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Abstract—Image registration algorithm based on normal mutual 
information (NMI) has been adopted in multimodality medical 
image registration research for a few years. Basing on the whole 
information of the image pixels, this method has no incertitude of 
the problems about the similar parts, different range of values, 
segmentation, boundary, and so on. The results have always been 
more satisfied by doctors than other registration methods. 
However, medical images usually contain a huge amount of data 
and the calculation of mutual information takes a lot of statistical 
analyses. Therefore the operation time is too long to apply in 
clinical. According to this problem, researchers have intended to 
improve the algorithm on two aspects, namely software and 
hardware. Compute Unified Device Architecture (CUDA) is a 
new technology of parallel computing with broad-ranging 
application on image processing, reconstruction, analysis, and 
much more. Above all, we proposed a new improvement CUDA 
based method to accelerate NMI registration algorithm. 
Experiments show it cannot only ensure to provide a correct 
registration images but also an efficiency improvement as well. 
And the total speedup ratio nearly reaches 10. 
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I.  INTRODUCTION  
The purpose of multimodality image registration[1-2] is to 

achieve more useful diagnosis information than any other 
multimodality image as anatomic and functional ones. This 
technology can make up for lacks of different modality images 
and be applied in many combinations, such as MR-to-PET 
registration, CT-to-PET registration, SPECT-to-CT 
registration, and so on. 

CT and PET are prominent examples of anatomic and 
functional imaging modalities, respectively. In this paper, we 
adopt CT-to-PET image registration for experiences to verify 
the effectiveness of our proposed algorithm in its speed 
improvement. Two series of brain and human body PET/CT 
images were operated as analysis data in our experiences. The 
PET and CT images indicated the same part have the same 
amount of slices (47 of brain and 257 of body), but the 
resolution of each slice is different (PET: 128×128, CT: 
512×512).  

Multimodality image registration is performed in three 
main steps, namely image data preprocessing, coordinate 
mapping and mutual information calculation. The flowchart of 
the registration algorithm is shown in Figure 1, which is mainly 

composed of preprocessing, coordinate mapping, and mutual 
information calculation. These three steps are all time 
consuming, data independent, and operation iterative. This 
exactly has the same mean with Single Instruction Multiple 
Data (SIMD) character. In this paper, CT and PET images were 
used as reference and floating images respectively.  

These days, floating point performance of GPUs (Graphic 
Processing Units) has reach or even more than a thousand of 
GFLOPS/s, whereas CPUs is only dozens of GFLOPS/s. They 
have been widely used in visualization [3] and scientific 
computing for general purpose [4]. A CUDA based GPU 
consists of a certain number of parallel pipeline units and has a 
SIMD processing architecture [5]. A GPU is regarded as a 
parallel computation device in CUDA by encapsulating device 
instructions into a kernel function. This function is invoked by 
CPUs, but it is executed on GPUs [6]. The minimum execution 
unit of CUDA is thread; multiple threads make up a block. 
Although threads in the same block share one memory and can 
synchronize conveniently and easily, those in different blocks 
cannot be synchronized. In order to maximize computational 
power of GPUs, CUDA based algorithms should essentially 
gets a task allocation strategy to fully and reasonably utilize 
existing hardware resources. That means to find a balance 
between the number of blocks and the number of threads 
forming the block. In this paper, we propose an accelerative 
method for multimodality medical image registration based on 
CUDA. 

II. MATERIALS AND METHODS: 

A. Image data preprocessing 
 

According to different imaging concepts of PET and CT, 
the expressions of the two species of images are quite different 
from each other, such as the ranges of gray value, the 
resolutions, the sizes of pixels, and so on. Therefore, PET and 
CT images should be transferred into a uniform expression 
before matching. In this step, gray mapping and resolution 
adjustment are most important and time-consuming.  

Gray mapping is used to enhance the contrast of images in 
this application. And lower gray classifications can control the 
computation to be smaller in the later calculations. We 
supposed f(x, y) denotes the gray value of the pixel with the 
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Fig. 1 The flowchart of the registration algorithm 

original range of the pixel values is v1 to v2, expressed by 
(v1, v2). The range of the target values is v1' to v2'. And the 
relationship between them can be shown as follows. 
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Because of different imaging principles of PET and CT, the 
resolution and the physical distance between adjacent pixels of 
the two images are quite different. In order to make images of 
the two modalities into a unified coordinates, many researchers 
have focused on finding a suitable adjustment method. For 
example, Vivek Walimbe et al. in [7] has adopt a resample 
method for reducing the resolution of CT images; Jialing Cai et 
al. in [8] has used a interpolation algorithm to improve the 
resolution of PET images; otherwise, David Mattes et al. in [9], 
Xia Yu et al. in [10] have combined the previous methods to 
make the resolutions of the two types to an intermediate value.  

In this paper, we did a sampling on CT images according to 
PET ones because it can avoid interpolating new values and 
increasing calculation complex. Then we adopt a B-spline 
algorithm to do interpolation on PET images for making up the 
difference of pixel spacing [11]. And it can not change the 
resolution of PET images. This operation step can be 
formulated as 
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Where (i, j) is the coordinates of interpolated point in the 
PET image, f(i, j) is the pixel value of interpolated point,  are 

basic functions of B-spline, Dr is the ratio of the physical 
distances of CT and PET images, ⎣ ⎦rDik ×= , ⎣ ⎦rDjl ×= , 
⎣ ⎦∗ indicates returning the value of a number rounded 
downwards to the nearest integer.  

Two preprocessing steps described above are complex and 
time-consuming because the calculations were based on pixels. 
Each slice of PET or CT images would be processed by the 
same method and could not be considered in the calculation of 
any other slice. Therefore, gray mapping and resolution 
adjustments of PET and CT images can be implemented by the 
parallel programming methods based on CUDA technology to 
achieve higher efficiency. Gray mapping and resolution 
adjustment are respectively enveloped into two CUDA kernel 
functions. In the first one, as it shown in the left half part of 
Figure 2, gray mapping function establishes thread-block 
following the resolution of CT and/or PET. After that, the 
resolution adjustment kernel function is invoked by CPU with 
thread-block partition following the result resolution. 

 

 
Fig. 2 CUDA Implementation of Image Data Preprocessing 

B. Coordinate mapping 
The object of image registration is to find a proper 

transformation model. Before calculating the similarity of the 
two image series, the floating images should be transferred by 
the model. In this paper, we adopt a three dimensional rigid 
transformation model which included six parameters. Among 
the six parameters, three are translation ones about x, y, z 
coordinates, the other three are rotation ones. 

In the iterative searching steps, the coordinate mapping 
would be done many times till the proper parameters were 
found or the maximum number of cycles were achieved. Based 
on the analysis above, the coordinate mapping calculation is 
also substantive and repetitive on the slice level. Consequently, 
the calculation can also be accelerated by the parallel 
computing based on CUDA technology. In CUDA, coordinate 
mapping with rigid transform can be implemented in Figure 3. 
We generate thread-blocks with resolution of volumetric data, 
which is named as floating image. In the end gray value of 
point (i, j, k) might be transformed into the position of (p, q, 
m). 

SH

 
Fig. 3 CUDA Implementation of Coordinate Mapping 
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C. Mutual information calculation 
Mutual information is a fundamental concept of information 

theory that can be used to calculate the statistical correlation of 
the gray values of the corresponding pixels in the two images. 
It would reach to the maximum value when the images are 
aligned on geometric. In other words, it is a parameter to 
evaluate how much the same information contained by the two 
images. The calculation of mutual information between image 
A and B can be formulated as 

( ) ( ) ( ) ( )BAHBHAHBAMI ,, −+=        (3) 
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   Where H(A) and H(B) are the entropy of image A and B 
respectively, H(A, B) means joint entropy of the two images, 
H(A | B) and H(B | A) are conditional entropys. The 
calculations of them can be shown as  
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Where P means the distribution of probability density, a and 

b are gray values of pixels in image A and B respectively. All 
of the probabilities can be achieved by the gray histogram of 
each volume data and the mutual histogram of both the two 
volume data through statistics. 

As we all known, the most time-consuming step is mutual 
information calculation, which includes mutual histogram 
calculation and entropy accumulation. The main focus of 
acceleration is on mutual histogram calculation, which 
produced a large amount of medium data to store. Because the 
memory of CPU cannot afford so much space to store the data, 
the computer can only transfer the data to global memory, and 
it is a waste of time doing this. To save time, we propose to use 
the atomic function of GPU programming to calculate the 
mutual histogram which avoid the application and save of 
temporary data. Mutual information calculation can be divided 
into two main parts: self-governed entropy operation and 
mutual entropy operation. As mentioned above, CUDA thread-
block model can only synchronize among threads in each block. 
In order to implement synchronization among blocks, we must 
take advantage of Atomic Add operation to achieve addition 
synchronization among all threads especially for those in 
different blocks. This can be shown in Fig. 4 and it was 
supported since CUDA 1.3. In self-governed entropy, CT and 
PET images should be respectively operated; and threads 
should be established following their resolution. However, for 
mutual entropy floating image and reference image are both 
included. 

Fig. 4 CUDA Implementation of Mutual Information Calculation 

In order to display the results of image registration, fusion 
process is necessary. To date, the common medical image 
fusion method is still based on voxel, which has mean weighted, 
image segmentation based, contrast modulated, logical filtered, 
and wavelet transformation algorithms, etc [12-15]. In this 
paper, we used an improved fusion method based on PCA 
(principal component analysis) as in article [16]. 

III. RESULTS:  
These two groups of CT and PET images mentioned in 

materials and methods can be correctly registered in this 
proposed CUDA based mutual information method. The results 
are shown in Figure 5, where Fig.5 (a) and Fig. 5 (b) are shown 
the results of brain and body images respectively. In both of 
them, there are three rows and columns. The first and third 
rows show unregistered CT and PET images, and the second 
row shows a fusion image display. The three columns show the 
horizontal, sagittal and coronal images display respectively. 

From the results, we can conclude that the fusion images 
were not weakened or changed by our accelerate method 
compare with non accelerated ones. Radiologists from hospital 
have read and affirmed the results reliability. 

 
(a) Registration results of head PET/CT images  
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(b) Registration results of body PET/CT images 

Fig. 5 Registration results of PET/CT images 
Besides the results of image registration have not been 

weakened, the efficiency of this proposed method has been 
increased. With our proposed acceleration method, the 
preprocessing time of PET/CT images are reduced to almost or 
even less one-tenth than non-accelerated. As shown in Fig. 6, 
for the 257 slice body images, CUDA based preprocessing time 
has respectively reduced from 6.578 seconds to 0.687 seconds 
for CT ones, but 1.047 seconds to 0.093 seconds for PET ones. 
Their speedup ratio separately reaches 9.6 and 11.3. In addition, 
although PET is one-sixteenth of CT in resolution and its 
preprocessing time is 6.3 times less than CT, CUDA based 
method achieves 7.4. In addition, coordinate mapping can also 
get a nearly 10 times efficiency improvement. 

 
Fig. 6 Time compares of preprocessing before and after 

accelerated 
 Whereas, the registration time of PET/CT brain images with 

accelerated is 16.969 milliseconds, non-accelerated time is 
136.854 milliseconds. For PET/CT body images, the 
accelerated registration time is 85.11 milliseconds, and the non-
accelerated time is 502.844 milliseconds. As shown in Fig. 7, 
their speedup ratio respectively reaches 8.1 and 5.9. In the end, 
this CUDA based mutual information registration method 
totally achieves 10 times improvement for these two groups of 
images. 

   

 
 
Fig. 7 Time compares of image registrations before and after 

accelerated 

IV. CONCLUSION:  
The short processing time and the automated approach 

qualify our method of acceleration for multimodality medical 
image registration with no weakens on the fusion results. 
Although this method is more limited by the hardware 
foundation, registration based on CUDA might also facilitate 
the clinical application of mutual information algorithm. 
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