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ABSTRACT

For the problem of image registration based on mutual information ignore global spatial information of the two
images, and thelungs PET image is so fuzzy that has fewer correlationswith the lungs CT image. This paper proposed
a coarse-to-fine image registration method based on region information and mutual information. Experimental
results show that this method can effectively to achieve lung image registration which globally aligns the chest region
in PET and CT images and locally overlaps nodule lesion anatomical structure region in CT image and nodule
highlighted functional area in PET image.
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INTRODUCTION

With the development of modern medical imaging, itedimage analysis is becoming an important pérthe
computer-aided diagnosis. Images from modalitisshsas computer X-ray radiography (CR), X-ray coregut
tomography (CT), magnetic resonance imaging (MiRpls-photon emission tomography (SPET), posithmission
tomography (PET), have become essential medicahtignaging means in the modern medical diagnassssoon
as different imaging modalities are involved, whiale divided into two categories of structural imnggand
functional imaging, corresponding structures maydifécult to identify and match. Structural imagircan clearly
show the anatomical structure of the organ, anckgslution is relatively high. While functional &@ming can reflect
the functional and metabolic information of humessues, and locate the lesions because of thenmigabolism of
tumors, but generally the resolution is relativldy. In clinical diagnosis, doctors usually requireages with
different imaging modalities to make comprehensimalysis. Multi-modality image registration andifuscan take
full advantage of the characteristics of the imggimodalities and achieve information complementarimprove
medical diagnosis and treatment level.

Image fusion can take advantage of the respectif@mation of different images, and express stmattand
functional information in one image. These imagé&erohave different imaging mechanisms, and acduat
different viewpoints, different times. So beforegige fusion and comprehensive analysis, we sholvé $loe strict
alignment problems of several images in the sanaiapcoordinates, which is the so-called medicahge
registration. Image registration is to find an ol geometric transform that maps points from enage (moving
image) to homologous points on a object in the séémage (reference image).

Medical image registration development togethehlie general development of image registratiohrtiegues and
is the application in the field of medical imagiridedical image registration roughly experiencecéhstages: the
first stage is based on the framework and the eatezharacteristics of medical image; second sisdmsed on
anatomical characteristics and organizational afteristics of medical image registration; thirdggtanedical image
registration is based on the invariants and infdiona

Medical image registration can be divided into agatlons between mono-modality images, multi-maotelges, and
an image with a model; medical image registratiam de divided into intra-subject registration, irgabject
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registration according to the source of images;ioadmage registration can be divided into rigégjistration and
non-rigid registration according to geometric tfan®ation; medical image registration divided bg thimensions of
the image registration, including between 2D/2D/3I) 3D/3D registration. Medical image registratexperienced
from single-mode to multi-modal registration, andiltimodal medical image registration combined il
imaging and functional imaging information, gradyddecome the development trend of today's medizanosis.
Medical image registration experienced a rigid segtion to non-rigid registration from the poirmtgeometric
transformation.

After years of research, the image registratiohrietogy has made a lot of research. Multi-modatigdical image
registration becomes today's research focus afiduliifin the field of registration. Collignon (199 [1], Viola and
Wells (1997) [2] first use the mutual informatios a similarity measure for image registration. ®goently,
registration based on mutual information methodenwsgread in academy field. A large number of refege have
proved the validity of the registration based ortuatiinformation similarity measure for multi-modglregistration.
However, mutual information measure considered dhdy statistical information of the image intensiglue,
ignoring the spatial information inherent in theaige recent years. That is to say mutual informatieasure ignores
dependencies to adjacent pixel gray values in mh@ge, resulting in the presence of local extrendh laver
robustness.

Studhulme (1999) [3] proposed a normalized mutotdrimation measure method to reduce the dependemtiee
overlap region of the two images; Rueckert (20dQ)pfoposed the concept of the second order miné@imation
taking into account the impact of each pixel's adja pixel; Lu Zhentai (2007) [5] proposed a simiilameasure
method based symbiotic mutual information takingoamt of the impact of the different directions thie
neighborhood pixels in the two images at the same o6n the basis of the second order mutual infaomawhich
effectively eliminated the local extrema problemrmaddical image registration based on mutual infdionavhen the
image without significant deformation.

Mutual information registration algorithm was rewied by (Pluinet al, 2003) [6], including preprocessing of images
gray value interpolation, optimization, adaptaticdosthe mutual information measure, and differeypes of
geometrical  transformations, and cited the mutualnformation registration  applications,
on different modalities, on inter-patient registvatand on different anatomical objects. The typmathod of image
registration was introduced by(Barbara Zitova gQ03) [7], it reviewed approaches are classifiezbeding to their
nature (area based and feature-based) and accdalifagir basic steps of image registration procedigature
detection, feature matching, mapping function desigd image transformation and resampling.

Chen Weiqing(2005) [8] proposed a coarse-to-refiieelical image registration which combined mututdrimation
and the gradient image’'s shape information consigethe problem of image registration based on aiutu
information which ignores the global spatial inf@tion inherent in the image and time-consuming.

Medical image registration technology is still dfidult issue mainly because of the diversity otalaources, the
complex image distortion between the images. Addifferent requirements of the various applicatiofisnedical
image registration, it still needs further devel@mt Therefore, the study of the medical imagesteafion techniques
has important practical significance.

Most of the above literature is about brain imaggistration, lung image registration needs furtady especially
for PET-CT registration. Mutual information methbds achieved good result in the registration oftb@I or MR
images and PET images, and has been proved totteashb-pixel accuracy. Brain PET images havegelaumber
of anatomical information and have larger the dati@n with brain CT images, which can guaranteeréalization of
the alignment. But lungs PET images are very fughich contains only functional information which kes lung
PET-CT image registration more difficult. Ruecké006) [9]has effectively achieved brain image registration.
While the lungs PET image is so fuzzy and noisy sehgradient image has much redundancy informafilis. paper
uses the coarse-to-fine image registration metfasadh on region information and mutual informationthe coarse
rigid registration phrase, we align the PET imagd &T image globally, which can guarantee the bestregion
aligned with each other. In the refine elastic segtion phrase, our purpose is aligning the lurdute in the PET and
CT images.

EXPERIMENTAL SECTION

Mutual information theory: Mutual information is a fundamental concept in mfiation theory, which used to
measure the correlation between two random vasablecording to the theoretical knowledge of mutual
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information, the entropy of reference image IR #iodting image IF indicates the uncertainty of sl gray values
of images, and can be defined as:

Error! Reference source not found. 1)
H (IF) = —ZP(b)IogP(b]Error! Reference source not found.

b0l
(2)

Where a and b respectively represent for a paatiqyiay value in the reference image and the figatnage. The
joint information entropy of the reference imagel éime floating image can be defined as:

Error! Reference source not found. 3)

The mutual information between two images is

Error! Reference source not found. 4)
Although two images derived from different imagihevices in multimodality medical image registratitey are all
based on the anatomy of the human body. So whetwithémages of the spatial position is entirely sistent, the
information contained in the other image shouldheemaximum. The principle of image registratiosdzhon the

mutual information can be said to find an optimednsformation, which makes the mutual information o
corresponding pixel gray value in two images reachaximum, which can be expressed as:

T, ="Ml . T( ))
(5)

This equation is objective function of the imaggis&ration based on mutual information, T on bebélthe space
transformation model in the registration process.

Error! Reference source not found.

Image registration based on the mutual informat®ra kind of automated method on the pixel grayheut

pre-extraction of the relevant characteristicshefimage, and don't need to assume that the vathe corresponding
region of the two image have some relationshipsnly concerned with the probability of the grayuea which is

easily calculated, so the registration based omuatinformation technology has been widely used.

In recent years, a considerable literature suggdsts mutual information measure exist local exteim the
registration process, sensitive to the size ofowerlap region, which is easy to cause mis-aligrimémormalized
measure of mutual information was proposed by Rer¢R], which is less sensitive to changes in @apger

Error! Reference source not found. (6)

B-spline elastic deformation model:B-spline function is a local control function, atite movement of a control
point affects only its adjacent points, so splinipolation is widely used in the field of nonidgegistration. The
area of the image is representeétragr! Reference source not found, Error! Reference source not found.

represent the image grid make uprpf X n, Error! Reference source not found.control points whose spaciig
elastic transform based on B-spline functions aefioan be expressed as:

3 3

T (X, y) = ZZBIB (u) Brn.s(V)@ . jm Error! Reference source not found.
1=0 m=0
(7)
. X . X X
Wherel = g -1,)= % -l,u= g —g V= % —% Error! Reference source not found, and B,’3(u) Error!

Reference source not foundare the basis functions of cubic B-spline curvéciWhilefined as follows:
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Bos(U) = % @-uy
B, ,(U) :%(aﬁ 6+ 4)

st(u):i(—3u3+ 3+ 3w 1
’ 6

13
Error! Reference source not found. B,,(u)= " u
(8)

Where 0 <u <1, represents contribution weight afheeontrol point for a curve function which is bdsen the
distance of the control grid vertices to the (x, y)

B-spline-based registration belongs to the regigegistration method. It determines the grid cdnpoints by
compute the corresponding similarity regions, anifioumnity distributes these points to reflect thedl deformation
of images. Its precision can reach sub-pixel leAéibr the get the set of the corresponding paifitthe image in this
method, | use the transformation model to get #ferdnation function between the two images. The #eformation
idea is that the object is embedded into a spackthe object deforms along with this space.

B-spline-based Freedom Deformation Model (FFD) salwe the problem of deformation of soft tissueDRBsing
B-spline basis functions in is one of many Freedeformation Models. It creates a uniform grid spasiag of the
idea of free deformation model on the image to acirnthe two images to be registered. By the movéwicthe grid
space to drive the image deformation compensatthédifferences that exist between the two imagesh of the
control point of the grid space affects its adjaeegion and the object deformation occurs whematps a group of
grid control points. The density of the controldydetermines the complexity of non-rigid deformatimased on
B-spline. The movement of the grid space restilaynsalculating the local normalized mutual inforioatof images.
Then use the B-spline technique to reconstruct aberdinate’s field after image deformation, and tray
information of corresponding position to get theaga after registration.

Due to the lung is a typical locomotive organ afidfRnd CT image data acquired in different time,ltihg nodules
location in the two sequences of images is changésl.use a non-rigid registration to simulate thegldissue
deformation. In this paper, we use B-spline defdimmmafunction to achieve non-rigid registration.

Implement: Image registration method involves feature spaeaych space (spatial geometric transformation),
optimization search algorithm, and similarity measimage registration based on mutual informatiaiculates the
gray value statistical correlation between the tmages, without the need for feature selection eximaction.
Similarity measure measures the statistical cdicglebetween the gray values of reference imageti@am$formed
floating image. Transform parameters are constartiBnging through optimization search algorithm ttsat the
similarity measure function reaches optimal. Evaliftthe problem becomes discrete multi-paramepginmozation
problem. Image registration flow chart as follows:

Reference Image

Proprocess
Initial Transform

g0
transformation

Interpolate

Optimization update

[Tln:mng Tmage[—{ Preprocess )—{
Metrie
!
@\.
Resampling Moving Image

Fig 1 multi-modal image registration flow chart

We use the sequence of images collected from labgstthe experimental data, where the CT imagasduton is
512 x 512, voxel size is 0.976562 0.976562; PETgasaesolution is 128 x 128, voxel size is 4.68456875. In the
registration process, a CT image as a referencgdRET image as a reference image to be equippéds paper,
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we used normalized mutual information, LBFGSB ojtation algorithm to reduce the impact of localrerta, and
used B-spline-based freedom deformation modelhéese pulmonary PET-CT images non-rigid registmatio

As the different imaging principle of modalities dieal images and the resolution and signal-to-noagie (SNO)
vary during the multi-modality image registratione should first preprocess images. It can enhaheeuseful
information that can be detected in the image bypifeprocessing, which can eliminate the influesfabese factors
on the accuracy of the registration algorithm.

(O PET images resolution is relatively low than CTagas, it must be interpolated to the same resaolutith CT
images, to facilitate the subsequent coordinatgsping.

@ With the presence of background noise PET image<CT images, it must be removed from the origit&I and
CT images.

® Functional image usually introduces lots of noigd®en the acquisition, the region of interest (lurapule
area)should be enhanced to highlight.

Because image registration based on mutual inféomégnore global spatial information of the twoages, and the
lungs PET image is so fuzzy that has fewer coimalatwith the lungs CT image. We consider aligrimg images
with a coarse registration first. Multimodality meal images of the same organ usually have sirhapes, so they
may be registered approximately by their shape rpat@rs indicated in their shape information. In tuarse
registration step, we segment the CT and PET imagbanarked chest region and lung nodule regiansly. Then
the mean squares metric was used to the rigidtratien of the CT and PET marked region imagedasttwe got the
final affine transform parameters. The flow chdrtoarse registration as follows:

Original PET Image

PET Marked
Region Image

Rigid Registration(MS)

Result of Coarse
Registration

Fig2 the flow chart of coarse registration

We resample the interpolated PET image using tiad &ffine transform parameters. In this methodRES lungs
image can globally be mapped to the CT lungs in@gasely. In the refine registration step, thedfarmed PET
image in the last step input to elastic registrais the moving image, and we use mutual informatietric as the
similarity method. The flow chart of refine regeion as follows:

interpolated PET Image

[ Resampler }—[ Final Affine Transform parameters ]

Result of Coarse Registration

Elastic Registration(MI)

Result of Refined Registration

Fig3 the flow chart of refine registration

CT Chest Image
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RESULTS

@) (b)
Fig 4. (a) Original PET image with resolution of 52 x 512; (b) original PET image with resolution ofLl28 x 128;

The result of PET CT marked image registrationgisirean squares metric and affine transformati@mo@rse phrase
shown show as follows:

() -

@) (b)

@

(c) (€:D)

3.CI 4

(e)
Fig 5. (a) the marked region CT image as the fixeihage in the coarse registration, (b) the marked mgion PET image as the moving image
in the coarse registration, (c) image combined a ainb ,d) the registered moving image, (e) image cornnied a and d

Because the lungs PET image is so fuzzy that hasrfeorrelations with the lungs CT image which banseen in
Fig4. At the same time, mutual information ignattes global spatial information. We marked the Chgm and PET
image firstly before use mutual information imaggistration method. Note that the inside nodula &@s a gray
value of 0, the chest area has a gray value ofth@3ackground area has a gray value of 255,fenllibgs area has
a gray value of 128 in the CT image. From the K& %e can see that the coarse image registratdaly aligns the
chest region in PET and CT images. The interpol®&d image transformed by the result affine trammafo
parameters obtained in the coarse registration slamaollow:

The result of transformed PET image and CT imagést&tion using mutual information measure ane-fieem
deformation model based on B-spline in the refineape as shown below:

(d)
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(e)
Fig 6. (a) The PET image transformed by the resulransform parameters, (b) the registered PET imagéc) the registered PET image,
combined with CT image, (d) the image of the registed PET image combined with CT edge image

In this phrase we use the CT chest image removekbbaund noises as fixed image and the PET imagsfiormed
by the result transform parameters as moving im&gem the Fig 6(b) and (c) we can see that theneeffinage
registration achieved a good result which localgrtaps nodule lesion anatomical structure are@Tirimage and
nodule highlighted functional area in PET image.

Table | The metric of coarse and refine registratio

metric Before Registration  After Registration
Coarse Registration(MS) 1519.06 694.291
Fine Registration(MI) -0.2614 -0.3379

Fig 7 Metric Curve of Coarse Registration

From Fig 7 we can see that the metric curve ofsmsanage registration stabilized at last. This paglobally aligns
the chest region in PET and CT images.

Fig 8 Metric Curve of Refine Registration

From Fig 8 we can see that the metric curve ofegffinage registration stabilized at last. This padacally aligns the
lungs nodule region area in PET and CT images.

CONCLUSION

This paper detailed analyzes exist problem of niutiarmation method in the lungs PET-CT registatfirstly. O
Mutual information ignores global spatial infornmatiof the two imagé®the lungs PET image is so fuzzy that has
fewer correlations with the lungs CT image. Theopose a coarse-to-fine image registration meklyocbmbining
mutual information and region-based informationtHis method we have achieved good result in th€ & CT
lungs images registration, and increased the mirt@imation robustness as well by improving itlwiegion-based
information. For the lungs three-dimensional imaggistration, as well as two-dimensional and thdieensional
image registration has yet to be further research.
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