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ABSTRACT 

Deformable image registration (DIR) is a fundamental problem in medical image 

processing. Due to the lack of ground truth, such problem known as registration 

verification without ‘golden standard’ standard is still an unsolved scientific question. We 

propose to apply well developed techniques in the computer vision field, including the 

feature/region/edge based detectors, descriptors and matching for deformable image 

registration and registration verification.  

Specifically, this thesis explores the feasibility of applying three dimensional scale 

invariant feature transform (SIFT), Harris-Laplace and maximally stable extremal regions 

(MSER), canny edge and iterative closest point (ICP) in the verification of registering 

magnetic resonance imaging (MRI) and computed tomography (CT) volume data. Our 

preliminary results show that the feature points/edges/regions provided by the 

aforementioned techniques are good candidates for the ‘golden standard’ key points. 

These features may be used as a powerful aid to human experts or even may be used 

alone in registration verification. 
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CHAPTER 1 

MOTIVATION AND RESEARCH OBJECTIVES 

1.1. Motivation and research objectives 

Deformable image registration (DIR) is a keystone for automatic contour delineation and 

adaptive radiation therapy [1-4]. The goal of deformable image registration is to 

determine the spatial correspondence between anatomical structures in a pair of images 

[5], for example a planning computer tomography (CT) and corresponding weekly CTs 

[6]. Current DIR algorithms minimize mean squared error (MSE) or maximize mutual 

information (MI) between two images, as a consequence the correspondence of matching 

points not guaranteed [6, 7]. Researchers have been using deformable phantoms to 

quantitatively validate DIR algorithms which generated positive results however it is 

difficult to construct a deformable phantom that can duplicate various clinical scenarios 

[8]. So the measurement of DIR accuracy, i.e. DIR verification, is still entirely depending 

on human judgment. In the meantime, the registration accuracy of the "gold standard", 

that is feature points obtained by human readers, also need to be validated [5, 9]. So the 

automatic verification of DIR results on patient images without gold standard is still an 
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unsolved scientific question [2]. Recently, 2D image feature detection method in the field 

of computer vision, such as Scale Invariant Feature Transform (SIFT), has been 

recognized as a potential tool for DIR assessment of 2D slices [10, 11]. Considering that 

most medical images are acquired in 3D and the anatomical structures are also in 3D, 

DIR assessment using 2D features is inherently inaccurate since accuracy in the 3rd 

dimension is not guaranteed.  

In this thesis, as a preliminary and pioneer study, we propose to automatically verify 

DIR accuracy using 3D image feature detection and analysis methodologies, specifically 

in magnetic resonant images (MRI) and CT images. 

1.2. Outline of the thesis 

The rest of this thesis is organized as follows. Chapter 2 discusses the necessary pre-

processing before registration and registration verification. Chapter 3 introduces three 

different feature detectors in 3D. Chapter 4 presents 3D SIFT feature descriptor, 

matching using this descriptor and feature based registration verification. Chapter 5 talks 

about edge based registration verification. 
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CHAPTER 2 

IMAGE PRE-PROCESSING 

For MSE and MI based MRI and CT image registration, proper pre-processing is 

necessary, which often includes image normalization, noise suppression and adaptive 

threshold adjustment. For feature based registration that uses SIFT descriptors, the above 

preprocesses are optional considering that SIFT is illumination invariant. However, to 

suppress false features that are detected outside the human body, an air-tissue edge 

detection and subsequent outside-of-body noise and structure removal is desired. Section 

2.1 uses threshold and flood fill to remove outside-of-body signals. It is simple, however 

needs an empirical threshold input. Section 2.2 applies the level set method which is fully 

automatic. Section 2.3 presents MSE based registration method which is used as the 

target registration method for verification. 

2.1. Threshold and flood fill 

CT head and neck images usually include signals from the headrest, blanket and bed 

plate, in addition to the human subject, as in the first column of Fig. 2.1. The signals from 
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the headrest and blanket are weak compared to the human body and can be removed by 

setting a low threshold. The second column of Fig. 2.1 show a mask of image regions 

smaller than a threshold of 820, an empirical value. After setting a threshold, the body 

and the bed plates, which has a signal intensity comparable to the tissue, are separated in 

space. So if we find a bony point in the volume (a point with signal stronger than 2000) 

and start a 3D flood fill on the aforementioned mask from the bone (mask 1), a second 

mask (mask 2) that excludes the bed plate is obtained (column 3 of Fig. 2.1). The 

difference of mask 1 and mask 2 will includes only the human body (column 4 of Fig. 

2.1). Then we can segment out only the images of the human body (column 5 of Fig. 2.1).  

 

Fig. 2.1. Removal of outside-body signals in CT images using threshold and flood fill. 

Refer to context for detailed description. 

In MR images, there are almost no signal outside the body, hence a single low 

threshold works on eliminating noise outside the body. 
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2.2 Level set method 

Compared to empirically setting the threshold, level set methods provide an automatic 

and more general solution. Level set methods can robustly locate the region boundaries 

by evolving a level set function according to the Hamilton-Jacobi equation [12] Fig. 2.2 

shows the air-tissue boundary detected using 3D level set methods. A region of interest 

(ROI) mask can be obtained from the region with a positive level set function value. This 

mask can also be used to remove feature points that are detected outside the human body, 

as will be discussed in Chapter 3. 

 

Fig. 2.2. Removal of outside-body noise in CT images using 3D level set method. 

2.3 Pre-registration 
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The MSE based image registration method uses gradient decent to find a transformation 

that minimizes the MSE [13]. Specifically, suppose F(x) is the fixed image, M(x) is the 

moving image with x to be the voxel coordinate. The target is to find a transformation 

function T(x; t), where t is a vector of transformation parameters, such that a cost function 

C(t) which is the mean square difference of the fixed image F(x) and the transformed 

moving image M(T(x; t)) will be minimized. So the image registration is basically an 

optimization problem. 

For 3D volume data, 
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t t t t
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     (2.1) 

Some of the parameters of T are 0 for special transformation such as scaling, rigid 

rotation, sheer transformation or affine transformation. 

To register the two images, we iteratively optimize the cost function 

21
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Fig. 2.3. A slice from the preregistration result of a plan MRI volume and daily MRI 

volume of a patient. The plan MRI volume is down-sampled and affine transformed to 

get minimum square intensity difference with the daily MRI volume. In this image, green 

and purple represent difference while white represents similarity. 

Fig. 2.3 shows a sample slice of two registered MR images. 

As we will show in Chapter 4, we can also use feature points to perform a feature 

based pre-registration. 
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CHAPTER 3 

3D FEATURE DETECTOR 

Feature detection or interest point detection refers to the detection of representative 

feature points in the image such as corners and blobs. Feature detection has been 

successful in computer vision field including image matching and view-based object 

recognition [14]. For DIR verification in medical imaging filed, feature points are 

obtained by physicians based on experience. Previous study in 2D reveals that automatic 

feature detectors such as SIFT might be able to locate feature points similar to those find 

by human experts, since the automatic feature detectors work in a similar way as human 

experts in the sense that they both look for features with extrema in certain measure, at 

different scales [15, 16]. On the other hand, considering that anatomical structures are in 

3D, while human experts were only be able to locate feature in 2D slices, 3D feature 

detector might reveal more reliable feature points. This chapter tests several 3D feature 

detector on MR and CT images. Section 3.1 introduces the 3D SIFT detector. Section 3.2 

discusses 3D Harris-Laplace detector. Section 3.3 presents maximally stable extremal 

regions (MSER). Section 3.4 briefly summarizes the results. 
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3.1. 3D SIFT detector 

SIFT detector, which detects local extrema of the difference of Gaussian (DOG) scale 

space, produces stable feature in 2D images [17]. Warren Cheung and Ghassan 

Hamarneh generalize SIFT to N dimensions, and show the potential of N-SIFT in 

medical images [18]. However their implementation in Linux [19] does not perform well 

on our data sets, it detects less than 40 matches while most of which are bad matches. So 

we implemented our own version of 3D SIFT in Matlab. 

3.1.1. Build DOG scale space 

To find features in different scale (and at the meantime to achieve scale invariance), a 

volume pyramid is built (Fig. 3.1, left column). For efficiency, S discrete octaves are 

generated (e.g. S=3), with O volumes in each octaves (e.g. choose O such that 8×2O is 

smaller than the smallest size of row, column and height). The first volume of the first 

octave is obtained from Gaussian smoothing of the original volume with a σ. DOG. 

Suppose the original image volume has a standard deviation of 0.5 pixels, 

2 21.6 0.5         (3.1) 

The σ of the next volumes within the same octave are increased by a factor of 
1/2 S

. 

The first volumes of the rest octaves are obtained by getting one pixel from every two 

pixels in each dimension, i.e., half size, of the second last volume in previous octave, 

which has a σ of twice of the first volume. So a scale space of Gaussian is built. Next, 

adjacent Gaussians are subtracted in the same octave to get the DOG (Fig. 3.1, right 

column). 
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Fig. 3.1. Illustrations of building DOG. For each octave of scale space, the initial volume 

is repeatedly convolved with 3D Gaussian kernels to produce the set of scale space 

volumes shown on the left. Adjacent Gaussian volumes are subtracted to produce the 

(DOG) volumes on the right. After each octave, the Gaussian volumes is down-sampled 

to half, and the process repeats to the next octave. 

3.1.2. Feature points extraction 
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Fig. 3.2. Extrema of the difference-of-Gaussian volumes are detected by comparing a 

pixel (black dot) to its 80 neighbors in 3x3x3 regions at the current and adjacent scales 

(blue dots). 

 

Candidate features are detected by finding local extrema of DOG in neighborhood of 

both spatial and scale space (81 pixels), as in Fig. 3.2.  

To suppress unstable feature points on edges/faces, we compute the hessian, 

 H

xx yx zx
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D D D

D D D
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The Hessian has three eigenvalues 
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     (3.3) 

The trace and determinant of the hessian is given by 
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We keep only the points that satisfy 

3 33 3

1 2 1 3 1 2 3

2

1 2 1 3 1 2 3

( ) (1 )( ) (1 2 )

( )

a r a r a r rTrace H r

Det H a r a r a r r r

    
     (3.6) 

An empirical value of r is 10. To detect features in low contrast regions, we did not use 

the peak threshold as in the standard SIFT. 

3.1.3. Extra fine location  

Subpixel resolution extra fine location of the extrema can be find by solving the 

following linear system, where dx, dy, dz and ds gives the shift corresponding to initial 

location. If any of the shift are larger than 0.6, the location will be shift by 1 and repeat 

the process to find the extra fine location. 

 

xx yx zx sx x

xy yy zy sy y

xz yz zz sz z

xs ys zs ss s

D D D D Ddx

D D D D Ddy

D D D D Ddx

D D D D Dds

    
    
      
    
    
      

    (3.7) 

In MRI or CT registration, the patient is unlikely to have large rotation considering 

the design of the instruments, so orientation invariance is not important thus not 

implemented.  

3.1.3. Results of SIFT feature detector 



13 

 

The 3D SIFT features located in two different MRI scans of a patient are shown in 

Fig. 3.3. The blue dash lines outlie the surface of the patient. The ellipsoids represents the 

SIFT features in different scales. Since pixel distance along z and x-y directions are 

different, when shown in the actual aspect ratio, the spheres are plotted as ellipsoids. 

These features covers different scales and distributes in both bone and soft tissues. Fig. 

3.4 plots several features in its transversal, coronal and sagittal planes. Note that the SIFT 

detector is a blob detector, so some of the features are not locates on edge or corners, 

which means that it has the ability to locate features that are not sensible to human 

experts. 

 

Fig. 3.3. 3D SIFT feature points detected in two MRI volume data of a patient (left column, plan scan, right 

column, daily scan). The blue dash lines outlie the surface of the patient. The ellipsoids represents the SIFT 

features in different scales. 2342 and 2259 features are detected respectively. Sigma varies from 1.6 to 12.6. 
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Fig. 3.4. 3D SIFT feature points detected in two volume data of a patient (left column, plan scan, right 

column daily scan). 2342 and 2259 features are detected respectively. Sigma varies from 1.6 to 12.6. 

Fig. 3.5 shows the features detected in two CT head and neck volumes. 
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Fig. 3.5. 3D SIFT feature points detected in two CT volume data of a patient (head and neck). 

3.2. 3D Harris-Laplace detector 

Harris-Laplace detector detects corner points that are more visually straightforward to 

human experts and is also a good supplement to SIFT features. It detects corner-like 

structures in its most stable scale by combining the Harris operator’s specificity for 

corners [20] with the automatic scale selection mechanism of [14]. 

3.2.1. Harris corner detector 
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Fig. 3.6. Illustration of 3D flat region, edge/face region, and corner region. Given a small window, moving 

along different direction, the total intensity of pixels within the window experience almost no change in all 

directions at flat region, experience no change along the edge/face directions at edge/face region, 

experience at corners their total intensity experiences significant change along all direction at corner region. 

Corners are points that experiences significant change along all directions as in Fig. 3.6. 

Considering the intensity change of pixels within a window, their total intensity is given 

by 
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where m, n, o are small shifts along x, y, z directions. xI , yI , zI  are the 
I

x




, 

I

y




, 

I

z





respectively and usually obtained from Gaussian derivative filter with a standard 

deviation of D , w(x, y, z) is a 3D window function which is usually a Gaussian window 

with a standard deviation of I  (usually 0.7D I  ). 
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For edges, the three Eigen values of M should be equivalently large. Similar to the 

edge suppression in SIFT, the Harris corner detector keeps only the local minima points 

that satisfy 

3 3

2

(M) (1 2 )

(M)

Trace r

Det r


      (3.10) 

where r is again an empirical threshold. 

3.2.2. Multi-scale Harris corner detector and Harris-Laplace 

The traditional Harris corner works in a fixed scale of window I . To detect corners in 

different scales, multi-scale Harris corner searches over a fixed number of predefined 

scales 
i

i Ik   (e.g. k=1.6) 

Harris-Laplace takes a further step, building Laplacian of Gaussian (LOG) in multiple 

scales and finding local maximum in the scale space of LOG as a set of stable corner 

points in different scales. 

The Harris-Laplace features detected in the same slices as Fig. 3.4 are plotted in Fig. 

3.7. As can be seen, the Harris-Laplace features are at different locations as SIFT 

features. 
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Fig. 3.7. 3D Harris-Laplace feature points detected in two MRI volume data (same data as in Fig. 3.3 and 

Fig. 3.4.). 1366 and 1400 features are detected respectively. Sigma varies from 1.6 to 6.4. These slices 

corresponds to those in Fig. 3.4. 

3.3. 3D MSER detector 
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Maximally stable extremal regions (MSER) is similar to SIFT in the sense that it extracts 

blobs from a given image or volume [21]. This MSER approach works in a segmentation 

perspective. It first applies a watershed segmentation to the image/volume, and then 

extracts homogeneous intensity regions which are stable over a large range of thresholds, 

i.e. MSER [22]. In other words, an MSER is a stable connected component of some level 

sets [23].  

Specifically, the MSER detector first get a series of binary images using different 

thresholds (e.g. 0, 1… 255 for 8 bit images), Fig. 3.8 shows several such binary images of 

a CT image.  

 

Fig. 3.8. Intermediate results of MSER showing different binary threshold (the number above the images). 

Next all extremal regions are detected. An extremal region is a region that all its 

pixels are larger (or smaller) than any of the pixels on its boundary. Then MSERs are 

extremal regions that experiences smallest change between different thresholds. Finally, 
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ellipsoids are fitted to approximate the MSERs by computing the eigenvectors of their 

second-moment matrices. In Fig. 3.9 plots the MSERs in a CT volume data. 

 

Fig. 3.9. A sample MSER raw region (green) and fitted ellipsoid (red), plotted in the sagittal (a), sagittal (b) 

and transversal (c) planes. 

 

Fig. 3.10. MSER feature in a CT volume data. Each ellipsoid represents a MSER. 
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Fig. 3.11 shows the coronal, sagittal and transversal planes of three MSER feature 

points. Clearly, MSER features locates regions with consistent such as holes of air, soft 

tissue, or bone cavities. The implementation is based on reference [23, 24] 

 

Fig. 3.11. Select MSER features in transversal, coronal and sagittal planes. 

3.4. Conclusion 
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3D SIFT, 3D Harris-Laplace and 3D MSER are able to give features points similar or 

different from those identified by human experts, and they are all potential automatic 

features detectors for DIR verification. The features points detected by the three feature 

detectors are different and represents extrema in different measure, so the three detectors 

can work as support to each other. 
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CHAPTER 4 

3D FEATURE DESCRITOR AND FEATURE MATCHING 

This chapter discusses feature matching using 3D SIFT descriptor. 3D SIFT descriptors 

are built on feature points located by feature detectors introduced in Chapter 3. Three 

different matching methods are tested. The rest of this chapter is organized as follows, 

Section 4.1 talks about the details building up a 3D SIFT descriptor. Section 4.2 ~ 4.4 

introduce and compare three different feature matching methods, by analogy to the 

matching process of human experts. Section 4.5 briefly discusses the matching results. 

Section 4.6 describes the GUI developed for matching results visualization. Section 4.7 

and Section 4.8 discusses the possible use of 3D feature matching for volume registration 

and registration evaluation. 

4.1. 3D SIFT descriptor 

The SIFT descriptor is robust to affine transformation and changes in illumination, it has 

been widely used in the computer vision field including object recognition [25-27], 

tracking[28, 29], human action recognition [30, 31]. And recently it has been applied to 
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analyzing medical images such as 3D MR images [18, 32, 33]. Here, we used the 3D 

SIFT descriptor to represent features with scale and as a criterion for matching. 

To build a 3D SIFT descriptor at location (x, y, z) with scale s, the space near the 

feature points (x, y, z), a sphere of radius 9 2 2 s , is taken into consideration. The sphere 

region is split into 8 quadrants (±x, ±y, ±z), the gradient magnitude and gradient direction 

in 3D of each pixel is calculated as in Fig. 4.1.  

 

Fig. 4.1. Illustration of region split and gradient calculation for building SIFT descriptor. 

The space near the feature points is split into 8 quadrants (±x, ±y, ±z), the gradient 

magnitude and direction in 3D of each pixel is calculated. 

Next, the gradients are projected to 20 directions, the normal directions of an 

icosahedron (Fig. 4.2). For each quadrant, a histogram of 20 direction bins is built. The 

gradient direction of each pixel will be projected to its nearest 3 normal directions, hence 

its magnitude will contributes to the value of 3 bins. Since we have eight quadrants, eight 
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histograms are built (Fig. 4.3), so each feature descriptor is composed of eight histogram 

with 20 bins (Fig. 4.4). In other words, each feature descriptor is of 80 dimensions. A 

sample descriptor is shown in Fig. 4.4. 

 

Fig. 4.2. The normal directions of an icosahedron are used as 20 direction bins. The 

gradient direction of each pixel will be projected to its nearest 3 normal directions. 

 

Fig. 4.3. Each descriptor is composed of 8 quadrants, each of which has 20 directions. So 

the descriptor has 160 degree of freedom. 
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Fig. 4.4. An example 3D SIFT descriptor. Each individual bar graph shows the 

magnitude of 20 direction bins of a certain quadrant. 

4.2. Feature matching 

4.2.1. Common SIFT matching 

The commonly used SIFT matching is to find the best matched pair of feature points in 

and only in the feature space [17].  

Procedure: 

1. Preregister 2 volumes, this is to make sure that the ROI are the same, so that 

feature points near the boundary can still be matched. 

2. Feature detection in two volumes, and feature matching based on the angle 

between two feature vectors in the feature space. Ambiguous matches whose 

second best match is as good as its best match, are discarded. Note that the 

sphere in detection is pixels based, so displayed in real scale in sagittal and 

coronal plane, the scale circle shows as an ellipse. 

3. Using RANSAN to find 3D transformation inliers. 
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Fig. 4.5 shows a matched 3D SIFT feature descriptors.  

 

Fig. 4.5. A matched 3D SIFT feature descriptors. These two descriptors are of point 157 

in Fig. 4.6. 

Fig. 4.6 and Fig. 4.7 show matched features of MRI volume data plotted in the 

coronal, sagittal and transversal planes. The white arrow pin points a match in small scale 

(Fig. 4.6) and large scale (Fig. 4.7). 

Human experts might work in a similar way that finds feature points in two volumes, 

then find the best match.  

The common SIFT matching is good for image registration when there is no prior 

spatial information is provided. For deformable image verification, however, the number 

of matches it finds are often too small, which is a result of wasting the spatial 

information.  
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Fig. 4.6. Common SIFT matching result in two MRI volume data of a patient (left 

column, plan scan, right column, daily scan). 368 matched inliers are found. White arrow 

shows matched interest point # 157. (188.3, 196.8, 7.2) with scale 2.5 to (188.9, 196.5, 

7.6) with scale 2.5. 
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Fig. 4.7. Common SIFT matching result in two MRI volume data of a patient (left 

column, plan scan, right column, daily scan). 368 matched inliers are found. White arrow 

shows matched interest point # 367. (152.01, 172.3, 84.4) with scale 10.3 to (152.6, 172.9, 

84.6) with scale 10.3. 

4.2.2. Local SIFT matching 

If the spatial correlation between two volumes are provided, e.g. the two volumes have 

been registered using SIFT matching or mean squared error based gradient descent. Then 

the spatial information can be utilized to locate matched features. For example, we can 

confined our search of matched pairs within a neighborhood. 

Procedure: 

1. Preregister 2 volumes, this is to make sure that the ROI are the same, so that feature 

points near the boundary can still be matched. 
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2. Feature detection in two volumes, and do local feature matching within 10 pixels 

radius, i.e. matches are confined within a distance of 10 pixels. A match threshold 

of 0.5 radian (the angle between two descriptor vectors) is set. In other words, 

matches within 10 pixels in spatial space and within 0.5 radian in feature space are 

defined as good matches, as illustrated in Fig. 4.8. 

 

Fig. 4.8. Illustration of local SIFT matching considering both feature information and 

spatial information. 

Fig. 4.9 and Fig. 4.10 show matched features of MRI volume data plotted in the 

coronal, sagittal and transversal planes. The white arrow pin points a match in small scale 

(Fig. 4.9) and large scale (Fig. 4.10). 

Human experts might work in a similar way to this method. They first finds feature 

points in two volumes, then find the best local match using both the information in 

feature space and spatial space. 
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Fig. 4.9. Local matching result in two MRI volume data of a patient (left column, plan 

scan, right column, daily scan). 749 matches are found. White arrow shows matched 

interest point # 371. (188.3, 196.8, 7.2) with scale 2.5 to (188.9, 196.5, 7.6) with scale 

2.5. 
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Fig. 4.10. Local matching result in two MRI volume data of a patient (left column, plan 

scan, right column, daily scan). 749 matches are found. White arrow shows matched 

interest point # 744. (152.01, 172.3, 84.4) with scale 10.3 to (152.6, 172.9, 84.6) with 

scale 10.3. 

4.2.3. Iterative guided matching 

The local sift matching does increases the number of matches found, however the 

increase is limited. The reason is that a feature points in volume 1, i.e. extrema in both 

space and scale space, are not necessarily an extrema in volume 2. So a large portion of 

the detected feature points in two volumes are not related. The iterative guided matching 

detects features only in volume 1, then for a certain feature point, it searches through the 

guided neighborhood in volume 2 and find the best local matched point. 

Procedure: 
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1. Preregister 2 volumes, this is to make sure that the ROI are the same, so that 

feature points near the boundary can still be matched. 

2. Feature detection in the first volume. For each feature detected, for example at 

(x, y, z, s) in volume 1. In the corresponding neighborhood, for example (x±5, 

y±5, z±5, s) in volume 2. Then find their best match below a threshold (0.5 

radian for example) 

 

Fig. 4.11. Illustration of iterative guided matching. 

Fig. 4.12 and Fig. 4.13 show matched features of MRI volume data plotted in the 

coronal, sagittal and transversal planes. The white arrow pin points a match in small scale 

(Fig. 4.12) and large scale (Fig. 4.13). 

Human experts might work in a similar way that first find a feature point in volume 1, 

then find the location that matches best in the corresponding neighborhood in volume 2. 
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Fig. 4.12. Feature matching using iterative guided matching in two MRI volume data of a 

patient (left column, plan scan, right column, daily scan). 1980 matches are found. White 

arrow shows matched interest point # 997. (188, 197, 7) with scale 2.5, (189, 197, 7) with 

scale 2.5. The angle between these two feature descriptors is 0.17. 
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Fig. 4.13. Feature matching using iterative guided matching in two MRI volume data of a 

patient (left column, plan scan, right column, daily scan). 1980 matches are found. White 

arrow shows matched interest point # 1974. (152, 172, 84) with scale 10.2, (156, 172, 

840) with scale 10.2. The angle between these two feature descriptors is 0.11. 
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Fig. 4.14. Plots of the matched features of MRI results in 3D. For better visualization, the 

upper image plots only 10% of the 1974 matches. Ellipsoids of the same color 

corresponds to matched features. Lower image plots 5% of the matches and connects 

matches using red dash lines. 
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Fig. 4.15. Plots of the matched features of CT results in 3D. For better visualization, the 

upper image plots only 10% of the matches. Ellipsoids of the same color corresponds to 

matched features. Lower image plots 5% of the matches and connects matches using red 

dash lines. 

4.3. Multi-detector 
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Fig. 4.16. Matched 3D SIFT and Harris-Laplace feature points using 3D SIFT descriptor 

on transversal plane. Green, 3D SIFT. Yellow: 3d Harris-Laplace 

By using feature points detected by different detectors, more matches can be found, as in 

Fig. 4.16, feature matches from feature points of 3D SIFT detector and 3D Harris-

Laplace are shown. A total of about 3000 matches are found in the 310×360×91 volumes. 

4.4. Comparison to 2D 

As in Fig. 4.17, two 3D SIFT features A1 and B1 of scale σ are matched. Which means 

the sphere region of radius 3σ are matched. When representing the 3D match in 2D slices, 

we previously plots only the match circle of A1 and B1. Actually the circle region around 

A2 and B2 are also a match in a slightly smaller scale. It’s like 3D matches projected to 

2D matches in different slices. If we take all these matches into consideration, the 

matches are much denser, as in Fig. 4.18. 
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Fig. 4.17. Illustration of 3D matched regions. 

 

Fig. 4.18. Top, original 3D SIFT feature matching result. Bottom, all projected features 

matching result. 

4.5. Discussion 
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4.5.1. Performance on spines 

Spines are distinctive features in MR images. Fig. 4.19 and Fig. 4.20 plots the matched 

features in the sagittal plane using 3D SIFT feature detector and 3D Harris-Laplace 

detector. The top, middle, bottom row corresponds to common SIFT matching, local 

SIFT matching, and iterative guided matching, respectively. Obviously, the iterative 

guided matching reveals the most number of matches. And 3D SIFT features and 3D 

Harris-Laplace features gives different feature points, so they works cooperatively as a 

strong and effective 3D feature detector. 

On the other hand, unavoidably, there will be mismatches consideration the similarity 

between sections of the spine. The number of mismatches can be controlled by using 

smaller spatial confinement or using bundled features. 
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Fig. 4.19. SIFT feature matches in spines. Refer to context for the description of 3 

images. 

Iterative guided matching is able to show the most number of matches, however in 

the expense that it need much more calculation since we need to build feature descriptors 

very densely in the second volume. So the algorithm is implemented in C, compiled and 

called by matlab, so that the time for building a single descriptor is within 10 ms. 
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Fig. 4.20. Harris-Laplace feature matches in spines. Refer to context for the description 

of 3 images. 

4.5.2. Visualization 

It is difficult to show the 3D feature and matches in 3D. To help the visualization, two 

matlab GUI is built. The first GUI, as shown in Fig. 4.21, can show all matches in a given 

slice, coronal, sagittal or transversal. The second GUI, as shown in Fig. 4.22, gives zoom-

in view of a given match, which is a better tool for human experts to examine matches 

one by one. 
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Fig. 4.21. Matlab GUI for visualization of matches in a slice. 

 

Fig. 4.22. Matlab GUI for close-up visualization of a given match. 
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4.5.3. Feature based volume registration 

In pre-registration in Chapter 2, MSE based image registration is used. Since we have 

implemented 3D SIFT detector and descriptor, we can also use the common SIFT 

matching to find the 3D transformation matrix to perform the pre-registration. A sample 

transformation is as follows: 

 

1.06 -0.04 0.08 -6.94

0.02 1.01 -0.05 5.11

0.01 -0.01 1.05 -0.40

0.00 0.00 0.00 1.00

  

Our test show that the 3D SIFT matching do have a tolerance for aspect ratio change, 

but for large changes larger than 2 times, the aspect ratio need to be taken into 

consideration in feature point detection and descriptor building. 

4.5.4. Feature based volume registration verification 

Currently, registration verification is based on feature points located by human experts 

based on their experience, which is often subjective and unrepeatable. Different experts 

might locates different feature points or pin point feature points at slightly different 

locations. On the one hand, the matches found by 3D feature matching provides 

candidate ‘golden standard’ feature points, and is a good aid for human experts to 

evaluate the registration quality. On the other hand, these matches may be used alone as 

an objective evaluation of the registration quality. Quantitatively, the location difference 

of match features, the similarity between two match feature descriptors as well as the 

number of matches detected can be used individually or together to quantify the 

registration quality. Although the results in this chapter is still preliminary, and a detailed 
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study on large set of data with human experts evaluation is needed, we do anticipate that 

the 3D feature matching will be a prospective automatic DIR tool. 
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CHAPTER 5 

3D CANNY EDGE BASED REGISTRATION EVALUATION 

This chapter proposes using 3D canny edge [34] and iterative closest point (ICP) [35] for 

registration evaluation. Unlike the feature based method proposed in previous chapters, 

the edges between different types of tissues also carries valuable information that can be 

used for registration or registration evaluation. In 3D, all points on edges form a point 

cloud, so ICP, a powerful tool in point cloud registration [36], can be applied to register 

the detected edges. Additionally, in registration verification, the average distance of the 

correspondent points found by ICP is a good quantitative measure. Section 5.1 talks 

about 3D canny edge detection, a natural generalization of canny edge detection to 3D. 

Section 5.2 presents ICP. Section 5.3 summarizes the edge based method and look 

forward to further development of methods using both features and edges. 

5.1. 3D canny edge detection 

The procedure of canny edge detection can be summarized as follows [37]: 

1. Gaussian smooth 
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2. Calculate the intensity gradients 

3. Non-maximum suppression 

4. Apply double threshold to determine potential edges. 

5. Track edge by hysteresis: Finalize the detection of edges by suppressing weak 

edges and edges that are not connected to strong edges. 

The generalization from 2D to 3D is straightforward for the canny edge detector 

[20, 38] 

 

Fig. 5.1. Left two Columns, transverse, coronal and sagittal slices of bone-tissue 

boundary in two CT volumes detected by using 3D canny edge detection. Right column, 

matching results of edge pixels using 3D ICP in transverse, coronal and sagittal planes. 
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In medical image processing the canny edge detector can be slightly modified to be 

more powerful. For example CT images, in step 4, thresholds on intensity and gradient 

together can help differentiate edges of different tissue, for example bone edges or skin-

air edges. Fig. 5.1 marks the bone edges located by 3D canny edge detector, in two CT 

volumes of the same patient, at different stage of treatment. Although the soft tissues has 

experienced obvious changes, the edges of the bones remains almost unchanged (the right 

column), hence can be used as an indicator for registration quality. 

The soft tissue edges are not quite stable, but quite a few of matches of the edges are 

located as in Fig. 5.2. The correctness of those matches will need human experts’ 

evaluation though. 

 

Fig. 5.2. Left two Columns, transverse, coronal and sagittal slices of bone-tissue, inner-

bone and soft tissue boundary in two CT volumes detected by using 3D canny edge 

detection. Right column, matching results of edge pixels using 3D ICP in transverse, 

coronal and sagittal planes. 
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5.2. ICP 

ICP minimize the difference between two clouds of points. It kept the target cloud fixed, 

while transforming the source to best match the reference. ICP iteratively revises the 

transformation (combination of translation and rotation) needed to minimize the average 

distance of the two point clouds. The naïve implementation is extremely slow, especially 

for 3D point clouds, so an efficient version using K-D tree is often used in real 

applications [35]. Fig. 5.3 shows the match point clouds in 3D. In Fig. 5.4 we marked the 

matches of several curvature scale space (CSS) corners, which are generally thought as 

stable features on edges [39]. 

 

Fig. 5.3. Matching results of edge pixels using 3D ICP 
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Fig. 5.4. Matched CSS corners on a slice of the volumes in Fig. 5.3 

5.3. Conclusion 

This chapter discusses registration and registration evaluation using edge based 

information. Together with the feature based method, it may be a prospective method for 

automatic registration verification, at least a good aid for human experts in current 

preliminary stage, qualitatively and quantitatively.  
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