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Abstract—This paper presents an image mosaicing technique
based on an improved discrete cosine transform (DCT)-based
phase correlation (PC). The improved DCT-based PC method is
an extension of DCT-based PC with added blur invariance prop-
erty. Though fast Fourier transform (FFT)-based methods are
efficient for mosaicing of images, they often fail to achieve good
quality mosaics when there is illumination variation, blurring or
color difference due to imperfect image capturing (image acqui-
sition). Cross correlation (CC) is simple to implement however it
has problem when the images have different brightness. Also, the
peak of normalized cross correlation is not distinct which gives
erroneous results leading to misaligned images in the mosaic.
The proposed technique in contrast, is simple, computationally
efficient and is able to address the problem of illumination/color
variation and blurring. Besides, it contains a single peak of
normalized phase correlation corresponding to the percentage
of overlap. The experimental analysis for different image sets
shows that the method produces better mosaics even for degraded
images unlike the other conventional correlation approaches.

Index Terms—Mosaicing, registration, blending, Discrete Co-
sine Transform (DCT), Fast Fourier Transform (FFT), panorama,
phase correlation.

I. INTRODUCTION

In recent years there has been an increased interest in the
area of image mosaicing. Image mosaicing is used in many
applications including computer vision, image processing,
texture mapping of 3-D environment, robotics and commer-
cial applications such as entertainment, multimedia, virtual
tourism etc. With the advancement in digital cameras and
computational photography, the consumers can get commercial
products for various multimedia applications at affordable
prices. Using these devices the users can easily generate their
own multimedia contents and panoramas.

An image mosaic is a composite image with large field-
of-view (FOV) generated by assembling a series of images
taken at different viewing angles [1]. Image mosaicing has
following steps; image acquisition/capturing, pre-processing,
registration [2], warping, blending and cropping. In practical
applications, imperfect image acquisition and atmospheric
turbulence introduce various degradations such as blur, out-
of-focus, illumination variation and relative camera motion
with respect to the scene and variations in illumination result

in seam creation in the mosaic. Some of these problems
can be eliminated by pre-processing the images and properly
registering them before blending. Image registration is done by
detecting and matching the corresponding points of images
which represent the same region in global coordinate rather
than the local coordinate of the individual input images. The
difference in illumination or color is compensated during the
blending of the two registered images. Cropping is an optional
step after the mosaic generation. Following these steps, a final
mosaic containing the complete view of the scene is generated.

Based on the registration method employed, the mosaicing
techniques are loosely classified in two categories: feature
based mosaicing [3] and pixel/intensity based mosaicing [4].
The former deals with the salient feature detection and match-
ing whereas latter uses pixel information for alignment. In this
context, phase correlation (PC) methods provide a simple yet
effective solution to the problem of shift parameter estimation
[5]. Though the topic has been studied for decades, several
problems related to image alignment remain to be addressed.

The main contribution of the paper is to propose an im-
proved discrete cosine transform (DCT)-based PC method
of mosaicing as an extension of DCT-based PC [6] with
comparative analysis of different PC based mosaicing meth-
ods. The proposed method can overcome the limitations of
classical correlation method as well as fast Fourier transform
(FFT)-based PC. It uses the energy compaction property of
DCT and requires less number of coefficients to compute PC
unlike FFT-based techniques. The computational complexity is
significantly reduced using this method. The method provides
low bit-rate transmission of video sequence [7] i.e. instead of
transmitting the video sequences, a mosaic generated using
the video frames through DCT-based PC method can be used.
Thus, it provides an effective solution for mosaicing of images
for different applications.

The organization of the paper is as follows: Section II
briefly reviews the cross-correlation (CC) and PC method with
their salient characteristics. Section III describes the improved
DCT-based method with blur invariance property for image
mosaicing . Experimental results and comparative analysis are
discussed in Section IV and Section V concludes the paper.
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II. BACKGROUND INFORMATION

A. Cross-Correlation

The cross-correlation between two images f1 and f2 is
defined by [8],

f1 (x, y)⊗ f2 (x, y) =
M−1∑
u=0

N−1∑
v=0

f∗1 (x, y)f2 (x+ u, y + v)

(1)
However, use of this equation for image matching has many

problems. If the energy of the images vary with position,
the equation fails giving erroneous results. For example, the
correlation value between the two corresponding features may
be less than a feature from one image and any bright spot in
the other image at corresponding location. Secondly, the range
of cross-correlation depends on the size of the images. Also,
the method is not invariant to lighting conditions across the
image sequences. It can be overcome to some extent by taking
the normalized cross-correlation so that the values now range
from [−1,+1], where +1 means images are highly correlated
and -1 means images are less correlated.

B. Phase Correlation

The main concept behind PC is that, ”Phase correlation
algorithm is based upon the fact that the information pertaining
to the displacement of two images resides in the phase of
the cross power spectrum” [5]. It was first proposed by
Foroosh et. al for image registration [9]. PC is based on the
shifting property of Fourier transform i.e. displacement in the
coordinate of two functions in spatial domain is transformed
as difference of phases in Fourier domain. Consider f1 and f2
be the two images with displacement (x0, y0) such that,

f2 (x, y) = f1 (x− x0, y − y0) (2)

The 2-D discrete Fourier transforms F1 and F2 are related by,

F2 (u, v) = F1 (u, v) e
−i(ux0+vy0) (3)

which indicates that the Fourier magnitudes of the images f1
and f2 are same and the phase difference is related to the
spatial displacement of coordinates [10]. The normalized cross
power spectrum can be given as,

F2 (u, v)F
∗
1
(u, v)∣∣F2 (u, v)F ∗1 (u, v)

∣∣ = e−i(ux0+vy0) (4)

where ∗ denotes the complex conjugate. Solving (4), by taking
the inverse Fourier transform we get a Dirac delta function
δ (x− x0, y − y0) which has its center at (x0, y0). This point
corresponds to the spatial displacement between f1 and f2.

C. Cross-Correlation vs Phase Correlation

PC is based upon the inverse Fourier transform of the
normalized cross power spectrum of two images that have
spatial displacement. It gives much accurate alignment of
images exhibiting very narrow correlation peak. It is not scene
dependent, immune to narrow bandwidth noise and convolu-
tional image degradations. PC is clearly a preferred correlation

algorithm in the presence of narrow bandwidth noise of
unknown spectral content, since all terms of spectral phase
are treated on an equal basis. The technique is particularly
useful for aligning images obtained under differing conditions
of illumination, since illumination functions are normally
slowly varying and therefore concentrated at lower spatial
frequencies. The CC function, on the other hand, is dominated
by the largest spectral components and is optimal with respect
to white noise. The position of a correlation surface peak
is in general a continuous function of displacement between
the images. The surface of PC is characterized by a sharp
symmetric peak over the correct location of registration plus
very low amplitude peak at other locations. The CC surface has
a lower broader peak centered at the registration point which
is only a local maximum. Higher amplitudes are obtained
over other portions of the cross-correlation surface due to
illumination differences between the images.

One of the most remarkable characteristic of PC when
compared with CC is its accuracy with which the correlation
function peak is detected. The CC contains one main peak
not always rightly centered with maximum value and several
broad peaks whereas the PC yields a distinct sharp peak at the
displacement or registration point [9]. The peak’s amplitude
corresponds the extent of congruence between the images to be
registered and the power of this peak indicates the percentage
of overlapping area. Fig. 1 shows the two images with some
displacement along with peak detected using CC and PC.

III. IMPROVED DCT-BASED PC

PC is based on the shifting property of Fourier transform.
Fourier transform involves both real and complex terms.
Although, FFT-based PC technique is efficient for many ap-
plications but not considerably effective for compression and
transmission of video or images. DCT is a variant of Fourier
transform suitable for many image processing applications.
A description of 1-D and 2-D DCT in the context of image
mosaicing is given in [6]. The shifting property is also used
for DCT-based PC, but in this case very less number of
coefficients are used where all the energy is compacted.
Therefore, it is computationally less expensive. An improved
DCT-based PC method is proposed here which is an extension
of [6]. The algorithm is robust to variation in illumination,
misalignment as well as blurring. It produces better results
than the other PC based algorithms. The derivation of complex
linear phase transform using DCT II transform [11] is given
in this section. The DCT II transforms are of the following
forms;

Xcc (K1,K2) = C1C2

N−1∑
m,n=0

x (m,n) cos
[
πK1

N (m+ 0.5)
]
cos
[
πK2

N (n+ 0.5)
]

Xcs (K1,K2) = C1C2

N−1∑
m,n=0

x (m,n) cos
[
πK1

N (m+ 0.5)
]
sin
[
πK2

N (n+ 0.5)
]

Xsc (K1,K2) = C1C2

N−1∑
m,n=0

x (m,n) sin
[
πK1

N (m+ 0.5)
]
cos
[
πK2

N (n+ 0.5)
]

Xss (K1,K2) = C1C2

N−1∑
m,n=0

x (m,n) sin
[
πK1

N (m+ 0.5)
]
sin
[
πK2

N (n+ 0.5)
]

(5)



(a) (b)

(c) (d)

Fig. 1. (a)-(b) Input images with displacement (c) Cross-correlation (d) Phase correlation

where C1 and C2 are constants defined by,

Ci =


√

2
N , Ki ∈ {1, ..., N − 1}√
1
N , Ki = 0

, i = 1, 2

If the above equations of the DCT transforms are combined
in the form:

{Xcc (K1,K2)−Xss (K1,K2)} − j {Xcs (K1,K2) +Xsc (K1,K2)}
(6)

Then, a function of the following form is obtained;

X (K1,K2) = C1C2

N−1∑
m,n=0

x (m,n)e−j
πK1
N (m+0.5)e−j

πK2
N (n+0.5)

(7)
This is a complex transform and named as DCT-based com-
plex transform. It can be used for phase correlation as
applied in registration and mosaicing of images or videos.
Let X1 (K1,K2) and X2 (K1,K2) be the DCT-based com-
plex transforms of the two input images x (m,n) and
x (m−m0, n− n0) respectively with size N×N each. Here,
one image is the shifted version of the other image and
therefore can be written as,

X2 (K1,K2) = X1 (K1,K2) e
−j πK1

N (m0)e−j
πK2
N (n0) (8)

For X1 (K1,K2) and X2 (K1,K2), the normalized cross
power spectrum can be expressed as,

X2 (K1,K2)X
∗
1 (K1,K2)

|X2 (K1,K2)X∗1 (K1,K2)|
= e−j

πK1
N (m0)e−j

πK2
N (n0) (9)

Taking the inverse of normalized cross correlation provides
information about the displacement (m0, n0). The impulse

peak position locates the displacement (m0, n0) in the phase
correlation plane.

A. Blur invariance

In practical scenarios, different degradations related to rel-
ative camera motion, ambient atmospheric conditions or im-
proper imaging condition are contained in the image. Modeling
the degradation process as a linear shift-invariant system [10],
the original image f(m,n) and degraded image g(m,n) are
related as,

g (m,n) = f (m,n) ∗ h (m,n) + nnoise (m,n) (10)

where, ∗ is for 2-D convolution, h (m,n) represents point
spread function (PSF) of the system which indicates blur and
nnoise (m,n) includes additive noise and related degradations.
Neglecting the noise term, Fourier transform of the degraded
image can be written as [10],

G (K1,K2) = F (K1,K2) ·H (K1,K2) (11)

Also, phasor form of (11) is

G (K1,K2) = |G (K1,K2)| e−jφg(K1,K2) (12)

If this equation is normalized then we get

G(K1,K2)
|G(K1,K2)| = e−jφg(K1,K2) = e−j(φf (K1,K2)+φh(K1,K2))

(13)
Here, φf (K1,K2) is phase of original image and φh (K1,K2)
is phase of PSF. Assuming h (m,n) to be centrally symmetric,
H (K1,K2) is real with two probable values of φh (K1,K2)



Fig. 2. Proposed framework for improved DCT-based Phase correlation technique for mosaicing of images.

being 0 or π. Using periodicity property of complex function,
for any integer p we can write{

e−iφg(K1,K2)
}2p

= e−j2pφg(K1,K2)

= e−j2pφf (K1,K2)e−j2pφh(K1,K2)

=
{
e−jφf (K1,K2)

}2p (14)

This proves the fact that the original image with even power
of its normalized Fourier transform is invariant to centrally
symmetric PSF. From (9) and (11) for two images we write
x1 = f1 ∗ h1 and x2 = f2 ∗ h2. The two images are invariant
to PSFs h1 and h2 expressed as [10],(

X2(K1,K2)X
∗
1 (K1,K2)

|X2(K1,K2)X∗
1 (K1,K2)|

)2p

= e−j2nφg2(K1,K2)e−j2nφg1(K1,K2)

= e−j2nφf2(K1,K2)e−j2nφf1(K1,K2)

(15)
Assuming the two images differ by the displacement (m0, n0)
and using (8) and (13), we get,

(
X2(K1,K2)X

∗
1 (K1,K2)

|X2(K1,K2)X∗
1 (K1,K2)|

)2p

= e−j2pφf1(K1,K2)e−j
2pπ
N (K1m0+K2n0)ej2nφf1(K1,K2)

= e−j
2pπ
N (K1m0+K2n0)

(16)
Taking the inverse transform of (16), we get Dirac Delta
function δ (m− 2pm0, n− 2pn0) centered at (2pm0, 2pn0).
Thus, the displacement between the images is obtained and
it is invariant to centrally symmetric blur and other related
degradations. In this case, the displacement vector resolution
is increased by a factor 2p.

The proposed framework for improved DCT-based PC in
image mosaicing is shown in Fig. 2. The steps involved
for the mosaic generation are clearly shown in the figure.
The proposed framework works effectively for registration of
images with some displacement or translation. In addition, it
also registers degraded images involving out-of-focus or blur.
Thus, it efficiently generates mosaics for shifted images even
with some sort of degradations unlike other PC methods which
often fail to mosaic such degraded images.

IV. EXPERIMENTAL RESULTS AND COMPARISON

The proposed algorithm is tested over different set of images
for performance evaluation and comparison. The analysis
is divided in two sections: first for images without any
degradation and second for degraded images. Two different
algorithms namely; classical cross-correlation and FFT-based
phase correlation methods have been considered for qualitative
as well as quantitative comparison. The proposed algorithm
performs better than the rest of the algorithms for generation
of mosaics even from degraded images.

A. Images Without Degradation

Three different sets of images have been considered for
implementation of the proposed algorithm. Fig. 3 shows the
three examples of mosaicing using proposed method. The
translation between the images can be seen in the input images
(Fig. 3 (a)-(b)). The images have some displacement in X-
direction or in both X and Y directions. In Example-1, the
two input images have translation only in X-direction. The
displacement vector is given by the highest peak of normalized
phase correlation as shown in Fig. 3 (c). The coordinate
points are (131, 1) which shows the point of registration.
After alignment and subsequent steps of mosaicing, finally
the mosaic image is generated as shown in Fig. 3 (d). The
point of registration is clearly visible in the mosaiced image.
The mosaiced image is free of any misalignment error and is
visually pleasant. In case of Example-2 and Example-3, the
input images are displaced in both X and Y directions. Fig. 3
shows these examples where the input images, the peaks of
their normalized phase correlation and the mosaic generated
from these input images are presented.

B. Degraded Images

In this subsection, we have tested our algorithm over
degraded image sets for showing its effectiveness in mo-
saicing of degraded images. The method is compared with
two other methods and is found to be superior. Example-
1 from the previous subsection is taken for implementing
different algorithms. Fig. 4 shows the results obtained by using



(a) (b) (c)

(d)
Example-1

(a) (b)

(c) (d)
Example-2

(a) (b)

(c) (d)
Example-3

Fig. 3. Results of using improved DCT-based phase correlation for mo-
saicing:(a) Input image 1, (b)Input image 2, (c) Peak of normalized phase
correlation (d) Mosaiced image.

different algorithms for mosaicing of images with some sort of
degradation. First input image Fig. 4 (a) is without degradation

(a) (b)

(c) (d)

(e) (f)

(g) (h)

Fig. 4. Performance evaluation of improved DCT-based phase correlation
for mosaicing of blurred images:(a) Input image 1, (b)Degraded input image
2, (c) Peak of normalized cross-correlation, (d) Mosaiced image using cross-
correlation, (e) Peak of normalized phase correlation of FFT, (f) Mosaiced
image using FFT, (g) Peak of normalized phase correlation of DCT, (f)
Mosaiced image using DCT.

while the second image Fig. 4 (b) has motion blur. A window
size of (5 × 5) and an angle of 45◦ in a counterclockwise
direction is used for introducing motion blur in the second
input image.

Classical cross-correlation methods determine the cross
correlation at each transformation and the similarity between
the two images is measured as the largest measure of the
peak detected. In spite of being simple, these methods are not
so popular since they do not work for images with different
brightness levels. Moreover, the peak of these cross correlation
is not unique and distinct which may give erroneous results
during matching process. Furthermore, different transforma-
tions determine the computational cost making the method
computationally expensive. Here, Fig. 4 (c) shows the peak
of normalized cross-correlation which is not distinct. The



(a) (b) (c) (d) (e) (f)

(g)
Fig. 5. Performance of improved DCT-based phase correlation for mosaicing of blurred images:(a) Input image without any degradation, (b)-(f)Input images
with degradation, (g) Mosaiced image.

TABLE I
COMPARISON OF RUN-TIME OF DIFFERENT ALGORITHMS

Algorithm Run-time for correlation (Sec.) Total run-time (Sec.)

CCC 0.062s 23.621s

FFT-PC 0.109s 6.461s

DCT-PC 0.094s 5.485s

highest peak is shown as (136, 147) however, the point of
registration is (126, 130). Thus, it results in misalignment and
the mosaicing of the images is improper as shown in Fig. 4
(d).

FFT based methods are efficient for mosaicing of images,
however, they fail to achieve good quality mosaics when
there is illumination variation, blurring or color difference due
to imperfect image acquisition. In the present example, for
blurred images there is still some misalignment in the final
mosaic. The black portion of the compositing surface in Fig. 4
(f) at the top and bottom reveals the fact.

Improved DCT-based method generates properly aligned
image mosaics (Fig. 4 (h)) as it is invariant to different
degradations related to relative camera motion, ambient at-
mospheric conditions or improper imaging conditions. An
image mosaic generated using six input images is shown in
Fig. 5. The proposed technique can overcome the limitations
of classical CC method as well as FFT-based PC method.
Due to the use of energy compaction property of DCT it
requires less number of coefficients to compute PC unlike
FFT-based technique. Therefore, it gives a better option for
mosaicing of shifted and degraded images as required for
compression and transmission. Table-I shows the run-time of
these algorithms for execution. For classical cross-correlation
(CCC) the algorithm run time is less, however the total time
taken for mosaic generation is more. For FFT-based phase
correlation (FFT-PC) run time is reduced to 6.461s and it is

least for DCT-based phase correlation (DCT-PC).

V. CONCLUSION

In this paper, a mosaicing technique using improved DCT-
based phase correlation is proposed. This method uses blur
invariance phase correlation for aligning the images. The in-
variance to different degradations is tested over set of degraded
images. A comparative evaluation of the proposed method with
existing approaches shows its effectiveness in generating better
quality mosaics. The use of DCT reduces the computational
complexity significantly thereby making the method suitable
for applications involving compression and transmission of
images as well as videos.
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