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ABSTRACT

Medical image fusion involves combining of multimodal sensor images to obtain both the spatial and spectral
data to be used by radiologists for the purpose of disease diagnosis, monitoring and research. This paper provides a
fusion framework for classifying the different brain defects that is used to obtain accurate information from the
multimodal images. The source images are initially decomposed using Discrete Wavelet Transform (DWT) into low
and high frequency components. These high and low frequency components are fused using the different fusion
rules. Final fused image is obtained by inverse transformation. Also, this paper provides a comparative study of the
different types of DWT techniques available for decomposition. Various performance parameters are evaluated to
compare the fusion rules and DWT types and analysis is carried out for brain images with tumor, lesion,
neurodegenerative disorder and normal brain. Conclusion of the comparison provides a better approach for future
research work.

KEY WORDS: Multimodal sensor images, Discrete Wavelet Transform (DWT), Ml, SD, EN, Edge based similarity
measure.

1. INTRODUCTION

In the recent years the medical imaging field is developing continuously which provides different types of
medical images that can is used for disease diagnosis and radio therapy by the radiologists (Wang, 2014). But these
multimodal images provide different information and have their own characteristics. For instance, the Computed
Tomography (CT) depicts dense structures while the Magnetic Resonance Imaging (MRI) provides information
about the soft tissues. Positron Emission Tomography (PET) gives functional brain regions using specific activation
tasks. Single-Photon Emission Computed Tomography (SPECT) gives information on clinically significant
metabolic changes (Wang, 2015). T1-MRI gives anatomical structural details of the tissues. T2-MRI gives details of
pathological tissues. Therefore, single sensor images do not provide complete information needed by radiologist
because these images are captured at different radiation powers. In this case, fusion is an approach used to combine
multimodal medical images.

The image fusion integrates appropriate information from different modality sensor images to a distinct fused
image which provides more details. The fusion technique reduces redundancies in various sensor images and
improves the effectiveness of disease diagnosis (Dasarathy, 2012). Image fusion lowers the storage cost for analysis
so that instead of storing multiple images single image could be stored (Himanshi, 2014). Image Fusion is split into
three levels depending on the represented information and details as pixel level, decision level and feature level.
Pixel level image fusion is performed directly on the original images from which more information is retained
(Himanshi, 2015). In feature level, the input source images are segmented and required features from each segment
are taken for fusion (Mitianoudis and Stathaki, 2008). The decision level image fusion is more complex and is
suitable for higher level of fusion (Prabhakar, 2002). Hence, the current research pertains to pixel level image fusion.
Broadly, these algorithms are classified into two types, spatial domain and transform domain. Spatial domain
techniques are done on the input source images directly by using local spatial features. The main disadvantage of
this method is that this introduces spatial distortions in fused image and fails to provide spectral information (Yong
Yang, 2015). Averaging, Intensity Hue Saturation, maximum selection rule, Linear Fusion, Principal Component
Analysis (PCA) are few spatial domain approaches (Abhinav Krishn, 2014). Since the medical images are with low
contrast the spectral information has to be preserved. Transform domain approach overcomes this drawback because
in this fusion, the source images are decomposed to transformed representations as sub-bands and the fusion rule is
applied to these sub-bands and the fused image is retrieved by inverse transformation.

Therefore, the transform based multiscale fusion framework has become the major image fusion technique
in the recent years (Yu Liu, 2015). Wavelet transform and traditional Pyramid transform are the transform domain
fusion methods. Laplacian pyramid, Contrast pyramid, gradient pyramid, morphological pyramid are few types of
pyramids (Sahu, 2014). But the drawbacks of this approach are that they do not give directional information and
have low signal to noise ratio. Hence wavelet transform is useful for obtaining detailed features from the image.
Several wavelet based approaches are given in literature and are successfully used for image fusion. Discrete Wavelet
Transform (DWT) is one of the commonly used transforms since this is a multi-resolution approach and features
missing in one level can be acquired in another level (Bhavana, 2015). Redundant Discrete Wavelet transform
(RDWT) also called Stationary Wavelet Transform (SWT) is used for fusion to improve the shift-invariance but the
fused image using this transform have more redundancies (Rajkumar and Kavitha, 2010). Some advanced wavelet
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families like Non-Subsampled Contourlet Transform, Curvelet Transform and Contourlet Transform are used for
image fusion and it has been stated that these transforms have better performance than that of wavelet transform
(Kishor, 2015). But these have large computational cost and require huge memory. Hence the analysis and study of
DWT needs the attention of researchers. The major concern for image fusion algorithms based on transform domain
approach is selecting the fusion rule. For lower frequencies the maximum selection rule or the weighted averaging
rule can provide better results (Zhang and Guo, 2009). But the fusion rule for high frequencies plays an important
role. This paper provides an analysis about three fusion rules.
Theoretical concepts: The theories of the concepts in this work are Discrete Wavelet Transform and fusion rule
types. They are described in this section.
Discrete Wavelet Transform (DWT): The discrete wavelet transform (DWT) decomposes a digital image into
mutually orthogonal set of wavelets. The fusion based on discrete wavelet transform is useful to eliminate the image
imbalances, reduce the blur effects and improve the clarity of the image that is useful for clinical diagnosis. The
DWT of a signal F(x) is performed by scaling function ¢(x) and wavelet function (x). The wavelet function
determines the high frequency coefficients while the scaling function estimates the low frequency coefficients. The
equations are given below

P(x) = V23, (k) (2x — k) (1)

Y(x) = V2T hk) 0(2x — k) (2)

Where I(k)’s are the approximations of the low pass coefficients and v/2 maintains the norm of the scaling
factor by a factor two and h(k)’s are the detailed or high frequency coefficients. There are different types of DWT
as given below:

Daubechies (db) Wavelet: The Daubechies wavelet was proposed by Ingrid Daubechies. These wavelets define
DWT and they are featured by the maximal number of vanishing moments and are orthogonal in nature.
Haar Wavelet: This is a simple wavelet and is recognized as the first known wavelet. It was given by Alfred Haar.
The Haar wavelet is a sequence of square shaped functions that form a basis. Technical drawbacks of haar wavelets
are that they are not continuous and hence they are not differentiable.
Discrete Meyer (dmey) Wavelet: The discrete form of Meyer wavelet function is called dmey wavelet. These
wavelets are symmetric and continuous with compact support. The basis function is biorthogonal.
Symlet (sym) Wavelet: These wavelets are modified version of Daubechies wavelets with improved symmetry. This
is also called as “least asymmetric wavelet”. Symlet Wavelets are generaly defined for a positive integer n. The
wavelet function and scaling function have compact support length of 2n. Symlet Wavelet may be used along with
functions as discrete wavelet transform and Wavelet Phi, etc.

Table.1. Different types of DWT and their features

Types Features Daubechies Haar Discrete Meyer Symlet
Asymmetric, Asymmetric, Symmetric, Near Symmetric,

Properties Orthogonal, Orthogonal, Orthogonal, Orthogonal,
Biorthogonal. B!orthogonal. Biorthogonal. Biorthogonal.

Scaling Function

Wavelet Function

o o5 1 15 2 25 3 o 02 04 08 o8 " o 10 ™ N ® % 0 o5 1 15 2 285 3

Fusion Rule: The images that are decomposed using discrete wavelet transform are fused using the different fusion
rules. The wavelet transform produces wavelet coefficients which are called approximation coefficients and detailed
coefficients. These coefficients are fused for each pair of input images using appropriate fusion method. The fusion
is carried out using the following equation,
Ir(x,y) = fusion rule{WT (I, (x,¥)), WT (I, (x, 7))} 3

Where, I; (x, y) is the first input image, I,(x, y) is the second input image and I (x, y) is the fused image
using particular fusion rule. The different types of fusion rules are given below:
Maximum Rule: The absolute maximum of the detailed and approximation coefficients are taken and fused in this
rule.
Minimum Rule: The absolute minimum of the detailed and approximation coefficients are taken and fused in this
rule.
Mean Rule: The absolute mean of the detailed and approximation coefficients are taken and fused in this rule.
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2. PROPOSED SYSTEM

This section provides a detailed description of the decomposition of the source images and the reconstruction
using fusion rules. The block diagram of the proposed system is given in figure.1. In this work MRI, PET and SPECT
images are used for fusion. Among these images the PET and SPECT images are color images because they are
displayed by pseudo colors. Fusion of gray and pseudo color images results in a fused image with more biological
details. The use of RGB color space for fusion reduces blur in the fused image but the complexity of fusion algorithm
increases. The HVS color space is less sensitive to brightness of the image. However, the YUV color space takes
into account the human perception of achromatic and chromatic colors for encoding a color image or video. The Y
component gives brightness of the color image called the luminance. The U and VV components give the color or
chroma of the image. One of the advantages of YUV color space is that the U and V components can be discarded
to obtain the gray scale image that may be used for processing. Thus YUV can be better for image fusion algorithms.
The RGB to YUV conversion is given by equation (4a),

Y [ 0.299 0.587 0.114 7[R
Ul=1-0.169 -0.331 0.5 G (4a)
LV L 0.5 —-0.419 —-0.081!LB

The YUV to RGB conversion is given by equation (4b),
[R] [1 0 1.1471Y
Gl|=|1 -039 0.58]|U (4b)
B 1s 2.03 0 \Y
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Figure.l. Framework of Proposed System
Consider the two source images as 11(x,y) and 12(x,y) with scaling function ¢(x) and wavelet function y(x).
The decomposition using DWT yields the following components as given in equation (5). These components are
fused using the appropriate fusion rule and the performance evaluation is made for the different types of DWT and
the fusion techniques.

Pr(x,y) = 0(x)B(y) (52)
Pa(x,y) = 0P (y) (5b)
Yy (x,y) = P(x)0(y) (5¢)
Yy (x,y) = Y)P(y) (5d)

3. EXPERIMENTAL RESULTS AND ANALYSIS

The proposed methodology is implemented using the clinically obtained MRI, PET and SPECT images of
different patients. The medical images wused in this research work were obtained from
http://www.med.harvard.edu/aanlib/ In order to assess the performance of the proposed work four different sets of
images are used in this work. The objective analysis is carried out with the performance metrics given below:
Mutual Information (MI): Mutual information represents the amount of information that can be obtained by fusion
of input images. Ml is useful to assess the different image fusion algorithms (Guihong Qu, 2002). If A and B are two
input images and F is the fused image then M1 is calculated as follows,

M#B = Ips(f, a) + Ipp(f, b) o (6)
- _pratfa)
Where, Ira(f, @) = Xy aPra(f, a) log PFU)(I}AISI) (62)
_ vrs(f,
Ipp(f,b) = X5 p0re(f, b) log S —— (6b)

Higher value of Ml indicates better quality of fused image.
Standard Deviation(SD): This is used to measure the overall contrast of the fused image. The SD is given by the

following equation,
1 1/2
D = (S ET(6x) - w?) (7)

Where, u is the mean of the fused image. Higher the value of SD higher is the quality of fused image.
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Entropy (EN): Entropy is the measure of information content present in a fused image. If EN value is high, it
indicates that the fused image has more information in it.

EN = -] P log; P, (8)

Where, L is the number of gray levels and P, is the ratio of number of pixels with gray value | to the total

number of pixels.
Edge Based Similarity Measure(Q48/F): The Q48/F was proposed by Xydeas and Petrovic (2002), and is used to
measure the similarity among the edges transformed to the fused image from the input source images.

Q4B/F = il L [QAF L HWAGN+QBF (L HwE (i)

S SN WA +WE ()] ©)
Where, Q4F(i,j) = Q" (L. HQ" (L. ) (9a)
Q%F(i.j) = QaF (L, HQg (L. ) (9b)

Here, wA(i, j) and w® (i, j) are the gradient strength of the input images A and B respectively. Q%F and Q3"
represents the edge strength and orientation preservation values at location (i,j) of each source images. For a better
fused image, the value of QB/F must be close to one.
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Figure.2. Source Multimodal Medical Images: (al),(b1) image group 1 (MRI and PET with tumor); (a2),
(b2) image group 2 (MRI and PET with neurodegenerative disorder); (a3), (b3) image group3 (MRI and
SPECT of normal brain); (a4), (b4) image group 4 (MRI and SECT with lesion)

The proposed method is implemented using the following image sets as given in figure.2. MRI and PET
brain images with tumor, MRI and PET brain images with neurodegenerative disorder, MRI and SPECT normal
brain images and MRI and SPECT brain images with lesion. These images are given in figure.3. The hybrid modality
combination of MRI and PET images can provide visualization capabilities of soft tissues with better functional
details of the MRI and the metabolic visualization capabilities of PET. Tumor is caused due to the growth of abnormal
cells within the brain regions. The neurodegenerative disorder is caused mainly due to the loss in functional or
structural features of the neurons or due to death of neurons. MRI and PET fusion can be best suited for these brain
image analyses. Although SPECT provides parallel details like PET they does not provide precise anatomical details
and hence PET and MR are preferred for tumor and neurodegenerative disorder cases. Lesion is the abnormal change
in the tissue caused by either damage or trauma. The SPECT provides the anatomical and metabolic changes and
provides low spatial resolution images. Fusion of MRI and SPECT provides high spatial resolution images. Hence
in the proposed work the analysis of normal and lesion brain images is carried out using the MRI and SPECT images.
The images are processed as given in the proposed methodology section Ill and various statistical performance
parameters are evaluated and graphical analysis is done.

MRI and PET Brain Images with tumor: The fusion results of the tumor MRI and PET images are depicted in
figure.3.
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Figure.3. Fused Images: (al)-(c1) Daubechies Wavelet; (a2)-(c2) Haar Wavelet; (a3)-(c3) Discrete Meyer
Wavelet (a4)-(c4) Symlet Wavelet
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Figure.4. Graphical Analysis of MRI PET tumor images
MRI and PET Brain Images with neurodegenerative disorder: The fusion results of the neurodegenerative
disorder MRI and PET images are depicted in flgure 5.

Min

Mean

Figure.5. Fused Images: (al)-(c1) Daubechies Wavelet; (a2)-(c2) Haar Wavelet; (a3)-(c3) Discrete Meyer
Wavelet (a4)-(c4) Symlet Wavelet
The graphical analysis of MRI and PET neurodegenerative disorder images are given in figure 6. It can be
inferred from the graphs that entropy, standard deviation and edge based similarity index is high for Discrete Meyer
wavelet. The dmey wavelet provides a compact support for the images and hence they provide better results for the
fused image. Also, the standard deviation value is high compared to all the other image groups. This is because of
the high contrast of the images in analysis.
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Figure.6. Graphical Analysis of MRI PET neurodegenerative disorder images
MRI and SPECT Normal Brain Images: The fusion results of the normal MRI and SPECT images are depicted in
figure.7. The analysis of normal brain images is done in clinical situations for diagnosis of functional and metabolic
changes. The graphical analysis of normal MRI and SPECT images are given in figure.8. It can be inferred from the
graphs that the entropy is high for Discrete Meyer wavelet and the standard deviation is high for the Daubechies
wavelet. The maximum rule for fusion provides better results for all the wavelet families.
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Figure.7. Fused Images: (al)-(c1) Daubechies Wavelet; (a2)-(c2) Haar Wavelet; (a3)-(c3) Discrete Meyer
Wavelet (a4)-(c4) Symlet Wavelet
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Figure.8. Graphical Analysis of MRI SPECT normal brain images
MRI and SPECT Brain Images with Lesion: The fusion results of the neurodegenerative disorder MRI and PET
images are depicted in figure.9.
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Figure.9. Fused Images: (al)-(c1) Daubechies Wavelet; (a2)-(c2) Haar Wavelet; (a3)-(c3) Discrete Meyer
Wavelet (a4)-(c4) Symlet Wavelet
The graphical analysis of MRI and PET neurodegenerative disorder images are given in figure 10. It can be
inferred from the graphs that the mutual information and standard deviation are high for Daubechies wavelet and
entropy is high for the Discrete Meyer wavelet and the maximum fusion rule provides better results for all the
parameters and the mean fusion rule provides high value for the mutual information.
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Figure.10. Graphical Analysis of MRI SPECT brain images with lesion

4. CONCLUSION AND FUTURE WORK

This paper provides a comparative study of the multimodal sensor image fusion using multiple fusion rules
by employing multiple DWT techniques. Using the graphical analysis of various fusion techniques, the max fusion
rule is seen to provide better results both visually and parametrically. This fusion rule reduces redundancies and
provides better visual perception for machine and human to be suitable for further image processing applications.
On comparing the various DWT techniques, it can be inferred that the Daubechies (db) wavelet provides better results
visually because of the increased contrast in the fused image. Viewing the Entropy the Discrete Meyer (dmey)
provides better results. So depending on the applications where there is a need of information content the dmey
wavelet can be used and where the high contrast fused image is needed the Daubechies wavelet can be used.

This work can also be extended to other sensor images like CT, T1-MRI and T2-MRI. This wavelet based
approach provides good spectral quality for the images and it can be used in remote sensing and other military
applications. In these imaging applications the images exhibit discontinuities at the curves and edges and this edge
preservation is important in the applications and hence the future work can be extended to Curvelet based
transformations which are also suitable for medical image processing.
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