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Abstract. A comparison of six similarity measures for use in intensity based 2D- 
3D image registration is presented. The accuracy of the similarity measures are 
compared to a "gold-standard" registration which has been accurately calculated 
using fiducial markers. The similarity measures are used to register a CT scan to 
a fluoroscopy image of a spine phantom. The registration is carried out within 
a region of interest in the fluoroscopy image which is user defined to contain a 
single vertebra. Many of the problems involved in this type of registration are 
caused by features which were not modelled by a phantom image alone. More 
realistic "gold standard" data sets were simulated using the phantom image with 
clinical image features overlaid. Results show that the introduction of soft tissue 
structures and interventional instruments into the phantom image can have a large 
effect on the performance of some similarity measures previously applied to 2D- 
3D image registration. Two measures were able to register accurately and robustly 
even when soft tissue structures and interventional instruments were present as 
differences between the images. These measures are called pattern intensity and 
gradient difference. 

1 Introduction 
Common modalities for guiding interventions are ultrasound or x-ray fluoroscopy. These 
modalities are "real-time" but only two dimensional, so they lack the spatial information 
contained in computed tomography (CT) and magnetic resonance (MR) images. There 
are also a number of  important anatomical features which are not visualised well using 
these modalities, but can be observed using CT and/or MR. One method of allowing 
information from CT images to be used during interventional procedures is to register 
the CT scan to an intra-operative x-ray fluoroscopy image. A number of  papers have 
described techniques to achieve this registration [1, 3, 4, 7, 8, 14]. Current techniques to 
achieve registration divide into those that match features, such as bony structures [1,4, 
7], and those that use image intensities directly [3, 8, 14]. The former relies on a pre- 
processing step to segment appropriate features and are therefore difficult to automate. 

This paper compares six intensity based similarity measures to determine which is 
the most accurate and robust. Rigid body registrations are carried out between a CT 
scan and a fluoroscopy image of a spine phantom. The final registrations are compared 
to a "gold-standard" registration calculated using fiducial markers. More clinically real- 
istic fluoroscopy images are simulated by overlaying structures segmented from clinical 
fluoroscopy images on to the fluoroscopy image of the spine phantom. 
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2 C o m p a r i n g  f luoroscopic  i m a g e s  and  D R R s  

Digitally reconstructed radiographs (DRRs) are produced by casting rays through a CT 
volume and integrating the Hounsfield numbers along each ray. There are two main 
types of difference between DRRs and fluoroscopy images, those which are caused by 
changes in the imaged object and those due to differences in image formation. 

Fig. 1. Clinical fluoroscopy image (left) and digitally reconstructed radiograph (right) at registra- 
tion. 
2.1 Differences due to changes in imaged object 

Overlying and underlying structures. We are assuming that the transformation be- 
tween CT and fluoroscopy can be described by a perspective projection of rigid 3D 
motion. Soft tissue structures, however, can deform between the pre-operative CT im- 
age and interventional fluoroscopy. Because of this, we threshold the CT volume so no 
soft tissue structures are projected (see figure 1). 
Interventional instruments in the field of view can create large differences between 
the images. 
Spinal deformation can cause the vertebrae to be in different positions in the CT and 
fluoroscopy images. 

2.2 Differences in image formation 

Different x-ray energies between the modalities. 
Heel effect and non-uniformity of the image intensifier response. 
Different resolutions of fluoroscopy images and CT images. 
Truncation when rays cut through the top or bottom of the CT scanned volume. Such 
rays are incomplete and so are not be compared to the fluoroscopy image. 
Geometric distortion in the fluoroscopy image is corrected for using a suitable phan- 
tom and software [5]. 

3 S imi lar i ty  m e a s u r e s  

The following sections outline a number of similarity measures. Each similarity mea- 
sure is used to compare a fluoroscopic image (intensity values Iyt) with a DRR (inten- 
sity values IDRR). The position and orientation of the CT volume with respect to the 
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fluoroscopy set are defined by ten parameters P = (X, Y, Z, 0~, 0y, Oz, c~, I~, k l ,  k2), 
see figure 2. 

o ~ ~  ~ ~ ~  !Iix 

X~lY;~ I ~ kl =foc~r~:gth 
"~ YaxiZs~ X;~ v~ ks= focaYlPl:ngth 

Fig. 2. Diagram showing the degrees of freedom in rigid body perspective projection. Six rigid 
body parameters, 3 translational X, Y and Z and 3 rotational 0=, 0y and 0z. Four parameters c8, 
Is, k~ and ks are associated with perspective projection: c~ and Is are the coordinates on the film 
where the normal to the film goes through the x-ray source and kl and ks equal the pixel sizes 
xpi= and ypi= divided by the focal length. 

3.1 Normalised Cross Correlation [8] 

R = E( i ' J )~T(I f l ( i '  j )  - i f t ) ( IDRn( i ,  j )  -- IDRR) 

~/E(,,,~T(~,,(i, J)- ~,,)s ~/E(,,.~T(I~--(i, J)- ~...)s 
Tit and T o R n  are the mean values of the images in the overlap region (i, j )  E T. 

(1) 

3.2 Entropy of the difference image [2] 

Iai fy  = I f t  - s IDRR (2) 

H(~) : - ~ p(~) logp(x) (3) 

The entropy measure (H)  described here operates on a single difference image 
( Ia i f f )  which is created by subtracting the DRR from the fluoroscopy image using a 
suitable intensity scaling factor, s. A histogram is formed from the difference image 
and p ( x )  denotes the probability of obtaining the pixel value x in Idi fy .  

3.3 Mutual information [9,11-13] 

, ,  , (~ ,y )  
s = ~ p(x, y),og 

p ( x ) p ( y )  x,y (4) 
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Where p(x) and p(y) are the probability distributions in individual images and 
p(x, y) is the joint probability distribution. 

3.4 Gradient correlation [3, 8] 

Horizontal and vertical Sobel templates were used to create gradient images dlyt/di, 
dIfJdj and dIDRn/di, dIDnR/dj. Normalised cross correlation (equation 1) is then 
calculated between dIyl/di and dIDnR/di and between dIyl/dj and dIDRn/dj. The 
final value of  this measure is the average of these normalised cross correlations. 

3.5 Pattern intensity [14] 

Pattern intensity [ 14] operates on a difference image (IdiyI) as explained in the entropy 
measure of section 3.2. If  the images are registered then, when s IDRR is subtracted 
from Iyt to give laiyy, the structure from the vertebrae will vanish and there will be a 
minimum number of structures or patterns within the difference image ([aiyy). Pattern 
intensity is given by, 

O-2 
P~,~(s) (5) 

z _ ,  2__, O-: + - 
i , j  d2<r: 

d 2 = ( i  - v )  2 -4- (j - w) 2 (6)  

where a is a constant to reduce the effect of  noise. The values chosen for the con- 
stants were a = 10 and r = 3 pixels, as used in [14], although r was increased to 5 
pixels when coarse images (see section 4.2) were used as this was found to increase the 
robustness of  the measure. 

3.6 Gradient difference 

Gradient difference uses a difference image as explained in the entropy measure of  
section 3.2, though this time the difference image is calculated from gradient images 
(equation 8). It employs the same 1/(1 + x 2) form as pattern intensity which should 
make the measure robust to thin line structures. 

A~ Ah (7) 
G(s) =- ~ Av + (Idiyfv(i,j)) 2 -4- ~ Ah + (IdilyH(i,j)) 2 i,j i j  

dill dIDnR dIil dIDRR (8) 
IdifIv(i , j)--  di s d--i--' Idi fIg(i , j )= dj s ~ - -  

The gradients in equation 8 are described in the gradient correlation section 3.4, 
and Av and Ah are constants, which for these experiments were the variance of  the 
respective gradient fluoroscopy image. 
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Fig. 3. Reformatted axial, sagittal and coronal slices from a CT image of a lumbar spine embed- 
ded in an acrylic matrix (left). Fluoroscopy image of the spine phantom (right). 

4 Comparison using a gold standard 

An experiment was carried out to investigate how accurately and robustly six similar- 
ity measures registered a CT scan of a spine phantom to a fluoroscopy image of the 
phantom. The phantom consisted of the five lumbar vertebrae and pelvis encased in 
acrylic which is approximately tissue equivalent at diagnostic x-ray energies. Registra- 
tions were compared to a "gold-standard" registration calculated using fiducial mark- 
ers. Phantom images were used as it is an extremely difficult task to obtain an accurate 
"gold-standard" registration on clinical images. Many of the problems involved in our 
application are caused by image features which are not modelled by the phantom image 
alone. To assess how the similarity measures should perform on clinical images they 
were simulated by overlaying features segmented from clinical images onto the phan- 
tom image. Three clinical images were simulated by adding soft tissue, a stent (figure 
4), and both soft tissue and a stent. No soft tissue structures were introduced to the CT 
volume as these would be removed during the thresholding stage (section 2.1). 

Fig. 4. Enlarged portion of the fluoroscopy image; (left) with soft tissue structures overlaid, (right) 
with interventional stent overlaid. 
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4.1 Calculation of the "gold-standard" registration 

The "gold-standard" registration has been found using twelve fiducial markers (5mm 
diameter aluminium ball bearings cast in acrylic resin). A C T  scan was acquired us- 
ing a Philips TOMOSCAN SR 7000, which had voxel sizes 1.094xl.094xl.5mm and 
image dimensions 320x320x119 voxels. A fluoroscopy image was taken on a Philips 
multi DIAGNOST 3, which had image size 1024x1024 pixels. These images can be 
seen in figure 3. A distortion correction phantom and software were used to correct for 
pincushion distortion in the fluoroscopy image [5] and a cubic phantom of known di- 
mensions was used to correct for any geometric scaling errors in the CT scan [6]. The 
"gold-standard" registration was calculated and its expected accuracy is given in table 
1 (see [10] for a full description of the method used). 

Table 1. Expected error in "gold-standard" parameters. 

rotation (degrees) translation (ram) 

SD 0.09 0.09 0.09 1.34 0.15 0,15 

4.2 The Registration Algorithm 

The registration was carried out on the L3 vertebra. The search space for the algorithm 
was the six rigid body degrees of freedom. The parameters associated with perspective 
projection (cs, ls, kl and k2) were held fixed at their "gold standard" values. 

The search strategy alters each of the degrees of freedom in turn by -l-~p and calcu- 
lates a new value of the similarity measure. When all the degrees of freedom have been 
checked a weighted movement is made in the directions which improve the similarity 
measure, with the parameter showing the greatest improvement being given the greatest 
weight. A multi-resolution approach is used. The algorithm starts at a coarse resolution 
(fluoroscopy image reduced, by blurring, to a 128x128 pixel image) and a large step 
size (3P set equal to 4 mm or 4 ~ and ends at a finer resolution (256x256) and small 
step size (~P = 0.5 mm or 0.5~ 

4.3 Assessing accuracy and robustness 

Each similarity measure was used to register a CT scan of the spine phantom to four 
different fluoroscopy images of the phantom. The starting estimates for registration 
were the "gold standard" value plus or minus A P  (see table 2). There are sixty four 
possible combinations of "gold-standard" plus or minus A p  which are at the corners 
of a six dimensional hyper-cuboid. 

Table 2. The displacement (z~P)of the starting positions from "gold-standard" for each of the six 
rigid body parameters. 

z~P 

rotation (degrees) translation (mm) 

1 1 3.4 7.6 7.8 50.8 2.4 
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5 Results 

Our results are presented in four tables, one for each of the different fluoroscopy im- 
ages. They show the RMS error between "gold-standard" values and final registration 
positions (excluding failures) and the number of  failed registrations. A failure was de- 
fined as when the final registration position, in any of the six degrees of  freedom was 
further from "gold-standard" than A p  as shown in table 2. The average registration 
took 74 seconds on a Sun Ultra 30 (300 MHz). 

Table 3. RMS error values in rigid body parameters for registrations to fluoroscopy image of 
spine phantom with no added structures. 

Similarity measure 

Cross correlation 
Entropy 
Mutual Information 
Gradient correlation 
Pattern Intensity 
Gradient difference 

rotation (degrees) 
0~ 0y 0z 

0.41 1.09 0.41 
0.32 0.72 0.36 
0.79 1.90 0.65 
0.31 0.49 0.19 
0.28 0.49 0.26 
0.27 0.48 0.17 

translation (mm) INt. fall, 
X 0.5Y5 Z (%) 7.2 0.74 0 

10.4 0.64 0.46 0 
20.210.65 1.05 25 
4.7 0.43 0.34 0 
4.1 0.45 0.34 0 
4.0 0.42 0.32 0 

As can be seen from table 3 all six similarity measures, except for mutual informa- 
tion, performed well in registering to the fluoroscopy image of  the spine phantom. 

Table 4 shows how accurately the similarity measures registered when soft tissue 
structures were present. Soft tissue caused a large failure rate in mutual information 
(86%) and a fairly large failure rate in entropy (30%). The cross correlation measure 
failed relatively few times (8%), but the overall errors increased, particularly in X.  
Pattern intensity, gradient correlation and gradient difference were effected very little 
by the presence of  soft tissue. 

Table 4. RMS error values in rigid body parameters for registrations to fluoroscopy image of 
spine phantom with soft tissue structures overlayed. 

Similarity measure 

Cross correlation 
Entropy 
Mutual Information 
Gradient correlation 
Pattern Intensity 
Gradient difference 

rotation (degrees) 

1.64 1.63 0.41 
0.74 1.02 0.40 
2.00 2.43 0.57 
0.51 0.49 0.27 
0.36 0.53 0.24 
0.37 0.36 0.21 

translation (mm) No. fail, 
X Y Z (%) 

13.2 0.86 1.06 8 
8.9 1.30 0.73 30 

21.0 0.97 1.42 86 
6.9 0.39 0.39 0 
5.2 0.43 0.36 0 
6.5 0.40 0.39 0 

When registrations to the fluoroscopy image with stent overlaid (table 5) were at- 
tempted two of  the similarity measures, cross correlation and mutual information, failed 
to register a number of  times and showed large errors when they did register (2.5 ~ in 
0 u and 22mm in X).  Gradient correlation failed 3% of the time. Entropy was largely 
unaffected, with just a small general decrease in final accuracy. This result is expected, 
as the histogram used to compute entropy will be largely unaffected by a small number 
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of pixels with a large difference in intensity. Pattern intensity and gradient difference 
performed best, with very little change in overall registration error. 

Table 5. RMS error values in rigid body parameters for registrations to fluoroscopy image of 
spine phantom with stent overlayed. 

Similarity measure 

Cross correlation 
Entropy 
Mutual Information 
Gradient correlation 
Pattern Intensity 
Gradient difference 

rotation (degrees) 
0~ 0y 0z 

1.40 2.34 1.11 
0.49 0.86 0.72 
0.98 2.37 1.93 
0.23 0.75 0.23 
0.32 0.39 0.28 
0.27 0.49 0.22 

translation (mm) No. fail, 
X 0Y8.4 Z (%) 23.7 1.46 33 

14.8 0.69 0.62 0 
21.0 0.55 1.58 48 
8.5 0.27 0.59 3 
4.9 0.42 0.36 0 
3.5 0.43 0.33 0 

On registering to the image which contained both soft tissue and a stent (table 6), 
cross correlation, entropy and mutual information all failed a large number of times 
and when registrations were deemed valid, they were not accurate. Gradient correlation 
failed to register 5% of the time, though successful registrations were accurate. Pattern 
intensity and gradient difference both achieved accurate registrations to this image with 
no failures. This investigation has only used one pair of CT and fluoroscopy images 
of a rigid phantom. Different sets of images, in particular different views, may yield 
different results. 

Table 6. RMS error values in rigid body parameters for registrations to fluoroscopy image of 
spine phantom with soft tissue and stent oveflayed. 

Similarity measure 

Cross correlation 
Entropy 
Mutual Information 
Gradient correlation 
Pattern Intensity 
Gradient difference 

rotation (degrees) 
0~ 0y 0z 

2.33 2.25 0.89 
1.36 1.69 1.87 
2.67 3.94 2.94 
0.48 0.49 0.42 
0.31 0.41 0.43 
0.28 0.45 0.26 

translation (mm) No. fail, 
X Y Z (%) 

27.2 0.29 1.39 45 
16.9 1.52 1.02 53 
30.3 1.34 5.07 95 
12.1 0.25 0.50 5 
10.7 0.36 0.47 0 
6.7 0.37 0.47 0 

6 Conclusions 

This paper has compared the accuracy and robustness of six 2D-3D registration algo- 
rithms which used different intensity based similarity measures. Final registration po- 
sitions were compared to an accurate "gold standard" registration found using fiducial 
markers. Clinical images were simulated by overlaying structures segmented from clin- 
ical fluoroscopy images onto a fluoroscopy image of a spine phantom. We have shown 
that the introduction of soft tissue structures and interventional instruments into the 
phantom image can have a large effect on the performance of some similarity measures 
previously applied to 2D-3D image registration. Correlation measures can be effected 
by thin line structures, such as an interventional stent, which introduces pixels which 
have a large difference in intensity. Entropy type measures are insensitive to thin line 
structures, but fail when soft tissue structures create slowly varying changes in back- 
ground intensity. For a measure to work well with medical images it must be able to 
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register accurately when soft tissue structures and thin line structures are present as dif- 
ferences between the images. Two of the measure described in this paper have achieved 
this: pattern intensity and gradient difference. 
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