by increas-
ing the size of an average filter, or (4) degree of rotation us-
ing bi-cubic interpolation method. We went on increasing
the intensity of degradation, until the particular PC technique
failed to localize the object correctly. Then, we averaged the
limiting intensity of the corresponding degrading effect ap-
plied on all the 12 images, as listed in Table 1. The more the
tolerance value, the more robust the PC technique. The table
shows that the proposed approach is the most tolerant to the
noise, the scale change, and the blur effect, and is the second
most tolerant to the rotation of the test image.

We also compared the computation time taken by each
technique in MATLAB, using a 512 x 512 search image
and varying the size of a square template from 25 x 25 to
250 x 250. In every case, the proposed technique took about
as much time as the standard PC or the projection operator
based PC, and was about 2.5 times faster than the Blackman
window based PC, as shown in Fig. 13. For example, in case
of 75 x 75 template, the standard PC took 0.542 s, the pro-
jection operator based PC 0.554 s, the proposed PC 0.561 s,
and the Blackman window based PC 1.545 s.

4. CONCLUSION

The cyclically repeated image assumption of DFT and the
zero-padding operation cause discontinuities in the spatial
domain and high-frequency artifacts in the frequency do-
main, especially when the pixels at the opposite bound-
aries of the images are significantly mismatched. This phe-

25 The search image is 512 x 512 in all cases.
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Figure 13: Computation time comparison in MATLAB.

nomenon results in various false peaks in the PC response.
The proposed decaying extension technique eliminates the
discontinuities and the high frequency artifacts, and attenu-
ates the false peaks, resulting in robust object localization.
The major benefit of the proposed technique over the previ-
ous methods is that it can localize the object lying anywhere
in the whole search space. The comparison results show that
the proposed technique is also: (1) the most tolerant to the
Gaussian noise, the scale change, and the blur effect, (2) the
second most tolerant to the rotation, and (3) about 2.5 times
faster than the Blackman window based PC.
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