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Abstract
In 2D-3D Medical Image Registration (MIR), preoperative 3D CT images are registered
with intraoperative 2D X-rays images obtained by fluoroscopy or Electronic Portal Imaging Devices (EPID). 2D-3D MIR is established by computing Digitally Reconstructed Radiograph (DRR) images rendered from the volumetric data and is useful in many medical procedures where surgical planning is undertaken using volumetric data prior to
treatment, such as in radiation therapy treatment and image guide surgery. The conventional approach used to render DRR images is a computationally expensive process and
forms a bottleneck in 2D-3D MIR. This paper evaluates the registration performance of
a 2D-3D MIR system which attempts to improve the rendering performance by reducing the number of intersections between the rays cast and internal spaces within the CT
volume by using an Octree compression. An Octree compressed CT volume comprises
fewer internal spaces, each containing voxels which share similar CT numbers and as
such, ray casting through a volume represented as an Octree is potentially computationally simpler. Our work shows that DRR images rendered from an Octree compressed CT
volume can be registered with 3 mm accuracy, sufficient for radiotherapy patient setup,
even when the volume data is subject to a high degree of compression.

1

Introduction

Radiation therapy is an effective treatment for many types of cancer and as external beam
therapy is relatively easily delivered it remains a widely used treatment Sikora et al. [1999].
But since radiation damages both healthy and malignant cells it needs to be accurately targeted. Accurate positioning of the patient prior to treatment is a vital component in achieving a successful outcome and one that becomes increasingly important when Intensity Modulation Radiotherapy Treatment (IMRT) is used George et al. [2003]. 2D-3D Medical Image
Registration (MIR), an image guided procedure Yaniv and Clearly [2006] used to match preoperative images and plans to images captured intraoperatively, is used to align the patient
c 2008. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.
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prior to the delivery of radiation therapy treatment Vermandel et al. [2003]. 2D-3D MIR
maps portal X-ray images acquired immediately prior (or during) radiation therapy treatment to Digitally Reconstructed Radiograph (DRR) images, rendered from CT volumetric
data. It returns a rigid transformation (rotation and translation) which provides parameters
that are used to position the couch, thereby aligning the patient’s anatomy with that used
for the planning process Bansal et al. [1998].
DRR images are rendered from CT volumetric data by summing the attenuation of each
voxel along known ray paths through the CT volume. Generating projection radiographs is
computationally more demanding than 3D surface rendering as potentially all voxels contribute to the process. Fortunately, the few seconds required to conventionally render a
small number of DRRs needed to manually confirm patient setup is an insignificant problem Khamene et al. [2006], Galvin et al. [1995]. However, recent research in automatic 2D-3D
registration and online motion tracking Gibbs [2006] requires efficient registration of many
DRRs and this has motivated research into fast algorithms and hardware acceleration LaRose
[2001], Göcke et al. [1999], Penney et al. [2001], Knaan and Joskowicz [2003], Khamene et al.
[2006], Russakoff et al. [2005], Qi and Gu [2008], Gross [2008], Ruijters et al. [2008]. In Göcke
et al. [1999] Göcke et al. comprehensively review and compare five volume rendering approaches, and discuss a number of specific optimizations, concluding that shear-warp factorization Lacroute and Levoy [1994] with runlength encoding is roughly a factor of six times
faster than a direct approach and that the registration accuracy is unaffected by the rendering approach so long as an appropriate resolution is chosen. Russakoff et al. Russakoff et al.
[2005] implemented a special ray-based data structure called an Attenuation Field (AF) to be
used in the generation of a DRR instead of the conventional ray casting method. According
to the original proposal of light fields by Levoy and Hanrahan M. Levoy [1996] and similar
work in concept (Transgraphs) introduced by LaRose LaRose [2001], they provide a way of
parameterizing the set of all rays that emanate from a static scene to perform 3D rendering.
Their approach uses a so called, light slab, which is a convex quadrilateral object consisting
of two main planes (u,v) and (s,t). This is used to parameterize each ray in the space as
R ≡ Pi (u, v, s, t) where plane (u,v) is the focal plane and (s,t) is the image plane (camera
plane), as shown in Figure 1. To create an image for an object inside the light slab, infinitely
many rays must be calculated. However, Russakoff et al. generated a sufficiently large number of them and used an interpolation scheme to cover the missing ray samples. Recent work
by Penney et al. Penney et al. [2001] and Knaan and Joskowicz Knaan and Joskowicz [2003]
compare approaches for 2D-3D image based registration, both reporting similar surface Target Registration Errors (TRE) of the order of 1-2mm. Hardware acceleration is the focus of
current work by Ruijters et al. Ruijters et al. [2008], Gross Gross [2008], Wang Wang et al.
[2006] and Birkfellner Birkfellner et al. [2005]. The latter uses a technique known as splatting
which has been developed to efficiently render irregular meshes, such as those generated by
Octrees, using the Graphics Processor Unit (GPU).
Our interest is in applications of 2D-3D registration for alignment of patient anatomy in
radiotherapy treatment. In many cases radiotherapy needs to be targeted at soft tissue sites
and a target registration error of 3 mm is considered to be clinically acceptable. Khamene
et al. Khamene et al. [2006] divided the registration process in radiotherapy treatment into
three main phases, calibration, to estimate beam geometry, planning, to define the planned target volume (PTV) using CT data, and target positioning, to take and rectify the portal images,
in order to “discard the gantry sag” Khamene et al. [2006]. They used an intensity-based
method to perform 2D-3D image registration between DRR images and portal images cap-
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Figure 1: DRR generation using an Attenuation Fields Russakoff et al. [2005].
tured on the linear accelerator (LINAC). Although, they render DRR images directly, by integrating the attenuation values along the ray path through the CT volume, they gain a speed
advantage by using multiple processor cores within the graphics processor unit (GPU) to
execute parts of the calculation in parallel.

Figure 2: Process work flow of 2D-3D registration using decomposed compressed CT volume.
In this paper we investigate a 2D-3D MIR system using lossy compressed CT volumes,
encoded using an Octree data structure. The process work flow of 2D-3D registration using decomposed compressed CT volume is visualised within Figure 2. The Octree Hunter
[1978], Jackins and Tonimoto [1980] data structure is the three-dimensional analog of the
Quadtree Tanimoto and Pavlidis [1975]. Data compression in Octrees and Quadtrees is
achieved by encoding the underlying voxel/pixels as tree data structures, where each internal vertex is formed from up to eight or four children respectively. The Quadtree and
Octree representations of 2D surfaces and 3D solid objects are well known examples of hierarchical spatial data structures comprehensively reviewed by Samet Samet [1984]. An Octree
compressed CT volume comprises of internal spaces, comprising voxels which share similar
CT numbers. As such, ray casting through a volume represented as an Octree is potentially
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computationally simpler. An established body of work exists on volume-rendering optimizations that exploit Octree encoding Levoy [1990], Boada et al. [2001], Song et al. [2008]
of regional coherence. However, very significant gains result from there being few internal
spaces (i.e. lossy compression) and in this case compression artifacts will be present in the
resulting DRR images Dorgham and Fisher [2008]. Little work has been published on registering 2D projections of Octree volumes and so this paper attempts to examine the degree to
which Octree compression artifacts compromise registration performance.

2

Scheme

The algorithm for decomposing the CT volume runs offline. It starts by considering the internal space equal to the CT volume size and recursively splits this into eight sub-volumes (children). The decision to decompose the volume is made based on a threshold T:
Require: max, min, T
decompose(volume)
V = {k : k is a sub-volume, k > 1}
if (max − min) > T then
for all k ∈ V do
decompose(k)
end for
return true
else
return false
end if
where max and min represent the maximum and minimum values of voxel elements within
the (sub)volume. The value of threshold T determines the degree of compression. Assuming
voxels are represented by 8-bits, 0 ≥ T ≥ 255, however, for generality the threshold is
mapped to a parameter (P), known as the Pivot value ([0-1]). Hence P = 0 creates the
maximum number of internal spaces.
We store the decomposed CT volume as an ordered list of internal spaces, corresponding
to leaf nodes of the Octree (starting at cell X, Y, Z = 0,0,0 ), each space is identified by its
dimension (d) (i.e. size of the cubic space) and ( I ) the attenuation value within the space.
Therefore at 50% compression the memory required for uncompressed and compressed volumes is equal and at 75% compression there is a 50% saving. The results presented in Figure 9 suggest that at a level of 75% compression there is a modest increase in error but within
clinically usable limits.
Volume reconstruction is the process of rebuilding a compressed CT volume in order to
generate DRRs. The decomposed compressed volume is loaded into main memory as a list
data structure to save the memory space. Voxel values in CT volumes are represented by a
CT number quantified in Hounsfield Units (HU). The attenuation coefficient of the material
comprising each voxel can be recovered by Schwartz et al. [1998]:
CTnumber = 1000 ∗ [(µi − µw )/µw ]
where µi is the attenuation value of a particular volume element of tissue (voxel) and µw is
the linear attenuation coefficient of water for the average energy in the CT beam. To Generate
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DDRs we compute the attenuation of a monoenergetic beam due to different anatomic material (e.g, bone, muscle tissue, epithelial cells, etc.) using Beer’s Law Ketcham and Carlson
[2001].
I = I0 ∗ expΣ−µi xi
Where I0 is the initial X-ray intensity, µ is the linear attenuation coefficient for the voxel (material) through which the ray is cast, x is the length of the X-ray path and subscript i denotes
the voxel index along the path of the ray. As this study only addresses the registration performance a conventional ray casting algorithm is used Sherouse et al. [1990]. The development
of a new algorithm for generating DRRs will be the focus of future work. X-rays emanate
from a point source and strike a flat panel situated behind the patient (i.e. conventional ‘C’
arm geometry); assumed to be lying on a flat couch. The couch or patient support system
(PSS) can be rotated and translated in six degrees of freedom. The CT volume is quantised in
256 × 256 × 133 2 mm3 voxels, and the flat panel detector models a Varian A500 amorphous
silicon detector (ASD) (40 × 30 cm) operating at an effective resolution of ∼3 mm (note: the
actual device resolution is a factor of 4 times better but we use low resolution DRRs to reduce
computational time). The source and detector are positioned 1.5 m and 1 m from the center
of the CT volume respectively. Example DRR template images from the two CT volume are
shown in Figure 3.

Figure 3: DRR template image (512 × 344) array generated form lung CT volume in 6◦ rotation intervals around the Z axis.
Compression artifacts are apparent in DRR images derived from compressed CT volumes, but at factors of compression of approximately 50% these are visually imperceivable
and images remain of reasonable quality even when higher levels of compression have been
applied to the CT volume (Figure 4). Compression artifacts are better visualised in difference
images, computed by subtracting a compressed DRR image (generated from compressed CT
volume) from the original DRR image (0% compression).

(51.4%)

(68.4%)

(76.6%)

(92.8%)

(99.8%)

Figure 4: Example of DRRs (256 × 133) at some compression values, and its difference from
uncompressed DRR (black pixel = no difference)
Images are compared using normalised cross correlation (Eqn. 1) and an optimisation
process adjusts the six parameters controlling attitude and position of the PSS (note: other
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image similarity criteria were explored in a previous paper Fisher and Su [2007]).
CC ( Ire f , Ij ) = q

∑iN=1 ( Ai − A) · ( Bi − B)

(∑iN=1 ( Ai − A)2 ) · (∑iN=1 ( Bi − B)2 )

(1)

where A represents the reference image Ire f and B the reconstructed radiograph Ij . N is the
total number of image pixels.

(a)

(b)

Figure 5: (a) six parameters of rigid transformation. (b) sparse set of DRRs needed to recover
{x, pitch}

Figure 6: Example similarity metric surface estimates (least squares 2nd order polynomial fit)
In 2D/3D registration, patient alignment is achieved by iteratively solving an optimization problem in six degrees of freedom. We estimate a solution by posing this as 3 independent optimization problems in two degrees of freedom. In each case we model the similarity
metric by fitting a 2nd order polynomial to a sparse set of target similarity metric values.
This reduces the number of time-consuming DRR images needed compared to a brute-force
hill-climbing algorithm and thus reduces the time required for registration. For each of the
3 optimizations the parameters (x, y, z, yaw, pitch, roll) were paired. As much as possible
we choose uncorrelated pairs i.e. {x, pitch},{y, yaw},{z, roll}. For each pair we render five
DRRs and compute the similarity metric for each (Figure 5). According to our optimization
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strategy 15 DRRs (3 × 5) need to be generated in each iteration, which is substantially fewer
DRRs than and equivalent conventional best neighbour search Törn and Zilinskas [1989]. At
each iteration the maximum of the similarity metric distribution is calculated using the 2nd
order model and the procedure is terminated when the error in the recovered PSS parameters found in successive iterations becomes negligible. Typical models for the three similarity
metric surfaces are shown in Figure 6. In Qi and Gu [2008] the authors use a similar optimisation approach but estimate the the similarity metric distribution from a sparse set of
values using a Support Vector Machine (SVM).

3

Results
P
0
0.001
0.005
0.01
0.015
0.02
0.03
0.04
0.07
0.2
0.3
0.7
1

323
32768
20469
18145
16017
14904
14400
14022
12874
9948
6483
4628
162
1

0%
37.53%
44.63%
51.12%
54.52%
56.05%
57.21%
60.71%
69.64%
80.22%
85.88%
99.51%
100%

CT volume Size / Compression (%)
643
1283
262144
0%
2097152
0%
149248
43.07%
1097804
47.65%
118903
54.64%
818595
60.97%
100108
61.81%
643455
69.32%
92457
64.73%
550565
73.75%
85800
67.27%
464850
77.83%
80382
69.34%
417075
80.11%
72465
72.36%
358079
82.93%
52592
79.94%
267485
87.25%
35792
86.35%
141051
93.27%
25705
90.19%
93073
95.56%
239
99.91%
377
99.98%
1
100%
1
100%

2563
16777216
8159096
5293744
3925720
3342557
2718829
2337959
1929607
1423241
556872
249425
1142
1

0%
51.37%
68.45%
76.60%
80.08%
83.79%
86.06%
88.50%
91.52%
96.68%
98.51%
99.99%
100%

Figure 7: Percentage of compression and total number of internal spaces in pelvic CT volume
at specific P values (Compression value calculated as the reduction in number of spaces relative to the uncompressed spaces number i.e. Volume compression = 1 - (number of internal
spaces / total number of voxels ).
An example of DRR images reconstructed from Octree CT volume using a range of P
values are shown in Figure 4. Figure 7 illustrates the relationship between P and the compression achieved with respect to a specific (pelvic) CT volume (in terms of the total number
of internal spaces generated).
Compression percentage at the same (P) value, differ according to the size of the CT volume. Octree volumes will generate similar compression artifacts to those seen in Quadtrees,
illustrated in Figure 8. When there are a large number of (voxels, pixels)share the same intensity values and decomposed in the same internal space, that will lead to higher percentage
of compression if the internal space decomposed for smaller CT volume space. Therefore,
the effect of block artifacts will be insignificant (Figure 8(b)) but when there are fewer, the
effects will be visually apparent (e.g. Figure 8(e)).
The Octree decomposition process is computationally intensive. Decomposed CT volume can be generated in O(n3 log8 n) time, where n represents the size of CT volume, but
this is not a concern because they can be precomputed. In this study, DRRs have been computed using a conventional approach which does not exploit the Octree data structure. Each
DRR takes 390 ms. to compute using the conventional approach and a minimum of 30 are
needed, so this is a significant factor which limits the usefulness of the approach.
To assess the performance of the registration with respect to compressed CT volume
reference DRR images were generated simulating the ASD at full resolution (512 × 384).
PSS parameters were randomly perturbed in the range ±10 mm, ±10 degrees. The 2D-3D
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(a)

(b)

(c)

(d)

(e)

Figure 8: Illustration of the relation between the size of CT slice and the size of decomposed
spaces. Where (a) shows 512×512 CT slice before decomposition, (b) 256×256 decomposed
slice, (c) 128×128 decomposed slice, (d) 64×64 decomposed slice and (e) 32×32 decomposed
slice.
registration algorithm was then used to recover the PSS parameters. The experiment was
repeated 100 times for a variety of compression levels for both pelvic and lung CT volume.
The target registration errors (TRE) are summarised in Figure 9.

DOF
x̄
σ
ȳ
σ
z̄
σ
p̄
σ
w̄
σ
r̄
σ

0%
0.2000 mm
0.3045 mm
1.3920 mm
1.8225 mm
0.2060 mm
0.2768 mm
0.3870◦
0.3765◦
0.0550◦
0.0769◦
0.1760◦
0.2254◦

51%
0.2250 mm
0.3554 mm
1.7310 mm
1.9154 mm
0.6560 mm
0.3227 mm
0.5010◦
0.4050◦
0.0580◦
0.0808◦
0.1370◦
0.1745◦

% Compression
76%
83.8%
0.2400 mm
0.2550 mm
0.3823 mm
0.4136 mm
1.8260 mm
1.9010 mm
2.0550 mm
2.1472 mm
0.6720 mm
0.6750 mm
0.3502 mm
0.3603 mm
0.5000◦
0.4910◦
◦
0.4298
0.4361◦
◦
0.0590
0.0580◦
0.0805◦
0.0782◦
0.1410◦
0.1400◦
0.1817◦
0.1787◦

93.1%
0.2560 mm
0.4162 mm
1.8880 mm
2.2637 mm
0.6120 mm
0.3701 mm
0.4630◦
0.4482◦
0.0610◦
0.0802◦
0.1190◦
0.1611◦

99.8%
2.7390 mm
1.7823 mm
8.6250 mm
10.3380 mm
2.7240 mm
3.3388 mm
12.6150◦
5.1920◦
1.2230◦
1.4262◦
6.4390◦
6.6575◦

Figure 9: Mean and standard deviation target registration error (TRE) (p = pitch, w = yaw, r
= roll).

4

Conclusions

The results show that 2D-3D registration can recover PSS {x,y,z} translation of up to ±10
mm. with sub-voxel accuracy (i.e  2 mm.) and angular {pitch, yaw, roll} rotations up
to ±10 degrees with an accuracy of better than 1 degree using uncompressed CT volume.
Furthermore, the performance does not degrade significantly when Octree compression is
used at levels up to about 95%. The errors in recovered y translations are larger than in x and
z since the X-ray fan beam is nearly parallel (∼ 4.5◦ ) and so the geometry is insensitive to
adjustments in the height of the couch. In practice, the height of the couch (i.e. patient) much
less likely to change compared to x, y translation and p, w, r rotation of the anatomy and so
this is not seen as a significant problem. That the 2D-3D registration scheme (0% CT volume)
delivers similar TRE to other published studies Khamene et al. [2006], Göcke et al. [1999] is
not significant, particularly as the evaluation uses simulated fluoroscopy images which are
of higher quality. But it is surprising that this performance does not suffer through the use
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of a polynomial estimate of the similarity metric distribution, and in particular the accuracy
is well within 3 mm required for most radiotherapy patient setup applications. The fact
that the performance remains acceptable even at relatively high CT volume compression
rates is much more interesting. In our knowledge this is the first study to demonstrate that
compressed volumetric data might be used within a 2D-3D registration framework. Besides
the obvious memory saving these data structures afford they appear to offer efficiencies to
ray casting approaches, of interest to other researchers using GPU hardware to speed-up the
computation of DRR images. Recent research by Ruijters et al. Ruijters et al. [2008] reports
GPU accelerated rendering of DRR images at approximately 50 fps. However, since the
registration algorithm requires many DRR’s at each iteration, there is still scope for further
work in this area.
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