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New Medical Image Fusion Approach with Coding Based on SCD  
in Wireless Sensor Network 
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Abstract – The technical development and practical applications of big-data for health is one hot 
topic under the banner of big-data. Big-data medical image fusion is one of key problems. A new 
fusion approach with coding based on Spherical Coordinate Domain (SCD) in Wireless Sensor 
Network (WSN) for big-data medical image is proposed in this paper. In this approach, the three high-
frequency coefficients in wavelet domain of medical image are pre-processed. This pre-processing 
strategy can reduce the redundant ratio of big-data medical image. Firstly, the high-frequency 
coefficients are transformed to the spherical coordinate domain to reduce the correlation in the same 
scale. Then, a multi-scale model product (MSMP) is used to control the shrinkage function so as to 
make the small wavelet coefficients and some noise removed. The high-frequency parts in spherical 
coordinate domain are coded by improved SPIHT algorithm. Finally, based on the multi-scale edge of 
medical image, it can be fused and reconstructed. Experimental results indicate the novel approach is 
effective and very useful for transmission of big-data medical image(especially, in the wireless 
environment). 
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1. Introduction 
 
Advances in digital sensors, communications, com-

putation, and storage have created huge collections of data. 
Trillions of bytes of data every day such as satellite images, 
driving directions, and image retrieval continually add 
new services. Digital data are being generated by many 
different sources, including digital imagers (telescopes, 
video cameras, MRI machines). Data from the many 
different sources can be collected into massive data sets 
via localized sensor networks, as well as the Internet. 
Understanding the environment requires collecting and 
analyzing data from thousands of sensors monitoring, this 
is big data environment. For example, modern medicine 
collects huge amounts of data about patients through 
imaging technology (CAT scans, MRI), genetic analysis, 
and other forms of diagnostic equipment [1-3]. By applying 
data mining to data sets for large numbers of patients, 
medical researchers are gaining fundamental insights 
into the genetic and environmental causes of diseases, and 
creating more effective means of diagnosis. Big-data 
medical image is one of important research focuses. 

In medical field, embedded numerous sensing nodes (as 
Fig. 1) can be used to monitor and interact with physical 
world, such as Pulse Oximeter, Glucose Meter, Electro-
cardiogram (ECG), CT, MR, Social Alarm Devices, and so 

on. Wireless Sensor Network (WSN) can be used in all 
kinds of medical applications [4-7]. WSN can do tele-
monitoring of human physiological data, tracking and 
monitoring patients and doctors inside a hospital, drug 
administration in hospitals, and so on. 

In WSN, data coming from multiple wireless sensor 
nodes are aggregated and they reach the same routing node 
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Fig. 1. Embedded numerous sensing nodes in WSN 
 

 
Fig. 2. One of medical image sensor fusion paradigms 
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to the sink [8-9]. The application of medical image fusion 
(as Fig. 2) for big-data computing has strong development 
momentum, especially in medical therapeutics, so the 
fusion method study is a hot topic. Generally, the fusion for 
big-data medical image can be divided into 4 levels [10-
11]: signal, pixel, feature and symbol. According to fusion 
different levels, there are relative specific fusion methods. 
For the pixel and the feature, the fusion methods have 
principal component analysis, pyramid-based, wavelet 
transform, etc. 

Discrete Wavelet Transform (DWT) can decompose the 
image into different scales. The wavelet coefficients have 
the following characteristics [12-13]: low-frequency sub-
bands contain most of the energy of the original image, 
while the high-frequency coefficients take less energy and 
mostly in the image edge.  

Said [8-9] presented encoding implementation based 
on set partitioning in hierarchical trees (SPIHT), which is 
highly efficient in coding non-textured images. This 
encoding algorithm can be stopped at any compressed 
file size or let it run until the compressed file is a 
representation of a nearly loss-less image. However, 
SPIHT coding has a serious drawback: repeated scan. 
This disadvantage makes encoding efficiency less. In 
recent years, many researchers [10-16] proposed different 
improved SPIHT algorithm. However, those improvement 
methods for SPIHT algorithm only optimized the code 
scheme, but neglected the transform part.  

We improve the SPIHT algorithm and optimize the 
transform part in this paper. In transform part, after 
analyzing the characteristics of the wavelet coefficients, 
we introduce a strategy to pre-process the coefficients. 
Firstly, the three high-frequency wavelet coefficients are 
transformed to spherical coordinate domain. In this way, 
the correlation between wavelet coefficients in the same 
decomposition scale can be further reduced. However, this 
strategy does not affect the correlation between wavelet 
coefficients in the different decomposition scales. Multi-
Scale Model Product (MSMP) is used to control the 
wavelet shrinkage functions, which can remove the 
coefficients that have little effect on the visual and some 
noise information. This pre-processing strategy can reduce 
the redundant ratio of big-data medical image. In coding 
part of medical image, the low-frequency part contains the 
most energy of the image, and this part does not participate 
into the spherical transformation. Therefore, it can be 
encoded separately by DPCM. The high-frequency parts in 
spherical coordinate domain adopt the improved SPIHT 
coding algorithm. We introduce a matrix of maximum pixel 
(MMP) to overcome the re-scan disadvantage of traditional 
SPIHT algorithm. When the threshold is updated, we just 
compare the new threshold to the coefficients in MMP. 
This mechanism avoids the comparison between the new 
thresholds to every pixel. The improved SPIHT algorithm 
greatly improves the fusion efficiency.  

The medical image fusion with coding based on 

spherical coordinate domain contains the following steps: 
the image wavelet decomposition in different scale, the 
three high-frequency wavelet coefficients transforming 
to spherical coordinate domain, removing the coefficients 
by MSMP and encoding the image, transmitting to fusion 
center by WSN, making fusion in center center, 
reconstructing the image by the processed coefficient. The 
fusion rules of medical image are basically expressed by 
formula (1) 

 
 1

1 2( , ) ( ( ( ( , )), ( ( , ))))I x y w w I x y w I x yϕ−=  (1) 
 

where, I (x, y) is the fused image, I1 (x, y) and I2 (x, y) are 
two input images, w (•) is the discrete wavelet transform 
method, w-1(•) is the inverse discrete wavelet transform 
method, φ is the fusion rule.  
 
 

2. Related Works 
 
As we know, sample-based image fusion can be divided 

into pixel-based image fusion and patch-based image 
fusion [1-3]. Generally, pixel-based image fusion can 
easily reflect image diversities but can’t keep image 
structures and it is slow, as patch-based image fusion fast 
and can better maintain image characteristic information 
within blocks. Patch-based image fusion method is based 
on sample-based image fusion method, which divides the 
input image into blocks with fixed size. The constraint 
rule of overlapping regions between blocks is to select 
matching blocks and generate images that without repeat 
and continuous on arbitrarily large size [4-7].  

As we know, SPIHT algorithm is based on bit plane. It 
organizes the wavelet coefficients into spatial orientation 
trees. SPIHT with lists algorithm uses three different lists 
to store significant information of wavelet coefficients 
for image coding purpose [8-16]. Three lists are list of 
insignificant sets (LIS), list of insignificant pixels (LIP), 
and list of significant pixels (LSP). At first, SPIHT combines 
nodes into one set which is denoted as insignificant. With 
traveling each tree node, sets in the LIS are partitioned into 
four different subsets which are tested for significant state. 

 
 

3. Spherical Coordinate Transform 
 

3.1 Wavelet domain to spherical domain 
 
The human visual system is characterized in observing 

an image. We are more sensitive to low frequency of an 
image, while less sensitive to the high frequency parts. 
Based on this characteristic of the human eyes, discrete 
wavelet transform decomposes the image into different 
scales and processes the image in different resolutions. The 
coefficients in the same scales are great relevance. If can 
reduce the correlations and reserve the main information, 
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we will achieve high compression ratio when compressing 
an image. And we will reduce the image storage space and 
improve the efficiency of the transmission channel. From 
this viewpoint, the three high frequency coefficients in 
wavelet domain are transformed into spherical domain. 

The signal f (x) denotes an image. After DWT trans-
formation, the image decomposes into a low frequency 
and three high frequencies. ( )1

,j kC  is the horizontal high 

frequency, ( )2
,j kC  is the vertical high frequency and ( )3

,j kC  is 

the diagonal high frequency. This paper transforms the 
three high frequencies to spherical coordinate domain 
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where j, k denote the coordinate of the coefficients. 

After the spherical transformation, the coefficients in the 
wavelet domain are mapped to spherical coordinate domain. 
The corresponding relationship between the various 
components is shown as Fig. 3. 

 

R

θ

ϕ

 
Fig. 3. Transform from wavelet domain to spherical domain 

 
Spherical transform can further remove the correlations 

of the wavelet coefficients in the same scales. The energy 
of the three high frequencies in the wavelet domain is 
totally transformed to the radial components in the 
spherical domain. While the phase angles just retain the 
pixel location information. Therefore, we just process the 
radial components and decrease the complexity of the 
algorithm. Also it avoids directly process the wavelet 
coefficients. 

 
3.2 Multi-scale module products 

 
Multi-scale norm products (MSNP) in spherical 

coordinate domain are defined as follows. 
Definition 1 The MSNP of pixel point (x, y) in spherical 

coordinates is as 
 

 ( ) ( )2 1
, ,k

K

jj
p x y R x y

=
= Π  (3) 

where k is the decomposition scales.  
The MSNP has the following property: MSNP can 

enlarge the distance between effective signal and unimportant 
signal. It avoids the shortcoming that smaller wavelet 
coefficients are wrongly removed by traditional methods. 
Therefore it will effectively remove the noise information 
and unimportant coefficients without loss of the important 
feature of the original image.  

Generally speaking, the image edge has the following 
features:  

1) Has a strong gray-level mutations, a stark contrast 
with background.  

2) The edge points may form a meaningful linear 
relationship, namely, there is an ordering charac-
teristics between the adjacent edge points.  

3) Processes a directional feature.  
4) The relative position in the image.  
5) Edge types include four kinds: pulse, step, slope and 

roof. 
 
Definition 2 (the edge point for the coordinates (i, j)), 

the characteristic elements can be defined as the following 
quintuple. 

 
 Eij={G,L,θ,D,S |G∈B; 0≤θ≤π; L,D∈Z+,S∈{0,1}} (4) 

 
where B is the contrast set; G is the gradient strength of 
edge point; it reflects the contrast degree between image 
edge and image background; L is the linear chain length of 
edge point, it reflects the correlation of image structure; θ 
is the direction angle of edge point; D is the distance 
between edge point and the other long chain edge (large 
profile), it is also the relative position in the space; S marks 
which type the edge is, step or roof, 0 for step type, 1 for 
roof type.  

Theorem 1 The parameter threshold T in spherical 
coordinates domain for transforming from wavelet domain 
is 

 
 6T R N=  (5) 

 
where N denotes image pixel, R is radial component in 
spherical coordinates. 

Proof Chamboll proposed a better shrinkage threshold in 
Besov space [8-11] as follows 

 

 ( )( )q p

qq
B LN T F β

−
Ω≤  (6) 

 
where N is the number of image pixel, R is radial 
component in spherical coordinates system. The equivalent 
relationship between Besov space norm ( )( )q pB LF β Ω and 

radial component norm is established in three steps. 
① Firstly, to establish equivalent relationship between 

Besov space norm ( )( )q pB LF β Ω and wavelet coefficients 
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norm ( )
,
i

j kC , 1,2,3i = . 

Suppose f is a noise image in the interval [ )20,1Ω = . It 
is proper to use Besov space norm to describe the 
regularity of image. Firstly, the image f is decomposed 
by compactly supported orthogonal wavelet Daubechies 
(db2). Suppose , 1j kϕ =  denotes a cycle scaling function. 

( ) ( ) ( ){ }1 2 3, ,ψ ψ ψΨ =  is a set of orthogonal wavelet bases 

in the space 2
jW , where 
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The DWT of image f is 
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where ( ) ( )
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the formula (8) can rewrite as 
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Thus, the equivalent relationship between Besov space 

[8-11] norm and wavelet coefficients norm has been 
established. 

② Secondly, to establish equivalent relationship between 
the threshold T in Besov space and wavelet coefficients 

norm ( )
,
i

j kC , 1, 2,3i = . 

Set 1q = , shrinkage threshold formula (6) can rewrite 
as follows 

 
 ( )( )1 1B LT F Nα Ω≤  (10) 

 
Therefore 
 

 ( ) ( )

2

1
,

,
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k K j Z
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∈ ∈
≤ ∑  (11) 

 
Generally, dyadic wavelet is used to deal with discrete 

image signal, for 1α ≤ , set 1
2

α = , the formula (11) can 

rewrite as  
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③ Finally, to establish equivalent relationship between 

wavelet coefficients norm ( )
1,

i
j kC − and radial component 

norm R  in spherical coordinates domain. 
The noise image f is decomposed on multi-scale wavelet. 

The high frequency parts ( )
1,

i
j kC − , 1, 2,3i =  are mapped to 

,θ ϕ  and radial component R in spherical coordinates 
system. So the equivalence relationship between radial 
component R and high frequency ( )

1,
i

j kC −  needs to be 

established. 
Based on the spherical transform in wavelet domain, the 

following inequality will be established 
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Therefore,  
 

 ( )( ) ( )( )2 2
2

1, 1,
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3

i i
j k j kR C C− −

⎧ ⎫
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⎩ ⎭
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where, { }21, 2,3 0, 0,1, 2 1ki k j= ≥ ∈ −… . 

So the following relationship will be established between 
wavelet coefficients norm and radial component norm.  

 

 ( )
1, 2 3i

j kC R− ≤  (15) 

 
The interval of shrinkage threshold T will be 
 

 6T R N≤  (16) 
 
The least upper bound of T is chose as the final 

shrinkage threshold 
 

 6T R N=  (17) 
 

where N denotes the number of image pixel. 
 

3.3 The processing of wavelet coefficients 
 
In the spherical domain, R( j, k) takes the energy of the 

pixel point ( j, k). The greater the radial components |R( j, k)| 
is, the more important of the image information which 
contains. The radial components whose absolute value is 
small contain the secondary information and some noise 
information. In order to achieve large compression ratio 
and do not affect the visual effect, this paper processes the 
radial components by soft-threshold shrinkage 
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Where T denotes the wavelet shrinkage threshold. We use 
the Donoho’s [8-11] classical threshold 2 ln( * )T N Mσ= , 
σ  is the noise intensity of the image, which is estimated 
by * ( ) 0.6745Median fσ = . 

Different with the traditional shrinkage strategies, we 
take the threshold acting on the MSMP. This algorithm 
avoids killing the small amplitude coefficients and can 
effectively preserve the useful information of the original 
image.  

In the spherical coordinates, angle and the radial 
components are independent to each other. Small angle 
does not always correspond to small energy. If the R( j, k) is 
zero, this indicate the point ( j, k) signal energy is zero. 
Therefore, the corresponding two components ( , )j kθ  and 

( , )j kϕ can be set to zero, which does not affect our 
recognition. 

 
 

4. Medical Image Coding Algorithm 
 

4.1 Low-frequency part coding 
 
After wavelet transform, the energy carried by the low 

frequency almost closes to 90% of the original image. In 
order to achieve a higher quality of the reconstructed image, 
we use the DPCM coding to process the low frequency 
coefficients. 

The size of the original image f (x, y) is M N∗ , LL (j, k) 
denotes the value of the pixel point ( j, k) in the low 

frequency wavelet coefficients. We use the row 
2
M  and 

the column 
2
N  to estimate other wavelet coefficients (as 

Fig. 4). 
Firstly, keep ( ), 2LL j N and ( )2,LL M k unchanged. 

Other coefficients are estimated by the following formula. 

 ( ) ( ) ( ) ( )2, , 2
, ,

2
LL M k LL j N

LL j k LL j k
+

= −  (19) 

 
where 1, ,   1, ,j M k N= = . 

Secondly, estimate the row 
2
M  and the column 

2
N : 

 
( ) ( ) ( )
( ) ( ) ( )
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, 2 , 2 2, 2     1, ,
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= − =⎧⎪
⎨

= − =⎪⎩
 

   (20) 
 
Using the following formula to recover the low frequency 

coefficients 
 

( ) ( ) ( )
( ) ( ) ( )

( ) ( ) ( ) ( )

, 2 , 2 2, 2     1, ,
2, 2, 2, 2   1, ,

2, , 2
, ,

2

LL j N LL j N LL M N k N
LL M k LL M k LL M N j M

LL M k LL j N
LL j k LL j k

⎧
⎪ = + =
⎪

= + =⎨
⎪ +
⎪ = +
⎩

 

  (21) 
 

4.2 High-frequency part coding 
 
After being pre-processed, the coefficients of the high 

frequencies are transformed to spherical coordinate domain. 
The correlation between coefficients in the same scale is 
reduced. The radial components R(j, k) are processed by 
soft threshold function. A lot of zero points are produced. 
This promises a high compression ratio. 

 
4.2.1 Parameter definition 

 
MMP: Matrix of Maximum Pixel. 
H : set of coordinates of all spatial orientation tree roots 

(nodes in the highest pyramid level); 
O( j, k): set of coordinates of all offspring of node (j, k). 
D( j, k): set of coordinates of all descendants of the node 

(j, k). 
L( j, k): set of coordinates of all non-child descendants of 

the node (j, k), where L( j, k)=D( j, k)－O( j, k) 
T( j, k): Spatial orientation tree whose root is the node 

(j, k). 
T : maximum scan threshold. 2nT = ,  

{ }( )2 , ,0 log max j k i jn c⎢ ⎥= ⎢ ⎥⎣ ⎦ is the initial scan 

threshold. 
 

4.2.2 Improved SPIHT algorithm 
 
In traditional SPIHT algorithm, H denotes the wavelet 

coefficient of the low frequency. While in this paper, H 
represents the coefficients in the maximum scale of the 
high frequency. When discussing the importance of the set 
D( j, k) and L( j, k), once the threshold updated, all 

( ),LL j k ( ), 2LL j N

( )2,LL M k

 
Fig. 4. DPCM coding in low-frequency part 
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descendant coefficients of node ( j, k) will compare to the 
new threshold. There are a lot of repeat operations that 
result in lower coding efficiency. We introduce the 
maximum matrix of pixel MMP to solve the problem of 
repeated comparison in scanning. 

In the improved algorithm, when scanning the list LIS, 
the matrix MMP will be established to preserve the largest 
pixel nodes of descendant of the set D ( j, k) and L( j, k). 
Once the threshold updated, we just need to compare the 
new threshold with the corresponding coefficients of 
MMP. This method can effectively reduce the number of 
comparisons and improve scanning efficiency. The function 
used for testing set significant state is defined by the 
following formula: 
 

 ( )
{ },,

1  , max 2

0  ,

nj kj k M
M

c
S

otherwise
∈

⎧ ≥⎪= ⎨
⎪⎩

 (22) 

 
Where M  is a set of coordinates. 

Improved algorithm is as follows 

(1) Initialization: output { }( )2 , ,0 log max j k i jn c⎢ ⎥= ⎢ ⎥⎣ ⎦ ; 

set the LSP and MMP as empty lists, add the coordinates 
( ),j k H∈ to the LIP, and only those with descendants also 
to the LIS, as type A entries. 

(2) Sorting Pass: 
Ⅰ. For each ( , )j k LIP∀ ∈ , output ( , )MS j k , if 

( , ) 1MS j k =  then move (j, k) to the LSP and output 
the sign of ,j kc . 

Ⅱ. For each ( , )j k LIS∀ ∈ , different from the traditional 
SPIHT algorithm, this part introduces MMP to 
preserve the largest pixel coordinates of descendants. 
Detailed scanning process references the algorithm 
flowchart. 

 
If the type of set is D( j, k), judge whether 0n n= . 
If this equation is valid, compare the node 

( , ) ( , )j k D j k∈ to the threshold and update the MMP. If 
this equation is not valid, just need to compare the node 
( , )j k MMP∈  to the threshold. 

If the type of set is L( j, k), compare the node 
( , )j k MMP∈ to the threshold and update the MMP. 

Refinement Pass: for each entry ( j, k) in the list LSP, 
except those included in the last sorting pass (i.e., with the 
same n), output the nth most significant bit of ,j kc . 

Quantization-step Update: decremented n by 1 and go to 
step 2. 

 
4.3 Fusion approach for medical image 

 
We adopt two-layer directed graph method with multi-

scale edge. The multi-layer situation can be divided into 
two layers to handle. The method is that two images merge 
into an image, actually becomes two graphics fuse into a 

graphic. The fusion method is as follows. 

1) Pre-process the original image to eliminate all interference 
by de-noising and smoothing process. 

2) Medical image in each sensor does wavelet transfor-
mation in wavelet domain. Then the high-frequency 
coefficients of each image are transformed to the 
spherical coordinate domain to reduce the correlation in 
the same scale. 

3) Multi-scale model product (MSMP) is used to control 
the shrinkage function to make the small wavelet 
coefficients and some noise removed. The high-frequency 
parts in spherical coordinate domain are coded by 
improved SPIHT algorithm. The low-frequency part 
contains the most energy of the image, which can be 
encoded separately by DPCM.  

4) The coded image data in each sensor should be 
transmitted to fusion center by WSN. In fusion center, 
the coded image data should be decoded. 

5) Do edge processing for the decoded image by the above 
multi-scale edge detection method. Construct the directed 
graph G1, G2 by the above fusion method. Based on the 
resulting directed graph G1, G2, mark its nodes or edges 
with the number (Pi , Ej), calculate the close distance of 
the nodes (edges) in two graphs. 

6) According to the calculated close distance, combine the 
points within a certain threshold T1, delete the points 
without a certain threshold T2 (T2 >T1). 

7) By the principle that the important and continuous 
boundary generates the longer edge curve, we check the 
resulting graphical boundary by step 5). Is it OK? If it is, 
then the resulting image by this fusion method is valid, 
otherwise, repeat step 5) to continue. 

8) Based on the multi-scale edge of medical image, the 
image can be reconstructed.  
 
Fig. 5 shows the chain of wavelet decomposition and 

fusion by two layers directed graph method. It expresses 
the fused results of the head CT image (gray edge) and MR 
image (black edge) under the transform scale j=3, the right 
graph is the enlarged chain one in this region. 

 
Fig. 5. Fusion by two layers directed graph method 
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5. Experiment and Test 
 
Based on the above correlation fusion algorithm, we 

have done tests and analysis for the fusion application of 
the CT & MR image, in order to test the feasibility and 
applicability of this method.  

Fig. 6 is the original colorful and colorless medical 
images CT and MR for experiments. It are full of noise 
images. Based on this images, they can be processed 
according to the aforementioned fusion steps. Fig. 7 is the 
fusion result of the CT & MR medical images. In Fig. 7, 
(a) is original CT medical image, (b) is original MR 
medical image. (h) is fused result by our method of this 
paper. (c), (d), (e), (f) and (g) are fused results by the 
methods from reference 8, 9, 10, 11 and reference 12, 
respectively. From the result of the examples of medical 
image fusion, we can see that our method has good quality. 

Based on the fusion results, we can know the above 
presented multi-scale correlation algorithm is feasible. In 
order to confirm the availability of the proposed method, 
we have done a large number of experiments. In comparison 
with the belief degree of other methods, the belief degree 
of the proposed method in this paper is much higher. In 
addition, by our project, we has done an on-the-spot 
practical application, it has been proved that its belief 
degree is as high as 95% or more, it is now clear that for 
some application fields of demanding the high fusion 
quality like medical diagnosis, the method is very valuable. 

 
5.1. Comparison of relative method 

 
We do the comparison of relative method and give the 

experimental results of big-data medical images in PSNR, 
MSE and run-time.  

Fig. 8 is the comparison of MSE for kinds of de-noising 
methods to Gaussian white noising CT medical image 
among our method and several relative methods from 
aforementioned references. Fig. 9 is the comparison of 
PSNR for kinds of de-noising methods to Gaussian white 
noising of the same MR medical image among our method 
and several relative methods from aforementioned references. 
Fig. 10 is fusion run-time comparison of CT & MR image 
among our method and several relative methods from 

 
Fig. 6. The original medical images for experiments 

 

 
(a) CT       (b) MR          (c) 

 
(d)           (e)           (f) 

 
(g)           (h) 

Fig.7. Fusion result of the CT & MR medical image 

 
Fig. 8. Comparison of MSE for de-noising methods to 

Gaussian white noising CT medical image 
 

 
Fig. 9. PSNR comparison of MR medical image 
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aforementioned references. Fig. 10 shows that our method 
retains the advantages in fusion quality and run-time in 
WSN. The results indicate the novel method is effective 
and very useful for transmission of big-data medical 
image (especially, in the wireless environment). From the 
comparison of PSNR and MSE, we can see that our 
method in this paper has better results. 

 
 

6. Conclusion 
 
We has proposed a kind of new fusion approach with 

coding based on spherical coordinate domain in Wireless 
Sensor Network for big-data medical image in this paper. 
In this approach, the three high-frequency coefficients in 
wavelet domain of medical image are pre-processed. This 
pre-processing strategy can reduce the redundant ratio of 
big-data medical image. A multi-scale model product 
(MSMP) is used to control the shrinkage function so as to 
make the small wavelet coefficients and some noise 
removed. The high-frequency parts in spherical coordinate 
domain are coded by improved SPIHT algorithm. Based 
on the multi-scale edge of medical image, it can be fused 
and reconstructed. Experimental results based on CT & 
MR medical image indicate the novel approach is effective 
and very useful for transmission of big-data medical 
image, which can be especially used in the wireless 
environment.  

 
 

Acknowledgments 
 
This research work is supported by Tianjin Key Natural 

Science Foundation (No.13JCZDJC34600), Training plan 
of Tianjin University Innovation Team (No.TD12-5016).  

 
 

References 
 

[1] Zhang Degan, Kang Xuejing, “A novel image de-

noising method based on spherical coordinates 
system,” EURASIP Journal on Advances in Signal 
Processing, 2012,2012(110):1-10. doi:10.1186/1687-
6180-2012-110. 

[2] Zhang Degan, Li Guang, Zheng Ke, “An energy-
balanced routing method based on forward-aware 
factor for Wireless Sensor Network,” IEEE Trans-
actions on Industrial Informatics, 2014, 10(1): 766-
773. 

[3] Zhang Degan, “A new approach and system for 
attentive mobile learning based on seamless migra-
tion,” Applied Intelligence. 2012, 36(1):75-89. 

[4] Said Arnir, Pearlman William., “A new, fast and 
efficient image codec based on set partitioning in 
hierarchical trees,” IEEE Transactions on Circuits 
and Systems for Video Technology, 1996, 6(3): 243-
250. 

[5] Zhang Degan, Wang Xiang, Song Xiaodong, “A 
Novel Approach to Mapped Correlation of ID for 
RFID Anti-collision,” IEEE Transactions on Services 
Computing. 2014, 7(4): 741-748. 

[6] Zhang Degan, Zhang Xiaodan, “Design and imple-
mentation of embedded un-interruptible power supply 
system (EUPSS) for web-based mobile application,” 
Enterprise Information Systems, 2012, 6(4): 473-489. 

[7] Zhang Degan, Zhu Yanan, “A new constructing 
approach for a weighted topology of wireless sensor 
networks based on local-world theory for the Internet 
of Things (IOT),” Computers & Mathematics with 
Applications, 2012, 64(5):1044-1055. 

[8] Ansari M.A, Anand R.S., “Context based medical 
image compression for ultrasound images with 
contextual set partitioning in hierarchical trees 
algorithm,” Advances in Engineering Software, 2009, 
40(7):487-496. 

[9] Zhang Degan, Liang Yanpin, “A kind of novel 
method of service-aware computing for uncertain 
mobile applications,” Mathematical and Computer 
Modeling. 2013, 57(3-4): 344-356. 

[10] Khan Mohd Haroon, Moinuddin Athar A, Khan 
Ekrarn, “No-reference image quality assessment of 
wavelet coded images,” IEEE International Con-
ference on Image Processing, ICIP 2010: 293-296. 

[11] Zhang Degan, Zhao Chenpeng, “A new medium 
access control protocol based on perceived data 
reliability and spatial correlation in wireless sensor 
network,” Computers and Electrical Engineering, 
2012, 38(3): 694-702.  

[12] Chambolle Antonin, DeVore Ronald, Lee Nam-yong, 
“Nonlinear wavelet image processing: variational 
problems, compression, and noise removal through 
wavelet shrinkage,” IEEE Transaction on Image Pro-
cessing, 1998,7(3), 319-335. 

[13] Zhang Degan, Zheng Ke, Zhang Ting, “A Novel 
Multicast Routing Method with Minimum Trans-
mission for WSN of Cloud Computing Service,” Soft 

 
Fig. 10. Fusion run-time comparison of CT & MR image



New Medical Image Fusion Approach with Coding Based on SCD in Wireless Sensor Network 

 2392 │ J Electr Eng Technol.2015; 10(6): 2384-2392 

Computing, 2015, 19(7): 1817-1827.  
[14] Parrilli Sara, Poderico Mariana, Angelino C.V., “A 

Nonlocal SAR Image Denoising Algorithm Based on 
LLMMSE Wavelet Shrinkage,” IEEE Transactions 
on Geoscience and Remote Sensing, 2011, 49(3):1-11.  

[15] Zhang Degan, Wang Xiang, Song Xiaodong, “New 
Clustering Routing Method Based on PECE for 
WSN,” EURASIP Journal on Wireless Communica-
tions and Networking, 2015, 2015(162):1-13.  
DOI:10.1186/s13638 -015-0399-x  

[16] Zhang Degan, Zheng Ke, “Novel Quick Start (QS) 
Method for Optimization of TCP,” Wireless Networks, 
2015, 21(5):110-119. DOI:10.1007/s11276-015-0968-2 

 
 
 

De-gan Zhang Ph.D, Now he is a 
professor of Tianjin Key Lab of Intelli-
gent Computing and Novel software 
Technology, Key Lab of Computer 
Vision and System, Ministry of Educa-
tion, Tianjin University of Technology, 
Tianjin, 300384. His research interest 
includes WSN.  

 
 

Xiang Wang. Ph.D. candidate. Now he 
is a researcher of Tianjin Key Lab of 
Intelligent Computing and Novel soft-
ware Technology, Key Lab of Computer 
Vision and System, Ministry of Educa-
tion, Tianjin University of Technology, 
Tianjin, 300384, China. His research 
interest is WSN. 

 
 

Xiao-dong Song. Ph.D. candidate. 
Now he is a researcher of Tianjin Key 
Lab of Intelligent Computing and 
Novel software Technology, Key Lab 
of Computer Vision and System, Mini-
stry of Education, Tianjin University 
of Technology, 300384, China. His 
research interest is WSN.  



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket true
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /PDFX3:2003
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /Unknown

  /Description <<
    /ENU (Use these settings to create PDF documents with higher image resolution for high quality pre-press printing. The PDF documents can be opened with Acrobat and Reader 5.0 and later. These settings require font embedding.)
    /JPN <FEFF3053306e8a2d5b9a306f30019ad889e350cf5ea6753b50cf3092542b308030d730ea30d730ec30b9537052377528306e00200050004400460020658766f830924f5c62103059308b3068304d306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103057305f00200050004400460020658766f8306f0020004100630072006f0062006100740020304a30883073002000520065006100640065007200200035002e003000204ee5964d30678868793a3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /FRA <>
    /DEU <>
    /PTB <>
    /DAN <>
    /NLD <>
    /ESP <>
    /SUO <>
    /ITA <>
    /NOR <>
    /SVE <>
    /CHS <FEFF4f7f75288fd94e9b8bbe7f6e521b5efa76840020005000440046002065876863ff0c5c065305542b66f49ad8768456fe50cf52068fa87387ff0c4ee575284e8e9ad88d2891cf76845370524d6253537030028be5002000500044004600206587686353ef4ee54f7f752800200020004100630072006f00620061007400204e0e002000520065006100640065007200200035002e00300020548c66f49ad87248672c62535f0030028fd94e9b8bbe7f6e89816c425d4c51655b574f533002>
    /CHT <FEFF4f7f752890194e9b8a2d5b9a5efa7acb76840020005000440046002065874ef65305542b8f039ad876845f7150cf89e367905ea6ff0c9069752865bc9ad854c18cea76845370524d521753703002005000440046002065874ef653ef4ee54f7f75280020004100630072006f0062006100740020548c002000520065006100640065007200200035002e0030002053ca66f465b07248672c4f86958b555f300290194e9b8a2d5b9a89816c425d4c51655b57578b3002>
    /KOR <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [545.000 394.000]
>> setpagedevice


