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Abstract: Volumetric matching is essential for volume image analysis. The main contributions of this paper are: 
1) We present an improved 3DSIFT algorithm for volumetric matching. We can extract more correspondences 
than the state of the art. 2) We introduce anisotropic Gaussian smoothing during the scale space extreme 
detection step. We find more reliable keypoints than the isotropic one. 3) We present a point-point matching 
algorithm to solve the one-many matching problem. Experiments on synthetic and real volume images show the 
superiority of the proposed 3D SIFT over the state of the art. Copyright © 2013 IFSA. 
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1. Introduction 
 

The aim of volumetric matching is to find coarse 
correspondences between two volume images. It is an 
important task for volume image analysis. 
Volumetric matching has many applications. For 
example, image registration [1-5], evaluation of 
registration [6], volumetric ultrasound panorama [7], 
action recognition [8, 9], image retrieval [10, 11], to 
name a few. SIFT [12] is the most prevalent image 
matching algorithm for planar images. It has been 
justified as the most distinctive feature [13], SIFT can 
be extent to three dimension – 3DSIFT [14]. 

The existing 3DSIFT algorithms have many 
limitations, including: 
1) Too few correspondences. This is bad for 

applications in which a large amount of 
correspondences are needed,  e.g. non-rigid image 
registration [3]. 

2) Sensitive to rotation change. Some existing works 
do not reorient keypoint region, they construct the 
3DSIFT descriptor directly on the keypoint 
region. The descriptor is sensitive  
to rotation change. 

3) Sensitive to scale change. The descriptor is 
constructed on a fixed size of keypoint region. 
They deal with scale change poorly. 

4) One-many matching problem. One keypoint may 
have more than one keypoint description. They 
match the descriptions directly. In that way, one 
keypoint may have more than one correspondence, 
which we denote as one-many matching problem. 
In our previous work [5], we have solved the 

problems 2) and 3). In this paper, we pay more 
attention on the problems 1) and 4). For the integrity 
of expression, the solving of problems 2) and 3) will 
also be presented. The main contributions  
of this paper are: 
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 We present an Anisotropic 3DSIFT (A3DSIFT) 
algorithm. It can extract more correspondences 
than the existing volumetric matching algorithms. 

 We introduce anisotropic Gaussian smoothing 
concept into scale space extremes detection step. 
We extract more reliable keypoints. 

 We present a point-point matching algorithm to 
solve the one-many matching problem. 
The remaining of this paper is organized as 

follows. We give a brief overview of the related work 
in Section 2, and then introduce the backgrounds in 
Section 3 In Sections 4 and 5 we elaborate our 
improved 3D SIFT signature, then demonstrate the 
effectiveness of our approach on a set of lung volume 
CT images, using both synthesized transformation 
and real motions. Finally, we conclude the paper  
in Section 6. 
 
 
2. Related Works 
 

Our goal is volumetric matching and the main 
contributions of the paper are on Gaussian smoothing 
and feature matching. We will briefly discuss the 
related work on these three fields.  

Volumetric matching. There are some works on 
3D SIFT. Scovanner et al. [15] proposed a 3D SIFT 
descriptor and applied it in action recognition. Since 
he chose interest points at random, this 3DSIFT is 
sensitive to deformations. Cheung and Hamarneh 
extent SIFT to N-SIFT [14] (N-Dimension SIFT) and 
synthetic experiments on volumetric MRI and 4DCT 
show its effectiveness. However, N-SIFT algorithm 
is sensitive to rotation and scale change. Ni et al. [7] 
applied 3D SIFT in volumetric ultrasound panorama 
with scale space extreme detection and dominant 
direction reorientation. This 3D SIFT is sensitive 
scale change. Allaire et al. proposed a full 3DSIFT 
[16]. They filtered out point candidates with low 
contrast and those poorly localized along edges or 
ridges. However, there are only a small amount of 
keypoints left and they are not sufficient for reliable 
volumetric matching. Han [17] proposed the 
3DSURF method. 3DSURF method is sensitive to 
large rotation and scale change.  

Gaussian smoothing. Gaussian smoothing is 
widely accepted for image smoothing [18], scale 
space construction, etc. Gaussian function is 
isotropic. That is to say, the degree of Gaussian 
smoothing on each direction is the same. Isotropic 
Gaussian smoothing is effective when the image is 
isotropic. Its effectiveness on an anisotropic image 
remains unknown. 

Feature matching. The most widely used feature 
matching method is Nearest Neighborhood (NN) 
[19]. The performance of direct use of NN is weak. 
There are many one-many matches. An improved NN  
[12, 14] rejects those matches whose ratio of nearest 
distance and second nearest distance are below a 
user-defined threshold. However, this work cannot 
fully discard those one-many matches.  

3. Background 
 

In this section, we will discuss some backgrounds 
that are related to our volumetric matching work. 
These backgrounds are all from the work [14]. We 
organize them in the order of a volumetric matching 
pipeline, which is also the pipeline of our volumetric 
matching algorithm, although we make some 
improvement on certain steps. 

 

 
3.1. Scale Space Extrema Detection 
 

The first step of the volumetric matching pipeline 
is to detect keypoints that are repeatable under 
different deformations. Scale space extrema detection 
[12] is a method to detect keypoints. It is based on 
the scale space theory, for more information of scale 
space, readers are referred to the paper [14, 16] 
According to scale space theory, the extremas of the 
scale-normalized Laplace of Gaussian images 
( 2 2G  ) are stable. Lindeberg [20] showed  
that Different of Gaussian (DoG) can  
approximate 2 2G  , 

 
 2 2( , , , ) ( , , , ) ( 1)G x y z k G x y z k G      , (1) 

 
where k is the user-defined parameter; ( , , , )G x y z   is 

the Gaussian function 
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We define the DoG image ( , , , )D x y z  , 
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and ( , , , )L x y z   is the Gaussian smoothed image  

 
 ( , , , ) ( , , , ) * ( , , )L x y z G x y z I x y z   (4) 

 
According to (1), we have,  

 
 2 2( , , , ( 1) ( , , )D x y z k G I x y z      (5) 

 
Therefore, the keypoint detection problem comes 

to detect extremas on DoG images. For efficiency, 
we use an image pyramid for the Gaussian scale 
space. There are 3 octaves and 5 levels per octave in 
the image pyramid. The first image of each octave is 
a down-sample one of the second last one in the 
previous octave. Other images are smooth images of 
the previous level with the Gaussian scale k . Then, 
for each octave, the extremes of 3 3 3   across scale 
are denoted as keypoints. 
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3.2. Orientation Assignment 
 

The second process of the volumetric matching 
pipeline is to define description for a point in the 
volume image. Voxel gradient is a widely used 
description. It have been shown [13] that gradient 
based descriptors, such as SIFT [12], are more 
discriminative than the gray based descriptor. In 
order to describe the voxel gradient, two orientations 
and magnitude are defined, as is showed in Fig. 1, 
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where xL , yL  and zL  are the partial derivatives of 

the Gaussian smooth image L. 

 

 

 
 

Fig. 1. Orientations and magnitude of points. 

 

 
3.3. Feature Extraction 
 

The third process is to define keypoint descriptor 
for keypoints. A robust descriptor construction 
method is important for reliable volumetric matching. 
The construction of 3DSIFT descriptor is illustrated. 

1) Define the keypoint region. A 16 16 16   region 
surrounding the keypoint is used for descriptor 
construction. It is divided into 4 4 4   patches. The 
size of each patch is 4 4 4  . 

2) Calculate the gradient. The gradient magnitude 
and gradient directions of the keypoint can be 
calculated as (6), (7), (8). 

3) Calculate each patch’s feature. Divide the two 
0 ~ 360  gradient directions evenly into 8 8  bins. 
Then amplitude within the range of angles is 
summed. 8 8  bins are joined together for each patch 
as the patch’s feature. 

4) Get the descriptor. Features of 4 4 4   patches 
are joined together as the final descriptor. The 3D 
SIFT features has a length of 4 4 4 8 8 4096     . 

3.4. Feature Matching 
 

The fourth process of the volumetric matching 
pipeline is to match features and finally get the 
volumetric matching result. A feature in the first 
image is compared with every feature in the second 
image according to 2l  distance. For a feature v , let 
u  be the best match (the shortest distance), and 'u the 
second best match (the second shortest distance). Let 

( , )d v u  is the distance between feature v  and u . 
Only when 

'

( , )

( , )

d v u

d v u
 is below a threshold T (for 

example 0.8), v and u is consider corresponding 
feature. The process can be done bi-directionally. 
 
 
4. Anisotropic 3DSIFT 
 

In this section, we focus on our improved 
3DSIFT. The organization of the improved 3DSIFT 
is, 

1) We introduce anisotropic Gaussian smoothing 
in the scale space extrema detection. (Section 4.1) 

2) We propose a scale-related direction 
reorientation procedure to make the descriptor more 
robust to rotation change. (Section 4.2) 

3) We propose a scale-related 3DSIFT descriptor 
construction method using scale selection to make the 
descriptor more robust to scale. (Section 4.3) 

4) We propose point-point matching algorithm to 
solve the one-many matching problem. (Section  4.4). 
 
 
4.1. Anisotropic Gaussian Smoothing 
 

During the scale space extrema detection step, we 
need several levels of smoothing on the input image. 
The original Gaussian scale space uses an isotropic 
Gaussian function. That is to use a same smoothing 
degree (the same   of Gaussian function) along all  
3 axes. However, isotropic Gaussian smoothing can 
not reflect the situation of anisotropic image voxel 
size. In fact, most volume images are anisotropic, e.g. 
most CT images have a voxel size of 
2.5 2.5 0.97562  . If we use isotropic Gaussian 
smoothing, the information across the Z axis will be 
over-smoothed.  

According to Koenderink [21], anisotropic 
Gaussian function can be a choice of the function for 
Gaussian scale space construction. The difference 
between isotropic Gaussian function and anisotropic 
Gaussian function is showed in Fig. 2. 

In the paper, we introduce anisotropic Gaussian 
smoothing. The anisotropic Gaussian function is 
define as, 
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where x , y , z  are the sigma along the X, Y, Z 

axis. We set : : : :x y z x y zk k k     for anisotropic 

Gaussian smoothing. If we set ,z x z yk k k k  , the 

information across Z axis will be better preserved. 

 

 

 
 

(a) isotropic                            (b) anisotropic 
 

Fig. 2. Isotropic Gaussian and anisotropic Gaussian. 

 

 
In order to demonstrate the effectiveness of 

anisotropic Gaussian smoothing, we conduct 
experiments on a volume image 0S  sized 

465*465*20 . We rotate 0S along Z axis by 30 and 

get the synthetic image 1S . We rescale 0S  along all  

3 axes by a scale factor of 0.8 and get the synthetic 
image 2S . We justify the effectiveness of our 

anisotropic Gaussian smoothing by setting x =1.6, 

1x yk k   and verifying zk . When zk =1, it is the 

isotropic case. Let 0N , 1N , 2N  are the keypoint 

numbers detected respectively in 0S , 1S , 2S . The 

repeatability r is defined as, 

 
 repeatN

r
N

  (10) 

 
N is the keypoint number detected in a synthetic 
image (

1S  or 2S ) and 
repeatN  is the repeated keypoint 

number in the synthetic image. A keypoint is 
repeatable when the distance between its location and 
its ground-truth location is below a given threshold 
  ( 3.0   in the paper). We show the repeatability 
result on 

1S  and 
2S  respectively in Table 1 and 

Table 2. The repeatability result on 0S  is also shown. 

We compare the detected keypoint number and the 
repeatability. 
 
 

Table1. The effectiveness of anisotropic Gaussian 
smoothing on rotation change. 

 

zk  

item 
0.0001 0.001 0.01 0.1 1 10 

0N  8258 8169 7263 5509 1476 115 

1N  9500 9443 8383 6053 1541 120 

r  83 % 82 % 82 % 80 % 81 % 71 % 

0N  and 1N  is the keypoint number detected in the 

original image 0S and its rotated one 1S . r  is the 

repeatability. We set 1x yk k   and verify zk  the 

column zk =1 represents isotropic case. 

According to Table 1, we can see that anisotropic 
Gaussian smoothing detects more keypoints than the 

isotropic one ( zk =1) on rotation change. Those 

keypoints are more reliable. Similarly, we show the 
results on scale change in Table 2. We can draw the 
following conclusions: 
 Anisotropic Gaussian smoothing detects more 

keypoints. 
 Keypoints detected by anisotropic Gaussian 

smoothing are reliable when a suitable zk  is 

given.  

In the paper, we set zk = 0.001 for our improved 

3DSIFT. We show some keypoints detected by 
anisotropic Gaussian in Fig. 3. 
 
 

Table 2. The effectiveness of anisotropic Gaussian 
Smoothing on scale change.  

 

zk  

item 
0.0001 0.001 0.01 0.1 1 10 

0N  8258 8169 7263 5509 1476 115 

2N  4283 4238 3784 2554 876 57 

r 94 % 93 % 90 % 89 % 84 % 60 % 
 
 

0N  and 
1N  is the keypoint number detected in the 

original image and its scaled one 2S . r  is the 

repeatability. We set 1x yk k   and verify zk . 

 
 

 
 

(a)                                     ( b) 
 

Fig. 3. Keypoints detected by scale space extrema detection 
using anisotropic Gaussian smoothing. 

 

 
4.2. Scale-Related Direction Reorientation 
 

Direction reorientation is essential to improve the 
performance of 3DSIFT on rotation change. In our 
previous paper [5], we proposed a scale-related 
direction reorientation method.  
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In order to calculate the dominant directions, a 
36 36  bin histogram is calculated in a region with a 
width 6.0 scl  surrounding the keypoint. scl  is the 

keypoint’s scale. A bin represents a 360
10

36



  range 

of the angles. The magnitude of the points of the 
keypoint region is added to the bin according to the 
keypoint’s angle. We propose a 5-linear (3 spaces +  
2 angles) interpolation algorithm to avoid all 
boundary affects in which the descriptor abruptly 
changes as a sample shifts smoothly from being 
within one histogram to another or from one 
orientation to another. Therefore, angles of the max 
of bins are chosen as dominant direction. In addition, 
those angles whose bins are larger than 80 % of the 
dominant direction are also chosen as the  
dominant directions.  

When the dominant directions are calculated, we 
can reorient the keypoint region. We multiply 
location of the keypoint region points with the 
following matrix [15]: 
 

* * * * *

* * * *

* * * * *

cos cos      sin cos      sin

( , )   -sin                  cos               0

  -cos sin     -sin sin       cos  

M

    

   

    

 
 

  
 
  , 

(15) 

 

where * and *  are the dominant directions. 

 
 
4.3. Scale-Related Descriptor Construction 
 

In order to design a scale insensitive 3DSIFT 
descriptor, in our previous paper [5], we proposed a 
scale-related descriptor construction method. 

During the construction of the 3DSIFT descriptor, 
the width of the keypoint region is related to its scale. 
In the paper, the patch width is defined as 3.0 scl , 

where scl  is the scale of the keypoint. In this way, 
the descriptor is insensitive to scale change. Feature 
normalize is used to discard information due to noise 
or illumination. In the beginning, feature is 
normalized to [0, 1]. Then, those vectors that are 
lower than 0.2 are set 0. Finally, the feature is 
normalized to [0, 1] again. 
 
 
4.4. Point-Point Matching 
 

One keypoint will have more than one descriptor. 
There are mainly two reasons: 1) One keypoint may 
be detected in more than one scale during the scale 
space extrema detection step. 2) One keypoint may 
be assigned multi dominant orientations during the 
direction reorientation step. If we match descriptor 
directly, one keypoint may be matched with more 
than one keypoint. We denote it as one–many 
matching problem. In the paper, we propose a point-
point matching method to solve this problem  
(see Fig. 4). 

 
 

(a) One-many problem.                 (b) Point-point matching. 
 

Fig. 4. One-many matching problem and point to point 
matching result. 

 
 

Given one keypoint with k descriptors, if we can 
find only one correspondence for the keypoint, we 
have solved the one-many problem. We denote our 
method as point-point matching algorithm. That is to 
consider matching between keypoints instead of 
descriptors. We illustrate our point-point matching 
concept as follow. 
1) We find the corresponding descriptors in another 

image for all the k descriptors. We use  
the improved NN method [14] that is discussed  
in section 3 for the finding of the  
corresponding descriptors. 

2) Corresponding descriptor pair with the lowest 
distance is deemed as the final correspondence. 
As a result, at most one keypoint can correspond 

to more than one keypoint. In order to show the 
effectiveness of our point-point matching method, we 
demonstrate it through a synthetic experiment. We 
show the result on table 3. 
 
 

Table 3. The effectiveness of point-point matching.  
 

Method Corr.# True  One-many  Accuracy 
INN  [14] 5442 4267 828 78.4 % 
Point-point 4611 4026 0 87.3 % 

 
 

The experiment is conducted on the synthetic 
image. Corr.# represents the correspondence number. 
If a point has more than one match, these matches are 
denoted as one-many matches. 
 
 
5. Experiments 
 

In order to demonstrate the effectiveness of our 
proposed 3DSIFT, we perform experiments on lung 
CT volume images. The dataset is taken from a 
person at different respiratory periods. We choose a 
dataset S1 including three volume images (SE1, SE5, 
SE8), whose sizes are 512 512 20  . We extract 
ROI regions with a segmentation method proposed 
by Chunming Li [22] and get the final volume images 
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whose sizes are 465 465 20  (see Fig. 5). In our 
experiments, we set 1x yk k  , 0.001zk  . We use 

k-d tree to compute the Nearest Neighborhood.  
 
 

 
 
 

 
 
 

 
 

 
(a)                                    (b) 
 

  
 
                    
  
 
 

 
 

 
(c)                                   (d) 

 
Fig. 5. ROI extraction using image segmentation. The 
method proposed in the paper [22] is used for the ROI 

extraction. (c) and (d) is the ROI result of (a)  
and (b) respectively. 

 
 
5.1. On Synthetic Images 
 

We perform synthetic experiments on SE1. We 
compare our method with N-SIFT [14] and our 
previous work on 3DSIFT which we denote as 
p3DSIFT [5]. In our synthetic experiments, a 
correspondence is true when the distance between its 
location and its ground-truth location is below a 
threshold  ( 1.5   in the paper). The accuracy   
is defined as, 
 

 
trueN

N
  , (12) 

 
where trueN  is the true correspondence number and 

N  is the whole correspondence number. 
Change Rotation insensitive is an important 

property to evaluate volumetric matching methods. In 
order to show the performance of our improved 
3DSIFT on rotation change, we rotate SE1 along  
Z axis by 30  and extract correspondences between 
them. The result is showed on Table 4. 

The experiment is conducted on a volume image 
and its synthetic image with rotation angle along  
z axis by 30 . According to Table 4, our method 
extracts about 7 times of correspondence number 
than our previous work p3DSIFT [5] and about  
100 time of N-SIFT [14]. The accuracy of our 

proposed method (87.3 %) is higher than N-SIFT 
(23.6 %) and p3DSIFT (84.8 %).  

 

 
Table 4. Performance on rotation change.  

 
Method Corr.# Accuracy 
N-SIFT [14] 55 23.6 % 
p3DSIFT [5] 712 84.8 % 
Ours  4611 87.3 % 

 

 
In order to further demonstrate the rotation-

insensitivity property of A3DSIFT, we present 
synthetic experiments on varying rotation angles 
Fig. 6 shows the result. As shown, our method 
outperforms N-SIFT both on accuracy and correct 
match number. A3DSIFT performs much better when 
the rotation angle is times of 10 degree, because we 
define the dominant direction every 10 degree. A 
between accuracy and efficiency. Above all, 
A3DSIFT is less insensitive to rotation change than 
N-SIFT [14] and our previous work [5] 
 
 

 
 
 
 
 
 
 
 
 
 

 
(a) Accuracy on rotation change 

 
 
 
 
 
 
 
 
 
 
 

 
(b) Correct matches # on rotation change 

 
Fig. 6. Comparison on rotation change.  

 
 

The experiment is conducted on a volume image and its 
rotation ones with different rotated angle along Z axis. 

Scale insensitive is another important property to 
evaluate volumetric matching methods. In order to 
show the performance of the improved 3DSIFT on 
scale change, we re-scale SE1 along all 3 axes by a 
factor of 0.8 and extract correspondences between 
them. The result is showed on Table 5. 
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Table 5. Performance on scale change.  
 

Method Corr.# Accuracy 
N-SIFT [14] 234 65.0 % 
p3DSIFT [5] 221 70.8 % 
Ours  728 64.1 % 

 
 

The experiment is conducted on a volume image 
and its synthetic image with scaling along 3 axes by a 
scale factor of 0.8. According to Table 5, our method 
extract about 3 times of correspondence number of 
our previous work [5] and N –SIFT [14].  

Similarly, we present matching results on 
synthetic image with varying scales. See Fig. 7. 
A3DSIFT outperforms N-SIFT. Above all, A3DSIFT 
is relatively robust to scale change. 
 
 
 

 
 
 
 
 
 
 
 
 
 

                               (a) Accuracy on scale change 
 
 
 
 
 
 
 
 
 
 

                       (b) Correct match # on scale Change 
 

Fig. 7. Comparison on scale change.  
 
 

The experiment is conducted on a volume image 
and its rescaled ones with different ratio of rescaling 
along X, Y and Z axis. Above all, our proposed 
method extracts more correspondences than the state 
of the art on rotation and scale change. The accuracy 
of our method on rotation change is higher than  
N-SIFT [14]. 
 
 
5.2. On Real Images 
 

Our dataset S1 are volumetric CT images scanned 
during respiratory cycles. SEi indicates the i-th frame. 
We pick three frames 1, 5, 8, and use A3DSIFT to 
match their corresponding pairs: SE15, SE58, SE18. 
The gray values of corresponding points vary little 

(i.e., the lighting condition is stable) in the volume 
images. Therefore, we compute mean of sum of 
Square Difference D to evaluate the matching results.  
 

 2

, ,
1

1
( ( ) ( ))M M i F F i

i N

D I x I x
N  

 
,
 (13) 

 
where N  is the whole correspondence number 
between MI  and FI , ,M ix  in MI  is corresponded to 

,F ix  in FI . Because our real images are volume 

images from different respiratory periods of the same 
person, the gray value on the corresponding points 
are nearly remained. Therefore, the best matching 
method has the lowest D. We show the matching 
result in Table 6. 

 

 
Table 6. Performance on real images. A lower D  

represents a better accuracy. 
 

Dataset Method Corr.# D 

SE1,5 

N-SIFT [14] 201 98.06 

p3DSIFT [5] 399 81.79 

Ours  767 126.35 

SE5,8 

N-SIFT [14] 396 36.64 

p3DSIFT [5] 701 36.18 

Ours  2816 65.83 

SE1,8 

N-SIFT [14] 185 110.71 

p3DSIFT [5] 365 83.81 

Ours  651 140.56 

 

 
According to Table 6, our method detects more 

correspondence number than N-SIFT and p3DSIFT. 
The large number of correspondences is important in 
many application, such as 4D image registration [5]. 
Since we detect much more keypoints, it is not easy 
to distinguish them by feature matching, the accuracy 
of our method is slightly worse. However, we have 
much more true matches. As a result, we can discard 
wrong matches using RANSAC [23]. We show some 
matching results on real images in Fig. 8. 
 
 

 
 

(a)             (b)                  (c)                  (d) 
 

Fig. 8. Some matching results on real dataset. 
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6. Conclusion 
 
In the paper, we focus on the volumetric matching 

problem. Our main contributions are: 
1) We proposed an improved 3DSIFT algorithm. 

It can extract more matches than the original one. 
2) We introduced anisotropic Gaussian smoothing 

into the construction of Gaussian scale space. We 
detect more keypoints than the isotropic one. We 
show that the detected keypoints are repeatable under 
scale and rotation change. 

3) We proposed a point-point matching notion to 
solve the one-many matching problem. 

We showed the effectiveness of our method both 
on synthetic and real data. One limitation of our 
method is its time consuming. However, the 
computation of 3DSIFT can be parallel, which can be 
implemented on GPU. We will move forward on this 
in the coming future. 
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