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Abstract

Image fusion is to process the complementary images obtained from multi-sensors by using
proper algorithms so as to meet its application requirements. This paper proposes a multi-
resolution image fusion algorithm based on compressed sensing. This algorithm adopts K-
SVD dictionary training method, performs dictionary learning on the gradient features of
the images, obtains the sparse coefficients of the gradient features and uses orthogonal
matching pursuit (OMP) algorithm to perform sparse decomposition on the images. Then it
fuses the sparse coefficients according to certain weighted fusion rules and multiplies the
high-resolution dictionary with the fused sparse coefficients to obtain high-resolution image
blocks. It can be seen from the simulation result that the algorithm of this paper can retain
the important information of the original images such as the edges and textures, contains
the information like the space details, and obtains the fused image with multiple clearly-
focusing targets and forms clear, complete and accurate information description on the
targets.
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1. Introduction for observation or further processing[1l]. The
Image fusion technique is to process the purpose of image fusion is to reduce uncertainty
images of the same target which collected from and obtain more accurate, complete and reliable
multi-source channels, to extract the information scene description of the same target. Important
of the channels and integrate in the same image applications of the fusion of images include
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medical imaging, microscopic imaging, remote
sensing, computer vision, and robotics. With the
rapid development of sensor technology, sensor
has been greatly improved in reaction time,
resolution and detection ability. Single sensor
usually obtains partial and inaccurate information,
which seriously affect the subsequent image
processing effects [2]. Multi-sensor is an
important content in multi-sensor data fusion. The
sensors to be applied in different fields is low in
cost but strong in performance, so they can
provide us with more comprehensive but
redundant information. What we encounter now is
how to remove the redundancy and retain the
useful information so as to serve as a strong
support for the follow-up processing decision [3].

Now scholars have got relatively in-depth
research on image fusion algorithms and the main
algorithms include: weighted average method,
logic filtering method, multi-resolution pyramid
algorithm, wavelet transform method, Kalman
filtering algorithm and so on, but these fusion
methods all need to analyze and process the pixel
grayscale of the images to be fused and the huge
data volume has brought great inconvenience to
image fusion. In recent years, compressed sensing
and sparse representation have been applied in
image processing and analysis, including image
de-noising, super-resolution, restoration and
image fusion. It represents the signal on the over-
complete bases and it has excellent sparse
representation ability. The newly-emerging
sampling theory based on the compressed sensing
of signal sparsity or the compressive sampling can
successfully realize the simultaneous sampling
and compression of the signal. Currently,
compressed sensing mainly involves in the over-
complete dictionary  design  with  sparse
representation ability, the measurement matrix
design which meets incoherence or iso-distance
constraint criterion and the rapid and robust signal
reconstruction algorithm design [4,5].

This paper firstly makes a detailed
analysis of the theoretical foundation of image
fusion and elaborates the process and levels of
image information fusion. Then it studies the
applications of compressed sensing and sparse
representation in image processing, on the basis of
which, this paper proposes an image information
fusion algorithm based on sparse compressed

sensing. Finally, the result of the experimental
simulation proves that the method of this paper is
reasonable and effective and that it can get
excellent fusion result.

2. Image Fusion

Image fusion is the process by which two
or more images are combined into a single image
retaining the important features from each of the
original images. The fusion of images is often
required for images acquired from different
instrument modalities or capture techniques of the
same scene or objects. To make it simple, image
fusion is the combination of two or more images
[6]. This technology has been widely applied in
the understanding of multi-spectral image,
medical image processing and other fields and it
includes spatial domain combination and
frequency domain combination. Highly effective
image fusion methods can comprehensively
process the information in multi-source channels
as required so as to effectively improve the use
ratio of the image information, the reliability of
system in the target detection and recognition and
the automation of the system [7]. According to the
differences of the information representation level
and the stages of fusion in the processing, image
fusion is divided into three levels from low to
high: pixel level, feature level and decision level.
Both the pixel level fusion and the feature level
fusion need to correlate and register the multi-
source information while the decision level fusion
only needs to correlate the data [8]. The pixel
level fusion and the feature level fusion are
different in the order of the correlation and
recognition: the former fusion directly registers
and correlates the original data while the latter
registers and correlates the feature vectors and
then proceeds with the recognition. On the other
hand, the decision level fusion first recognizes and
then correlates the decision results before
obtaining the decision result of the fusion [9]. The
decision level fusion has less dependence on the
sensor, which can be homogenous or
heterogeneous. Unless the signals of the sensor
are independent, the classification performance of
the decision level fusion may be lower than the
feature level fusion. Generally speaking, image
information fusion includes three layers: pre-
processing, information fusion and application
layer, as indicated in Fig.1.
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Figure 1. Information fusion

3. Compressed Sensing and Sparse
Representation

3.1. Theory of Compressed Sensing

Under the theoretical framework of
compressed sensing, sample rate no longer
depends on signal bandwidth but two fundamental
standards: sparsity and incoherence or sparsity
and iso-distance constraint. As long as the signal
is compressible or a certain transform domain is
sparse, a measurement matrix uncorrelated to the
transform radix can be used to project the high-
dimensional signals obtained from the transform
into a low-dimensional space and then reconstruct
the original signal with high probability from the
few projections by seeking an optimization
problem so as to prove that such projection
contains sufficient information to reconstruct the
signal [10].
In the traditional signal acquisition and coding
and decoding process, the coding end first

samples the signal and then performs certain
transform to all sampling values and encodes the
amplitudes and the positions of the important
coefficients. After that, the end stores or transmits
the coded value. The decoding process of the
signal is more than an inverse process of coding.
Reconstructed signal can be obtained after
performing uncompressing and inverse transform
on the received signal. However, the traditional
sampling and coding and decoding method suffers
huge pressure of sample rate in its hardware
system. In the compressive coding, the small
coefficients obtained from plenty of transform
computation will be abandoned, greatly wasting
data computation and computer memory resources
[11]. The flowchart of the traditional sampling
theorem of compressed sensing (CS) theory is
indicated as Fig.2.

Transmit
Coding > ngh-speed Transform Compressive store_, Decoding
sampling
Y
Y
Compressible Reconstruct
signal the signal

Figure 2. Flowchart of traditional sampling theorem

3.2. Sparse Representation
The research  hotspot of  sparse
representation is the sparse decomposition of

signal in the redundant dictionary. To replace the
basis function with over-complete redundant
function is called redundant dictionary and the
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elements in the dictionary are called atoms. At
present, the research on sparse representation of
signal under the redundant dictionary focuses on
two aspects: one is how to construct a redundant
dictionary suitable for a certain kind of signals
and the other is how to design rapid and effective

spare decomposition algorithm[12]. Currently, the
frequently-used sparse decomposition algorithms
include marching pursuit and basis pursuit. The
flowchart of sparse representation theory is
demonstrated in Fig.3.
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Figure 3. Flowchart of sparse representation theory

Traditionally, a signal can usually be
represented or approximated by the linear
combination of a group of orthogonal basic
signals and the compressive representation of
signal is the objective to achieve [13]. This
sparsity of signal representation is obtained by
increasing the number of the base vectors to turn
the complete basis into over-complete basis. And
such over-complete and redundant basis is the so-
called “sparse dictionary”. Since the signal of the
sparse dictionary can be estimated with the linear
combination of its atom, the problem of sparse
representation is, in its nature, the fitting problem
between the observed signal and the estimated
signal, therefore, to study the sparse
representation is, to some extent, to study sparse
dictionary. The image sparse representation based
on learning dictionary has the adaptive
ability[14,15]. To different images, the optimum
sparse representation can be finally obtained by
continually learning the redundant dictionary. It is
sure that this method has the shortcomings that it
is not easy to get the dictionary and that it is
complicated to seek the sparse representation. K-

SVD dictionary training algorithm can retain such
important information as the edges and the texture
and it especially excels in the texture images. The
idea of K-SVD algorithm is to use the linear
combination of K atoms to approximate the
signaly,. From the perspective of linear

combination, the sparse model of K-SVD training
algorithm can be represented as:

N -
c=argminly, ~Dx [+ ax],

(1)
In here, [x], <L<<N is the ceiling

number of non-zero components in the sparse
representation [16,17].

From the above, it can be seen that the
principle of K-SVD algorithm is to obtain an
approximate sparse representation x of signal y

in a group of bases and x meets the conditions to
restore signal x as possible. How to get atomic
dictionary and sparse matrix by K-SVD training,
and realize image signal recognition, the
flowchart is shown in the below Fig. 4.
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Figure 4. Tmage signal recognition based on K-SVD

4 Multi-resolution Image Information
Fusion Based on Compressed sensing

Image fusion refers to the processing to

combine two or more original images into a single
image and retain as much features of the original
images as possible; therefore, it is a greatly
important step to extract the features of the
original images in an accurate and complete
manner. This paper takes sparse coefficients as
image features, fuses images through the
integration of these coefficients, uses the edge
features of the input image, fuses by integrating
the weighted fusion rule, fully considers the edge
features of the target, highlights the targets in the
images, retains the high-precision feature of
image fusion and keeps as much information as
possible[18,19]. The steps are as follows:
(1) Extract the image features, obtain the gradient
features, perform dictionary learning on the
gradient features through K-SVD method and
obtain the high-resolution D, and low-resolution
D,.

(2) Perform principal component analysis
processing on the low-resolution source images,
obtain the low-frequency image block, extract the
features of the source images, perform sparse
representation on the obtained gradient features,
get the sparse coefficients « of these features and
seek the coefficients « according to the following
formula:

min & |+ [Boc — 4|

)

(3) According to formula X = ®A, use the
created over-complete dictionary, seek the sparse
coefficient matrices A" and A" of the signal sets
X" and X" of visible images and infrared images
respectively via orthogonal matching pursuit
(OMP) algorithm.

(4) Fuse the sparse coefficients according
to the fusion rule, multiply the high-resolution
dictionary and fused sparse coefficients and get
the high-resolution image block x. The numerical
value of the sparse coefficient matrix indicates
whether the feature is strong or weak. In order to
guarantee that the fused image include all
features, this paper adopts the maximum fusion
criterion:
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Fuse the sparse coefficient matrices A"
and A" of two images and obtain the fused sparse
representation matrix AF.

(5) Add the low-frequency image block
and the high-frequency image block and obtain
the super-resolution fused image X .

The filters to extract the image features by
direction are:
I, =[-1,0,1], v, =17
1 1 lT (4)
,=[10,-2,01], v, =1,

In here, |, and v, can extract the vertical

and lateral outline information of the image
respectively and |, and v, are used to extract the

vertical and lateral detail information of the image
respectively.

(6) Reconstruct the sparse representation
matrix ~ and  reconstruct  fused  image.
Reconstruction is the inverse process of
decomposition. Reconstruct every line of the
fused sparse representation matrix A® into an
nxn image block and overlap into an M xN
fused image matrix S according to the inverse
process of sliding window. Since the
neighborhood image blocks overlap each other in
space, the reconstructed image matrix S need to
divide the matrix of overlapping times to obtain
the finally-generated fused image 1°. To every
low-resolution sub-block of image y, overlap one

pixel in every direction from the upper left corner.

~ GD, | . |Gx . .
D= Y= , G is a feature extraction
aPD, ad

operation, P extracts the overlapping region
between the current block and the super-resolution
image block before reconstruction, § is a value of
a reconstructed high-resolution image in the
overlapping region.

5. Simulation Experiment and Analysis

This experiment is realized in Matlab
2012a simulation environment of the computer
with CPU main frequency of 3.6GHz and a
memory of 4G. Perform the training of K-SVD
dictionary on images randomly selected from 30
images, learn high- and low-resolution
dictionaries, use 50000 training blocks and train
800 atoms. The following are two fuzzy images.
Fig. 5(a) is below-focus image A and Fig.5(b) is
above-focus image B. Obtain the fused image by
using the algorithm of this paper, which is
indicated in Fig.5(c).

Figure 5. (a) Original image A

© Metallurgical and Mining Industry, 2015, No. 5

321



Information technologies

Figure 5. (b) Original image B

i3
:

Figure 5. (c) Fused image

It can be seen from the simulation result
that the method of this paper can retain the useful
information of more than one original image and
obtain the fused image with multiple clearly-
focusing objectives. We will extract the image
features, obtain the gradient features, perform
dictionary learning on the gradient features with
K-SVD method and process the decomposition
coefficients to highlight the outline and weaken
the details. From the experimental result, we can
see clearly that the fused iamge has the features of
both images and that we can see that two fuzzy
images which describe the same object are fuzzy
in different places. Fuse by extracting the
maximum fusion method of the details and the
approximate signal and from the result, it can be
seen that the fused image has clearly represented
the object features. In this case, to use K-SVD
method to optimize dictionary structure has
demonstrated a huge potential in processing image
signals, suggesting the superiority of the
algorithm in this paper.

6. Conclusion

In numerous applications, the information
obtained by single sensor is usually incomplete,
discontinuous or inaccurate. At this time, other
information sources can provide supplementary
data. In this way, the data after integrating
multiple information sources can have consistent
explanation on a relevant scene and reduce

uncertainty. This paper has studied the multi-
resolution iamge fusion based on the sparse
representation by compressed sensing. This
method not only has the advantages of image
fusion, but it also greatly improves the resolution
of the fused image, making the visual effects of
the fused image exceed the low-resolution images
of any signal scene. Since it involves no hardware
equipment, this method is a relatively economical
algorithm.
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