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Abstract. By analysis the regional characteristics of Low-frequency subbands and high-frequency
subbands in nonsubsampled Contourlet transform (NSCT) for medical images, we proposed an
NSCT-based image fusion algorithm for medical images. For each coefficient of the low-frequency
subbands, the regional correlation was considered and the fusion strategy based on regional clarity
matching was used; for each coefficient of the high-frequency subbands, the directional
characteristics of the subbands were considered and the fusion strategy based on local energy of
high-frequency regions was used; after that, the high-frequency fusion coefficient was determined.
The proposed algorithm was verified through a simulation experiment on CT, PET and MRI images.
The fusion effect was assessed using subjective and objective evaluation indicators. The experiment
showed that the proposed algorithm achieved a better visual quality and quantitative indicators for
medical images.

1.Introduction

Fusion of medical images is to integrate the images collected by the same or different techniques
on the same target object into one image by extracting and processing the useful information from
each image using the image fusion algorithms. Several medical imaging techniques are now in used
based on the combination of computer and medical sciences, such as computed tomography (CT),
magnetic resonance imaging (MRI) and PET scan. Through the fusion of medical images, several
images collected by different techniques are synthesized into a single target image, where the
information on bones, soft tissue information as well as their physiological functions is well
preserved.

Wavelet transform (WT) has found extensive applications in the fusion of medical images [1][2].
Ranchin T. and Wald L.[3] applied the discrete WT technique to multi-source image fusion in 1993.
WT technique has the advantages of excellent time-frequency analysis performance, directional
anisotropy and relative independence of different scales. Therefore, WT technique can achieve a
better fusion effect than Laplacian Pyramid transform [4]. However, WT involves complex
procedures and takes a lot time and storage space. Pennec and Mallat[5] proposed Bandelet
transform, and Candes[6] proposed curvelet transform. In 2002, Contourlet transform was presented
by M.N.DO and Vetterli M.[7], and wavelet-based Contourlet transform (WBCT) was proposed by
Eslami R. and Radha H.[8] in 2004. Nonsubsampled Contourlet transform (NSCT) was put forward
by Cunha and Zhou J.P. et al. [9] in 2006. Multi-scale geometric analysis is to achieve an optimal
approximation of high-dimensional functions based on its multi-resolution feature and anisotropy. It
is more applicable to the representation of sparse 2D image signals than WT.

Utilizing the multi-scale, multi-directional, anisotropy and translation invariance features of
NSCT, we proposed a medical image fusion method which integrates NSCT and regional feature
matching algorithm. NSCT was first done to the source images to obtain low-frequency and high-
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frequency coefficients under different scales. Regional characteristics of low-frequency and high-
frequency subbands in the spatial domain were extracted. Correction factors were assigned to the
regional characteristics based on the salient features of different images, and the weight coefficients
were determined. A simulation experiment on the fusion of CT . PET and MRI images indicated
that our algorithm achieves higher fusion performance and better visual effect than WT and
Contourlet transform.

2.NSCT procedures

The original images are decomposed by using the J -stage nonsubsampled pyramid filter bank

1=12,..

(NSPFB) to obtain low-frequency subband € and high-frequency subband bi ( "]) under

different scales. The high-frequency subband bi is subjected to directional decomposition using the
nonsubsampled directional filter banks (NSDFB) to obtain the nonsubsampled Contourlet
coefficient of directional subbands under a specific scale. This is the basic principle of multi-scale,
multi-directional decomposition of the image using NSCT. For each scale, decomposition leads to

2Idirectional subbands; for every two scales, the number of directional subbands will increase by
one-fold, which makes anisotropy and sparse image representation possible.
2.1 NSPFB

NSPFB mainly consists of an iterative process through a two-channel filter bank. Since no
subsampling is included, translation invariance is well preserved. One bandpass image is generated
at each stage of NSPFB, as shown in Fig. 1.
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Fig. 1 Schematic of NSPFB

If Ho(z) and H1(2) satisfy the conditions of perfect reconstruction, there is no need for
designing additional filters. Filters of the next stage can be obtained by upsamping the filters of the
previous stage with sampling matrix D =2l . That is, NSFB can be used iteratively to construct

NSPFB for multi-scale decomposition. Filters generated in this way still satisfy the conditions of
perfect reconstruction. The nonsubsampled pyramid filter of the N -th stage is represented by

Hl(z)ﬁ Ho(z?) 1<n<2*
Ha(z) = = (1)

n-1

IIH o(z%) n=2
j=0

2.2 Nonsubsampled directional filter bank (NSDFB)

However, translation invariance is broken with conventional Contourlet transform because of
uniform sampling of the translation parameters. Here the NSDFB replaces DFB (critical sampling)
to perform directional decomposition of the frequency spectra using the two-channel fan filter bank
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(precise sampling) and resampling. Fig. 2 shows the schematic of the iteration of two-channel fan
filter bank to produce a one-channel NSDFB.
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Fig. 2 Schematic of NSDFB

{U,(2),U,(2)} represents complementary fan filter banks and iteration of NSDFB is performed.

11
Quadrant filter isU, (z®),i=0,1, Q :(1 J. Subbands obtained by decomposition on the previous

stage are filtered to obtain directional subbands with the same size of the source image. Equivalent
filter in each channel satisfies

Us(2) =U, (2, (2) 2)

3.Feature matching algorithm

3.1 Fusion strategy for low-frequency subbands

Low-frequency subbands obtained by NSCT are approximate subbands of the source images and
they reflect the general information of the source images. The selected regional characteristics must
be normalized, and assessment of the structural similarity between the two images is needed. The
commonly used evaluation indicators are regional information entropy S, regional energy E,
maximum and minimum of regional gray scale, and regional mean or median. Based on the regional
characteristics of the transform coefficient, clarity is taken as the assessment criterion. Clarity at

pixel (X.¥) on the image is defined as the vector norm sum of image gray gradient within the
window W (3X3 or 5X5 pixel) which takes the studied pixel as the center:

g=3 {[f(x, y)— FO+L T +[ (%, y) - f(x,y+1)]2}
(xy)ew (3)
p is the gray scale transform rate within the window; the smaller the value, the more obscure
the image is, and vice versa. The assessment criterion used for the fusion is represented by
B {Cak (X Y)  Bu > P
< Co (XY) Bu < B
3.2 Feature matching strategy for high-frequency subbands

The feature matching strategy is used for the fusion (Salience/Match Measure with Threshold).
The feature matching strategy for local high-frequency energy is defined as follows [10]:

S, j,k) =Y 3 C(i+m, j+n,k)

(4)

()
where (1 1:K) s high-frequency coefficient for (' 1) at the K the decomposition stage; (M:N)
is the size of a neighborhood window on the image (3x3 or 5x5 pixel). The sum of squares of high-

frequency coefficients in this neighborhood is the local energy at (i, J.k) ; the matching degree for
(i, 1.K) is defined as
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2> Ca(i+m.j+n,k)Ce(i +m.j+n,k)
Mas(i, j,k) =—"-"

Sa(i, jK)Se(i, j.k) (6)
The fusion strategy for high-frequency coefficient is defined by
C(i, j,k) =WaCa(i, j, k) +WsCs(i, j, k) (7

That is, the high-frequency coefficient after fusion is the weighted sum of the coefficients of the
original images at this position. The weight is determined using the following method:
1. 1f Mae <T  then
{WA:].,WBIO Sa> Ss

WAIO,WB:]- SASSB (8)

2. 1f Mas>T | then
Wa=1-Ws W =1/2—(1—Mas)/2(1-T) Sa>Ss
Wa=1/2—(1-Mas)/2(1-T) We=1-Wa  Sa<Ss (9)

Where T €(0.1) s the threshold of matching degree. When matching degree Mas is less than

the threshold T , choose the larger values of local energy Call, 1,K) ang Ce(i, 1,K) \when matching
degree  Mes is larger than the threshold T  high-frequency fusion coefficient is

WaCa(i, J, k) +WeCe(i, J.K) The weights of Waand We are related to the matching degree Mas | and
Wa+We =1~ Opviously, the calculation process of the feature matching rules has good local
properties. The high-frequency coefficient for (1, 1.K) after fusion is only determined by the
coefficients in mxn neighborhood for (1, 1.K) |

4.Experiment and analysis

Image fusion was performed in Matlab7.0 simulation and the result was compared with Wavelet
weighted local contrast fusion(Wavelet Fusion)[11], weighted Contourlet transformation
coefficients fusion(Contourlet Fusion)[12] and nonsub sampled contourlet transform Fusion(NSCT
Fusion)[13].The region used for the fusion was 3x3 in size. The number of decomposition stages
was 3 for the Contourlet transform. The threshold of matching degree for the high-frequency
subbands was set to 0.75. The weight factor of WT was 0.5.

Fig. 3(a) and (b) and Fig. 4 (a) and (b) are the two groups of calibrated medical source images,
respectively. Fig. 3 (c) and Fig. 4(c) are the results of Wavelet weighted local contrast
fusion(Wavelet Fusion). Fig. 3(d) and Fig. 4 (d) are the results of weighted Contourlet
transformation coefficients fusion(Contourlet Fusion). Fig. 3(e) and Fig. 4(e) are the results of
nonsubsampled contourlet transform Fusion(NSCT Fusion).Fig. 3(f) and Fig. 4(f) are the results of
the proposed algorithm. As to the visual effect, the fused image has a light color using Wavelet
Fusion, and the edge contour is not distinct; the fused image fails to reflect the details on the
medical source images. The fusion effect with the Contourlet Fusion is slightly better as compared
with Wavelet Fusion, and the former can more clearly display the information from the source
images. NSCT Fusion and proposed algorithm is well preserved in medical images of bone and soft
tissue soft tissue, which the fusion image edge details highlight, and better than Wavelet Fusion and
Contourlet Fusion. Based on the qualitative analysis of the experimental results of Fig.3 and Fig. 4,
a quantitative evaluation was further conducted using objective indicators, namely, standard
deviation, Spatial frequency, entropy and mutual information. The evaluation indicators can reflect
the quality of the fused image[14].
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(d) Contourlet Fuion
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In Literature[16]

Fig. 3 Fusion result of CT and MRI images

Table 1 Evaluation indicators for CT and MRI images

Standard deviation  Spatial frequency  Entropy Mutual information

Wavelet Fusion [14] 43.867 5.277 4.058 1.208
Contourlet Fusion [15] 45.384 6.718 6.047 2.509
NSCT Fusion [16] 50.720 6.832 6.246 2.559
Proposed Algorithm 52.164 6.841 6.344 2.641
(d) Contourlet Fuison &ﬁﬂgﬁigﬁ% ; (f) Proposed Algorithm
Fig. 4 Fusion result of CT and PET images
Table 2 Evaluation indicators for CT and PET images
Standard Spatial frequency  Entropy  Mutual information
deviation

Wavelet Fusion [14] 76.270 8.492 2.242 2.216
Contourlet Fusion [15] 81.304 8.801 4.391 3.266
NSCT Fusion [16] 81.483 9.463 5.233 3.321
Proposed Algorithm 83.154 9.621 5.311 3.354

Table 1 and table 2 give a variety of objective evaluation indicators of the experimental results of
Fig3 and Fig 4.Table 1 and 2 show the objective indicator values of the fused images obtained by
different methods. The standard deviation, Spatial frequency, entropy and mutual information with
Wavelet Fusion are the smallest, indicating more considerable loss of information during fusion and
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greater distortion of the source images. Thus Wavelet Fusion has a poor fusion performance.
Contourlet Fusion leads to more directional high-frequency subbands than Wavelet Fusion, so the
former is better in processing the directional details and achieves a more satisfactory visual effect
than the latter. NSCT Fusion’s index coefficients better than Wavelet Fusion and Contourlet Fusion,
but in the high-frequency sub band fusion algorithm is not accurate enough, resulting in the overall
fusion quality is not very high. The indicator values are the highest with the proposed algorithm,
indicating a good similarity of the fused image with the source images. Some important details are
preserved from both CT , PET and MRI source images. Therefore, the propose algorithm is the
best and achieves the most excellent visual effect.

Figure 5 and Figure 6 are the other two groups of medical images using the results of different
fusion algorithms. Table 3 and table 4 are the objective evaluation of the experiment. From the
subjective visual and objective evaluation index of image experiment results, proposed Algorithm is
also better than Wavelet weighted local contrast fusion(Wavelet Fusion), weighted Contourlet
transformation coefficients fusion(Contourlet Fusion) and nonsubsampled contourlet transform
Fusion(NSCT Fusion).

(2) CT Image (1) MEI Image (c) PET Image (d) Wavelet Fusion

() Contourlet Fulon (£) WSCT Fuion (g) Proposed Algorithm

In Literature[16]

Fig. 5 Fusion of CT, MRI and PET images

Table 3 Evaluation indicators of Fig.5

Standard deviation  Spatial frequency  Entropy  Mutual information

Wavelet Fusion [14] 47.278 16.254 5.025 1.823

Contourlet Fusion 53.472 18.349 5.188 2.541
[15]

NSCT Fusion [16] 59.526 19.340 5.245 2.642

Proposed Algorithm 61.404 19.436 5.266 2.710

{d) Contouwrlet Fusion (&) NSCT Fuion In Literature[16] {f) Proposed Algorithm

Fig. 6 Fusion of CT and MRI
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Table 4 Evaluation indicators of Fig.6

Standard deviation  Spatial frequency  Entropy  Mutual information

Wavelet Fusion [14] 48.351 15.318 5.883 2.531

Contourlet Fusion 53.355 17.380 6.157 3.264
[15]

NSCT Fusion [16] 64.629 17.668 6.181 3.434

Proposed Algorithm 65.181 17.980 6.461 3.556

5.Conclusions

We combined NSCT with regional feature matching algorithm for the low-frequency and high-
frequency subbands and proposed a new method for medical image fusion. As compared with
Wavelet weighted local contrast fusion(Wavelet Fusion), weighted Contourlet transformation
coefficients fusion(Contourlet Fusion) and nonsubsampled contourlet transform Fusion(NSCT
Fusion), the proposed algorithm can better integrate the details from CT, PET and MRI source
images and achieve a better visual effect. NSCT has a good locality in spatial and frequency
domains, which enables the separation of low-frequency and high-frequency subbands. Therefore,
the fusion can be done separately in different channels. Fusion experiment on CT, PET and MRI
source medical images demonstrates that the proposed algorithm outperforms the other two
algorithms in both visual effect and objective evaluation indicators.
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