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Abstract
This study aims to improve the calculation time of DRRs for
use in intensity based 2D-3D Image Registration. Carstens and
Muller [1] showed that image order algorithms, which are triv-
ially parallelisable, can easily be adapted to take advantage of
hardware systems with more than one CPU. The ray casting
algorithm and light field rendering were found to be suitable
for this purpose. A discussion of the ray cast algorithm and
light field rendering is presented and followed by performance
measurements. A significant performance increase is achieved
when using the parallelised light field algorithm over the serial
ray casting algorithm. The DRRs calculated using the light field
algorithm are also shown to be feasible for use in an image reg-
istration algorithm.

1. Introduction
The current patient positioning system used at iThemba LABS
uses a close-fitting, patient specific mask with markers located
on it. A CT scan of the patient is taken with the mask fitted
to the patient in order to establish a relationship between the
marker positions and the anatomy of the patient. A real-time
stereophotogrammetry (SPG) system is used to detect the mark-
ers in the treatment room and compute their respective positions
in a 3D coordinate system. A motorised chair and an immo-
bilisation device is used to fix the mask and, theoretically, the
patient to the chair. The motorised chair is then instructed by
the SPG system to move the markers and, by implication, the
patient to the position required for treatment.

Fitting the mask to the patient on different occasions opens
up the possibility of small differences being introduced in the
relative positions of the markers and the patient anatomy. When
treating a patient, it is necessary to verify that the patient’s
anatomy is correctly positioned according to the treatment plan
before the patient can be treated. This verification is currently
accomplished by visual comparison of a film X-ray image,
called a portal radiograph (PR), taken when the patient is po-
sitioned and a digitally reconstructed radiograph (DRR), gen-
erated by the treatment planning system, in which the patient
has the correct treatment position. A DRR is a synthetic image
that approximates the physics involved when an X-ray image
is generated. The verification procedure described is manual,
time-consuming and needs to be repeated for each of the treat-
ment fields [2]. Furthermore, visual inspection is prone to er-
rors. Because proton therapy is used for treatment of lesions
close to sensitive organs, these errors will be detrimental to the
patient’s health.

Image registration is a process whereby the spatial corre-
spondence between two coordinate spaces are established. The

result is a transformation linking the two spaces. In this prob-
lem we want to establish GE , the error between the treatment
position and the observed position.

Van der Bijl [3] proposed a 2D-3D image registration sys-
tem that is accurate, robust and automatic. 2D-3D image regis-
tration is a process where 3D CT data acquired pre-operatively
are registered to a 2D PR image obtained intra-operatively [4].
The PR is compared to various DRRs calculated from the CT
data. The comparison is done using a similarity measure and an
optimiser searches for the transformation that produces a DRR
most similar to the PR. Van der Bijl [3] used Powell’s minimiser
and the Correlation Coefficient or Mutual Information similar-
ity measures to perform registration using DRRs generated with
the ray cast algorithm. A schematic representation of the pro-
cess is shown in figure 1.
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Figure 1: An overview of the 2D-3D registration process. A
PR (reference image) is compared to various DRRs (floating
images) using a similarity measure. The optimiser searches for
the rigid transformation that produces a DRR most similar to
the PR.

Van der Bijl [3] reported that his image registration imple-
mentation took about 7.5 minutes to verify the patient position.
This is too slow for use in practice. The longer a patient needs
to wait for the registration process to complete, the higher the
probability that the patient will move out of his initial position.
The generation of DRRs is computationally expensive and since
hundreds of DRRs may be required for the registration process,
it is very important to speed up DRR generation.

The aim of this study is to find a fast DRR generation al-
gorithm. In particular we only have to cater for the creation of
DRR images that are contained in a known limited vicinity. The
image registration process should complete in less than three
minutes, which is the minimum time the current manual veri-
fication process takes. Furthermore, it must be shown that the
new DRR generation algorithm does not destroy the accuracy
or robustness of the registration process.
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2. Discussion
2.1. DRR generation methods

Carstens and Muller [1] discussed various DRR generation al-
gorithms and concluded that the ray casting and light field algo-
rithms can be trivially parallelised. The ray casting algorithm
is used as the gold standard for DRR generation and the light
field algorithm can be used to improve the DRR generation time
by pre-operative computation of scene dependent data and the
intra-operative computation of images using interpolation. Both
methods will be discussed briefly.

2.1.1. Ray casting

Let !(i, j, k) denote the voxel density or attenuation coefficient
in a 3-dimensional CT volume and l(i, j, k) the length of the
intersection of an X-ray with that voxel, then the radiological
path length is defined as

d =
X

i

X

j

X

k

l(i, j, k)!(i, j, k) (1)

The radiological path length is an approximation of the physics
involved when an X-ray image is generated. Computing DRRs
using the radiological path definition is O(n3) and very inef-
ficient. Only a few voxels actually contribute to a path, since
most l(i, j, k) values will be zero. Siddon [5] proposed viewing
CT voxels as the intersection of equally spaced, parallel planes.
The intersection of the ray with the planes is then calculated,
rather than the intersection of the ray with the different vox-
els. Determining the intersection of a ray with equally spaced,
parallel planes is a simple problem. One needs to calculate the
intersection with the first plane and the rest follows at fixed in-
tervals because the planes are equally spaced.

An optimised version of Siddon’s algorithm was proposed
by Jacobs [6]. The new algorithm reduces computation by elim-
inating the need to explicitly compute the voxel indices for ev-
ery interval. Also, it removes the need to allocate memory for
the different arrays containing the intersection points. Figure 2
shows how a DRR is constructed.

Source

CT cube
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Figure 2: A 2D view of DRR generation. The DRR is the set of
values for the radiological paths from the source to the pixels
on the image plane.

The ray casting method is used as a benchmark of DRR
quality, but it is too slow for real-time computations [7] and in
its standard form slower than most other algorithms [7][4][8].

2.1.2. Light fields

Light fields is a method that was originally proposed by Levoy
and Hanrahan [9]. It can be described as a way of parameter-
ising the set of all rays that emanate from a static scene. Each

ray is identified by its intersection with two arbitrary planes in
space. It is convention that the coordinate system on the first
plane is (u, v) and that this plane is called the focal plane. The
second plane has a coordinate system (s, t) and is called the
image plane. It follows that every ray in this space can be rep-
resented as a point or pixel value pi = (ui, vi, si, ti) in 4-
dimensional space.

A light slab is the shape that is created when the focal plane
and the image plane are connected. This represents all the light
that enters the restricted focal plane and exits the restricted im-
age plane.

If one can generate infinitely many rays inside a light slab,
one can recreate almost any image with a focal point inside the
light slab. This is done by finding the associated rays and their
corresponding pixel values (figure 3). In practice one cannot
generate infinitely many rays and are thus constrained to gen-
erate a large number and compute the missing rays using some
form of interpolation.
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Figure 3: A 2D view of a light slab, illustrating the view (in
bold) generated for an arbitrary focal point.

Light fields is a simple method to construct novel views
from arbitrary camera positions. This is achieved by resampling
a set of existing images and is therefore called image-based ren-
dering [9]. Image-based rendering algorithms have the advan-
tages that they are suitable for real-time implementations since
they are not computationally expensive, the cost of generating a
scene is not dependent on the complexity of the scene, and the
set of base images can be real images, artificially created ones
or both.

The amount of light travelling along any arbitrary ray in
space is called its radiance. For any arbitrary scene with static
illumination the radiance of all rays is called the plenoptic func-
tion. In the plenoptic function rays are represented by the co-
ordinates x, y, z and the angles " and #. Each ray has an as-
sociated radiance value. When the radiance along a ray does
not change the 5D plenoptic function can be reduced to a 4D
function. This 4D function is the formal definition of a light
field.

The light slab is also called a plane-plane representation.
This type of parameterisation does not include, for instance,
rays that are parallel to the two planes. However, multiple light
slabs can be used to represent these. In 3D six light slabs would
be required to recreate any arbitrary view of an object.

It is important to note that since the projection space for
our DRRs is constrained, only a single light slab is necessary
to represent the sampling space. Figure 4 shows how a light
slab can be viewed as a 2D array of 2D images where the (u, v)
coordinates identify a sub-image in the light slab and the (s, t)
coordinates identify a pixel in the sub-image.

What makes light fields attractive for the DRR generation
problem is the fact that most computation can be done pre-
operatively. During patient treatment, when computation time
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Figure 4: A light slab can be interpreted as a 2D collection of
2D images from different observation points. The (u, v) coor-
dinates identify a sub-image and the (s, t) coordinates a pixel
in the sub-image.

must be minimised, it is then possible to quickly generate im-
ages from the pre-computed data. The generation of images is
achieved by interpolation of the pre-computed data. This can be
done in constant time, since the computation time is not depen-
dent on the complexity of the image.

A pixel value in a general light field is an indication of the
amount of light reflected off the first surface a ray intersects
with. When evaluating DRRs, however, the pixel values are the
radiological path lengths (equation 1) the rays encounter from
the projection point to the image plane.

To accommodate the generation of DRRs, we can associate
each point pi = (ui, vi, si, ti) with a scalar function pi !"
q(pi) which maps a point to the radiological path length of the
ray Rpi

.
In order to trace a ray through the CT data and maintain the

same parameterisation of rays in space as traditional light fields
one must cast the rays beyond a virtual image plane onto an
effective image plane. The values on the effective image plane
is used for the light field generation.

In traditional light field rendering as well as light field DRR
generation, the generated image is a skewed perspective im-
age. However, where in traditional light field rendering the
image plane remains fixed and between the scene and the fo-
cal plane, in DRR generation the virtual image plane remains
fixed while the effective image plane can move and the effec-
tive image plane lies on the other side of the scene from the
focal plane. Figure 5 illustrates this. Figure 6 shows how an ar-
bitrary DRR can be created from a light slab. For each ray from
an arbitrary projection point to an arbitrary projection plane, the
intersections with the focal and virtual image planes are com-
puted. These intersections are then used to calculate the indices
into the light slab as well as the weights used to perform the
interpolation.

The implementation of the light field DRR generation algo-
rithm is parallelised using OpenMP [10] as follows:

Focal plane

Virtual image plane

Effective image plane

Figure 5: The positions of the focal-, effective image- and vir-
tual image planes used when constructing DRRs using light
fields. The grey object is the CT data positioned relative to the
planes. The virtual image plane can be positioned anywhere
between the focal- and effective image planes.

DRR projection point

DRR projection plane

Virtual image plane
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Figure 6: An example of constructing a DRR from a light slab.
The dashed lines show the intersections of rays with the focal
and virtual image planes. The effective image plane is shown
for illustrative purposes only.

#ifdef _OPENMP
#pragma omp parallel for
#endif
for (int j=0; j<yResolution; j++)
#ifdef _OPENMP
#pragma omp parallel for
#endif

for (int i=0; i<xResolution; i++)
image(i,j)=getValue(focalPoint,

targetPoint(i,j),
lightSlabData);

The algorithm iterates over the pixel indices of the DRR im-
age and for each pixel computes the value using a specified fo-
cal point and the target point associated with the pixel index
as input to the getValue function. The getValue function
computes the intersections of the ray passing through the focal
and target points with the focal and virtual image planes. These
intersections are then used to compute the interpolated value
using quadrilinear interpolation. Because of the parallelisation
multiple pixel values are computed simultaneously.

3. Evaluation
3.1. Quantifying the error

The error transformation is defined as

GE = (Rz("z)Ry("y)Rx("x), ($x, $y , $z)
T ) . (2)
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The components of equation 2 can also be represented in vector
form:

v = ($x, $y, $z, "x, "y, "z) , (3)
where v is referred to as a position vector.

Let the exact (correct) solution to an optimisation process
be called se and the calculated solution sc, where both vectors
are position vectors. The difference between the exact solution
and the calculated solution is

sd = se # sc .

The first three elements of sd have millimetre units and the last
three elements have degree units. Converting the differences of
the individual elements to percentages removes this difference.
Since the size of the allowed error range for a dimension is 2%!

degrees or 2%"mm, we use these ranges when calculating the
percentage error.

The Euclidean distance of the individual errors are calcu-
lated and scaled by a factor 1

!

6
to produce a dimensionless

value quantifying the total error. In practice we also evaluate
the errors on the individual elements when looking at the ac-
curacy of the registration process, but for brevity the individual
results are not included in this article.

3.2. Evaluation of DRR generation methods

The similarity of DRRs can be evaluated qualitatively or quanti-
tatively, although only the latter is feasible for use in algorithms.
Difference images are a means of qualitative comparison. The
absolute difference image d of two M $ N images f and g is
given by

d(m,n) =| f(m, n) # g(m,n) | ,

wherem and n are indices in the images. The quantitative mea-
sures used in this study was the Correlation Coefficient and the
Mutual Information similarity measures, as suggested by Van
der Bijl [3].

The correlation coefficient of two images f and g is defined
as

CC(f, g) =

PN
n=1

PM
m=1 ab

q

PN
n=1

PM
m=1 a2

PN
n=1

PM
m=1 b2

,

where a = f(m, n)#f̄ , b = g(m,n)#ḡ, f(m, n) and g(m,n)
denote the pixel values at position (m, n) in image f and g,
respectively, and f̄ and ḡ denote the mean pixel value in image
f and g, respectively.

The Mutual Information shared between two images f and
g is defined as

MI(f, g) = H(f) + H(g) # H(f, g) ,

where H(f) and H(g) are Shannon’s entropies of images f
and g, respectively, and H(f, g) is the joint entropy of the two
images.

3.3. The optimiser

Powell’s method is an unbounded minimisation algorithm to de-
termine local minima for multidimensional functions and forms
part of a class of methods called direction set methods. It
accomplishes the minimisation by repeatedly performing line
minimisations. What makes Powell’s method very attractive for
the purposes of this study is the fact that it does not involve com-
putation of the cost function’s gradient [11]. Firstly, no analytic

gradient exists for our cost function and secondly, approximat-
ing the gradient numerically using finite difference or forward
difference methods would be computationally expensive as it
requires the generation of more DRRs.

3.4. The cost function

The cost function is defined as a minimising function. This
function needs to be defined for all x % &6, since Powell’s
minimiser is an unconstrained optimiser. Using ray casting we
can easily generate arbitrary DRRs, but using the light field al-
gorithm we are constrained to the sampled space contained in
the light slab. To overcome this limitation we define an arbi-
trary function with the criteria that it provides values for points
outside the sampled space and guides the optimiser to the mini-
mum.

Let g(x) be a similarity measure defined in the interval
#% ' xi ' % for all six dimensions. It compares two DRRs
and returns lower values for higher similarity and higher values
for lower similarities.

Let c(x) be a cost function, where

c(x) =

8

<

:

#xi if xi < #%
g(x) if #% ' xi ' %
xi if % < xi

The two functions investigated in this study as possibilities
for g(x) are theMutual Information and Correlation Coefficient
similarity measures. Since the Mutual Information and Cross
Correlation similarity measures both always return positive re-
sults, it must be negated when used in the cost function. So, for
Mutual Information,

g(x) = #MI (DRR(x), DRRref ) ,

where DRR(x) is a function returning the DRR when a trans-
formation x is used and DRRref is a reference image. The
same applies when using the Correlation Coefficient similarity
measure.

4. Results
4.1. Similarity performance

A similarity experiment was used to evaluate the effect of using
DRRs from various light slab configurations on the cost func-
tion of the optimiser. The effect was compared to the similarity
performance of ray casted DRRs.

The similarity measures peaked where the DRRs were most
similar and gradually worsened in a decreasing fashion when
DRRs were positioned further away from the reference DRR.

For the light field DRRs to be useful, we expect that the
similarity curves do not contain local minima or maxima (ex-
trema) and the location of the extremum must coincide with the
extremum of the ray casted DRRs.

The similarity measurements were taken for movements
along the six error dimensions as well as four other arbitrary
complex movements. The different error dimensions are all
limited to ±5mm or ±5". On the graphs all movements are
parameterised to the interval [0 . . . 1] and are expected to peak
at 1

2 . Figure 7 shows an example of one such test. In most of
the tests both the Correlation Coefficient as well as the Mutual
Information similarity measures performed quite well in terms
of the criteria set out initially. The curves does not contain lo-
cal extrema and the locations of the extrema coincide with the
extremum of the ray casted DRRs.
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Figure 7: Similarity measures for translations along the y and z
axes using DRRs generated from various light slab resolutions.

It is worth noting that the Correlation Coefficient similarity
measure were sometimes close to a straight line, having a range
of [0.995 . . . 1.00025]. Figure 8 shows an example. This makes
it susceptible to numerical errors which produces local extrema.
This behaviour was most prevalent for translations on thex axis,
which has a zoom or shrink affect on the resulting DRR.
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Figure 8: Similarity measures for translations along the x axis
using DRRs generated from various light slab resolutions.

4.2. DRR computation time performance

The tests were performed on a machine with the following spec-
ifications:

CPUs Two quad-core Intel Xeon CPUs running at 2GHz. This
effectively translates to eight processors.

RAM 2GB

Operating System Scientific Linux SL release 5.1 (Boron)
(based on Red Hat)

Compiler gcc version 4.1.2 20070626 (Red Hat 4.1.2-14)

Table 1 shows the average ray casting performance times
when using sequential compilation and when using parallelisa-
tion on the ray cast and light field algorithms.

RC LF PRC PLF
avg 2.781 0.439 0.450 0.056
& 0.023 0.001 0.004 0.001

Table 1: Generation time (s) of a 512$512 DRR using the Ray
Cast, Light Field, Parallelised Ray Cast and Parallelised Light
Field algorithms.

4.3. Light slab computation time

Although the light slab computation time is performed pre-
operatively and therefore does not add to the patient treatment
time, it is informative from a practical point of view to show that
these computation times are not excessive. A parallelised light
slab generation algorithm was used. The average computation
time of the light slabs are given in table 2.

Focal Res Image Res Min (s) Max (s) Avg (s)
32 $ 32 128 $ 128 10.352 38.106 21.494
32 $ 32 256 $ 256 41.063 108.216 72.302
32 $ 32 512 $ 512 160.915 338.579 260.800
64 $ 64 128 $ 128 43.112 156.291 87.766
64 $ 64 256 $ 256 163.989 418.143 285.329

Table 2: The computation times of light slabs with varying focal
and image plane resolutions.

The differences between the minimum and maximum light
slab computation times can be attributed to the fact that the ray
cast algorithm, which is used to generate the light slab, has a
computation time which is dependent on the complexity of the
scene. For certain configurations, most notably a DRR with
a view diagonally through the CT cube, the number of voxel
traversals is significantly higher than other configurations.

The maximum time measured in this experiment is approx-
imately 7 minutes for the light slab with a virtual image plane
resolution of 256$256 and a focal plane resolution of 64$64.
Being a pre-operative computation, it is completely acceptable.

4.4. Image registration performance

In this experiment we evaluated the effect of using light field
DRRs in an image registration algorithm compared to ray casted
DRRs. Each algorithm was tested in conjunction with the two
similarity measures and as in the similarity tests, a comparison
was made between solutions found using ray casted DRRs and
those found using the light field algorithm.

The tolerance of the line search method used by Powell’s
algorithm was 0.1. No tolerance was set on the value of the
cost function. The algorithm terminates when the absolute dif-
ference in all the individual dimensions of the solution are less
than 0.1mm or 0.1" from the previous solution.

The results are presented using the following definitions:
S The similarity measure used. The two options are:

M Mutual Information
C Correlation Coefficient

A The DRR generation algorithm used. The two options are:

R Ray Cast
L Light Field

' The total error.
Time The time (in seconds) required by the image registration

process.
It is important to note that, since the sizes of the search

spaces are 10mm (#5mm . . . 5mm) and 10" (#5" . . . 5"), a one
percent error in one of the dimensions translates to a real error
of 0.1mm and 0.1".

The SPG system aims to achieve sub-millimetre accuracy.
This is the aim of the image registration system as well, which
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means that errors larger than 10% are considered unacceptably
high.

The tests were performed using various light slab dimen-
sions. Also, solutions were varied to lie within the sampled
space and at the discontinuities in the cost function, which are
boundary cases. The results corresponded and an arbitrary sam-
ple is provided in table 3.

S A ' Time (s)
M L 0.35 29.19
M R 0.36 86.63
C L 1.83 14.51
C R 1.17 63.43

Table 3: Image registration performance for perturbations in all
dimensions.

4.4.1. Performance in terms of accuracy

The performance of the Mutual Information similarity measure
in terms of accuracy was very good. Most of the errors were
less than 1% and all errors were less than 2%.

The Correlation Coefficient similarity measure performed
badly when determining the x translation parameter. This is not
unexpected. It was seen in the similarity tests that the Corre-
lation Coefficient similarity measure performed poorly and this
reflects directly in the optimiser accuracy performance. All er-
rors were less than 6% and most were less than 2%. Disregard-
ing the x translation parameter, all the errors were smaller than
2% and in most cases the error was less than 1%, similar to the
Mutual Information similarity measure.

All tests using the light field algorithm performed well com-
pared to the tests using the ray cast algorithm, with accuracy that
was mostly in the same order of magnitude and sometimes even
better.

4.4.2. Performance in terms of computation time

In all the experiments the optimiser using the Correlation Coef-
ficient similarity measure combined with DRRs generated from
light slab performed the fastest, with registration times faster
than 21 seconds. The second fastest setup in all experiments
are the Mutual Information similarity measure combined with
DRRs generated from light slabs, with registration completing
in less than 40 seconds. This is almost double the worst case
time when using the Correlation Coefficient similarity measure,
but still a big improvement over the time taken for manual ver-
ification. It is important to note that in all experiments the op-
timisation processes using the light field algorithm always out-
performed those using ray casting.

5. Conclusions and future work
This study set out to find a DRR generation algorithm that is fast
and that, when used in conjunction with an image registration
algorithm, produces a fast, accurate and robust method for veri-
fying the patient position. The goal was to be able to accurately
determine the error in the patient position in under three min-
utes. A parallelised implementation of the light field algorithm
was shown to satisfy all the requirements.

Accurate registration is performed in under a minute and
the algorithm will automatically perform even better if more
CPUs are added to the machine on which it is executed. This

greatly improves the 7.5 minutes reported by Van der Bijl [3].
The parallelised light field algorithm performs roughly 50 times
faster than than the serial ray cast algorithm as proposed by Ja-
cobs [6]. This improvement did not directly translate to the
optimiser time, as the implementation in this study required
substantially more cost function evaluations than was the case
in [3].

An arbitrary definition of an unconstrained cost function
was used in the image registration implementation. This cost
function was shown to work with both the Mutual Informa-
tion and the Correlation Coefficient similarity measures. Al-
though the Mutual Information similarity measure took longer
to complete than the Correlation Coefficient similarity measure
in some cases, it produced lower errors overall. The definition
of the unconstrained cost function and possibly the parameters
used by the optimisation algorithm would be worthwhile areas
for further investigations.
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