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Chapter 6 

Multiresolution image fusion 

Extraordinary advances in sensor technology, microelectronics and communications have brought 
a need for processing techniques that can effectively combine information from different sources 
into a single composite for interpretation. In image-based application fields, image fusion has 
emerged as a promising research area. 

Image fusion provides the means to integrate multiple images into a composite image that is 
more suitable for the purposes of human visual perception and computer-processing tasks such 
as segmentation, feature extraction and target recognition. For example, the fusion of visual 
and infrared images in an airborne sensor can aid pilots navigate in poor weather conditions, 
and the fusion of computer tomography and magnetic resonance images may facilitate medical 
diagnosis. 

Among the various frameworks in which image fusion has been formulated, the multireso
lution approach is one of the most intensively studied and used in practice. In this chapter, 
we reframe the multiresolution-based fusion methodology into a common formalism which en
compasses most of the existing multiresolution fusion schemes and provides freedom to create 
new ones. After a brief introduction to image fusion in Section 6.1, a general framework for 
pixel-based multiresolution fusion is presented in Section 6.2. Within this framework, some of 
the existing schemes are described in Section 6.3. Fusion results examples of existing as well as 
new fusion schemes are shown in Section 6.4. Finally, in Section 6.5, we study how the adaptive 
lifting scheme proposed in Chapter 3 can be used in multiresolution image fusion. 

6.1 Image fusion 

In this section, we introduce the concept of image fusion. We discuss the rationale behind 
fusion, and the various issues that need to be addressed when designing a fusion scheme. We 
outline some applications and review some of the most important fusion techniques used in 
practice. 
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6.1.1 Concept of image fusion 

Image fusion1 can be broadly defined as the process of combining multiple input images into a 
smaller collection of images, usually a single one, which contains the 'relevant' information from 
the inputs, in order to enable a good understanding of the scene, not only in terms of position 
and geometry, but more importantly in terms of semantic interpretation. In this context, the 
word 'relevant' should be considered in the sense of 'relevant with respect to the task the output 
images will be subject to ' , in most cases high-level tasks such as interpretation or classification. 
In the sequel, we will refer to this 'relevant' information as salient, information. The images 
to be combined will be referred to as input or source images, and the fusion result image (or 
images) as composite image. 

The actual fusion process can take place at different levels of information representation. 
A common categorization is to distinguish between pixel, feature and decision level [96,115], 
although there may be crossings between them. Image fusion at pixel level amounts to integra
tion of low-level information, in most cases physical measurements such as intensity [123,165]. 
It generates a composite image in which each pixel is determined from a set. of corresponding 
pixels in the various sources. Fusion at feature level requires first the extraction (e.g., by seg
mentation procedures) of the features2 contained in the various input sources [12,42]. Those 
features can be identified by characteristics such as size, shape, contrast and texture. The 
fusion is thus based on those extracted features and enables the detection of useful features 
with higher confidence. Fusion at decision level allows the combination of information at the 
highest level of abstraction [41,78]. The input images are usually processed individually for 
information extraction and classification. This results in a number of symbolic representations 
which are then fused according to decision rules which reinforce common interpretation and 
resolve differences. The choice of the appropriate level depends on many different factors such 
as the characteristics of the physical sources, the specific application and the tools that are 
available. At the same time, the choice of the fusion level determines the pre-processing that 
is required. For instance, fusion at pixel level (pixel fusion) requires co-registered images at 
subpixel accuracy because pixel fusion methods are very sensitive to misregistration. 

Today, most image fusion applications employ pixel fusion methods. The advantage of pixel 
fusion is that the images used contain the original information. Furthermore, the algorithms 
are rather easy to implement and time efficient. As we observed before, an important pre
processing step in pixel fusion methods is image registration, which ensures that the data at 
each source is referring to the same physical structures. In the remainder, it will be assumed 
that all source images have been registered. Comprehensive reviews on image registration can 
be found in [13,91,151,161]. 

'Terminologies such as fusion, integration and merging, are often used interchangeably in the literature. 
2 A feature is any distinguishing property or attribute of an image. Examples of features used in image fusion 

are edges, lines, patterns, color, etc. 
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6.1.2 Objectives, requirements and challenges of image fusion 

The aim of image fusion is to integrate complementary and redundant information from multiple 
images to create a composite that contains a 'better ' description of the scene than any of 
the individual source images. Utilization of the composite image is expected to increase the 
performance of the subsequent processing tasks. By integrating information, image fusion can 
reduce dimensionality. This results in a more efficient storage and faster interpretation of 
the output. By using redundant information, image fusion may improve accuracy as well as 
reliability, and by using complementary information, image fusion may improve interpretation 
capabilities with respect to subsequent tasks. This leads to more accurate data, increased 
utility and robust performance. Considering the objectives of image fusion and its potential 
advantages, some generic requirements can be imposed on the the fusion algorithm [123]: 

• it should not discard any salient information contained in any of the input images; 

• it. should not introduce any artifacts or inconsistencies which can distract or mislead a 
human observer or any subsequent image processing steps; 

• it must be reliable, robust and, as much as possible, tolerant of imperfections such as 
noise or misregistrations. 

Clearly, a choice as to which information is salient has to be made. Here again, knowledge 
about input data and application plays a crucial role. However, a fusion approach which is 
independent of the modalities of the inputs and produces a composite image which appears 
'natural ' to a human interpreter, is highly desirable. 

The requirements listed above are often very difficult to achieve and even more difficult to 
assess. The problem of evaluating image fusion methods lies in the variety of different appli
cation requirements and the lack of a clearly defined ground-truth. The topic of performance 
evaluation will be discussed in more detail in Chapter 8. 

To illustrate some of the challenges we have to face when developing a fusion algorithm, 
consider the source images in Fig. 6.1 depicting the same scene. While in the visual image 
of Fig. 6.1(a) it is hard to distinguish the person in camouflage from the background, this 
person is clearly observable in the infrared (IR) image of Fig. 6.1(b). In contrast, the easily 
discernible background in the visual image, such as the fence, is nearly imperceptible in the IR 
image. Now the question is how to combine both images in a unique composite which represents 
the overall scene better than any of the two individual images. We sum up explicitly some of 
the difficulties that we encounter: 

• Complementary information: some image features appear in one source but not in the 
other, e.g., the person in Fig. 6.1(b) or the fence in Fig. 6.1(a). 

• Common but contrast reversal information: there are various objects and regions that 
occur in both images but with opposite contrast, e.g., part of the roof of the house or the 
bushes at the left lower corner. Thus, the direct approach of averaging the source images 
is not satisfactory. 
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Figure 6.1: Example of source images to be fused: (a) visual image; (b) infrared image. Images 
courtesy of Alexander Toet, from TNO Human Factors Institute, The Netherlands. 

• Disparity between sensors: input images come from different types of sensors which may 
have different dynamic range and different resolution. Moreover, they may not be equally 
reliable. If possible, such disparities have to be taken into account when comparing the 
content of the information in the images. 

This is, by no means, an exhaustive list of problems that could arise. Furthermore, we should 
also be aware of the inherent difficulties present in any image acquisition and analysis task: 
presence of noise, sensor calibration or hardware limitations, to name a few. 

6 . 1 . 3 A p p l i c a t i o n f i e l d s 

Image fusion is widely recognized as a valuable tool for improving overall system performance 
in image-based application areas such as defense surveillance, remote sensing, medical imaging 
and computer vision. We list some application fields and give some references to the relevant 
literature. 

Military 
Historically, military appears to be the first application area for image fusion. It covers 

subareas such as detection, identification and tracking of targets [6,10,149], mine detection [106, 
108], tactical situation assessment [124,157], and person authentication [109]. 

Fig. 6.2 illustrates how information from visible and IR wavelength images can improve sit
uational awareness in a typical pilotage scene. Note that the IR image in Fig. 6.2(b) contains 
much of the road network details while the visual image in Fig. 6.2(a) provides horizon infor
mation and additional building and vegetation details. Note also that the light spots appear 
only in the visual image, where they are perceived as small dark blobs. Of different nature is 
the glare effect on the IR image. This is due to common scanner interference and is usually 
perceived as a ripple effect. The composite image, shown in Fig. 6.2(c), contains the most 
salient information from each sensor. 
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(a) (b) (c) 

Figure 6.2: Fusion of visual and IR images: (a) visual image; (b) IR image; (c) composite image 
obtained by a multiresolution fusion strategy (Section 6.2). Here, a discrete wavelet transform (2 
levels, Daubechies (2,2)) and a maximum selection rule were employed. 

Geoscience 

This field concerns the earth study with satellite and aerial images (remote sensing) [115, 
119]. A major problem is interpretation and classification of images. The fusion of images from 
multiple sensors allows the detection of roads, airports, mountainous areas, etc. [36,89,159]. 

In remote sensing applications, there is often a difference in spatial or wavelength resolution 
between the images produced by different sensors. A typical example is the merging of a high-
resolution SPOT Panchromatic image with Landsat Thematic Mapper multispectral images. 
The Landsat spectral bands enable classification of objects and areas in the scene, while the high 
spatial resolution SPOT band provides a more accurate localization of the observed objects. A 
major challenge is to preserve the higher spatial resolution of the SPOT band without destroying 
the spectral information content provided by the Landsat bands [35,120]. 

Fig. 6.3 exemplifies the fusion of two bands of a multispectral scanner. Band 1 penetrates 
water and is useful for mapping along coastal areas, for soil-vegetation differentiation and for 
distinguishing forest types. In Fig. 6.3(a), buildings, roads and different agricultural zones 
are clearly discernible. Band 2 is more convenient for highlighting green vegetation and for 
detecting water-land interfaces. In Fig. 6.3(b), the bay is sharply delineated. The composite 
image in Fig. 6.3(c) contributes to a better understanding of the objects observed and allows a 
more accurate identification. 

Medical imaging 

Fusion of multimodal images can be very useful for clinical applications such as diagnosis, 
modeling of the human body or treatment planning [74,103,104,171]. 

The next example illustrates the usage of fusion in radiotherapy and skull surgery. Here, the 
information provided by magnetic resonance imaging (MRI) and X-ray computed tomography 
(CT) is complementary. Normal and pathological soft tissues are better visualized by MRI 
(Fig. 6.4(a)), while the structure of tissue bone is better visualized by CT (Fig. 6.4(b)). The 
composite image, depicted in Fig. 6.4(c), not only provides salient information from both images 
simultaneously, but also reveals the relative position of soft tissue with respect to the bone 
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Figu re 6.3: Fusion of rnultispectral images: (a) image from band 1: (b) image from band 2: (c) 

composite image obtained by a multiresolution fusion strategy (Section 6.2). In this case, a shift-

invariant discrete wavelet transform (2 levels, Daubechies (2,2)) and a maximum selection rule were 

employed. 

F i g u r e 6.4: Fusion of MR1 and CT images: (a) MRI image: (b) CT image; (c) composite image 
obtained by a multiresolution fusion strategy (Section 6.2). Here, a morphological pyramid (2 levels, 
opening-closing and closing-opening filters) and a maximum selection rule were employed. 

structure. 

Robotics and industrial engineering 
Here, fusion is commonly used to identify the environment in which the robot or intelligent 

system evolves [2,25]. It is also employed for navigation in order to avoid collisions and keep 
track of the trajectory [79,112]. Image fusion is also employed in industry, for example, for 
the monitoring of factories or production lines [95], or for quality and defect inspection of 
products [121]. 

Fig. 6.5 shows how fusion can be used to extend the effective depth of field3 of a vision 
system. Due to the limited depth of field of optical lenses, it is often not possible to get an 

3The depth of field is the range of distance from a camera that is acceptably sharp in the image obtained by 
that camera. 



6.1. lmage fusion 133 

(a) (b) (c) 

Figure 6.5: Fusion of out-o f-focus images: (a) image with focus on the right; (b) image with focus on 
the left; (c) composite image obtained by a multiresolution fusion strategy (Section 6.2). In this case, 
a Laplacian pyramid (3 levels) and a maximum selection rule were employed. 

image with all objects in focus. One way to overcome this problem is to take several recordings 
with different focus points and combine them into a single composite which contains the focused 
regions of all input images. This could be useful, for example, in digital camera design or in 
industrial inspection applications where the need to visualize objects at very short distances 
complicates the preservation of the depth of field. 

6.1.4 Fusion techniques 

There are various techniques for image fusion, even at the pixel level [115]. The selection of the 
appropriate one depends strongly on the type of application. Here, we outline some of the most 
commonly used techniques in pixel fusion. We have grouped them into four major categories; 
however, this is a rather loose classification since these categories do overlap in various ways. 

Weighted combination 
A simple approach for fusion consists of synthesizing the composite image by averaging 

corresponding pixels of the image sources. An 'optimal' weighting can be determined, for 
example, by a principal component analysis of the correlation or covariance matrix of the 
sources [122]. The weightings for each input are obtained from the eigenvector corresponding 
to the largest eigenvalue. Variations of this method and other arithmetic signal combinations 
are numerous [8,87]. 

Color space fusion 
Image fusion by color transformations takes advantage of the possibility of representing data 

in different color channels. The simplest technique is to map the data from a sensor to a partic
ular color channel. Many different band combinations and color spaces can be applied [158,167]. 
The challenge is to generate an intuitive, meaningful, color, composite image. Moreover, pseu
docolor mappings can help to identify sensor-specific details in a composite image. Tha t is, the 
use of color can be used to identify which sensor generated the features appearing in the com-



134 Chapter 6. Multiresolution image fusion 

posite image [158]. The benefits of false-color imagery relative to monochromatic and non-fused 
imagery in tasks such as detection and localization of targets have been studied in [156]. 

Optimization approach 
This approach is based on an a priori model of the real scene and the fusion task is expressed 

as an optimization problem. In Bayesian optimization, the goal is to find the composite image 
which maximizes the a posteriori probability. Some examples of probabilistic fusion schemes 
can be found in [78,135]. In the Markov random field approach, the input images are modeled 
as Markov random fields to define a cost function which describes the fusion goal [7]. A 
global optimization strategy such as simulated annealing can be employed to minimize this 
cost function. 

Biology based approaches 
One of the most famous examples of fusion in a living organism is the visual system of 

rattlesnakes [114]. These vipers possess organs which are sensitive to thermal radiation. The IR 
signals provided by these organs are combined by bimodal neurons with the visual information 
obtained from the eyes. Inspired by this real-world example, several researchers have used 
neural networks to model multisensor image fusion [56,167]. 

Another biologically inspired fusion method is the approach based on multiresolution (MR) 
decompositions [3,21,27,92,154,175]. It is motivated by the fact that the human visual system 
is primarily sensitive to local contrast changes, i.e. edges, and MR decompositions provide a 
convenient spatial-scale localization of such local changes. The basic strategy of a generic MR 
fusion scheme is to use specific fusion rules to construct a composite MR representation from 
the MR representations of the different input sources. The composite image is then obtained 
by performing the inverse decomposition process. 

Henceforth, we confine our discussion to MR image fusion approaches. In particular, we 
focus on MR fusion schemes (working at pixel and feature level) where the output is a single 
composite image which is constructed primarily for display on a computer monitor. 

6.2 A general pixel-based M R fusion scheme 

The basic idea underlying the MR image fusion approach is to perform an MR transform on each 
source image and, following some specific fusion rules, construct a composite MR representation 
from these inputs. The composite image is obtained by applying the inverse transform on this 
composite MR representation. This process is illustrated in Fig. 6.6 for the case of two input 
images. Here, \I/ is the MR transform and ty-1 its inverse. 

At the MR decomposition (analysis) stage, the data is transformed into a convenient repre
sentation which, besides scale or resolution, may also involve orientation or wavelength or some 
other physical parameters. At the combination stage, the actual fusion of the (transformed) 
data takes place. This involves identifying the salient information and transferring it into the 
composite image. This process, i.e., the combination of the data, is governed by a number 
of rules called the fusion rules. The result is a composite MR representation from which the 
composite image is obtained by application of the inverse MR transform (synthesis). 
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Figure 6.6: MR image fusion scheme. Left: MR transform \& of the sources; middle: combination in 
the transform domain; right: inverse MR transform \&_1 of the composite representation. 

In the literature one finds several variants of the MR fusion scheme. In what follows, we 
present a general framework which encompasses most of them. Section 6.2.2 describes the 
various modules of the framework. Some of the existing algorithms that fit within our frame
work are reviewed in Section 6.3. Examples of such schemes as well as other implementation 
alternatives are given in Section 6.4. 

It is to be noted that our fusion framework has been partially inspired by the MR fusion 
methodology proposed by Zhang and Blum in [175]. 

6.2.1 Notation 

We fix some notation for MR image decompositions. As we have seen in Chapter 2, an input 
image x° can be represented by a sequence of detail images at different levels of resolution along 
with the coarsest approximation image. Henceforth, the MR decomposition of an image a-0 is 
denoted by y and it is assumed to be of the form: 

y = {y\y\. ,yK,*K } (6.1) 

Here xh represents the approximation image at the highest level (lowest resolution) of the MR 
structure, while images yk, k = 1 , . . . , K, represent the detail images at level k. The detail a t 
level k will, in general, comprise various frequency or orientation bands, depending on the type 
of MR transform that has been used. We assume henceforth that yk is composed of P detail 
images, i.e.. yk = (j/fc(-|l), • -. ,yk(-\P)}. 

Let Ik and Ik(p) denote the domain of xk and yk{-\p) respectively. As in previous chapters, 
we use the vector coordinate n = {m^n)1 to index the location of the coefficient. Then, xk(n), 
where n € Ik, represents the approximation coefficient at location n within level k. Similarly, 
yk(n\p), where n G Iy(p), represents the detail coefficient at location n within level k and 
band p. Note that Ik is not necessarily equal to Ik(p). In the pyramid case, for example, yk 

represents a detail image of the same size as xk~ , while in the standard wavelet transform 
yk{-\p) is a detail image of the same dimensions as xk. Note also that in most cases Ik(p) does 
not depend on p. 

For convenience, we will sometimes denote the approximation image xk by yk(-\0). In 
this way, we can use the general expression of yk(-\p) to refer both to the detail images (for 
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p = 1 , . . . , P ) and the approximation image (for p = 0). If no confusion is possible, we will use 
the shorthand notation (•) to denote {n\p): e.g.. we will write yk(-) rather than yk(n\p). 

6.2.2 The general framework 

In Fig. 6.7 we show a more detailed version of the fusion scheme of Fig. 6.6, in which the com
bination algorithm has been specified. In our framework, the combination algorithm consists 
of four modules: the activity and match measures extract information from the MR decom
positions of the inpul images, which is then used by the decision4 and combination maps to 
compute the MR decomposition yF of the composite image. Below, we give a short description 
of each of the building blocks. Note, however, that some of them, such as the 'match block', 
are optional. 

x A xB 
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Figure 6.7: Generic pixel-based MR fusion scheme with two input sources x& and XB, and one output 
composite image xp. 

MR analysis (\Ü) 
The analysis block computes an MR. decomposition of the input sources £5-, S € 5 , where 

»S is the index set of source images. For every input x$ we obtain its MR representation 
ys = ®(%s)> w i t h ys having the form defined in (6.1). That is, 

ys = {yjyl...,y§,y$(-\o)}, 
4This decision map has nothing to do with the decision map used in previous chapters. 
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where ys(-\0) corresponds to the approximation image at the coarsest level K and yk = 

{Vs('\p)}- p = 1 ; • • • - ^ , to the detail images at level k. 

Activity measure 
The degree of saliency of each coefficient in ys (i.e., its importance for a task at hand) will 

be expressed by the so-called activity. The activity measure block associates to every band 
image y|(-|p) an activity ak

s{-\p), which reflects the local activity of the image. 

Match measure 
The match measure is supposed to quantify the degree of 'similarity' between the sources. 

More precisely, the match value mAB(-) reflects the resemblance between the inputs yA(-) and 

!*(•). 

Decision map 
The decision map is the core of the combination algorithm. Its output governs the actual 

combination of the coefficients of the MR decompositions of the various sources. For each level 
k, orientation band p, and location n , the decision map assigns a value ö = dk(n\p) which is 
then used for the computation of the composite ykp{n\p). 

Combination map 
The combination map describes the actual combination of the transform coefficients of the 

sources. For each level A-, orientation band p, and location n , the combination map yields the 
composite coefficient yk-(n\p). 

MR synthesis ( # - 1 ) 
Finally, the composite image is obtained by applying the inverse transformation on the com

posite MR decomposition yp, that is, Xp — ^~l{yF), where ^ _ 1 is the inverse MR transform. 

From the previous description, one can see that the parameters and functions comprised by 
the different blocks can be chosen in several ways. In the following, we discuss them in more 
detail. 

6.2.3 M R analysis and synthesis 

As we have seen in Chapter 2, the MR representation ys comprises information at different 
scales. High levels contain coarse scale information while low levels contain finer details. Such 
a representation is suitable for image fusion, not only because it enables one to consider and 
fuse image features separately at different scales, but also because it produces large coefficients 
near edges, thus revealing salient information [102]. 

Basically, the issues to be addressed are the specific type of MR decomposition (pyramid, 
wavelet, linear, morphological, etc.) and the number of decomposition levels. 

A large part of research on MR image fusion has focused on choosing an appropriate MR 
representation which facilitates the selection and combination of salient features. After an 
exhaustive study of the existing literature, we have reached the following conclusions: 
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• In general, sampling causes a deterioration in the quality of the composite image by intro
ducing heavier blocking effects than would have been obtained by using decompositions 
without sampling. 

• Often, shift and rotation-invarianee properties are required. For many applications, the 
fusion result should not depend on the location or orientation of the objects in the input 
sources. Shift and rotation dependency are especially undesirable considering misregis
tration problems and for image sequence fusion. 

• In linear approaches, the specific filters used to implement the MR transform have little 
influence on the fusion result. In general, shorter filters lead to slightly sharper composite 
images. 

• MR decompositions constructed with morphological techniques are more suited for the 
analysis of the shape and size of specific features in the images. 

Another parameter which influences performance is the number of decomposition levels 
(analysis depth). To perform a consistent fusion of objects at arbitrary scales, decomposition 
over a large number of scales may appear necessary. However, using more levels does not 
necessarily yield better results; it may produce low-resolution bands where neighboring features 
overlap. This gives rise to discontinuities in the composite representation and thus introduces 
distortions such as blocking effects or 'ringing' artifacts into the composite image. The required 
analysis depth is primarily related to the spatial extent of the relevant objects in the source 
images. In general, it is not possible to compute the optimal analysis depth, but as a rule of 
thumb, the larger the objects of interest are, the higher the number of decomposition levels 
should be. 

6.2.4 Activity measure 

The meaning of 'saliency' (and thus the computation of the activity) depends on the nature of 
the source images as well as on the particular fusion application. For example, when combining 
images having different foci, a desirable activity level measure would provide a quantitative 
value that increases when features are more in focus. In this case, a suitable measure is one 
that puts emphasis on contrast differences. Since contrast information is partially captured 
in the decomposition by the magnitude of high-frequency components (details), a good choice 
is the absolute value of the detail coefficients or some other function that operates on their 
amplitude. Generally, based on the fact that the human visual system is primarily sensitive to 
local contrast changes (i.e., edges), most fusion algorithms compute the activity as some sort 
of energy calculation, e.g., 

4 H P ) = Yl wfc(AriIP)|lé(n + AnIP)P. 7€H+, (6.2) 
An&Wk(p) 

where Wk(p) is a finite window at level k and orientation p, and wk(-\p) are the window's 
weights. In the simplest case, the activity is just the absolute value of the coefficient, that. is. 

4(-) = \yks(-)\-
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Alternatively, one can compute the activity as the contrast of the component with its neighbors, 

e-g-, 

a%(n\p) = * / . . I . . N \Us\n\P) 
]T] wk(An\p)\yg(n + An\p) ' 

AneWk(p) 

or using some other linear or nonlinear criteria. For instance, to reduce the influence of impulsive 
noise, one may consider 

a | ( n | p ) = medianA„eWfc(p)12/5(n + An\p)\ . 

In practice, the window Wk(p) over which the function operates is small, typically including 
only the sample itself (sample-based operation), or a 3 x 3 or 5 x 5 window centered at the 
sample (area-based operation). However, other size and shape windows have also been used. 
Increasing the size of the neighborhood in the simple sample-based case adds robustness to 
the fusion system as it provides a smooth activity function. However, larger windows cause 
problems at lower resolution levels when their size exceeds the size of the most salient features. 

6.2.5 Match measure 

The match5 or similarity between the transform coefficients of the source images is usually 
expressed in terms of a local correlation measure. Alternatively, the relative amplitude of the 
coefficients or some other criteria can be used. In the following expression, the match value 
between y^(-) and y^(-) is defined as a normalized correlation averaged over a neighborhood of 
the samples: 

2 J2 wk(An\p)yk
A(n + An\p)yk

B{n + An\p) 

mk
AB(n\p) = 
k An€W''-(p) 

Z wk(An\p)(\yk
A{n + An\p)\2 + \y%(n + An\p)\ ) 

An€Wfc(p) 

where Wk(p) is the window at level k and orientation p. and wk(-\p) its corresponding weights. 
By analyzing the match measure, one can determine where the sources differ and to which 

extent, and use this information to combine them in an appropriate way. 

6.2 .6 C o m b i n a t i o n m a p 

This module performs the actual combination of the MR coefficients of the sources. For sim
plicity, consider two sources and assume that every composite coefficient is 'assembled' from 
the source coefficients at the corresponding level, band and position. More precisely, 

!*(•) = C*(i4(-),lé(-), *(•)). 
' T h e match measure is usually a similarity measure between two inputs . 



140 Chapter 6. Multiresolution image fusion 

where C: IR H-» K is the combination map at level k. A simple choice for Ck is a linear 
mapping, e.g., 

Ck(yj. y2,8) = wA(8)y1 + wB(8)y2, (6.3) 

where the weights WA{8), U>B(8) depend on the decision parameter 8. 
One can also use nonlinear mappings. Some well-known nonlinear mappings are multidi

mensional scaling [86], Sammon's mapping [126] and self-organizing maps [82]. Such mapping 
techniques have often been used for visualization of high-dimensional data sets [101]. 

In the sequel, we restrict ourselves to linear combination maps as in (6.3), yet with possibly 
more than two input sources. Thus, the composite coefficients gk

F(-) are obtained by an additive 
or weighted com.brnat.ion: 

*£(•)= X>s(d*(-))?/s(-)- (6.4) 

For the particular case where only one of the coefficients yk(-) has a weight distinct from zero, 
that is, only one of the sources contributes to the composite, we talk about selective combination 
or combination by selection. 

6.2.7 Decision map 

The construction of the decision map is a key point in our approach because its output dk 

governs the combination map Ck. Therefore, the decision map actually determines the com
bination of the various MR. decompositions ys and hence the construction of the composite 
U F • 

In our case, where we assume a weighted combination such as in (6.4), the decision map 
controls the values of the weights to be assigned to each of the source coefficients. Indeed, 
specifying the decision 8 = dk{-) is. in practice, equivalent to specifying the weights ws{8). For 
this reason, the combination and decision maps are often 'grouped' together by expressing the 
composite coefficients in terms of the parameters or functions the decision is based on. The 
problem of 'how to compute dk(-)' is translated into the problem of 'how to compute ws(dk(•))'. 
A natural approach is to assign to each coefficient a weight that depends increasingly on the 
activity. In general, the resulting weighted average (performed by the combination map) leads 
to a stabilization of the fusion result, but it introduces the problem of contrast reduction in 
case of opposite contrast in different source images. This can be avoided by using a selective 
rule that picks the most salient component, i.e., the one with largest activity. In this case, we 
get after applying the combination map: 

!£(•) = !&(•) w i t h M = argmaxs o | ( - ) . (6.5) 

In other words, the decision map 'decides' that the most salient coefficient (among the various 
ys(-), S £ S) is the best choice for the composite coefficient gk-(-), and 'tells' the combination 
map to select it. i.e., 

»«(*(•)) = I 1 ifS = MRmax<"4.(-) 
0 otherwise. 

http://com.brnat.ion


6.2. A general pixel-based MR fusion scheme 141 

This selective combination is also known in the literature as a 'choose max' selection or maxi
mum selection rule. For the case of two input sources, (6.5) can be written as 

k ( , («*(•) ifa*(.)>4(-) 

lyjj(-) otherwise. 

It works well under the assumption that at each image location, only one of the source images 
provides the most useful information. This assumption is not always valid, and a weighted 
combination may appear a better option. Alternatively, a match measure can be used to 
decide how to combine the coefficients. For instance, 

fy\{-) »' ™k
AB(-)<T ^ d ak

A(-) > ak
B(.) 

VB(-) if rnAB(-)<T and ak
A(-) < ak

B(-) 

; ^ ^ i f ^ C ) > r . 

for some threshold T. Thus, at locations where the source images are distinctly different, the 
combination process selects the most salient component, while at locations where they arc 
similar, the process averages the source components. In this manner, averaging reduces noise 
and provides stability at locations where source images contain similar information, whereas 
selection retains salient information and reduces artifacts due to opposite contrast at locations 
where both source images are different. 

In the examples presented so far, the decision is taken for each coefficient without reference 
to the others. This may degrade the fusion result since there is the possibility of feature 
cancellation when the inverse transform is applied to obtain the composite image. One may 
avoid these problems to some extent by taking into account the spatial, inter- and intra-scalc 
dependencies between the coefficients. Note that by construction, each coefficient of an MR 
decomposition can be related to a set of coefficients in other orientation bands and other 
levels: they represent the same (or nearby) spatial location in the original image. It seems 
reasonable then to consider all (or a set of) these coefficients when determining the composite 
MR representation. For example, one may use intra-scalc dependencies to obtain: 

. \yk
A{n\p) if £ 4 ( n | p ' ) > £ a%{n\p') 

yF{n\p) = < P'=I P'=I 

I !JB in\p) otherwise. 

Here, each composite coefficient is obtained by a selective rule which takes into account the 
corresponding activity values of all detail bands p. In this particular example, composite 
coefficients of different orientation bands (but at the same level and location) are selected from 
the same source. 

Another possibility is to exploit spatial redundancy between neighboring samples. One 
may assume that neighboring samples are likely to belong to the same object and thus should 

A 
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be treated in the same way. An illustrative example is the consistency verification method 
proposed by Li et al. [92]. This method consists in applying a majority filter to a preliminary 
decision map. Now the filtered decision map determines the combination of the images. For 
example, consider the case where, according to the preliminary decision map, the composite 
yp(-) should be selected from yk

A, while the majority of the surrounding composite coefficients 
should be selected from y%. After the filtering, the decision map will indicate that the composite 
coefficient yp{-) should be selected from y%. 

Such modifications of the decision map are motivated by the fact that significant image 
features tend to be stable with respect to variations in space, scale and orientation. Thus, 
when comparing the corresponding image features in multiple source images, consideration of 
the dependencies between transform coefficients may lead to a more robust fusion strategy. 

C o m b i n a t i o n of a p p r o x i m a t i o n images vs. c o m b i n a t i o n of de t a i l images 

Because of their different physical meaning, the approximation and detail images are usually 
treated by the combination algorithm in a different fashion. For the detail images y | , one may 
observe that relevant perceptual information relates to the 'edge' information that is present in 
each of the detail coefficients y|(-)- Detail coefficients having large absolute values correspond 
to sharp intensity changes and hence to salient features in the image such as edges, lines and 
region boundaries. The nature of the approximation coefficients, however, is different. The 
approximation image yj> (-|0) represents a coarse representation of the original image xs and 
may have inherited some of its properties such as the mean intensity or some coarse texture 
information. Thus, coefficients yg(n\0) with high magnitudes do not necessarily correspond 
with salient features. Therefore, an activity measure a^(-|0) based on quantities such as entropy 
variance or texture criteria, is more appropriate than one based on energy like in (6.2). 

In many approaches, the composite approximation coefficients of the highest decomposition 
level, representing the mean intensity, are taken to be a weighted average of the approximation 
of the sources: 

£ V$(n\0) 
»?(» |0) = * É * _ , (6.6) 

where | 5 | is the number of sources. The logic behind this combination relics on the assumptions 
that the sources x$ are contaminated by additive Gaussian noise and that, provided that K 
is high enough, the relevant features have already been captured by the details yjj(-|p). Thus, 
the approximation images yf(- |0) of the various sources contain the same scene distorted by 
noise; averaging them reduces the variance of the noise while ensuring that an appropriate 
mean intensity is maintained. 

A popular way to construct the composite yF is to use (6.6) for the approximation coefficients 
and the selective combination in (6.5) for the detail coefficients. For the simple case where 
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as(') — bs(')l> a n c l there are two input sources, we can express this combination algorithm as 

, « H 0 ) = rf("IO) + »g(n|0) (67) 

fc/ IN f»S(nlp) if tó(nb)l > tó("b)l 
rf'(n|p) = < p = l , . . . , P (6.8) 

I y# (n|p) otherwise. 

Note that other factors may be incorporated for the fusion rules. In particular, if some 
prior knowledge is available, all the fusion blocks can use such information to improve fusion 
performance. For instance, when combining the source coefficients, the weights assigned to 
them may depend not only on the activity and match measure, but may also reflect some a 
priori knowledge of a specific type, giving preference to certain levels A:, bands p, locations n , 
or some input sources S. 

Finally, we want to remark that the decision on which techniques to use is very much driven 
by the application. At the same time, the characteristics of the resulting composite image 
depend strongly on the applied pre-processing and the chosen fusion techniques. The different 
options we have presented are neither exhaustive nor mutually exclusive and they should merely 
be considered as practically important examples. 

6.3 Overview of some existing fusion schemes 

In the literature one finds several MR fusion approaches which fit into our general scheme. In 
this section, we review some of them. The reader may also get an impression of the evolution 
of MR fusion schemes during the past fifteen years. 

The first MR image fusion approach proposed in the literature is due to Burt [17]. His 
implementation used the Laplacian pyramid (see Section 1.3) and the sample-based maximum 
selection rule with a |(-) = |2/<j(-)l- Thus, each composite coefficient •</£(•) is obtained by 

if|»i(0|>|i*(-)| , s 
(6.9) 

otherwise. 

Toet [152,155] presented a similar algorithm but using the ratio-of-low-pass pyramid. His 
approach is motivated by the fact that the human visual system is based on contrast, and 
therefore, a fusion technique which selects the highest local luminance contrast is likely to 
provide better details to a human observer. Another variation of this scheme is obtained by 
replacing the linear filters by morphological ones [103,153]. 

Burt and Kolczynski [21] proposed to use the gradient pyramid, such as described in Sec
tion 2.5.5, together with a combination algorithm that is based on an activity and a match 
measure. In particular, they define the activity of */<?(•) as a local energy measure: 

4(™\P)= Y, \yks(n + An\p)\2, (6.10) 
An€Wfc(p) 
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and the match between yA{-) and yB(-) as 

k , . . 2 E^ngw^p) y ^ ( n + *n\p)ykB(n + A n b ) , f i i n 
m\D(n\p) = \ • v , k t • > , (6.11) 

with Wfc(p) being either a 1 x 1, 3 x 3. or 5 x 5 window centered at the origin. The combination 
process is the weighted average 

y ^ = wA{dk{-))yk
A{-) + wB{dk{-))yk

B{-), 

where the weights are determined by the decision process for each level k, band p, and location 

n as wA(dk(-)) = 1 - wB(dk{-)) = <**(•). with 

d*(-) = < 

' l 

Ü 

1 | l(l-'nAB(-U 
2 t 2 ^ 1-T > 

1 l / - l - w ^ B ( - ) \ 
^.2 2^ 1-T 1 

\imk
AB{-) < Tanda^(-) > a% 

iimAB(-) < T and a^(-) < a% 

if mAB(-) > T and aA(-) > a% 

ifm^(-) > randa^(-) <a% 

(6.12; 

for some threshold T. Observe that in case of a poor match (no similarity between the in
puts), the source coefficient having the largest activity will yield the composite value, while 
otherwise, a weighted sum of the sources coefficients will be used. The authors claim that 
this approach provides a partial solution to the problem of combining components that have 
opposite contrast, since such components are combined by selection. In addition, the use of 
area-based (vs. sampled-based) operations and the gradient pyramid provide greater stability 
in noise, compared to the Laplacian pyramid-based fusion. 

Ranchin and Wald [119] presented one of the first wavelet-based fusion systems. This 
approach is also used by Li et al. in [92]. Their implementation considers the maximum absolute 
value within a window as the activity measure associated with the sample centered in the 
window: 

4 ( n l p ) = maxA„ewfc(p)|y|(n + An\p)\. 

For each position in the transform domain, the maximum selection rule is used to determine 
which of the inputs is likely to contain the most useful information. This results in a preliminary 
decision map which indicates, at each position, which source should be used in the combination 
map. This decision map is then subject to a consistency verification. In particular, Li et 
al. apply a majority filter in order to remove possible wrong selection decisions caused by 
impulsive noise. The authors claim that, their scheme performs better than the Laplacian 
pyramid-based fusion due to the compactness, directional selectivity and orthogonality of the 
discrete wavelet transform (DWT). 

Wilson et al. [169] used a DWT fusion method and a perceptual-based weighting based on 
the frequency response of the human visual system. In fact, their activity measure is computed 
as a weighted sum of the Fourier transform coefficients of the wavelet decomposition, with the 
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weights determined by the contrast sensitivity6. They define a perceptual distance between the 
sources as 

Dk
AB{ 4( 

+ a%i 

and use this together with the activity to determine the weights of the wavelet coefficients from 
each source. Observe that this perceptual distance is directly related to the matching measure: 
the smaller the perceptual distance, the higher the matching measure. The final weighting is 
given by wA(dk{-)) = 1 - wB(dk(-)) = dk(-), with: 

dk(-) = 0 

i f D 5 B ( - ) > r a n d a ï ( . ) > 4 

XDAB( <>A\ J ^ U B < 

1 2 a * ( - ) lt UAB\ <T, 

for some threshold T. In the experimental results presented by the authors, the composite im
ages obtained with their method are visually better than the ones obtained by fusion techniques 
based on the gradient pyramid or the ratio-of-low-pass pyramid. 

Koren et al. [83] used a steerable pyramid transform (see Section 2.5.4) for the MR decom
position. They advocate their choice because of the shift-invariance and non-aliasing properties 
this transform offers. For each orientation band, the activity is a local oriented energy. Only 
the components corresponding to the orientation band whose activity is the largest are included 
for reconstruction (maximum selection rule). Liu et al. [94] take a completely different point of 
view. They also used a steerable pyramid but rather than using it to fuse the source images, 
they fuse the various bands of this decomposition by means of a Laplacian pyramid. 

In [123], Rockinger considered an approach based on a shift-invariant extension of the 
DWT. The detail coefficients are combined by a maximum selection rule, while the coarse 
approximation coefficients are merged by averaging. Due to the shift-invariance representation, 
the proposed method is particularly useful for image sequence fusion, where a composite image 
sequence has to be built from various input image sequences. The author shows that the 
shift-invariant fusion method outperforms other MR fusion methods with respect to temporal 
stability' and consistency8. 

Pu and Ni [116] proposed a contrast-based image fusion method using the DWT. They 
measure the activity as the absolute value of what they call directive contrast: 

ak
s(n\p) = VS(MP) 

yk(n\0) 
P=l, 3, 

The contrast sensitivity is defined as the reciprocal of the lowest contrast value above which a given spatial 
frequency is perceived. 

7A composite image sequence is temporally stable if the graylevel changes in the composite sequence are 
only caused by the graylevel changes in the input sequences. 

8 A composite image sequence is temporally consistent if the graylevel changes occurring in the input sequences 
are present in the composite sequence without any delay or contrast change. 
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and use a maximum selection rule as the combination method of the wavelet coefficients. They 
also proposed an alternative approach where the combination process is performed on the 
directive contrast itself. 

Li and Wang [93] examined the application of discrete multiwavclet transforms (see Sec
tion 2.5.3) to multisensor image fusion. The composite coefficients are obtained through a 
sample-based maximum selection rule. The authors showed experimental results where their 
fusion scheme performs better than those based on comparable scalar wavelet transforms. 

Another MR technique is proposed by Scheunders in [128] where the fusion consists of 
retaining the modulus maxima [100] of the wavelet coefficients from the different bands and 
combining them. Noise reduction can be applied during the fusion process by removing noise-
related modulus maxima. In the experiments presented, the proposed method outperforms 
other wavelet-based fusion techniques. A different yet interesting approach by Scheunders [129, 
130] uses a wavelet representation based on inultiscale fundamental forms. 

Mukhopadhyay and Chanda [111] presented a fusion scheme using multiscale morphology. 
In particular, they employ two MR top-hat transforms [131,140] for extracting bright and dark 
details from the sources. For each source x$, they derive two MR structures ys,b and ys,d, 
by applying the bright and dark top-hat transforms respectively. A sample-based maximum 
selection rule on all ys,b yields a 'bright composite1 yp,b- Likewise, the same selection rule on 
all ys.d produces a 'dark composite' yF%d- In both cases, the activity measure of each sample 
is taken to be its amplitude. Finally, the two composite MR representations are combined by 
subtracting the 'dark' details yFd from the 'bright' ones yFb and summing up all the entries. 
The 'dark' and 'bright' approximations are averaged and added to the detail to obtain an output 
composite image Xp. 

6.4 Examples 

Fig. 6.2-Fig. 6.5 are examples of composite images obtained by choosing different alternatives 
in the fusion blocks. Here, we give a few more examples. In all cases, we have used the sources 
shown in Fig. 6.1. which correspond to visual and IR image modalities. For displaying pur
poses the gray values of the pixels have been scaled between 0 and 255 (histogram stretching). 
Unless otherwise stated, three levels of decomposition (i.e.. A '= 3) have been used for the MR 
decomposition of the sources. 

Fig. 6.8 shows examples of composite images obtained by some of the fusion algorithms 

which have been discussed before. 
The first, row of Fig. 6.8 corresponds to the special case where K = 0 and thus no MR 

decomposition is done. Fig. 6.8(a) is the result of a pixel-by-pixel average of the sources, 
while Fig. 6.8(b) is a weighted average where the weights have been determined by a principal 
component analysis (PCA). In the average-fused image, we can observe the loss of contrast 
compared to the other examples. The PCA-fused image strongly resembles the visual image 
( Fig. 6.1(a)) and the person is almost invisible. 

In Fig. 6.8(c) we have used Burt 's method [17] comprising a Laplacian pyramid decompose 
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tion and the combination algorithm specified in (6.7)-(6.8). The same combination algorithm 
but using a ratio-of-low pass pyramid for the decomposition (Toet's method [152]) yields the 
result in Fig. 6.8(d). 

Fig. 6.8(e) illustrates the fusion algorithm proposed by Burt and Kolczynski in [21]. Here, 
the activity measure, the match measure, and the weights are computed as in (6.10)-(6.12), 
with a 3 x 3 window centered at the origin and a threshold T = 0.85. 

Fig. 6.8(d) shows the composite image obtained by the fusion scheme proposed by Li et 
al. in [92]. We have used the Daubechies orthogonal wavelet of order 2 to compute the DWT, 
and a 3 x 3 window for the consistency verification. 

Fig. 6.9 shows some examples obtained by combining different alternatives in the different 
fusion blocks. The purpose is not to outperform the already existing approaches but to give an 
idea of the flexibility and freedom our framework offers. 

In Fig. 6.9(a) a steerable pyramid with P = 4 is used for the decomposition of the sources. 
The combination algorithm is the same as the one proposed by Burt and Kolczynski, with a 
3 x 3 window centered at the origin and a threshold T = 0.85. Fig. 6.9(b) has also been obtained 
with the same combination algorithm but performing, in addition, consistency verification, and 
using a translation invariant Haar wavelet for the MR representation of the sources. 

Fig. 6.9(c)-(d) are examples of composite images where a median pyramid is employed for the 
MR decomposition. In Fig. 6.9(d), however, the ratio of the median filtered approximations 
instead of the standard difference is used. In both cases, the simple combination algorithm 
specified in (6.7)-(6.8) is applied. 

In Fig. 6.9(e)-Fig. 6.9(f), the lifting scheme (see Section 2.2) is used to perform the MR 
decomposition on a quincunx lattice. Fig. 6.9(e) shows the composite image obtained with 
the max-lifting scheme9 [70], while Fig. 6.9(f) depicts the result obtained with a lifting scheme 
where the prediction and update operators are Neville filters [84] of order 2. In both cases the 
combination algorithm specified in (6.7)-(6.8) is used. 

6.5 Adaptive M R schemes for image fusion 

The use of adaptive MR transforms opens a new perspective on MR fusion algorithms. Note 
that classical MR fusion approaches simply apply a fixed transform to the sources xs, combine 
the resulting MR coefficients into a composite MR decomposition yF, and apply the inverse 
of the fixed transform to yF. If we use an adaptive transform, the decomposition is steered 
by the input data which, in effect, results in different transforms for different sources xs- We 
are then immediately led to the problem of which inverse transform to apply to the combined 
data yF. To get around this problem, we look for a joint MR transform which is adapted to all 
sources x,$. This joint adaptive MR transform, is used to decompose all xs, and its inverse can 
be used to compute the composite image xF from the composite MR decomposition yF. The 

9The max-lifting scheme is based on morphological operators. A major characteristic of this scheme is that 
it preserves local maxima. 
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Figure 6.8: Examples of fusion by some existing methods: (a) average; (b) weighted average, by PC A, 
(c) Burt's method; (d) Toet's method; (e) Burt and Kolczynski's method; (f) Li et al. 's method. 
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Figure 6.9: Examples of fusion by other methods: (a) steerable pyramid with Burt, and Kolczynski's 
combination algorithm; (b) undecimated DWT with Burt and Kolczynski's combination algorithm, and 
consistency verification. For (c)-(f), the combination algorithm is (6.7)-(6.8) and the MR decom
positions are: (c) median pyramid; (d) ratio-o f-median pyramid; (e) max-lifting wavelet scheme (in 
quincunx lattice); (f) linear lifting with Neville filters wavelet scheme (in quincunx lattice). 
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challenge therefore is to find joint adaptive AIR transforms that are suited for the purpose of 
image fusion. 

In this section we investigate some simple approaches. In all cases, we consider two input 
sources xA, I B , and assume lifting-based wavelet decompositions (see below) in which the choice 
of the update lifting step is governed by some decision map10. The general idea is the following: 

1. choose a criterion for triggering the update lifting step; 

2. compute the update decision map for each input; 

3. merge the update decision maps into a joint update decision map: 

4. compute the transform on each input by using the joint decision map. 

This procedure is iterated over the approximation images yielding two MR decompositions \)A 
and yB. and the multiscale joint decision map 

DF = {DF,...,D^} 

where Dk- is the joint decision map used at level k. 

Lifting-based wavelet decompositions 
We consider MR decompositions based on the lifting scheme; see Chapters 3-5 for more de

tails. First, an original image x is split into its four polyphase components: XQ{TI) — x(2rn, 2n), 
yl{n\l) = x{2m,2n + 1), yl(n\2) = x(2rn + l ,2n) , yj(n|3) - x{2m + l,2n 4- 1). Then, xl

Q is 
updated by 

x1(n) = x1
0(n)ednUdn(yl){n), 

where ©dn, £/<*„ depend on dn which is the output of some decision map D1 at location n , i.e., 
dn = Dl(n). The polyphase components yl(n\p), p = 1 , . . . , 3 , are predicted as in (4.16), i.e., 
y ] (n | p ) = y^{n\p) - x ! ( n ) for p = 1,2, and </(n|3) - ^ ( n | 3 ) - xl(n) - y x (n | l ) - y\n\2). 
The component x1 is the approximation image at level 1 and y1 = {y'(- | l),y1(- |2),y1(- |3)} are 
the detail images at level 1. The wavelet step (splitting, update and prediction) is iterated over 
the approximation image until level A' is reached. Note that at each level k the update lifting 
step depends on Dk while the prediction lifting step is fixed. 

6.5.1 Case studies 

In the examples presented below, we obtain the composite detail coefficients by a sample-based 
maximum selection rule as in (6.9). The MR decomposition yF is inverted by reverting the 
lifting steps described above. In particular, the inversion of the update lifting step is given by 

; r J F (n ) = xk
F(n) edn Udn(y

kj,){n), 

10This decision map should not be confused with the decision map of the MR fusion scheme. In order to 
avoid con f vision, we refer to the former as the update decision map, and to the latter as the fusion decision map. 
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where dn = DF(n) and ©^ denotes the subtraction which inverts ®d- The composite image is 
%F — ^ F I obtained from merging x$F with y^ F. 

In the two first simulations, DA, DB are computed as described in Experiment 4.2.5, i.e., 

Ds(n) = b ( v | ( n ) ) > Ts], S = A,B, (6.13) 

where v$ is the gradient vector at level k and p is the weighted Euclidean norm: 

VJ=1
 Z 3=5 

The filters used in the update lifting step are also the same as in Experiment 4.2.5 (i.e., a 
weighted average for d = 0 and the identity filter for d = 1). Note that these filters are chosen 
in such a way that the adaptive scheme satisfies the threshold criterion (see Proposition 4.2.5). 
However, since for the reconstruction we use a given decision map, we could have chosen any 
other filters. Recall that in previous chapters, the threshold criterion was important in order 
to ensure perfect reconstruction without the need for bookkeeping. In this section, we do store 
the decisions we make for the update filters. This bookkeeping (as long as we are not concern 
about memory storage in the system) is not a serious issue in image fusion, however. 

C a s e 1: DF as the 'union' of DA, DB - Fig. 6.10 
In this example, we consider the fusion of a magnetic resonance image (MRI) and a computer 
tomography (CT) image; see top row of Fig. 6.10. At each level k, we obtain their respective 
update decision maps Dk

A, DB as described above, using TA = 40, TB — 60. We have used 
different thresholds because of the difference statistics of the images. Then, we construct the 
joint decision map DF by 

DF{n) = max{D k
A(n), Dk

B{n)}. 

Since Ds(n) G {0,1}, the previous expression means that DF is obtained as the 'union' of DA 

and D%. 
The middle row of Fig. 6.10 shows the composite image and the joint update decision maps 

DF, DF and DF. The bottom row shows the composite images obtained by the corresponding 
non-adaptive decompositions with fixed d = 0 (left) and d = 1 (right). 

We can observe that the composite image obtained by the adaptive scheme offers a good 
compromise compared to its non-adaptive counterparts. It reduces both the blurring and 
ringing of the non-adaptive composite image with d = 0, and the blocking artifacts of the 
non-adaptive composite image with d = 1. 

Case 2: DF as the ' i n t e r s ec t i on ' of DA, DB - F ig . 6.11 
Here we take as sources the images shown at the top row of Fig. 6.11. We obtain DA. DB in 
the same way as before but with TA = Tg = 40. We construct the joint update decision map 

by 
Dk

F(n)= mm {DA{n),DB{n)}. 

i/i. 
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That is, Dk
F is the •intersection' of the individual update decision maps. This implies that only 

if both input images have a large gradient no filtering takes place, i.e.. xk
s{n) = xs~

1(2n). 
The results are shown in Fig. 6.11. Note that the composite image obtained with the 

adaptive approach (left image of the second row) is similar to the one obtained with the non-
adaptive decomposition with d = 0 (left image of the bottom row). Indeed, one can foresee 
this similarity by inspecting the joint update decision maps which, especially for finer levels, 
give d = 0 for most locations. The smoothing effect of the filter corresponding to d = 0 reduces 
the aliasing and the resulting blocking artifacts that one can perceive in the composite image 
obtained with fixed d = 1 (right image of the bottom row). On the other hand, this latter 
composite image presents less ringing" artifacts than the one obtained with fixed d = 0. This 
ringing is most noticeable in the horizontal edge just above the digit '12'. Since this edge is 
'strong' for both input images, it is preserved by the joint adaptive decomposition. Therefore, 
the composite image obtained with the adaptive approach avoids the ringing as well as the 
blocking artifacts. 

C a s e 3: c o m b i n i n g l inea r a n d morphologica l d e c o m p o s i t i o n s - Fig. 6.12 
In this example the update decision map alternates between two different filters: an average 
filter for texture regions (d = 0) and a median-based11 filter for all other regions (d = 1). The 
choice of the filter is made according to the texture criterion proposed in [55]. This criterion is 
based on the premise that texture regions have a high local variance in all directions. 

The composite image obtained using this approach is shown at the left of the middle row 
of Fig. 6.12. Here, we have considered two levels of decompositions. The non-adaptive coun
terparts are shown in the bottom row. Observe that, again, with the adaptive approach, both 
ringing and blocking artifacts have considerably decreased when compared to the images ob
tained with the non-adaptive approaches. 

6.5.2 Discussion 

These preliminary experiments show that the use of adaptive transforms may result in a slight 
reduction of artifacts when compared to their non-adaptive counterparts. However, a thor
ough investigation is needed in order to find decompositions which can outperform standard 
transforms for image fusion such as the Laplacian pyramid. 

Obviously, the construction of the joint adaptive decomposition is a key factor which needs 
further research. Currently we construct the joint update decision map from the independent 
update decision maps of the different sources. However, we can also think of computing such 
joint decision map by simultaneously analyzing the sources. The choice of the filters is another 
issue that needs further exploration. 

The update of a sample is computed by averaging the sample with the median of its eight neighbors. 
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Figure 6.10: Case 1. Top: MRI (left) and CT (right) input images. Middle: composite image in the 
adaptive case (left) and joint update decision maps (right) D},.. Dj.-, Dp. Bottom.: composite images in 
the non-adaptive cases with d = 0 (left) and d = 1 (right). 
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Figure 6.11: Case 2. Top: out-of-focus input images. Middle: composite image in the adaptive 
case (left) and joint update decision maps (right) DF,DF, Df*. Bottom.: composite images in the 
non-adaptive cases with d = 0 (left) and d = 1 (right). 
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Figure 6.12: Case 3. Top: MRI (left) and CT (right) input images. Middle: composite image in the 
adaptive case (left) and joint update decision maps (right) DF, Dp. Bottom: composite image in the 
non-adaptive cases with d = 0 (left) and d = 1 (right). Here d = 0 corresponds to an average filter, 
while d = 1 to a median-based filter. 




