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ABSTRACT

Several images to be fused can be taken as a multivalued
image. From multiscale fundamental form (MFF), a mul-
tivalued image wavelet representation can be obtained. In
order to avoid the enlargement of the wavelet coefficients,
the weighted multiscale fundamental form (WMFF) is ex-
ploited in our fusion process. The mutual information and
the conditioned entropy are introduced to evaluate the fused
result. Compared with the multiscale fundamental form, the
weighted one have a better performance on image fusion.

1. INTRODUCTION

Image fusion is the combination of two or more different
images to form a new image using a certain algorithm [1].
Now the application area of image fusion is extensive.

In general, the techniques of image fusion are grouped
into three classes: (i) color-related techniques; (ii) numeri-
cal/statistical methods; (iii) techniques based on multiscale
decomposition. Wavelet, as a promising tool, takes more
and more attention. Li et al [2] proposed a choose-max
wavelet fusion algorithm. In [3], Nunez et al fused a high
resolution panchromatic image (SPOT) with a low resolu-
tion multispectral image (Landsat TM) using the AWL al-
gorithm. A novel algorithm based on multiscale first fun-
damental form was presented by Scheunders et al in [4].
In those papers, a new multivalued image representation ,
i.e. multiscale fundamental form, was derived from the first
fundamental form in [5] and a dyadic discrete wavelet trans-
form in [6].

In this paper, the disadvantages of the first fundamen-
tal form are analyzed. It distributes the same weight to
all the gradient of the input images. This paper proposes
a modified first fundamental form, i.e. the weighted first
fundamental form. The pointwise weight depends on the
gradient magnitudes of the multi-image components. Cor-
respondingly, the multiscale fundamental form becomes the
weighted multiscale fundamental form.

This paper is organized as follows. The next section in-
troduces the concept of MFF and the MFF based fusion al-

0-7803-8554-3/04/$20.00 ©2004 1IEEE.

gorithm in [4]. In Section 3, the weighted multiscale funda-
mental form is presented. Section 4 gives the experimental
results. Conclusion remarks are shown in Section 5.

2. IMAGE FUSION BASED ON MULTISCALE
FUNDAMENTAL FORM

2.1. The Multiscale Fundamental Form

In this subsection, the multiscale fundamental form is intro-
duced following [4].

LetI = (I, Io,...,Iy) : R*> — R be a continuous
multivalued image. The differential of I is given by

ol ol
dl = 7 dx + 8_y dy.

Then its squared norm is

| d1 ||* =
ol; N 9I; dI;
( da )T 7%:1(8:z) 7%:1 or Oy < dzx ) 1
dy ’ ) dy )’
=1 %2 662 1;(%11; )2

The quadratic form in (1) is called the first fundamental
form. For a graylevel image (N = 1), the eigenvalue A "
of 2 x 2 matrix is equal to || VI; ||* and the corresponding
eigenvector v is equal to V11 /|| VI, ||. The other eigen-
value is zero. If N > 1, the eigenvalue is the squared gra-
dient magnitude of the multivalued image I and the corre-
sponding eigenvector lies in the direction of the gradient.

The first fundamental form reflects only the edge infor-
mation at a single scale. To describe multiscale informa-
tion of a multivalued image, the first fundamental form was
extended to the multiscale fundamental form [4]. The ex-
tension was based on the nonorthogonal wavelet transform
introduced by Mallat in [6].

Define a 2-D differentiable smoothing function 6(z, y)
whose integral over x and y is 1 and convergence to 0 at
infinity and two wavelet functions v (z,y) and ¥?(x,y)
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such that ¢! (z,y) = 2288 205 ) = 59(%4/). Let
f(z,y) € L*(R?) and
1z y
Osi (x,y) = ﬁa(ZJ 2))
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02 @ y) = ot L),

277 27
The wavelet transform of f(z, y) at scale 27 is defined by

W;;f(l’,y) = f * 1/1%7 (l',y), W;,f(:r,y) = f * 1/157 (xay)v

where * denotes the convolution operator. One can simply
prove that

( Wi%f(m,y) ) =2V (f * 095) (2, y)- 2

With a particular class of wavelets, in [6] Mallat proposed
two fast algorithms to implement the wavelet transform and
the inverse wavelet transform.

Based on (1) and (2), a multiscale fundamental form
can be derived for a multivalued image I. The squared norm
of the differential of I x 04, (x,y) is given by

| d(T# 0y, (z,y)) ||* = 2%
N

dy w dy
Z i 2J 7 2J ;(W%QJ )
where W@ o; and Wi22_7~ are the detail coefficients of the nth

band image at scale 27. The expression will be referred to
as the jth scale fundamental form and therefore reflects the
edge information at scale 27. Denote two eigenvalues of the
2 x 2 matrix by /\27 , Ay (AJ; > A,;) and the corresponding
eigenvectors by vQJ , Vg, - For a multivalued image, the edge
information is contained in both eigenvalues. The eigen-
values and eigenvectors describe the edge information in a
multiresolution way.

The same as in (1), here the eigenvectors are not uniquely
specified. In [4], the wavelet transforms of the average of all
the bands were used to determine the signs. But based on
the properties of the convolution operator, the v;j can be
determined as follows:

+ 1 2
’U;—j — ’U2_7~, 27 T Z WZ 23 + ’U27 Y Zl Wi’Q.J‘ Z 09

—v2_7 , otherw1se.

2.2. The image fusion algorithm in [4]

Ignoring the second eigenvector A ~, in [4] a multivalued
image wavelet representation is given. The image fusion
algorithm based on MFF is as following. A low resolu-
tion image Loa is obtained by averaging the low resolu-
tion images {L; 4,9 = 1,---, N} of the original bands

[ B0 SWLW )
(5) ] )

or by choosing one low resolution image. The detail image
WX are derived from the multiplication of 4/ )\;'j and v;

23
Then a wavelet representation { L, WQZ_;*,Z = 1,2,5 =

, N} of the multivalued image is provided. By apply-
ing the inverse wavelet transform in [6] to this representa-
tion, one obtains a graylevel image, i.e. the fused image
of the original image I. The flowchart of the algorithm is

shown in Fig. 1.
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Fig. 1. Flowchart of the image fusion algorithm

3. THE WEIGHTED MULTISCALE
FUNDAMENTAL FORM

For the first fundamental form, the same weight is distributed
to the gradients of the input images. The difference between
the original images is not considered. By analysis, we think
that the same weight is not good in the field of image fusion.
Take I = (I1,11) as a special example. Two compo-
nents of I are the same image. The expected fused image
should be the image I,. From (1), the eigenvalue A" is
equal to 2|| VI, H and eigenvector v is equal to HV‘; T
Correspondmgly, by the multiscale fundamental form, the

eigenvalue /\ ; and eigenvector v; are given by

A;} =2 [(W11,2.7)2 + (W12,2.7‘)2]
Wl W2

o = V(I * b9 (2,y)) = 1,29 121)
N N TN R e S

So to the MFF based image fusion algorithm, the represen-
tation of the multi-image becomes {L 54, \/§W1l’2j,l =
1,2,7 = 1,2,---,d}. The detail images are expanded by
/2 but the low resolution image doesn’t change . The fused
image [ is not the image /7 but its enhanced version. The
enlargement of the detail images results in that noise is ex-
panded and that some artifacts occur in the fused image I r.
Fig. 2 shows an example. Either of the input images is Fig.
2(a). The fused image based on MFF is Fig. 2(b). The noise
amount is increased in the fused image. The signal-to-noise
(SNR) of (a) is 15.30 but that of (b) is 14.37. At the same
time, some artifacts can be seen near the edges in Fig.2(b).
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(a) The original image

(b) The fused image

Fig. 2. Fusion result based on MFF

From the above, we draw a conclusion that the detail
coefficients of the representation { Loa, Wéf, l=1,2,5=
1,2,---,d} are too large. To avoid the problem, we pro-
posed a adaptively weighted first fundamental form, i.e.

2
[ dL|" =
al Al \2 N 0L 8I;
() [ B B
dy N aI; oI; N aI; dy )’
Zeisoy Lol

8[1'

where o;; = (52 + 811

)/ ( %2 + 81’ ). Correspond-

ing, the jth scale welghted fundamental form is

|| d(I * 92]' (Jj,y)) ||2 — 2—2g
N N
)T( Z:l/gz( i, 23) Z Biwil,way )

N
Z/Bl 121 121

=1 i

dx
dy

Mzﬂ

Bi(Wy)?

1

where §; = (W,,)?

i=

max {(%) —I—(al’) } For the weighted

1--,N
first fundamentgl form}: there are the following two proper-
ties: (i) the gradient magnitude given from it is less than
the gradient magnitude of I,,,; (ii) the gradient direction is
more approximate to (%, 85;“ ).

Using the weighted multiscale fundamental form, the
fused image is I; forI = (I, I;) or I = (I3, 0). Obviously,
the fused result is consistent with the expectation. The result
also shows that the weighted multiscale fundamental form

is robust to the different input images.

Letm =
ic

4. EXPERIMENTS

Firstly, we take two-focus images as the testing images. In
Fig.3, (a) and (b) are two-focus images, taken by the digital
camera, which have different focus. In Fig.3 (a), the focus

T (W2,,)? >/<§<W323> T (2,02).

is on the Pepsi can. In Fig.3 (b), the focus is on the testing
card. Using the fusion algorithm in Section 2.2, the fused
images based on WMFF and MFF are given in Fig.3 (c) and
(d), respectively.

(a) The image focus on the can (b) The image focus on the card

(c) Result based on MFF

(d) Result based on WMFF

Fig. 3. Fusion results for two-focus images

In vision two fused images are similar. In order to ob-
tain a quantitative evaluation, we use an information theo-
retic quality measure based on the mutual information and
the conditional entropy. In [7], Rockinger used them to de-
scribe the stability and consistency and the instability and
inconsistency of the fused sequences. Suppose two ran-
dom variables, A and B, with marginal probability distri-
bution, p4(a) and pp(b) and joint probability distribution,
pap(a,b). The Mutual Information (MI) of A and B is de-
fined as follows [8]:

pap(a,b)

MI(4,5) = pa@ps®)

Z pap(a,b)log,

a,b

3)

MI is related to entropy by the following equation

MI(A,B) = H(A)+H(B)— H(A,B)
— H(A) - H(A|B)
— H(B)- H(BA),

with H(A) and H(B) being the entropy of A and B, re-
spectively, H (A, B) their joint entropy, and H(A|B) and
H(BJA) the conditional entropy.

Denote two original images by /1, I» and the fused im-
age by Ir. To evaluate the fused images, H (I, Iz|Ir),
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H(Ip|I,Iz) and MI((I1, I2),Ir) are calculated. High
MI((I1,I2), Ir) corresponds to more relevant information

between the original image and the fused image. Low con-

ditional entropy H (I3, Iz|Ir) and H (Ir|I1, I2) indicate less
inconsistency and instability. The results are shown in Ta-

ble 1. We see from Table 1 that the weighted multiscale

fundamental form appears to outperform the multiscale fun-

damental form. For the fused image based on WMFF, more

relevant information in I; and I, is preserved and less arti-
facts or inconsistencies are introduced.

H(I, L|Ir) | H(Ip|, I2) | MI((I1,I2),IF)
WMFF 5.2772 1.4368 4.0290
MFF 5.5409 1.7563 3.7654

Table 1: The information theoretic quality measure of Fig.3

In Fig.4, (a) and (b) are the original integrated circuit
(IC) images which are partially blurred. (c) and (d) are the
fused images based on WMFF and MFF, respectively. The
quantitative evaluation is in Table 2.
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(a) The blurred part on the left (b) The blurred part on the right
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(c) Result based on MFF (d) Result based on WMFF

Fig. 4. Fusion results for partly blurred IC images

H(L,L|Ip) | HIp|,I2) | MI((I1, I2),IF)
WMFF 3.9930 1.0518 4.2236
MFF 4.1739 1.1834 4.0428

Table 2: The information theoretic quality measure of Fig.4

5. CONCLUSION REMARKS

In this paper, a weighted multiscale fundamental form is
proposed. Using this form, the detail images will not be en-
larged in the fusion process. The mutual information and
the conditioned entropy are used as the evaluation criteria
to asses the fused image. By the fusion experiments of two-
focus images and partially blurred IC images, the weighted
multiscale fundamental form are demonstrated to outper-
form the multiscale fundamental form on image fusion.

6. REFERENCES

[1] C. Pohl and J. L. Genderen, ‘“Multisensor image fusion
in remote sensing: concepts, methods and application,”
International Journal of Remote Sensing, Vol. 19, No.
5, pp- 823-854, 1998.

[2] H.Li, B. S. Manjunath, S.K. Mitra, “Multisensor image
fusion using the wavelet transform,” Graphical Models
and Image Processing, Vol. 57, pp. 235-245, 1995.

[3] J. Nunez, X. Otazu, O. Fors, A. Prades, V. Pala, and
R. Arbiol, “Multiresolution based image fusion with
additive wavelet decomposition,” IEEE Tran. Geosci.
and Remote Sensing, Vol. 37 , No. 3, pp. 1204-1211,
1999.

[4] P. Scheunders, “A multivalued image wavelet represen-
tation based on multiscale fundamental form,” IEEE
Trans. Image Processing, Vol. 11, No. 5, pp. 568-575,
2002.

[5] S. Di Zeno, “A note on the gradient of a multi-image,”
Comput. Vis. Graph. Image Process., Vol. 33, pp. 116-
125, 1986.

[6] S. Mallat, Ed., A wavelt tour of signal processing, 2nd
ed., New York: Academic, 1999.

[7] O. Rockinger, T. Fechner, “ Pixel-level image fusion:
the case of image sequences,” SPIE Processings, Vol.
3374, pp. 378-388, 1998.

[8] F. Maes, A. Collignon, D. Vandermeulen, G. Marchal
and P. Suetens, “Mutimodality image registration by
maximization of mutual information,” I[EEE Trans.
Medical Imaging, Vol. 16, No. 2, 1997.

3322



	Index
	ICIP 2004 Home Page
	Conference Info
	Welcome Message
	Techincal Program Overview
	Technical Program Committee
	EDICS Categories
	ICIP2004 Paper Submission Statistics
	ICIP2004 Paper Statistics - Final Program
	ICIP2004 Organizing Committee
	Sponsors
	Exhibition
	Venue Access
	Social Activities
	Other Information
	Call for Papers for ICIP2005

	Sessions
	Monday, 25 October, 2004
	MA-S1-Computational Radar Imaging
	MA-L1-Watermarking I
	MA-L2-Face Recognition
	MA-L3-Video Compression Standards I
	MA-L4-Biomedical Image Processing: Segmentation and Qua ...
	MA-L5-Error Resilience / Concealment I
	MA-P1-Image Segmentation: By Color, Texture, and Edge
	MA-P2-Image Filtering and Morphological Processing
	MA-P3-Image Enhancement I
	MA-P4-Video Segmentation
	MA-P5-Low-level Image Indexing and Retrieval
	MA-P6-DCT-based Video Coding
	MA-P7-Image Compression and Applications
	MA-P8-Distributed Source Coding and Others
	MP-S1-Deformable Models and Applications
	MP-S2-Media Security Issues in Streaming and Mobile App ...
	MP-L1-Face Detection, Recognition, and Classification I
	MP-L2-Video Summarization and Browsing
	MP-L3-Image Filtering and Partial Differential Equation ...
	MP-L4-Image/Video Indexing and Retrieval
	MP-L5-Watermarking II
	MP-P1-Video Compression Standards II
	MP-P2-Error Resilience/Concealment II
	MP-P3-Biometrics I
	MP-P4-Image Segmentation: By Multiple Features and Othe ...
	MP-P5-Image Enhancement II
	MP-P6-Video Object Tracking
	MP-P7-Biomedical Image Processing: Compression and Regi ...
	MP-P8-Video Coding

	Tuesday, 26 October, 2004
	TA-S1-Content-based Analysis of Multi-modal High Dimens ...
	TA-S2-Image Forensics
	TA-L1-Feature-based Image Segmentation
	TA-L2-Denoising and Deblurring
	TA-L3-Biometrics II
	TA-L4-Lossy Image Coding
	TA-L5-Wavelet Video Coding and Scalability I
	TA-P1-Stereoscopic and 3-D Processing I
	TA-P2-Face Detection, Recognition and Classification II
	TA-P3-Motion Detection and Estimation: Block Matching
	TA-P4-Feature Extraction and Analysis: Color and Textur ...
	TA-P5-Watermarking III
	TA-P6-Video Indexing, Retrieval and Editing
	TA-P7-Interpolation
	TA-P8-Geosciences and Remote Sensing and Environment
	TP-S1-What is the Latest in Networked Video?
	TP-L1-Super-resolution and Interpolation
	TP-L2-Deblocking, Restoration, and Enhancement
	TP-L3-Motion Estimation and Detection
	TP-L4-Image Segmentation
	TP-L5-Biomedical Image Processing: Compression, Registr ...
	TP-P1-Stereoscopic and 3-D Processing II
	TP-P2-Face Detection, Recognition and Classification II ...
	TP-P3-Video Streaming and Networking
	TP-P4-Shape Extraction and Analysis
	TP-P5-Watermarking IV
	TP-P6-Image/video Storage and Retrieval
	TP-P7-Wavelet Video Coding and Scalability II
	TP-P8-Image Modeling

	Wednesday, 27 October, 2004
	WA-S1-Content Understanding for Home Photograph and Vid ...
	WA-S2-Pattern Discovery in Real-world Broadcast Video
	WA-L1-Image Scanning, Display, and Printing I
	WA-L2-Image Formation I
	WA-L3-Stereoscopic and 3-D Coding &amp; Processing
	WA-L4-Image Coding I
	WA-L5-Source-Channel Coding I
	WA-P1-Motion Detection and Estimation: Optical Flow and ...
	WA-P2-Watermarking V
	WA-P3-Feature Extraction and Analysis I
	WA-P4-Image Segmentation: Level Set and Active Contour
	WA-P5-Transcoding
	WA-P6-Implementations and Systems
	WA-P7-Document Image Processing and Other Applications
	WA-P8-Biomedical Image Processing: Segmentation and Com ...
	WP-L1-Image Representation, Rendering, and Quality Asse ...
	WP-L2-Stereoscopic Image Processing and 3D Modeling
	WP-L3-Feature Extraction and Analysis II
	WP-L4-Image/Video Segmentation and Tracking
	WP-L5-Distributed Source Coding and Scalability
	WP-L6-Video Streaming
	WP-P1-Image Coding II
	WP-P2-Source-channel Coding II
	WP-P3-Stereoscopic and 3-D Coding
	WP-P4-Super-resolution and Mosaic
	WP-P5-Image Formation II
	WP-P6-Motion Detection and Estimation: Other Methods
	WP-P7-Watermarking and Cryptography
	WP-P8-Image Segmentation: Clustering and Statistical Me ...
	WP-P9-Image Scanning, Display, and Printing II

	Tutorials
	Plenary Sessions
	Special Sessions
	Table of Contents of Printed Proceedings

	Authors
	All Authors
	A
	B
	C
	D
	E
	F
	G
	H
	I
	J
	K
	L
	M
	N
	O
	P
	Q
	R
	S
	T
	U
	V
	W
	X
	Y
	Z

	Papers
	All Papers
	Papers by Session
	Papers by Topics

	Topics
	1.1.1: Lossy coding
	1.1.2: Lossless coding
	1.1.3: Image compression standards
	1.2.1: DCT-based video coding
	1.2.2: Wavelet-based video coding
	1.2.3: Model-based video coding
	1.2.4: Scalability
	1.2.5: Transcoding
	1.2.6: Video compression standards
	1.2.7: Other
	1.3: Stereoscopic and 3-D Coding
	1.4: Distributed Source Coding
	1.5.1: Source/channel coding
	1.5.2: Networking
	1.5.3: Error resilience / concealment
	1.5.4: Video streaming
	1.5.5: Other
	2.1.1: Linear filtering
	2.1.2: Nonlinear filtering
	2.1.3: Level set and fast marching
	2.1.4: Partial differential equations
	2.1.5: Other filtering techniques
	2.2.1: Multiframe image restoration
	2.2.2: Contrast enhancement
	2.2.3: Deblocking / artifacts removal
	2.2.4: Deblurring
	2.2.5: Denoising
	2.2.6: Other restoration techniques
	2.2.7: Other enhancement techniques
	2.3.1: By edge
	2.3.2: By color
	2.3.3: By texture
	2.3.4: By multiple features
	2.3.5: By other features
	2.3.6: Active-contour / snake-based methods
	2.3.7: Clustering-based methods
	2.3.8: Model-fitting-based methods
	2.3.9: Statistical-classification-based methods
	2.3.10: Morphological-based methods
	2.3.11: Level-set-based methods
	2.3.12: Other segmentation methods
	2.4.1: Video object segmentation
	2.4.2: Temporal segmentation
	2.4.3: Video shot segmentation
	2.4.4: Tracking
	2.4.5: Other video segmentation techniques
	2.4.6: Other tracking techniques
	2.5: Morphological Processing
	2.6.1: Stereo image processing
	2.6.2: 3D modeling &amp; synthesis
	2.6.3: Other techniques
	2.7.1: Color
	2.7.2: Texture
	2.7.3: Shape
	2.7.4: Shading
	2.7.5: Other features
	2.8.1: Perceptual / human visual system
	2.8.2: Source modeling
	2.8.3: Noise modeling
	2.8.4: Other
	2.9.1: Face detection, recognition and classification
	2.9.2: Fingerprint analysis and coding
	2.9.3: Iris analysis
	2.9.4: Human activity, gait analysis, and gaze analysis
	2.9.5: Goal-oriented analysis tasks
	2.9.6: Other
	2.10.1: Interpolation
	2.10.2: Super-resolution
	2.10.3: Mosaic
	2.10.4: Registration / alignment
	2.10.5: Other techniques
	2.11.1: Block matching
	2.11.2: Optical flow
	2.11.3: Parametric model for motion estimation
	2.11.4: Change detection
	2.11.5: Camera calibration
	2.11.6: Other motion detection techniques
	2.11.7: Other motion estimation techniques
	2.12.1: Hardware and software co-design
	2.12.2: Embedded and real-time systems
	2.12.3: Paralleled and distributed systems
	2.12.4: Other system platforms
	3.1.1: Super-acoustic imaging
	3.1.2: Tomographic imaging
	3.1.3: Nuclear and x-ray imaging
	3.1.4: Magnetic resonance imaging
	3.1.5: Other
	3.2.1: Radar imaging
	3.2.5: Multispectral / hyperspectral imaging
	3.2.6: Other
	3.4: Optical Imaging
	3.5: Synthetic-Natural Hybrid Image Systems
	4.1: Scanning and Sampling
	4.2: Quantization and Halftoning
	4.3: Color Reproduction
	4.4: Image Representation and Rendering
	4.5: Display and Printing Systems
	4.6: Image Quality Assessment
	5.1: Image and Video Databases
	5.2.1: Low-level image indexing and retrieval
	5.2.2: Relevance feedback and interactive retrieval
	5.2.3: Content addressable browsing
	5.3.1: Video partition/shot detection
	5.3.2: Video features for retrieval
	5.3.3: Low-level video indexing and retrieval
	5.3.4: Semantic video retrieval
	5.3.5: Content summarization and editing
	5.4: Multimodality Image/Video Indexing and Retrieval
	5.5.1: Watermarking
	5.5.2: Cryptography
	6.1.1: Image segmentation and quantitative analysis
	6.1.2: Computer assisted screening and diagnosis
	6.1.3: Visualization
	6.1.4: Image compression
	6.1.5: Image registration and fusion
	6.2.1: Astronomy
	6.2.2: Geosciences
	6.2.3: Remote sensing
	6.2.4: Environment
	6.3: Document Image Processing and Analysis
	6.4: Other Applications

	Search
	Help
	Browsing the Conference Content
	The Search Functionality
	Acrobat Query Language
	Using Acrobat Reader
	Configurations and Limitations

	About
	Copyright
	Current paper
	Presentation session
	Abstract
	Authors
	Silong Peng
	RuoSan Guo
	Tao Chen



