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Abstract – We present a new approach for assessing quality in
image fusion. The interest of our measures lies in the fact that they
do not require a ground-truth or reference image and can be easily
computed. We perform simulations which show that our measures
are compliant with subjective evaluations and can therefore be
used to compare different image fusion methods or to find the best
parameters for a given fusion algorithm.
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1 Introduction

The widespread use of image fusion methods, in military
applications, in surveillance, in medical diagnostics, etc.,
has led to an increasing need for pertinent performance or
quality assessment tools in order to compare the results ob-
tained with different algorithms or to obtain an optimal set-
ting of parameters for a given fusion algorithm.

In most cases, image fusion is only a preparatory step to
some specific task such as human monitoring, and thus the
performance of the fusion algorithm has to be measured in
terms of improvement of the subsequent tasks. For exam-
ple, in classification tasks, a common evaluation measure is
the percentage of correct classifications. This requires that
the ‘true’ correct classifications are known. In experimen-
tal setups, however, the availability of a ground-truth is not
guaranteed.

In this paper, we focus on general performance measures
which can be computed independently of the subsequent
task. More precisely, we are interested in measures that
express the successfulness of an image fusion technique
by the extent that it creates a composite image that retains
salient information from the source images while minimiz-
ing the number of artifacts or the amount of distortion that
could interfere with interpretation.

In many applications, the end user of the fusion result is
a human. Thus, the human perception of the composite im-
age is of paramount importance and therefore, fusion results
are mostly evaluated by subjective criteria [1, 2]. Objective
performance assessment is a difficult issue due to the vari-
ety of different application requirements and the lack of a
clearly defined ground-truth. Indeed, various fusion algo-
rithms presented in the literature (see [3] for an overview)
have been evaluated by constructing some kind of ideal

composite image and using it as a reference for comparing
with the experimental fused results [4, 5]. Mean squared
error (MSE) based metrics are widely used for these com-
parisons.

A restricted number of objective fusion performance
measures have been proposed where the knowledge of
ground-truth is not assumed. Xydeas and Petrović [6] pro-
pose a metric that evaluates the relative amount of edge in-
formation that is transferred from the input images to the
composite image. In [7], mutual information is employed
for evaluating fusion performance.

This paper discusses a novel objective non-reference
quality assessment algorithm for image fusion that utilizes
local measurements to estimate how well the salient infor-
mation contained within the sources is represented by the
composite image. Our quality measures are based on an
image quality index proposed by Wang and Bovik in [8].

2 The image quality index of Wang and
Bovik

We start by presenting the image quality index that was in-
troduced by Wang and Bovik in [8]. Given two images �
and

�
of size ����� , let �� denote the mean of � , let �
	� and� �
� be the variance of � and covariance of ��� � , respectively,

i.e.,
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which can be decomposed as1 2 � � �
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Wang and Bovik refer to

132
as an image quality index and

use it to quantify the structural distortion between images �
and

�
. In fact, the value

182 � 1:2 "-��� � ) is a measure for the



similarity of images � and
�

and takes values between � �
and

�
. Note that the first component in Eq. (2) is the cor-

relation coefficient between � and
�
. The second compo-

nent corresponds to a kind of average luminance distortion
and has a dynamic range of � � � ��� (assuming nonnegative
mean values). The third factor in Eq. (2) measures a con-
trast distortion and its range is also � � � ��� . The maximum
value

1:2 � � is achieved when � and
�

are identical.
Since image signals are generally non-stationary, it is

appropriate to measure the number

1 2
over local regions

and then combine the different results into a single mea-
sure. In [8] the authors propose to use a sliding win-
dow approach: starting from the top-left corner of the two
images ��� � , a sliding window of fixed size moves pixel
by pixel over the entire image until the bottom-right cor-
ner is reached. For each window � , the local quality in-
dex

1:2 " ��� ��� � ) is computed for the values �#"%$&�('
) and� "%$&�('
) where pixels "%$&�('
) lie in the sliding window � .
Finally, the overall image quality index

182
is computed by

averaging all local quality indices:1:2 "-��� � ) � �� ��� �	�

�
1:2 " ��� ��� � )#� (3)

where
�

is the family of all windows and
� ���

is the cardi-
nality of

�
.

Wang and Bovik [8] have compared (under several types
of distortions) their quality index with existing image mea-
sures such as the MSE as well as with subjective evalua-
tions. Their main conclusion was that their new index out-
performs the MSE, and they believe this to be due to the
index’s ability of measuring structural distortions, in con-
trast to the MSE which is highly sensitive to the � 	 energy
of errors.

3 A new fusion quality measure
We use the Wang-Bovik image quality index

1 2
in Eq. (3)

to define a quality measure

1 "-��� � ��� ) for image fusion.
Here ��� � are two input images and � is the composite image
resulting from the fusion of � and

�
. The measure

1 "-��� � ��� )
should express the ‘quality’ of the composite image given
the inputs ��� � .

We denote by � " � � � ) some saliency of image � in win-
dow � . It should reflect the local relevance of image �
within the window � , and it may depend on, e.g. contrast,
variance, or entropy. Given the local saliencies � " � � � ) and� " ��� � ) of the two input images � and

�
, we compute a local

weight � � " � ) between 0 and 1 indicating the relative im-
portance of image � compared to image

�
: the larger � � " � ) ,

the more weight is given to image � . A typical choice for� � " � ) is � � " � ) � � "-� � � )� " � � � ) 5 � " ��� � ) 0 (4)

In a similar fashion we compute � � " � ) . Note that in this
case � � " � ) � � ��� � " � ) . Now we define the fusion quality
measure

1 "-��� � ��� ) as1 "-��� � ��� ) � �� ��� �	�

� � � � " � )
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(5)

Thus, in regions where image � has a large saliency com-
pared to

�
, the quality measure

1 "-��� � ��� ) is mainly deter-
mined by the ‘similarity’ of � and input image � . On the
other hand, in regions where the saliency of

�
is much larger

than that of � , the measure

1 " � � � ��� ) is mostly determined
by the ‘similarity’ of � and input image

�
.

At this point, our model has produced a quality measure
which gives an indication of how much of the salient in-
formation contained in each of the input images has been
transferred into the composite image. However, the dif-
ferent quality measures obtained within each window have
been treated equally. This is in contrast with the human vi-
sual system which is known to give higher importance to
visually salient regions in an image. We now define an-
other variant of the fusion quality measure by giving more
weight to those windows where the saliency of the input im-
ages is higher. These correspond to areas which are likely
to be perceptually important parts of the underlying scene.
Therefore the quality of the composite image in those ar-
eas is of more importance when determining the overall
quality. The overall saliency of a window is defined as� " � ) �������  � " � � � )
� � " � � � )/+ . The weighted fusion qual-
ity measure is then defined as1 � "-��� � ��� ) � �	�

�"! " � ) � � � " � )

1 2 "-����� � � ) 5 � � " � ) 1 2 " � ��� � � ) � �
(6)

where ! " � ) � � " � )$#  
% 	'&(

� � " �*) ) + . There are various
other ways to compute the weights ! " � ) (for example, we
could define

� " � ) � � "-� � � ) 5 � " ��� � ) ), but we have found
that the choice made here is a good indicator of important
areas in the input images.

We introduce one final modification of the fusion quality
measures that takes into account some aspect of the human
visual system, namely the importance of edge information.
Note that we can evaluate

1 � in Eq. (6) using ‘edge im-
ages’ (e.g. the norm of the gradient) instead of the original
grayscale images � ,

�
and � . Let us denote the edge image

corresponding with � by � ) . Now we combine

1 � " � � � ��� )
and

1 � " � ) � � ) ��� ) ) into a so-called edge-dependent fusion
quality index by1,+ "-��� � ��� ) � 1 � "-��� � ��� ) �.-0/ 7

1 � "-� ) � � ) ��� ) ) / � (7)

where the parameter 1324� � � �5� expresses the contribution
of the edge images compared to the original images: the
closer 1 is to

�
, the more important is the edge image.

Note that the three proposed measures have a dynamic
range of � � � � ��� . The closer the value to

�
, the higher the

quality of the composite image.

4 Experimental results
In this section we use the proposed fusion quality measures
in Eqs. (5–7) to evaluate different multiresolution (MR) im-
age fusion schemes. The MR-based image fusion approach
consists of performing an MR transform on each input im-
age and, following some specific rules, combining them
into a composite MR representation. The composite im-
age is obtained by applying the inverse transform on this
composite MR representation [3].



In this paper we only use the Laplacian pyramid, the ratio
pyramid and the discrete wavelet transform (DWT), and in
all cases we perform a � -level decomposition. We combine
the coefficients of the MR decomposition of each input by
selecting at each position the coefficient with a maximum
absolute value, except for the approximation coefficients
from the lowest resolution where we take the average. For
comparison, we also use the simple fusion method of aver-
aging the input images.

In the computation of the measures defined in last sec-
tion, we take � � " � ) as in Eq. (4), with � " � � � ) , � " ��� � ) being
the variance (or the average in the edge images) of images� and

�
, respectively, within the window � of size � ��� .

In all displayed images, we perform a histogram stretching
and scale the gray values of the pixels between � (black)
and

9����
(white).

First, we take as input images the complementary pair
shown in the top row of Fig. 1. They have been created
by blurring the original ‘Einstein’ image of size

9���� � 9����
with a disk of diameter of

� �
pixels. The images are com-

plementary in the sense that the blurring occurs at the left
half and the right half, respectively. In the second row we
display their total weights used to compute

1 � in Eq. (6).
More specifically, each pixel "%$&�('
) in the left image con-
tains the value ! " � ) � � " � ) with � being the window whose
top-left corner corresponds to "-$.�/'
) . Similarly, the right
image displays ! " � ) � � " � ) for every � 2 �

. The com-
posite images obtained by the Laplacian pyramid, the ra-
tio pyramid, the DWT and the average are depicted in the
third and fourth row, from left to right. Table 1 compares
the quality of these composite images using our proposed
quality measures. The first row corresponds to the fusion
quality measure

1
defined in Eq. (5), the second row to

the weighted fusion quality measure

1 � in Eq. (6) and the
third row to the edge-dependent fusion quality measure

1 +
in Eq. (7) with 1 � � # 9 . For comparison, we also compute
the

1:2
and the root mean squared error (RMSE) between

the original ‘Einstein’ image and each of the composite im-
ages. Note that in ‘real’ fusion scenarios we do not have
access to the original image. The resulting errors are shown
in the last row of Table 1.

Table 1: Comparison between different quality measures
for the composite images in Fig. 1.

measure Laplacian Ratio DWT Average1
� 0
	 ��� � 0�
�� � � 0 � � 9 � 0 � � 41 � � 0
	���	 � 0 ��� � � 0 � 9 4 � 0 � � �1,+
� 0
����� � 0 ��� � � 0 ��� � � 0�
 4 �132
� 0
	���� � 0 � � � � 0 ��
 � � 0 � 
 �

RMSE
� 0������ � 4 0 9 � 9 0 ��� 4 
,0 � � 9

Fig. 1 shows that the Laplacian and DWT methods
are comparable and that they outperform the other two
schemes. Note, for instance, the blurring (e.g., in the eyes)
and the loss of texture (e.g., the stripes in his clothes) of the
composite images obtained by the ratio pyramid and aver-
aging. Furthermore, in the ratio-pyramid composite image,
some details of the man’s face have been cleared out, and

in the average composite image, the loss of contrast is evi-
dent. These subjective visual comparisons are corroborated
by the results in Table 1. Note that the Laplacian method
has higher quality measures than the DWT. This is most
likely due to the fact that the former method is better able
to preserve edges and reduce the ringing artifacts around
them.

Consider now the input images in the top row of Fig. 2.
They correspond to a computer tomography (CT) image
and a magnetic resonance image (MRI). We repeat the same
computations as described above. The results are shown
in Fig. 2 and Table 2. Here, however, as we do not have a
reference image to compare with, we cannot compute the
RMSE nor the

1 2
. Instead, we use a measure based on

mutual information. More precisely, the results in the last
row of Table 2 have been obtained by adding the mutual
information between the composite image and each of the
inputs, such as in [7], and dividing it by the sum of the en-
tropies of the inputs, i.e.,

��� "-��� � ��� ) � � "-����� ) 5 � " � ��� )� " �,) 5 � " � )
where � " ����� ) is the mutual information between � and � ,
and

� " �,) is the entropy of � . In this way, we normalize the
measure to the range � � � ��� .
Table 2: Comparison between different quality measures
for the composite images in Fig. 2.

measure Laplacian Ratio DWT Average1 � 0 ��� 9 � 0 � � � � 0 ����� � 0 � 9 �1 � � 0
���� � 0 �!�,� � 0

 � � � 0 � 9��1,+
� 0
��	�� � 0 � � � � 0

 ��� � 0 � � �

MI � 0 ��� 
 � 0 9 9,� � 0 4 � � � 0
��	 �
In Fig. 2, we can see that again the Laplacian and DWT

methods clearly outperform the other two methods. For
both of them, many details (specially the brain tissue in the
magnetic resonance image) have been lost. Moreover, due
to the high contrast in the input images, the ratio pyramid
blows up the dynamic range for some pixels, which makes
it necessary to clip them in order to be able to ‘visualize’
the image. Again, the subjective visual analysis is consis-
tent with the new quality measures, as shown in Table 2.
In both experiments, the edge-dependent fusion quality in-
dex gives a stronger separation between the good results
(Laplacian and DWT) and the bad results (ratio and av-
erage). Note that the last row, where mutual information
has been used, gives the best ranking to the average fusion
method. However, mutual information has been shown to
be a good indicator of the quality of MR composite images
[7] (as long as the average is not taken in all levels for the
construction of the composite MR decomposition).

It is interesting to see to what extent edge and illumi-
nation influence fusion quality. For that purpose, we have
computed the quality measure

1 +
varying the parameter 1

(see Eq. (7)). We have found that for out-of-focus images,
like in the ‘Einstein’ case in Fig. 1, the influence of illumi-
nation seems more important than the information provided



by the edges, hence increasing the parameter 1 would, in
general, decrease the value of

1 +
. Despite this fact, the rat-

ing order between the different fusion methods is preserved.
On the other hand, for complementary images where few
redundant information is present, as in the ‘Skull’ images
in Fig. 2, the higher the contribution of the edge images,
the higher the value

1 +
when the fused image has good

‘visual’ quality . This suggests that for this latter case, the
edge information plays an important role. Table 3 shows
the values of

1 +
obtained with the fused images in Fig. 2

when varying 1 .

Table 3: Quality measure

1 +
when varying the edge fused

images contribution.1,+
Laplacian Ratio DWT Average1 � � 0 9 � 0
���� � 0 � � � � 0�
 � � � 0 � � �1 � � 0 4 � 0
��	�� � 0 � � � � 0�
 9 
 � 0 � � �1 � � 0 � � 0 � � � � 0 � � � � 0�
 ��� � 0 � � �1 � � 0 � � 0 � � � � 0 � 
 � � 0�
 4 � � 0 ��� 
1 � � � 0 ����� � 0 ����� � 0�
 � � � 0 ��� �

5 Conclusions

In this paper we have discussed some new objective quality
measures for image fusion which do not require a reference
image and correlate well with subjective criteria as well as
with other existing performance measures. Our measures
are easy to calculate and applicable to various input modal-
ities (and hence to different fusion applications). In particu-
lar, our measures give good results on variable quality input
images since they take into account the locations as well as
the magnitude of the distortions.

Further research is necessary to study the influence of
the different parameters of the measures (e.g., size of the
window, choice of saliency and weights, etc.), and how to
select them in order to optimize the quality measures.

There are several areas in which our quality measures
can be extended. We currently consider grayscale images,
so inclusion of colour is an obvious extension. Other vi-
sual mechanisms of our human visual system may also be
taken into account. One such mechanism is multiresolution.
Since the sensivity of the human visual system varies over
spatial frequencies, it seems natural to compute the quality
measures with respect to the scales of the objects that ap-
pear in the image. Another possible extension is motivated
by our work in region-based fusion [3, 9]. Rather than cal-
culating the quality measure in fixed windows, one might
choose to segment the sources first and compute the mea-
sure region by region.

In addition, we plan to include some information-
theoretic measures such as mutual information and entropy
to better estimate the information content of the composite
image. We also plan to study how our objective measures
can be used to guide a fusion algorithm and improve the
fusion performance.
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Fig. 1: Experiment 1. Top: input images � (left) and
�

(right); second row: total weights ! 7 � � (left) and ! 7 � �(right); third row: composite images with a Laplacian (left)
and a ratio (right) pyramid decompositions; bottom: com-
posite images with a DWT (left) decomposition and aver-
aging (right).

Fig. 2: Experiment 2. Top: input images � (CT image, left)
and

�
(MRI image, right); second row: total weights ! 7 � �(left) and ! 7 � � (right); third row: composite images with a

Laplacian (left) and a ratio (right) pyramid decompositions;
bottom: composite images with a DWT (left) decomposi-
tion and averaging (right).


