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Abstract

At iThemba LABS1 we use a portal radiograph (PR) to
verify that the patient is in the correct position before proton
therapy is started. Automatic verification can be achieved by
using image registration techniques to compare digitally ac-
quired PRs and computer generated digitally reconstructed ra-
diographs (DRRs) to find the current position. This involves the
minimization of the match between the two images according to
the DRR view which is given by a 3D transformation consisting
of six parameters.
In this paper we assess the performance of five multi-
dimensional minimization methods in registering simulated
PRs and real PRs. It was found that the unit vector direction
set (UVDS) minimization method was able to robustly register
the simulated PRs with a high degree of accuracy and within a
reasonable amount of time. Preliminary experiments using real
PRs showed that the behaviour of the registration process is not
significantly different than for simulated PRs.

1. Introduction
At iThemba LABS’s proton therapy facilities we use a portal ra-
diograph (PR) to verify that the patient is in the correct position
before treatment is started. A portal radiograph is a radiograph
taken of the patient from the view of the treatment beam. The
existing verification system is based on the visual comparison of
a PR (taken on X-ray film) of the patient in the current treatment
position and a digitally reconstructed radiograph (DRR) of the
patient in the correct treatment position. This system is not only
of limited accuracy, but labour intensive and time-consuming.
Inaccuracies in patient position are detrimental to the effective-
ness of proton therapy, and elongated treatment times add to
patient trauma [4].
Currently, we are developing a new verification system that is
accurate, fast, robust and automatic. Automatic verification
is achieved by using image registration techniques to compare
digitally acquired PRs and computer generated DRRs to find
the current position. Each DRR is generated from the patient’s
computed tomography (CT) data and according to a 3D trans-
formation TDRR which specifies its view. The correct treatment
position is given by TDRR = 0. The transformation between
the correct and current position is given by Tcurrent. Hence,
when the transformation TDRR is a good estimate of Tcurrent,
the DRR view will resemble the view of the PR very closely.
Therefore an estimate of Tcurrent can be found by minimizing
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the objective function

P (TDRR) = M(PR, DRR(TDRR)) (1)

where PR is a PR of the patient in the current treatment posi-
tion, DRR(TDRR) the DRR with a view according to TDRR

and M a measure of how well the two images match.
The transformation TDRR is defined by

TDRR = {δx, δy , δz, δφ, δρ, δθ} . (2)

The translation parameters δx and δz are in-plane translations
and result in a horizontal and vertical shift in the DRR view.
The translation parameter δy is an out-of-plane translation and
results in a scaling of the DRR view. The rotation parameter
δρ is an in-plane rotation and rotates the view around the y-
axis. The parameters δφ and δθ are out-of-plane rotations and
result in rotations around the x- and z-axes respectively. While
small changes in the in-plane translations and rotation are easily
noticeable in the DRR view, this is not the case for the out-of-
plane translation and rotations. Detecting small changes in the
out-of-plane translation δy is particularly difficult, since it only
results in a small scaling of the DRR view.
From experience with the current verification system we know
that the error in patient position is limited, thus the sizes of the
three translation and three rotation parameters of Tcurrent are
expected to be less than 5mm and 5◦ each.
We found that an objective function which degrades smoothly in
the vicinity of the correct position can be created by comparing
10242 pixel PRs with 2562 pixel DRRs interpolated to 10242

pixels with the Mutual Information similarity measure (see [4]
for more details). P can therefore be approximated by a convex
function in the vicinity of the correct position. Since the local
minimum of a convex function is also the global minimum [1,
Chapter 1] and the range of possible deviations is limited, we
will concentrate on Local minimization.

2. Minimization methods considered
There are two fundamental strategies for solving the uncon-
strained minimization problem. One is the line search strategy,
and the other is the trust region strategy [1, Section 2.2]. While
many methods based on both these strategies exist, all the meth-
ods we implemented are based on the line search strategy. The
line search strategy was chosen over the trust region strategy be-
cause of its simplicity and the fact that not all of the line search
methods require the calculation of the objective function’s gra-
dient [1, Section 2.2]. The line search strategy can be briefly
described as follows:

• Start at some initial point p0 in the multi-dimensional
space



• Calculate a new point pnew that has a lower objective
function value by proceeding a distance of λ along some
direction n in the multi-dimensional space

• Keep calculating new points until one of the stopping
criteria is met.

Multi-dimensional minimization algorithms based on the line
search strategy differ in the way that the step size λ and the
direction n are calculated. They are broadly divided into al-
gorithms that use only the objective function values and algo-
rithms that use both the objective function values and the first
derivative of the objective function for calculating the direction
n. Algorithms that use the derivative of the objective function
for calculating n are called gradient based methods.
The step size λ can be set to a fixed value calculated in some
heuristic way. Choosing a too small step size will leave the al-
gorithm proceeding very slowly to the minimum, while choos-
ing a too large step size might let the algorithm jump over the
minimum.
Another way to calculate λ is to do a one-dimensional line
minimization along the direction n. Since λ is calculated au-
tomatically and accurately in this way, it is the method that
will be used for all the minimization algorithms investigated.
One-dimensional paths through the parameter space of P can
be roughly approximated by parabolic functions [4]. Therefore,
one-dimensional minimization based on fitting a parabolic func-
tion to the objective function values along the line that needs to
be minimized, can be used. Since the function values are close
to parabolic the minimum of the line will be close to the mini-
mum of the parabolic function [2, Section 10.2].
The gradient based minimization algorithms must be able to
calculate the gradient of the objective function at any arbitrary
point. Since the evaluation of P is expensive, the very simple
forward difference method (see [2, Section 5.7]) that uses only
one additional function evaluation is used to calculate the gra-
dient at a certain point.
We implemented two non-gradient based methods and three
gradient-based methods to investigate how they perform. This
is therefore not an exhaustive investigation of all available min-
imization approaches, but only of a few reasonable ones.

2.1. Unit vector direction set (UVDS) method

This method sets the N dimensional direction vector n in
which the line minimization is to be done to each of the unit
vectors e1, e2,...,eN in turn. This method for setting n is very
simple, but performs very well if the function behaves properly.
According to [2, Section 10.2] this method does not perform
well when a function of N dimensions has directions whose
second derivatives are much larger in magnitude than some of
the other directions. If this is the case, many cycles through all
N unit vectors will be required in order to get anywhere.

2.2. Powell’s direction set (PDS) method

For functions that are not well-behaved (e.g. functions that have
long narrow valleys), a better set of directions is needed than the
unit vectors. A set of directions is needed where minimization
along the one direction is not “spoiled” by a minimization along
a subsequent direction. Such “non-interfering” directions are
conventionally called conjugate directions. Powell first discov-
ered a direction set method that produces N mutually conjugate
directions [2, Section 10.5]. The algorithm is as follows:

1. Initialize the set of directions ni to the unit vectors:

ni = ei i = 1, . . . , N

2. Now repeat the following basic procedure until the stop-
ping criteria are met:

• Save starting position p0

• For i = 1, . . . , N , minimize pi−1 along ni to get
pi

• For i = 1, . . . , N − 1, set ni ← ni+1

• Set nN ← pN−p0

• Minimize from pN along nN to get new p0

The problem with this algorithm is that, because at each itera-
tion of the basic procedure n1 is replaced with pN−p0, it tends
to produce directions that are linearly dependent. This results
in the algorithm finding a minimum in only a subspace of the
N-dimensional space. This problem is fixed by resetting the set
of directions to the unit vectors after every N iterations of the
basic procedure.

2.3. Steepest descent (SD) method

This method, together with the following two methods, are gra-
dient based minimization methods. The idea behind these meth-
ods is that the gradient information can be used to reach the
minima of the objective function with fewer line minimizations.
The SD method uses the gradient ∇P of the objective function
directly [2, Section 10.6]. The algorithm is as follows:

1. Start at some initial point p0

2. Move from the current point pi to a new point pi+1 by
minimizing along the local downhill gradient −∇P (pi)

3. Repeat the step above until the stopping criteria are met.

The problem with the SD method is the same as for the UVDS
method, i.e. it performs very poorly when the objective function
has long narrow valleys or is ill-behaved in a similar way.

2.4. Fletcher-Reeves-Polak-Ribiere (FRPR) conjugate gra-
dient method

To overcome the problems of the SD gradient based method, the
direction proceeded in from a new point should not be down the
new gradient, but in a direction that is conjugate to the old gradi-
ent, and insofar possible, conjugate to all the previous directions
followed [2, Section 10.6]. Such methods are called conjugate
gradient methods. The conjugate gradient method by Fletcher
and Reeves is based on the notion that the objective function P
at the point p is roughly approximated as the quadratic form

f(x) ≈ c − bT · x +
1

2
xT · A · x (3)

where

c ≡ f(p) b ≡ −∇f
∣∣
p

[A]ij ≡
∂2f

∂xi∂xj

∣∣∣∣
p

. (4)

The gradient of this function is

∇f = A · x− b (5)

and the change in the gradient ∇f when moving in some direc-
tion is

δ(∇f) = A · (δx). (6)



The condition that a new direction ni must hold in order not to
“spoil” the minimization along the previous direction ni−1, is
that the change in gradient be perpendicular to the previous di-
rection [2, Section 10.6].
The conjugate gradient method constructs two sequences of
vectors by starting with an arbitrary initial vector g0 (and let-
ting h0 = g0) and then using the recurrence

gi+1 = gi−λiA·hi hi+1 = gi+1−γihi for i = 0, 1, 2, . . .
(7)

These vectors satisfy the orthogonality and conjugacy condi-
tions

gT
i ·gj = 0 hT

i ·A·hj = 0 gT
i ·hj = 0 j < i (8)

The scalars λi and γi are given by

λi =
gT

i · gi

hT
i · A · hi

=
gT

i · hi

hT
i · A · hi

(9)

γi =
gT

i+1 · gi+1

gT
i · gi

(10)

If the Hessian matrix A was known, then Equation 7 could have
been used to find successively conjugate directions hi along
which to line minimize. Since the Hessian matrix A is not
known, another way must be found to generate the vectors gi

and hi. As shown in [2, Section 10.6],
If the gradient of the function f can be calculated so that

gi = ∇f(pi) for some point pi, and f (which is a quadratic
form) is minimized along the direction hi to obtain a new point
pi+1, then the vector gi+1 = ∇f(pi+1) is the same vector as
would have been constructed by Equation 7.

In this way a sequence of vectors gi and hi can be generated
without knowledge of A. The initial vectors g0 and h0 are set to
be the downhill gradient at p0.

The Polak-Ribiere variant of this algorithm introduces one
change in the Fletcher-Reeves algorithm by using

γi =
(gi+1 − gi)

T · gi+1

gT
i · gi

(11)

instead of Equation 10. This change is believed to help the al-
gorithm when the function is not exactly a quadratic form by
resetting h to the local gradient when the algorithm runs out of
steam [2, Section 10.6].

2.5. Broyden-Fletcher-Goldfarb-Shanno (BFGS) quasi-
Newton method

The basic idea behind the quasi-Newton method, also called the
variable metric method, is to build up a good approximation to
the inverse Hessian matrix [2, Section 10.7]. Hence, a sequence
of matrices Hi will be constructed with the property

lim
i→∞

Hi = A−1 (12)

Near the current point xi, the function is given to the second
order by

f(x) = f(xi) + (x−xi)
T ·∇f(xi) +

1

2
(x−xi)

T ·A ·(x−xi)

(13)
of which the gradient is

∇f(x) = ∇f(xi) + A · (x− xi). (14)

According to Newton’s method, the function will have a mini-
mum at ∇f(x) = 0, and thus the next iteration point can be
calculated as

x − xi = −A−1 ·∇f(xi) (15)

The left hand side is the finite Newton step that will take the
algorithm to the exact minimum of the function when it is in
quadratic form. This step is known once an accurate estimate of
the Hessian is accumulated, i.e. H ≈ A−1.

The BGFS method as taken from [2] for updating H is

Hi+1 = Hi +

(xi+1 − xi) · (xi+1 − xi)
T

(xi+1 − xi)T · (∇fi+1 −∇fi)
−

[Hi · (∇fi+1 −∇fi)] · [Hi · (∇fi+1 −∇fi)]
T

(∇fi+1 −∇fi)T ·Hi · (∇fi+1 −∇fi)
+

[
(∇fi+1 −∇fi)

T · Hi · (∇fi+1 −∇fi)
]

u · uT .(16)

The vector u is defined as

u ≡ (xi+1 − xi)

(xi+1 − xi)T · (∇fi+1 −∇fi)
−

Hi · (∇fi+1 −∇fi)

(∇fi+1 −∇fi)T ·Hi · (∇fi+1 −∇fi)
. (17)

The algorithm is started with H as the N ×N identity matrix.
As stated when the calculation of λ was discussed in the be-
ginning of this section, taking the full Newton step will not al-
ways result in a lower function value, e.g. when a too large step
makes the quadratic approximation invalid. For this reason the
new point is calculated by doing a line-minimization along the
Newton direction.

3. Experiments and Results
Two datasets were used to investigate the performance of the
five minimization methods. We first investigated the perfor-
mance of the methods with simulated PRs. The simulated PRs
are created from DRRs as described in [4]. The DRRs for these
experiments were created from the same CT data as the DRRs
used for the simulated PRs. Recently, real PRs became available
from the digital X-ray system to be used by iThemba LABS. We
investigated if the behaviour of the registration process with the
real PRs is comparable with that of the simulated PRs.

3.1. Simulated PRs

Each simulated PR is created according to a transformation
Tsimulated, which simulates an error in position. The error be-
tween the current estimate of the error (calculated by the mini-
mization method) and the true error can therefore be represented
by the Euclidian distance between the two vectors:

Total error =
√

(pcurrent −Tsimulated)2. (18)

As already stated, the errors in position are small. A good start-
ing point for the minimization methods is therefore p0 = 0. The
Euclidian distance between two points (E =

√
(pk − pk−1)

2)
is recorded for each new point calculated by the minimization
method. The UVDS and PDS methods are stopped when the
accumulated Euclidian distance of the last five points is above
0.1 and 0.005 respectively. The SD, FRPR and BFGS methods
are stopped when the accumulated Euclidian distance of the last
three points is above 0.005, 0.005 and 0.05 respectively (see [4]



Table 1: General performance of the minimization methods.

Method Statistic Total P Line Ave evals Time Total
error evals mins per line min (minutes) error > 1

UVDS Mean 0.38652 96.38 20.1 4.806 5.7328 0
Std dev 0.070001 17.2353 3.57 0.28281 1.0408

Max 0.5672 135 25 5.4667 8.069
Min 0.23941 49 10 4.25 2.8871

PDS Mean 1.3817 120.52 28.04 4.3341 7.2282 28
Std dev 0.92553 40.2367 10.0223 0.31519 2.462

Max 4.4754 203 54 5.3889 12.5344
Min 0.31694 72 18 3.7037 4.2593

SD Mean 1.0119 96.38 10.36 9.8996 5.9814 16
Std dev 0.62266 26.5986 2.8554 0.40078 1.5784

Max 3.9759 159 16 10.875 9.2893
Min 0.39676 58 6 9.1667 3.4171

FRPR Mean 0.71768 127.06 12.76 9.9714 7.4545 5
Std dev 0.33922 24.6861 2.5759 0.38215 1.4948

Max 2.2396 192 21 10.8667 11.3711
Min 0.20019 80 8 9.0769 4.6843

BFGS Mean 0.54794 177.5 18.66 9.5582 10.399 2
Std dev 0.23185 28.6037 3.3843 0.43644 1.6991

Max 1.7527 209 23 10.5 12.9616
Min 0.2525 105 10 8.5625 6.0719

for more detail).
It was found that the out-of-plane translation δy is very difficult
to register when using the simulated PRs [4], and it was there-
fore excluded during the minimization process.
To investigate the performance of the five minimization meth-
ods, all the methods were used to minimize P constructed with
50 different simulated PRs. These PRs were all generated from
the same CT data and with the same reference position, but with
different simulated errors. The parameters of Tsimulated were
set to random numbers from the range -5mm to 5mm (for the
translation parameters) and -5◦ to 5◦ (for the rotation parame-
ters). A limit of 200 was set on the number of function evalu-
ations that each method could use. This was done to limit the
total time needed to conduct the experiment. A misregistration
is defined as a registration which has a total error that exceeds
the accuracy-limit of 1.0.
The results of the experiment is given in Table 1. The UVDS
method performed very well with all the 50 simulated PRs, and
showed no misregistrations. It showed a very good average total
error of 0.38652 with a standard deviation of only 0.070. The
maximum total error for a PR is only 0.5672 and the minimum
0.23941.
The PDS method performed the worst with an average total er-
ror of 1.3817 and 28 misregistrations. It shows a large standard
deviation in its total error.
The SD method’s performance is not very good. It shows an
average total error of 1.0119 with a maximum total error of al-
most 4. From the 50 simulated PRs, 16 has a total error of over
the accuracy-limit of 1.
The FRPR and BFGS performed similarly. While the average
total error of 0.54795 of the BFGS method is a bit better than
the 0.71768 of the FRPR method, it also takes about 50 more
function evaluations on average. The FRPR method could not
register 5 of the 50 PRs and the BFGS 2 of the 50 PRs. The
standard deviation in the total error of the two methods (0.339
for the FRPR and 0.231 for the BFGS) are also relatively close.
While the accuracy of the UVDS is better than any of the other
methods, the average time of 5.73 minutes needed to do a min-
imization is also the lowest of all the methods.
It is interesting to note that the average function evaluations per
line minimization for the three gradient based methods (9.89,

Figure 1: Examples of four different reference positions

9.97 and 9.55) are all higher than that for the non-gradient based
methods (4.80 and 4.33) by about 5 evaluations. This is the
5 extra function evaluations required to calculate the gradient
for each line minimization. This is also the reason why the
gradient based methods use more function evaluations than the
non-gradient based UVDS method despite the fact that they use
fewer line minimizations.

To find out if the UVDS method’s good performance is de-
pendent on the particular reference position, it was used to reg-
ister 10 simulated PRs with randomly different simulated errors
(in the ranges of -5mm to 5mm and -5◦ to 5◦) around 11 differ-
ent reference positions. Figure 1 shows four examples of the 11
different reference positions used.
The results of the experiment is given in Table 2. The average
total errors for all the reference positions are very close to each
other. The maximum average total error is 0.41989 and the aver-
age total error over all 110 values is 0.37252. This value is very
similar to the 0.38652 for the previous experiment. The stan-



PR DRR

Figure 2: Real PR and corresponding DRR

dard deviation of 0.08703 is also very similar to the 0.070001.
The maximum total error over all the PRs is 0.61542 and oc-
curred for reference position 4.
The average number of function evaluations needed for a refer-
ence position varied from 96 for reference position 6 to 132.4
for reference position 3. The average number of function eval-
uations needed over all 110 PRs is 111.84, which translates to
about 7.5 minutes.
The accuracy of the method and the number of function evalua-
tions needed to complete the minimization process are thus not
profoundly affected by using different reference positions, and
there were no misregistrations for the whole set of 110 PRs.

3.2. Real PRs

PRs were taken of a human skull phantom, which consists of a
skull that is set in foam inside a perspex cube. An example of a
real PR and corresponding DRR is shown in Figure 2. During
the acquisition of the PRs, the cube was positioned with a lim-
ited degree of accuracy on the treatment chair of one of iThemba
LABS’s treatment rooms. The exact value of the cube’s position
pcurrent is therefore unknown. To get some measurement of
the accuracy of the image registration process, it was decided to
measure relative changes in position. This was possible because
the treatment chair can be used to alter the position of the cube
very accurately along the x-, y- and z translation axes and the θ
rotation axis. Unfortunately the movement of the current treat-
ment chair is limited and the cube could not be rotated around
the φ- and ρ rotation axes with the setup used.
A reference PR (PRref ) was created with the cube positioned
as close as possible to pref = 0. Five additional PRs were taken
by translating and rotating the cube as follows:

• PRδx corresponding to pδx
= pref + [δx 0 0 0 0 0]

• PRδy corresponding to pδy
= pref + [0 δy 0 0 0 0]

• PRδz corresponding to pδz
= pref + [0 0 δz 0 0 0]

• PRδθ
corresponding to pδθ

= pref + [0 0 0 δθ 0 0]

• PRδall
to pδall

= pref + [δx δy δz δθ 0 0]

• PRδall−no−y
to pδall−no−y

= pref + [δx 0 δz δθ 0 0]

Translations and rotations of 5mm and 5◦ were used. These
are extreme deviations, and in practice they are expected to be
smaller.
The position pref was estimated by minimizing the objective
function P given in Equation 1 (with PR = PRref ) using the
UVDS method. Because nothing was known about the robust-
ness of the UVDS method when using real PRs, the objective

function was minimized ten times. For each of these minimiza-
tions the six parameters of the starting point of the UVDS algo-
rithm were chosen to be random numbers from the range -5mm
to 5mm (for the translation parameters) and -5◦ to -5◦ (for the
rotation parameters).
All the minimizations stabilized at final positions which are
very close to each other, which mean that the UVDS method
performs very consistently with the real PRs. The value of each
of the components of pref is set to the average of their ten esti-
mated values: pref = [-3.1776 17.5708 -0.0047 -0.0238 -0.1141
-1.0022]. The value of 17.5708mm for δy is much higher than
the other components of pcurrent. This is because of inaccura-
cies in the positioning of the cube. Since only relative changes
in the cube’s position are important during the experiments, this
high value for δy does not have any effect.
To measure the relative change in position, the positions of
each of the additional six PRs were estimated by exchanging
PR in turn with PRδx , PRδy , PRδz , PRδθ

, PRδall
and

PRδall−no−y
in Equation 1 and then minimizing P .

Table 3 shows the results of the minimizations. The estimations
of pδx , pδy , pδz , pδrot , pδall

and pδall−no−y
which correspond

to the positions of the six additional PRs are given. The esti-
mated relative change in position, calculated as the difference
between the estimated position and the position of the reference
PR is also given, with the particular component(s) under inves-
tigation in bold. The total error is calculated as the Euclidian
distance between the estimated relative change in position and
the real relative change in position specified during the acqui-
sition of the PRs. The number of function evaluations and line
minimizations used by the UVDS method for each minimiza-
tion are also shown.
The δx, δy and δz values of 5.0514mm, 4.830mm and
4.8932mm for pδx , pδy and pδz are very close to the correct
value of 5mm. The other components (with the exception of δy

for pδx and pδz ) are also very close to their correct values of
0mm and 0◦. The UVDS method is therefore very good in de-
tecting relative translational changes in the position of the phan-
tom.
For pδrot the value of 4.6467◦ for δθ is close to the correct
value, but the values of -1.3966mm and 1.6184mm for the trans-
lation parameters δx and δy are not as close to their correct val-
ues of 0mm each. The image registration process is therefore
able to detect rotations of the skull phantom around the z-axis,
but with a resulting total error that is larger than for the detec-
tion of pure translations.
The δx, δy, δz and δθ values of 3.8708mm, 2.2643mm,
4.4934mm and 4.5489◦ respectively for pδall

shows that the im-
age registration process are able to detect when the skull phan-
tom is simultaneously translated and rotated along and around
the particular axes. The accuracy of the out-of-plane translation
is the worst, with a difference of 2.7357mm from the correct
value of 5mm. The accuracy of δx is a bit lower than that of δz

and δθ , with a difference of 1.1292mm compared to 0.0566mm
and 0.4511◦.
The results for pδall−no−y

shows that the accuracy of the image
registration process was not improved when excluding the out-
of-plane translation δy , which was the case for the simulated
PRs. The total error of pδall−no−y

is in fact a bit higher than
the total error of 1.2323 for the same components when includ-
ing δy . The 407 function evaluations used when including δy

is, however, much higher than the 163 used without δy .
The results of the experiments with the real PRs of the

skull phantom show that the image registration process is
very accurate in detecting relative translational changes in the



Table 2: Performance of UVDS with different reference positions.

Reference Total error Total error Total error Total error Total Evals
position mean std. dev. max min error > 1 mean
Ref pos 1 0.38219 0.069404 0.519 0.27425 0 122.1
Ref pos 2 0.40223 0.08865 0.57528 0.29022 0 106
Ref pos 3 0.3781 0.12299 0.50491 0.14451 0 132.4
Ref pos 4 0.40346 0.10811 0.61542 0.27851 0 112.8
Ref pos 5 0.35226 0.064707 0.48691 0.27893 0 112.5
Ref pos 6 0.33868 0.081119 0.49917 0.21752 0 96
Ref pos 7 0.36085 0.059342 0.45122 0.23586 0 114.3
Ref pos 8 0.35783 0.07369 0.50222 0.25852 0 109.8
Ref pos 9 0.41989 0.056109 0.52822 0.33967 0 107.2
Ref pos 10 0.34547 0.073194 0.46479 0.26331 0 104.6
Ref pos 11 0.35671 0.127 0.57401 0.17014 0 112.6

Total 0.37252 0.08703 0.61542 0.14451 0 111.8455

Table 3: Results of relative change in position.

δx δy δz δθ δφ δρ Total error Total error excl. δy Evals Line mins
pδx -8.2290 18.5460 0.0580 -0.0506 -0.1482 -0.9956

pδx - pref 5.0514 -0.9752 -0.0627 0.0268 0.0341 -0.0066 0.9795 0.0922 171 42

pδy -3.0493 22.4007 0.0513 -0.2060 -0.1444 -1.0527
pδy - pref 0.1283 4.8300 0.0560 -0.1823 -0.0303 -0.0504 0.2919 0.2373 95 24

pδz -3.0859 18.6312 -4.8979 0.1427 -0.0391 -1.0712
pδz - pref -0.0918 -1.0605 4.8932 -0.1665 -0.0750 0.0689 1.0875 0.2407 426 78

pδrot -1.7811 15.9524 0.1115 -4.6714 0.0562 -0.9901
pδrot - pref -1.3966 1.6184 -0.1163 4.6467 -0.1703 -0.0121 2.1765 1.4553 204 48

pδall
-7.0485 19.8351 -4.9481 -4.5727 0.0775 -1.0111

pδall
- pref 3.8708 2.2643 4.9434 4.5489 -0.1916 0.0088 3.0004 1.2323 407 78

pδall−no−y
-6.7320 17.5708 -4.7490 -4.7851 0.0985 -0.9900

pδall−no−y
- pref 3.5544 0 4.7443 4.7613 -0.2126 -0.0122 1.5025 163 35

position of the phantom. The detection of relative rotational
changes and changes which combine relative translations and
rotations are not as accurate as for pure translational changes,
but still of acceptable accuracy.

4. Conclusions
It was found that because P performs very similarly for each of
the six parameters of TDRR, the UVDS method performs very
well. The gradient based minimization methods are hampered
by the calculation of the gradient, which is difficult to calculate
accurately because of noise (caused by the discrete data used to
generate the DRRs) on the objective function.
The UVDS method was able to minimize the objective function
in an average of 111 function evaluations to achieve an average
error in each parameter of TDRR that is less than 0.25mm and
0.25◦.
The UVDS method was also very robust, with zero of the 110
minimizations having an error above the accuracy-limit.
With the current DRR implementation, verification using the
UVDS method takes about 7.5 minutes. iThemba LABS is cur-
rently developing faster DRR implementations. If DRRs can
be generated in 0.5 seconds (which is realistic for sophisticated
DRR algorithms), the registration process can be used to verify
patient position in under a minute. No user input is required
during the minimization process. The result is therefore a veri-
fication process that is accurate, fast, robust and automatic.
It was recently possible to acquire PRs with the digital X-ray
system to be used by iThemba LABS. We investigated whether
the performance of the UVDS method when registering real
PRs is comparable to the good performance achieved with the
simulated PRs.
It was found that pure relative translations in all three direc-

tions could be registered with the same accuracy as the sim-
ulated PRs. The pure relative rotation and combined relative
translations and rotation were less accurate, but still of accept-
able accuracy.
These first experiments on using real PRs indicates that the be-
haviour of the registration process is not significantly different
than when using the simulated PRs.

4.1. Future work

The effect that deviations in the other two rotation parameters
have on the accuracy of the registration process needs to be in-
vestigated. This, together with a wider range of positions for
the skull phantom, can be investigated when the new patient
positioning system of iThemba LABS is operational. Accurate
values for pcurrent can be obtained with this system, which
eliminates the need for measuring relative changes in position.
The registration of PRs obtained from objects other than the
skull phantom need to be investigated.
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