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Abstract - Image fusion aims at the inte-

gration of complementary information from

multisensor images, such that the result-

ing image is suitable for further processing.

Multisensor images may be of di�erent reso-

lutions. Wavelets with their multiresolution

property, have proven to be e�ective in the

blending of the coarse features and �ner res-

olution details of these images to produce a

good fused image. The performance of two

wavelet- based methods for image fusion is

studied. One is the maximum-frequency rule

and the other is a rule based on the standard

deviation of the image coe�cients. Multi-

focal images and panchromatic-multispectral

images are used as the test images. For

both the image sets, the proposed standard

deviation-based rule performs better than

the maximum-frequency rule. The result-

ing fused images have good spatial resolu-

tion and preserve the salient features of the

source images.
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1 Introduction

Information from di�erent sensors relative to
the same scene can be used to obtain better
knowledge of the scene than the use of a single
sensor's information. Image fusion falls into
the category of pixel-level sensor fusion. Mul-
tisensor image fusion �nds many applications
in the �elds of remote sensing, medical imag-
ing, machine vision and Department of Defence

(DoD). For land-use classi�cation, for example,
the Thematic Mapper (TM) images of LAND-
SAT and SAR images can be fused to obtain
a better picture of the area under considera-
tion. In military applications, image fusion is
generally applied for object or target recogni-
tion. Data can be provided by radar, optical,
infrared and other sensors.

An important pre-requisite for image fusion
is that the images to be fused must be regis-
tered. This means that the pixels in the im-
ages to be fused must precisely coincide to the
same points of the image they represent. We
consider registered images as inputs to the fu-
sion process. The basic idea is to perform a
wavelet packet decomposition of the source im-
ages and use the best tree decomposition, to
combine the coe�cients according to some fu-
sion rule. The most often used fusion rule is
the maximum-frequency rule which picks the
coe�cient whose absolute value is the great-
est. Another method uses an energy measure
to choose between the coe�cients. The stan-
dard deviation of a 3x3 neighborhood centered
around a pixel serves as an energy measure
associated with that pixel. The fused image
is obtained from the composite wavelet tree
(formed by selecting the coe�cients) by the re-
construction process.

The results of fusing multifocal images and
panchromatic-multispectral images using the
two fusion rules mentioned above are presented
in this paper. Two source images are used
in each case, but the methods are generally
applicable to multiple source images. Multi-
focal images arise when the distortion in the
images is due to parts of the image being



out of focus. These types of images are en-
countered in digital camera applications. The
panchromatic-multispectral images are satel-
lite images of a region at di�erent resolutions.
While the panchromatic image has good spa-
tial resolution, it has very little spectral in-
formation. The multispectral image, on the
other hand, has very good spectral resolution
but poor spatial resolution. The composite or
fused images in both the examples have good
overall picture clarity and preserve the features
at various resolutions.

2 Wavelets and wavelet pack-

ets

Multiresolution analysis of images provides
useful information for computer vision and im-
age processing applications. The multiresolu-
tion formulation is designed to represent sig-
nals where a single event is decomposed into
�ner and �ner detail. In the context of image
analysis, multiresolution decomposition gives
a coarse approximation image and three de-
tail images viz., horizontal, vertical and diag-
onal detail images. Thus the features dom-
inant at various resolutions can be studied,
which is not possible if conventional Fourier
analysis is used. The multiresolution methods
most commonly used for image fusion are the
Laplacian Pyramid transform and the Discrete
Wavelet Transform. Most recently, the Dis-
crete Wavelet Frame (an overcomplete shift-
invariant type of DWT) was also used for im-
age fusion in [1].

2.1 The Discrete Wavelet Transform

The concept of resolution de�nes a scaling
function, and the wavelet function is derived
from it. A set of scaling functions is de�ned in
terms of integer translates of the basic scaling
function [2] by

�k(t) = �(t� k) (1)

k 2 Z and � 2 L2. Z and R denote the sets of
integers and real numbers, respectively. L2(R)

denotes the vector space of square-integrable
one-dimensional functions. The subspace of
L2(R) spanned by these functions is de�ned
as

�0 = Spanf�k(t)gk (2)

for all integers k from minus in�nity to in�nity.
The over-bar denotes closure. This means that

f(t) =
X
k

ak�k(t) (3)

for any f(t) 2 �0. A two-dimensional family
of functions is generated from the basic scaling
function by scaling and translation by

�j;k(t) = 2j=2�(2jt� k) (4)

whose span over k is

�j = Spanf�k(2jt)gk = Spanf�j;k(t)gk (5)

for all integers k 2 Z. This means that if f(t) 2
�j , then it can be expressed as

f(t) =
X
k

ak�(2
jt + k): (6)

For j > 0, the span can be larger since �j;k(t)
is narrower and is translated in smaller steps.
This can represent �ner detail. For j < 0,
�j;k(t) is wider and is translated in larger steps.
So these wider scaling functions can represent
only coarse information, and the space they
span is smaller. A change of scale thus implies
a change in resolution.

The important features of a signal can bet-
ter be described or parameterized by de�n-
ing a slightly di�erent set of functions  j;k(t)
that span the di�erences between the spaces
spanned by the various scales of the scal-
ing function. These functions are wavelets .
Wavelets are basis functions of e�ectively lim-
ited duration and are well-known for their lo-
calization properties. The scaling functions
and wavelets are generally required to be or-
thogonal. This is because orthogonal func-
tions allow simpler calculation of expansion co-
e�cients and follow Parseval's theorem that
allows a partitioning of the signal energy in



the wavelet transform domain. The orthogo-
nal complement of �j in �j+1 is de�ned as Wj .
This means that all members of �j are orthog-
onal to all members of Wj . This requires

h�j;k(t);  j;l(t)i =
Z
�j;k(t) j;l(t)dt = 0 (7)

for all appropriate j; k; l 2 Z. The relation-
ship of the various subspaces starting at �0 is
�0 � �1 � �2 � ::: � L2. The wavelet spanned
subspace W0 is de�ned as

�1 = �0 �W0 (8)

which extends to

�2 = �0 �W0 �W1: (9)

This can be generalized as

L2 = �0 �W0 �W1 � ::: (10)

when �0 is the initial space spanned by the scal-
ing function �(t � k). The wavelets reside in
the space spanned by the next narrower scal-
ing function, W0 � �1, they can be represented
by a weighted sum of shifted scaling function
�(2t) as

 (t) =
X
n

h1(n)
p
2�(2t� n) (11)

where n 2 Z for some set of coe�cients h1(n).
This function gives the prototype or mother
wavelet  (t) for a class of expansion functions
of the form

 j;k(t) = 2j=2 (2jt� k) (12)

where 2j is the scaling of t, 2�jk is the trans-
lation in t, and 2j=2 maintains the L2 norm of
the wavelet at di�erent scales. The set of func-
tions �k(t) and  j;k(t) span all of L2(R). Any
function g(t) 2 L2(R) could be written as

g(t) =
1X

k=�1

c(k)�k(t)+
1X
j=0

1X
k=�1

d(j; k) j;k(t)

(13)
as a series expansion in terms of the scaling
function and wavelets. The �rst summation in
the above equation gives a function that is a
low resolution or coarse approximation of g(t).
For each increasing index j in the second sum-
mation, a higher or �ner resolution function is
added, which adds increasing detail.

2.2 Wavelet Packets

The wavelet packet method is a generalization
of wavelet decomposition that o�ers a wide
range for signal analysis [3]. In wavelet packet
analysis, the details as well as the approxi-
mations are split to yield 2n di�erent ways
to represent the signal where n is the decom-
position level. A single decomposition using
wavelet packets generates a large number of
bases which o�er a more complex and exible
analysis. An entropy-based criterion is used
to select the most suitable decomposition of
a signal or image. This implies that at each
node of the decomposition tree, the informa-
tion to be gained by performing each split is
quantized. The leaves of every connected bi-
nary sub-tree of the wavelet packet tree cor-
respond to an orthogonal basis of the initial
space. For a �nite energy signal, any wavelet
packet basis will provide exact reconstruction
and o�er a speci�c way of coding the signal,
using information allocation in frequency scale
subbands.

3 Image fusion using Wavelet

Packet Decomposition

The general method for image merger using the
Wavelet Packet decomposition is as follows:

1. The wavelet packet decomposition of the
source images is performed, having chosen
the wavelet basis and the depth or level of
decomposition.

2. The best trees for the images are found
on the basis of some entropy-based crite-
rion (in our case Shannon criterion) and
the tree which has the greatest number of
leaf nodes is chosen as the composite tree
structure to be populated.

3. The wavelet packet coe�cients are then
selected from the source images according
to a fusion rule to populate the tree. The
rules used in this paper are:
Maximum frequency rule: selects the co-
e�cient with the highest absolute value.



The high values indicate salient features
like edges and are thus incorporated into
the fused image. The rule is applied at all
the resolutions under consideration.
Standard-deviation rule: calculates an ac-
tivity or energy measure associated with
a pixel. A decision map is created, which
indicates the source image from which the
coe�cient has to be selected.

4. The wavelet packet reconstruction of this
synthetic or composite tree gives the re-
quired fused image.

Some variations in the above procedure may
be necessary when dealing with special images
like color images or Synthetic Aperture Radar
(SAR) images.

3.1 Multifocus image fusion

Multifocus image fusion has been considered
in [1]. These images arise in situations where
only a portion of the scene is in focus while the
rest is blurred. Camera position, quality and
motion may generate such images which call
for correction.
Two multifocus images are considered, one

in which the left half (pepsi can) is focused and
another in which the right half (the chart) is fo-
cused. To get a fused image, the wavelet packet
decomposition scheme is used to select the co-
e�cients based on a fusion rule. The result-
ing image is focused in all regions. A perfor-
mance measure, �, is de�ned as the standard-
deviation of the di�erence between the fused
image and the ideal fusion result [4],

� =

sPN
i=1

PN
j=1[Ipr(i; j)� Ifd(i; j)]2

N2
(14)

where Ipr is the ideal fusion result, created by
manual cut and paste and Ifd is the fused im-
age. However, this performance measure only
serves as a criterion for comparing the perfor-
mance of various fusion rules and is generally
not applicable to many of the real multisensor
fusion problems as it is not possible to obtain
the ideal fusion result manually.

Figure 1: Source images with di�erent focus
regions

(a) Maximum fre-
quency rule

(b) Standard devia-
tion rule

Figure 2: Fused images

The maximum-frequency rule gives a fused
image with good overall focus but the letters
on the chart are not quite clear. The error �,
is 0.0402. The standard-deviation rule gives a
better fused image in terms of overall focus.
The associated error, �, is 0.0343, which is less
than that of the maximum-frequency rule. The
raw source images and the fused images are
shown in Figure 1 and Figure 2 respectively.

3.2 Panchromatic-Multispectral Im-
age Fusion

The IRS-1C satellite provides high spatial res-
olution panchromatic (5m) images and multi-
spectral images (25m) with poor spatial res-
olution. The merged image should ideally
have good spatial resolution and color informa-
tion from the multispectral image. This gives
a good picture of the scene under considera-
tion. In [5], a Local Mean Variance Match-
ing (LMVM) algorithm is used for the fusion



process, which yields a very good result. The
result of this process is used as the ideal fused
image for comparison purposes.

The source images require the additional
process of histogram matching before the
Wavelet Packet decomposition. The his-
togram matching of the high resolution chan-
nel (panchromatic image) to each of the three
low resolution channels - R, G, B of the multi-
spectral image is performed to adjust radiome-
try and improve the initial correlation between
the images [5]. Then the Wavelet Packet de-
composition and fusion processes are applied
to each of the three channels. The detail coef-
�cients are chosen from the high resolution im-
age matched to the low resolution channels and
the approximation coe�cients are chosen from
the low resolution channels according to the fu-
sion rule. The composite color image with the
required spatial details is formed from these
three images.

The maximum-frequency fusion rule gives a
good reconstruction, with some blurring. The
errors in the R, G, B channels �r; �g; �b; are
0.0669, 0.0481 and 0.0572 respectively for the
maximum-frequency rule and 0.1063, 0.0524
and 0.0618 respectively for the standard-
deviation fusion rule. The latter rule results
in the details and brightness being enhanced,
while the error in red increases and is visible
as a distortion in the red patch of the fused
image. Figure 3 and Figure 4 show the source
images and fused images respectively.

4 Conclusions

In the study of the fusion of the two image sets
(multifocal and panchromatic-multispectral
images), it was found that the standard-
deviation rule preserved the details well when
compared to the maximum-frequency fusion
rule. In the panchromatic-multispectral im-
age fusion, the error in all the three chan-
nels was found to be greater for the standard-
deviation fusion rule but is preferred over the
maximum-frequency rule when a little distor-
tion in the color can be tolerated. The choice

Figure 3: Source images

(a) Panchromatic im-
age (good spatial res-
olution)

(b) Multispectral
image (good spectral
resolution)

Figure 4: Fused images

(a) Maximum fre-
quency rule

(b) Standard devia-
tion rule



of the fusion rule used depends on the ap-
plication. In a generic framework for im-
age fusion [1], window-based, region-based ac-
tivity levels were used for fusion of multifo-
cal images alongwith a consistency veri�ca-
tion scheme. Similar methods can be used
for panchromatic-multispectral image fusion to
improve the color information in the fused im-
age. The Daubechies family of wavelets was
used in this paper for a two-level wavelet packet
decomposition. Other wavelet bases could be
used. The source images in this paper were
considered to be registered. The e�ects of
slight misregistration on the fusion process is
another area of active research.
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