
V
a

L
a

b

a

A

R

R

A

K

M

D

B

M

M

Q

Q

P

A

S

R

R

1

S
i
o
R
l
f
t
r
b

0
d

c o m p u t e r m e t h o d s a n d p r o g r a m s i n b i o m e d i c i n e 9 2 ( 2 0 0 8 ) 173–185

journa l homepage: www. int l .e lsev ierhea l th .com/ journa ls /cmpb

alidation of mutual information-based registration of CT
nd bone SPECT images in dual-isotope studies

isa Tanga,∗, Ghassan Hamarneha, Anna Cellerb

Medical Image Analysis Lab, School of Computing Science, Simon Fraser University, Canada
Medical Imaging Research Group, Department of Radiology, University of British Columbia, Canada

r t i c l e i n f o

rticle history:

eceived 2 October 2007

eceived in revised form 7 June 2008

ccepted 8 June 2008

eywords:

ulti-modality registration

ual-isotope studies

one SPECT

utual information

ulti-resolution

ualitative evaluation

uantitative validation

a b s t r a c t

The registration of computed tomography (CT) and nuclear medicine (NM) images can sub-

stantially enhance patient diagnosis as it allows for the fusion of anatomical and functional

information, as well as the attenuation correction of NM images. However, irrespective of the

method used, registration accuracy depends heavily on the characteristics of the images that

are registered and the degree of similarity between them. This poses a challenge for regis-

tering CT and NM images as they have very different characteristics and content. To address

the particular problem of registering single photon emission computed tomography (SPECT)

oncology studies with corresponding CT, we have proposed to perform a dual-isotope study

with simultaneous injection of a tumor tracer and a bone imaging agent to obtain a tumor

SPECT and a bone SPECT image that are inherently registered. As bone structures are gener-

ally visible in both CT and bone SPECT, performing registration of these images will be more

easily attainable than registration of CT and tumor SPECT. By subsequently applying the spa-

tial transformation determined from this registration to the tumor SPECT acquired from the
recision

ccuracy

ensitivity

obustness

eproducibility

same dual-isotope study, the optimal alignment between the CT and tumor SPECT images

can be obtained. In this paper, we present the proof-of-concept of the proposed approach,

the MI-based algorithm employed, and the techniques used to select the algorithm’s param-

eters. Our objectives are to show the feasibility of CT and bone SPECT registration using this

algorithm and to validate quantitatively the results generated using clinical data.

will likely help to resolve these issues. As CT images contain
. Introduction

PECT is a widely available clinical diagnostic technique used
n the assessment of cardiac, renal, pulmonary and other
rgan functions as well as the diagnosis of many diseases.
ecently, SPECT has also been gaining importance in onco-

ogical diagnosis [1,2] and radiotherapy planning [3]. SPECT
unctional images, however, often lack anatomical informa-

ion, which is necessary to localize disease sites [4] and have
elatively poor resolution [5] due to the effect of collimator
lurring. In addition, their diagnostic and quantitative accu-
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racies are affected by photon attenuation and scatter in the
body [6,7]. Without proper attenuation and scatter correc-
tion, tumors located at different depths will show different
radiotracer uptakes, leading to significant errors in diagnosis,
internal dosimetry calculations, tumor staging, radiotherapy
planning and treatment evaluation.

Accurate registration and fusion of SPECT and CT images
detailed anatomical information, SPECT-CT fusion provides
localization information needed for better interpretation of
SPECT data. Moreover, because CT measures tissue density

erved.
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distribution, these images can be converted into attenuation
maps and be used for attenuation and scatter correction of
SPECT data [5,6]. Lastly, by incorporating information from
the co-registered CT image into the SPECT reconstruction pro-
cedure, we can also improve the spatial resolution of SPECT
[8,9].

In recent years, SPECT-CT and PET-CT multi-modality
imaging systems, designed to solve misregistration of data,
have become available [10]. However, as these systems acquire
CT and SPECT images sequentially, the obtained images
can still be misregistered due to patient motion during or
between scans [2,11,12]. In fact, Goetze and Wahl [13] showed
that 42% of a sample of 60 patient cases had moderate
to severe misregistrations and Schulz et al. [14] demon-
strated that misalignment between SPECT and CT images
may lead to significant errors in attenuation correction,
thereby introducing errors in quantification as well as clini-
cal diagnosis. Consequently, registration techniques are still
needed.

In refs. [15,16], we proposed the use of an additional bone
SPECT scan to facilitate the registration of tumor SPECT and
CT. As bone SPECT contains more identifiable features that
is correlated to CT than tumor SPECT, preliminary results
presented in these work show that a MI-based algorithm
can perform bone SPECT-CT registration effectively. The aim
of this work is to perform more extensive investigations of
the proposed method and thorough validation of the reg-
istration algorithm employed. To this end, seven sets of
carefully chosen bone SPECT and CT studies in the pelvic,
thoracic, and spinal regions were registered and the results
were evaluated through human assessment. Additionally,
cross-validation and reproducibility tests were performed
to assess the accuracy, sensitivity and robustness of the
algorithm when employed to register CT and bone SPECT
images.

2. Background

Numerous software-based methods for multi-modal image
registration have been proposed [7,17,18]; these are usually
classified as image-, feature-, or surface-based approaches.
However, for the more challenging cases of registration involv-
ing the regions studied in this work (i.e. thoracic and pelvic
images), these are mostly feature-based. In ref. [19], Forster
et al. registered SPECT and CT pelvic images with inter-
nal and external markers. Because their method requires
the use of manually selected points, registration accuracy is
highly operator-dependent. In ref. [20], Cai et al. extracted
contours of the lungs in PET and CT images and registered
these features using the chamfer-matching technique with
the cost function defined as the arithmetic means of distance
between the two surfaces. As their method relies on the use
of extracted contours, an imperfect segmentation could lead
to high registration inaccuracy. Similarly, Hamilton et al. [21]

extracted vascular structures to register CT and SPECT pelvic
images. As these features were also extracted through human
intervention, reproducibility of the method suffers, and
hence, the accuracy and robustness of their method are also
limited.
b i o m e d i c i n e 9 2 ( 2 0 0 8 ) 173–185

In contrast, automated intensity-based methods, although
more computationally demanding, are usually more robust
than feature-based techniques [22,23]. These methods involve
quantifying the similarity between two images to be regis-
tered using full image content. Previously proposed measures
for multi-modality registration include statistical correlation
and information theory based measures [24,25]. These have
been mostly used for MRI-CT and PET-CT registrations. In
the last decade, mutual information (MI) has been widely
used as the similarity measure due to its proven versatil-
ity [10,22,26]. It has been applied to the registration of brain,
thoracic, pelvic, and abdominal images involving different
modalities [25,27,28]. The success of MI-based methods is
often attributed to its ability to measure the statistical depen-
dence between two images and thus, requires no assumption
about the explicit relationship between the image intensity
values in both modalities. However, MI is only robust when
both images contain identifiable and corresponding features
[26,29]. This condition is not always fulfilled. For example,
when registering CT with SPECT, the functional informa-
tion in SPECT often does not correspond to the anatomical
information in CT. This situation is often seen in diagnostic
oncology studies (e.g. [4]) where tracer uptake is, by design,
high at tumor sites but low, or very low in other body
regions.

To remedy this situation, we have proposed [15,16] to
replace the standard single-isotope SPECT tumor study with
a dual-isotope acquisition following a simultaneous injec-
tion of a tumor tracer and a bone imaging agent. As these
tracers emit photons with different energies, two separate
but inherently registered images will be reconstructed from
this acquisition: the tumor SPECT and the bone SPECT. While
they both suffer from poor resolution, the bone SPECT does
show visible and identifiable bone structures, which are also
present and easily identifiable in CT images. Thus, bone SPECT
will contain more information that is correlated to CT than
tumor SPECT does, thereby facilitating the process of regis-
tration. This approach not only helps to identify potential
bone metastases associated with primary tumor or mus-
culoskeletal disorders, but can expedite diagnosis because
bone SPECT is often found necessary after the tumor SPECT
acquisition.1

Because the dual-isotope studies that we have proposed
require an additional injection of bone radiotracer, meaning
additional dose to the patient, they will only be performed
when the feasibility of our approach is fully proven and med-
ical situation of the patient justifies this additional injection.
As a result, the clinical datasets used in this work con-
sist of CT and bone SPECT images only. Accordingly, the
current work provides a proof-of-concept of the proposed
imaging/registration method and presents the qualitative and
quantitative validation techniques that we have used to assess
the algorithm’s precision, robustness, and sensitivity. The set
of parameters and the empirical techniques that we used to
fine-tune these parameters are also reported to allow for the
replication of our method.
1 Performing a dual-isotope study instead of acquiring two inde-
pendent SPECT scans can be seen as a more efficient procedure.
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Fig. 1 – The multi-resolution pipeline. The basic
components of the multi-resolution pipeline for registering
f (CT) and m (SPECT). First, f is resampled to an isotropic
volume with voxel size vsize (1.53– 2.33 mm3). Next, two
sets of smoothed and down-sampled images are
constructed from f and m according to the set of
down-sampling factor Sx, Sy, Sz (for x, y, z dimensions
respectively). A rough alignment T is then applied to m
before input into the registration algorithm. During
registration, the metric parameterized by the number of
bins nbins and sample size nsamples is optimized using a
maximum step size of �max. Optimization ends when the
computed step-size (details in Section 4.1.1) is smaller than
c o m p u t e r m e t h o d s a n d p r o g r a m s

. Design considerations

fter our method is validated and relevant ethical approval
s obtained, we may apply our method to real clinical tri-
ls. A typical clinical routine maybe devised as follows. A
atient with symptoms of a cancerous disease often has CT
can done in order to identify tumor location. Additionally, a
unctional SPECT study may be performed to stage this tumor
y evaluating radiotracer uptake. Often, a third, bone SPECT
tudy is done to check for possible metastatic spread of the
umor. Here, we propose to replace these two independent
tudies with a dual-isotope SPECT study. The tumor tracer will
e labeled with an isotope relevant to the type of tumor to
e studied (e.g. 111In, 123I or 131I) while the bone tracer will
e methylene diphosphonate labeled with 99mTc. A standard
omographic acquisition will be performed with energy win-
ows that correspond to the isotopes used. For isotopes with
lose energies, offset windows will be used to minimize cross-
alk. Once the CT and bone SPECT images are acquired and
ubsequently registered, the computed transformation will be
pplied to the tumor SPECT for image fusion. Furthermore,
e can use the CT image to generate attenuation map to be
sed in a second reconstruction to correct for attenuation and
catter effects in both SPECT images. Additionally, if deemed
ecessary, cross-talk may be corrected using the DI-SPECT
ethod described in ref. [30].

. Computational methods and system
escription

.1. Registration algorithm

mage registration can be formulated as an optimization pro-
ess in which spatial transformations are applied iteratively
o the moving image m until it is most similar to the fixed
mage f. In our work, we seek the parameters of a rigid-body
ransformation by optimizing the mutual information similar-
ty metric between f and m using a gradient descent algorithm.
he schematic view of our algorithm is presented in Fig. 1. We
ow describe the details of each of its components.

.1.1. Mutual information similarity metric
egistration is achieved when a spatial transformation brings
into correspondence to f. In this work, the optimality of the

ransformation is measured by the mutual information met-
ic. The mutual information MI of f and m describes how well
ne image explains another image [31]. Formally, the MI of

mages f and m is:

I(f, m) = H(f ) + H(m) − H(f, m) (1)

here H(f ) and H(m) are the marginal entropies of f and m,
espectively, and H(f, m) is their joint entropy. In registering f

o m, our goal is to find T∗ that maximizes MI between f and
(T(x)):

∗ = argmaxTMI[f (x), m(T(x))] (2)
�min or until the number of iterations executed has
exceeded the specified value (niterations).

where x is the spatial coordinates of a voxel and T represents
a transformation model.

In calculating H(·), Parzen Windowing [29] is used to estimate
the marginal and joint probability distribution functions h(·).
We achieve this by drawing a set of random samples si at spa-
tial coordinates xi and superpositioning a function R centered
on each si. For example, to approximate h(f ), we calculate:

h(f ) ≈ ĥ(f ) ≡ 1
nsamples

∑
f (xi)�f

R

(
� − f ◦ − f (xi)

�b

)
(3)

where nsamples is the number of samples taken on f, � a nor-
malization factor, f ◦ the minimum intensity value in f, f (xi) the
intensity value of the i-th sample, �b the intensity range of
each bin in the joint histogram that is used to estimate h(f, m),
and R is a Parzen window.

Following the implementation by Mattes et al. [32], we rep-
resent R with B-spline functions, which suffer less from the
situation when the cost function exhibits a pattern of local
extrema that coincide with the grid of samples over which f is

defined [33].

Since h(f ) does not contribute to the metrics derivative,
its estimate does not need to be smooth. Accordingly, a zero-
order B-spline kernel is used. Conversely, h(m) contributes to
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the metric derivative, so a third-order B-spline kernel is used.
Note also that because a B-spline kernel is used, each inten-
sity sample only affects a small number of bins and hence
does not require O(n2) operations to calculate the metric value
[24]. Furthermore, because the image intensity values are lin-
early scaled to the range of [0,1], no preprocessing is needed
to rescale the images, a task that is required in the imple-
mentation by Wells [24]. Finally, for convenience, we have
parameterized MI by nsamples and nbins, from which the value
of �b is calculated.

In optimizing the cost function MI, we minimize the nega-
tive value of MI using a gradient descent algorithm. In each
iteration of the optimization, the optimizer takes a maxi-
mum step of size equal to �max along the direction of the
metric’s derivative MI′ (with respect to the spatial transfor-
mation parameters). When MI′ changes direction, its step size
is reduced to half of its original value. Optimization ends if the
calculated step size becomes smaller than �min or when the
number of iterations executed has exceeded a user-defined
threshold niterations.2 Details about the different user-defined
parameters needed (as seen in Fig. 1) as well as their effects
on registration results will be presented in Section 5.2.

4.1.2. The spatial transformation model
In this preliminary study, we have modeled T as a rigid-body
transformation as similarly done in refs. [21,34]. The validity of
the use of this model has been confirmed in repeated inspec-
tions by two experienced physicists who concluded that no
articulated body movements could be observed in the fused
studies. This maybe justified by the following observations:
(1) patients were positioned similarly (in supine position) dur-
ing both CT and SPECT acquisitions; (2) the anatomical regions
involved did not contain highly articulated regions or joints;
and (3) images have small fields of view such that only rigid
misalignment was captured on a global level. In future, when
more clinical data containing such deformations can be made
available, we shall investigate how articulated registration
techniques [35–37] can improve the accuracy of the results.

Since the scale parameter of T can be found from the data
files, we only need to solve for translation (Tx, Ty, Tz) and rota-
tion (�x, �y, �z). In finding these six transformation parameters,
we represent [�x, �y, �z] with a versor, which is the preferred
representation for rotations in 3D space because sequences of
versors give smooth rotational trajectories, thus allowing for
a stable optimization process [24]. However, the space formed
by a versor is not a vector space, so we use a variant of the
gradient descent algorithm that is specifically designed for
optimization in the versor space [24]. Note that the ranges
of the rotational and translational components are very dif-
ferent; the translations can be at least half the distance of
the diagonal of the image volume while rotations can only be
within [−� : �]radians. Thus, the parameters ˛x, ˛y, ˛z are used

to bring the six parameters into roughly equal scales. Ibanez
et al. [24] suggested that these values should be proportional
to the diagonal length of m. While these choices were shown
to be suitable in our initial experiments, the sensitivity of the

2 In our experiments, the number of iterations used per level
never reached niterations = 400.
b i o m e d i c i n e 9 2 ( 2 0 0 8 ) 173–185

optimization algorithm to these values can be high, as we will
discuss in Section 5.3.2.

4.2. Multi-resolution registration

To increase the capture range and reduce the likelihood of
entrapment in local extrema, we perform registration in a
coarse-to-fine manner [6,24,25]. In this approach, registration
is first performed at a coarse level using f and m that have
been down-sampled to the lowest, user-defined resolution
(determined by down-sampling factors {Sx, Sy, Sz}). The spa-
tial mapping determined at this level is then used to initialize
registration at the next finer level. This process is repeated
until it reaches the finest level, in which registration is done
on f and m in their original resolutions.

4.3. Summary of registration procedure

We first resample f to an isotropic volume using Welch
sinc interpolation (a windowed sinc approximating interpo-
lation method that has low interpolation error [38]). Then, we
roughly align f and m by aligning their centers of mass and
principal axes, both of which are computed as described in ref.
[39]. Next, we generate two sets of coarse-to-fine image pyra-
mids of nlevels levels (i.e. {f1, . . . , fnlevels } and {m1, . . . , mnlevels })
and input them into the multi-level registration algorithm.
During optimization of MI in level k, each iteration involves
calculating MI(fk(x), mk(T(x))) and subsequently updating the
transformation parameters by taking a step along the deriva-
tive of MI. When optimization converges, registration restarts
with images fk+1 and mk+1 using the transformation param-
eters previously determined. This process is repeated until
nlevels of registrations are completed. Fig. 1 summarizes this
procedure and highlights the parameters involved graphically.

4.4. Hardware and software specifications

The registration algorithm was written in C++ using the
open-source Insight ToolKit (ITK) Library. Registration trials
were executed on a 3.0 Ghz Pentium 4 processor using at
most 1 GB of main memory. Execution time of each trial
depended on various parameters chosen (e.g. nsamples, nlevels,
etc.) and thus, have varied from 3 to 5 min. Three-dimensional
visualizations were done through Amira®, an interactive 3D
visualization and processing software by Mercury Systems.
The construction of 3D surfaces usually took 1–2 min while
the creation of 2D overlays required minimal time. Some
post-processing techniques were also performed using ITK
and/or Matlab (e.g. for the creation of checkerboard images,
difference images, etc.).

5. Status report

5.1. Materials
Seven pairs of CT and bone SPECT images were collected to
test our method. These include four spinal, one thoracic, and
two pelvic studies. CT images were standard diagnostic scans
acquired from a spiral CT scanner (Siemens). SPECT images
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Table 1 – Data specifications

Study type Image Pixel size (mm2) Slice thickness (mm) Dimensions

Thoracic (1) CT 0.652 3.0 512 × 512 × 125
SPECT 4.6642 4.664 128 × 128 × 70

Pelvic (2) CT 0.9972 3.0 512 × 512 × 109
SPECT 4.6642 4.664 128 × 128 × 128

Spinal-a (2) CT 0.3522 2.5 512 × 512 × 237
SPECT 4.7952 4.795 128 × 128 × 86

Spinal-b (2) CT 0.652 1.0 512 × 512 × 153
4.795 128 × 128 × 82

r of studies in each type.
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Fig. 2 – Effects of optimization parameters. Plots showing
decrease in the negative value of MI (dotted line) and
registration error � (solid line) as registration proceeded.
Plots correspond to separate trials involving same f and m
but different values of �max (all other registration
parameters remained unchanged: �min = 0.01, nlevels = 0,
nbins = 20, nsamples = 20, 000). The values shown in each
plot are the final MI, final �, and the correlation coefficients
(p) between MI and � computed during optimization. We

plot � along with the metric value MI(f, m) at each iteration of
the optimization process. Because the computed MI values do
SPECT 4.7952

The number in parentheses beside each study type indicates numbe

ere acquired using a standard bone tomography protocol
n a Siemens MS2 or Ecam gamma camera that is equipped
ith a low-energy-high-resolution (LEHR) collimator. All

re subsequently reconstructed using a standard filtered
ack-projection algorithm. Details on each study are provided

n Table 1.
Before input to the registration algorithm, each CT volume

as resampled to have isotropic voxels and slice matrix of
56 × 256 so that its voxel dimensions are more comparable
o the SPECT voxel dimensions. Note that samples for the
omputation of the similarity metric are drawn within the
egion dominated by f. A problem occurs if m has a much
maller field of view (FOV) than that of f because the algo-
ithm will be visiting locations that are outside the domain
f m too often. Accordingly, as SPECT in general has a larger
OV than CT (see Table 1 and Fig. 6) and manual cropping of
PECT is avoided whenever possible to minimize the level of
uman intervention, we have assigned CT as f. Despite of this,
ecause the size of a CT image is significantly smaller than the
ize of a SPECT image in two of the four spinal datasets, the
PECT images in these studies had to be manually cropped
o roughly the size of their counterparts. This was done with
mira®.

.2. Determining registration parameters

he appropriateness of registration parameters can affect the
uccess of registration. In our method, those that are related to
he metric calculation and optimization process are the most
ritical ones.

According to Studholme [40], we should use enough
umber of bins such that different materials delineated by

ntensity values can contribute to different bins in the his-
ogram. We should not use too many either as more samples
ill be needed or the joint PDF will be too sparse for the met-

ic to operate properly. Based on empirical experiments on
he registration of CT-MRI brain images, he suggested that

bins = 50 and nsamples be 1–20% of the total number of voxels
n the images (the exact percentage depends on the smooth-
ess and entropy of the images). Mattes et al. [32] suggested
imilar values for the registration of CT and transmission
ET images in the chest region. However, as the authors of

oth work commented, these values should be accustomed
o the clinical application and imaging modalities concerned.
tarting with these suggested values, we conducted regis-
rations on each of the original studies with nbins ∈ [15, 30]
see that (c) shows a very stable optimization process
(smooth decrease in MI) but the attained measures are
slightly higher than those in (b).

and found that optimization converged in a stable manner if
nsamples ∈ [30(nbins)2, 50(nbins)2].

With these parameters determined, we then examined the
effects of the optimization parameters on registration results.
We began with the analysis of �max and �min, which play
important roles in finding the global extremum of the similar-
ity metric. One method that we have devised for examining
the optimization process is to calculate the root mean square
Euclidean distances (�) between corresponding points3 and
not necessarily measure the true similarity between f and m,

3 Section 5.3.1 will describe how these correspondences were
established.
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Table 2 – Parameters of a three-level registration setup for the registration of a pelvic study

k Sx = Sy Sz Metric’s parameters Step size

f m f m nbins nsamples �max �min

1 6 0.5 0.75 0.75 20 10,000 2 0.01
2 3 0.75 0.5 1 25 15,000 1 0.05
3 1 1 1 1 30 20,000 0.5 0.001

by nbi

r the
�max]
The calculation of MI between f (CT) and m (SPECT) is parameterized
The factors Sx, Sy and Sz constitute the down-sampling schedule fo
algorithm proceeds to a lower level k, the step size (defined by [�min,

evaluating MI with reference to � will provide a more accurate
account of the process. Fig. 2 shows examples of these plots
for three different registration trials. From these figures, we
can see that when a large value of �max is chosen, the metric
can change in an erratic manner (Fig. 2a). On the other hand, if
�max is sufficiently small, MI converges in a more stable man-
ner (Fig. 2 b and c). Despite the jaggedness in some curves, we
do see that an overall converging pattern exists. In fact, as our
analysis on all experiments conducted, the correlation coeffi-
cients between � (distance) and MI values during optimization
range from 0.81 to 0.94 in all successful trials.

By evaluating these plots, we fine-tuned �max as follows: if
MI and � decrease monotonically as registration progressed,
we would increase �max so to decrease the number of itera-
tions required to reach the extremum; otherwise, we would
decrease �max. We left � unchanged because initial exper-
min

iments showed that �min has little impact on the overall
convergence pattern if �min is 0.1–1% of �max.

Based on the experiments conducted, we estimated the
most appropriate values for the registration parameters by

Fig. 3 – Correpondences of different landmarks. (a) Multiple view
the CT (left) and SPECT (right) data, (b) Two sets of extracted land
(bottom row) images in the thoracic study.
ns, which determines the intensity range �b in each bin, and nsamples.
construction of image pyramids (same in x, y dimensions). As the

) is adjusted to allow for a finer registration.

fine-tuning the metric parameters on a level-by-level basis.
In particular, we first sought the combination of nbins, nsamples,
�max and �min for a one-level registration scheme. Once we
have obtained satisfactory results (by observing the con-
vergence plots as described previously), we proceeded to
fine-tuning the parameters of a two-level registration scheme
(e.g. choosing appropriate down-sampling factors {Sx, Sy, Sz}
and decreasing the values of nbins and nsamples due to the
decrease in the resolutions of f and m as compared to
the previous experiments) and subsequently adjusting the
optimization parameters. We repeated this procedure for reg-
istrations using up to four levels. A subset of the parameters
determined with this approach is included in Table 2.

5.3. Validation
Common validation techniques include the use of exter-
nal fiducial landmarks, physical phantoms, and simulated
phantoms [28,41–44]. However, as we are imaging skeletal
structures, the use of external fiducials or physical/simulated

s and colormap were used to aid the selection of points in
marks seen with the original CT (top row) and SPECT
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hantoms becomes irrelevant and unrealistic. Several vali-
ation studies were done in refs. [22,45–47] for CT-PET and
RI-PET registrations, but these were limited to brain studies.
s contours in bone SPECT images are difficult to delineate

see Fig. 3 b), their techniques cannot be easily applied to
ssess our method.

Accordingly, we validated our algorithm by performing
ross-validation and reproducibility tests and report results
ase on three criteria [45]: precision, sensitivity, and robust-
ess. We now present the details of the procedures involved

n measuring these criteria.

.3.1. Measuring precision and generating semi
round-truth data
s defined in ref. [45], a registration algorithm is accurate

f registration errors are within an acceptable range. In the
bsence of ground truth, we can only estimate the accuracy
f our algorithm by measuring its precision. Following the
pproach taken in ref. [4], we compared the registration results
roduced by our method to those generated by a point-based
ethod. Note that because validation of these results had to

e done by subjective evaluation, the number of trials per-
ormed in measuring the precision could not be large. Despite
f this, an important outcome of the procedure to be described

n this section is the generation of semi-ground truth SPECT
ata, which was required in the sensitivity and robustness
ests. As we explain in subsequent sections, it is in these tests
herein a much larger set of registration trials was performed

o increase the thoroughness of our validation method.
For each dataset, we performed 12 MI-based registration

rials, each with a different set of spatial transformation
arameters involving a random translation within a range of
−10, 10] mm in x, y, z dimensions. For the execution of the
oint-based registrations, a graphical interface was specifi-
ally developed to allow an operator to select points in 3D
pace on 2D slices in a precise manner. This interface dis-

lays both CT and SPECT volumes simultaneously, each with
hree sub-windows displaying 2D slices in x, y, and z dimen-
ions. The operator may click on any sub-window to locate
nd adjust the position of a landmark. Upon completion of

ig. 4 – Usefulness of 3D fusions. To generate 3D fusions, surface
eshes. The red and grey meshes in (a) were generated respecti

fter a successful registration trial was performed, (b) 2D fusion a
egistration trial. Note that rotational error is less evident in (b) th
gure legend, the reader is referred to the web version of the arti
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landmarking, two sets of identified points are matched in a
least-square sense to yield registration. The result produced
is then shown to the operator.

In this study, three operators were asked to perform four
repeated trials of landmark-based registration on the original
data, each involving the selection of five to seven pairs of cor-
responding landmarks on both volumes. After consultation
with clinical experts who are familiar in both CT and SPECT,
we decided that the landmark locations should be chosen at
points which correspond to radiopharmaceutical uptake in
tips or centers of anatomical structures in the SPECT image
(i.e. kidneys, clavicle, manubrium, scapula, sternum, xiphoid
process, coccyx, tips of pelvic crests, etc.). Fig. 3 shows exam-
ples of the selection of such corresponding landmarks.

The results of both MI-based and point-based registrations
were subsequently evaluated subjectively by a blinded inspec-
tor who was asked to label each fusion as either valid or invalid
after inspection of the image fusions. A trial was labeled as
invalid if signs of misregistration could be observed or valid if
otherwise. Example signs of misregistration include disagree-
ment between the radiopharmaceutical uptake in SPECT data
and the boundaries of anatomies portrayed in CT (for example,
in sagittal view, one might compare the arrangement of uptake
from the rib bones in the SPECT to those from the CT; other
ROIs include kidneys, clavicle, and those listed previously).

During evaluation, the inspector was asked to examine
the 2D fusions over the entire image volume using the vari-
ous overlay colormaps available. To facilitate interpretation,
the inspector was also asked to examine the corresponding
checkerboard images and difference images because the for-
mer can portray alignment of edges and/or anatomical regions
effectively while the latter allow for quick gross examination
(by portraying regions of high tracer update captured by SPECT
as dark shadows in the image). Lastly, the inspector inspected
the extracted 3D surfaces, which are particularly useful in
detecting small rotational errors. Figs. 4–7 show examples

of these fusions, all containing registered images that were
labeled as valid.

The evaluation results are shown in Table 3 as success
rates. The intra-observer variability is measured by duplicat-

s were extracted from the images to reconstruct 3D surface
vely from the CT and SPECT images in the thoracic study
nd (c) 3D fusion generated from another less successful
an in (c) (For interpretation of the references to color in this
cle.).
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Fig. 5 – Difference images. Difference images generated before (a) and after (b) registration, showing regions of high tracer
update captured by SPECT as dark shadows. As bone SPECT captures uptake in skeletal regions, the images should exhibit

nt, w
thos
dark shadows in these regions. However, due to misalignme
curvature of the spine shown in the CT image, as oppose to

ing three results in the evaluation and is found to be 0.78,
which compares well with that reported in ref. [32].

To obtain quantitative measure of precision, we first
applied the computed transformation Ti of each valid regis-
tration to yet another set of landmarks P′ that was selected by

a nuclear medicine imaging technologist. This yielded a set
of transformed landmarks P = TiP

′. Next, we calculated the
average location p̂ of each p ∈ P in all trials. Finally, the dis-

Table 3 – Mean and standard deviation (in brackets) of
the average distances for the point-based and MI-based
methods, expressed in mm

Study MI-based Point-based �

Mean (S.D.) d % Mean (S.D.) d %

Thoracic 3.11 (0.57) 88 3.56 (0.66) 67 3.56
Pelvic-1 2.44 (0.18) 100 3.25 (0.56) 75 3.25
Pelvic-2 2.11 (0.25) 100 2.89 (0.26) 83 –
Spinal-1 3.60 (0.38) 75 3.13 (0.72) 58 5.21
Spinal-2 3.93 (0.87) 67 3.03 (1.62 42 –
Spinal-3 5.11 (1.02) 75 5.21 (2.01) 33 –
Spinal-4 4.47 (1.18) 88 4.58 (1.64) 58 –

Success rate is reported as a percentage of registration trials that
were judged to be ‘valid’. The maximum of the mean distances � is
shown for later reference in Section 5.3.2.
e can see in (a) that dark shadows do not follow the
e seen in (b). This is most apparent in the sagittal view.

tance d from each p to p̂ was computed. As the number of
registrations performed is low, we trimmed 25% of the most
extreme distances in order to determine a least-biased average
as was done in ref. [4]. Table 3 shows the mean and standard
deviation of d for each study. Note that due to the lack of
anatomical information, limited FOV, and poor resolution of
SPECT, manual identification of correct correspondences was
difficult. Consequently, the success rates of the point-based
method performed by three operators ranged from 33% to 83%
while those of the MI-based method ranged from 67% to 100%.

5.3.2. Measuring sensitivity
As highlighted previously, the appropriateness of the met-
ric and optimization parameters are critical to the success of
registration. We thus measured the algorithm’s sensitivity to
nsamples, nbin, and {˛x, ˛y, ˛z} by performing repeated registra-
tion trials on ten pairs of misaligned images using different
combinations of these parameters (note that �max has been
empirically determined in Section 5.2).

Using the results from the previous section, we generated
pairs of misaligned images for each study type as follow. Given
that Ti is a transformation derived from a ‘valid’ registration,
we computed T as the mean of T and applied it to m to gener-
g i

ate a semi-ground truth image mg for each dataset [25]. Each is
then applied with a random transformation Trand to generate
mrand. In this way, we created a set of images mrandi

, each of
which is misaligned with f by a known Trandi

.
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Fig. 6 – 2D fusions. Coronal, axial, and sagittal overlay images of the CT and SPECT images created before registration (top
row) and after registration (bottom row). The CT and SPECT images are shown with a grey and black-body color-scale
respectively. Overlay comparisons from (a) pelvic study; (b) thoracic study; (c) spinal study. The images in (c) came from the
spinal datasets that required cropping of the SPECT data. As explained in Section 5.1, the cropping was done to
accommodate the smaller FOV of CT.
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vic s

ϕ = 100, success rates fluctuate more from study to study. This
may suggest that when ϕ is smaller (i.e. more bins are used),
the metric can reflect the similarity between the images more
faithfully and thus, led to higher success rates.

Table 4 – A subset of registration results on testing the
method’s sensitivity to nsamples and nbins

Study type nsamples (% of |V|) Success rate (ϕ)

50 100

Thoracic 5 73 74
8 84 81

10 87 74
12 89 90
15 95 92

Pelvic 5 79 50
8 74 70

10 92 73
12 88 86
15 91 83

Spinal 5 75 61
8 64 60

10 90 79
12 89 59
Fig. 7 – Checkerboard images. Checkerboard images of a pel
registration.

To measure sensitivity, we performed one-level registra-
tions on the simulated pairs, with each trial involving 1 of
20 combinations of nbins and nsamples. We tested with sam-
pling of 8–15% of the volume (i.e. nsamples ≈ [10, 000, 22, 000]).
For convenience, a variable ϕ was formulated, where ϕ =
nsamples/n2

bins. With nsamples specified, a higher value in ϕ

means that fewer bins are used, and translates to more clus-
tering of image intensities into the same bin. On a high level,
results of these trials would indicate the sensitivity of the met-
ric to the accuracy of the marginal and joint PDFs as estimated
by the marginal and joint histograms constructed under the
constraints imposed by these parameters.

Additionally, we examined ˛x, ˛y, ˛z, which are the scales
that are used to bring the six transformation parameters to
comparable ranges. These values relate to the size of the vol-
umes and the expected amount of rotation and translation
needed to bring the images into alignment (i.e. by increas-
ing these values, the optimizer will take a bigger step along
the space of the translation parameters than the space of the
rotation parameters). Essentially, they help to ensure that opti-
mization converges stably. We performed registration trials
with a maximum value of 12 added to each of these scaling val-
ues to analyze how their values might affect the convergence
of optimization.

Having completed these tests, each of the performed regis-
tration trials yielded a transformation Ti and an error �i, which
is defined as the root mean square distances between P and the
registered points TiP. As the number of these registrations is
large, human assessment of each results is not possible, and so
we classified each registration as successful if �i is smaller than
a threshold � defined for that particular study type. As there
are no generally accepted limits on registration errors for bone

SPECT and CT images and the consulted clinicians could not
yield any quantitative definition for these ‘acceptable errors’,
we have assigned � as the maximum of the least-biased aver-
ages d that were derived as explained in Section 5.3.1. These
tudy created before (first row) and after (second row)

are shown in Table 3. Sensitivity is then evaluated by examin-
ing the percentage of registration trials that have succeeded
according to this classification.

Results on the algorithm’s sensitivity to the metric’s param-
eters are shown in Table 4. Only a subset is shown because
analysis of variance shows that no significant difference exists
between ϕ = {25, 50, 75, 100} (p = 0.97 on a 95% C.I.). When
15 79 72

The former is expressed as percentage of total voxels in the volume
and the latter is contained in ϕ = nsamples/n2

bins.
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Table 5 – A subset of registration results on testing the
method’s sensitivity to optimization parameters
{˛x, ˛y, ˛z}
Maximum values added to 
 Success rate (%)

ıx ıy ız Thoracic Pelvic Spinal

4 4 8 90 80 80
4 8 8 80 70 80
8 8 12 80 60 50
8 12 8 70 50 50

12 8 8 80 60 60
12 12 12 40 50 30

Following the suggestion in ref. [24], these are set to 
 times the diag-
onal length of m, where 
 = 10). ıx, ıx, ıy are the maximum random
values added to these values. Ten pairs of simulated images were
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m
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±
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registered using these parameters (all other parameters remain
unchanged).

The algorithm’s sensitivity to ˛x, ˛y, ˛z are also shown in
able 5. From the table, we can see that registration of spinal
tudies are more sensitive to the optimization parameters
han the other two study types. This might be because these
tudies have smaller FOVs than those in other studies such
hat the maximum step size taken by the optimizer was rel-
tively larger, and thus have risked optimizing in an unstable
anner.

.3.3. Measuring robustness
e performed a series of reproducibility tests [25,29,45] to

valuate our algorithms’ robustness. These tests involve run-
ing registration on images that are misaligned with a known
patial transformation. We created 2 sets of 40 images as
escribed previously to simulate pairs of misaligned images.
hese are denoted as Set A and Set B. Each image in Set A had
5◦ of rotations and ±15 mm of translations (in x, y, z dimen-

ions) applied while each image in Set B had ±10◦ of rotations
nd ±20 mm of translations applied.
We performed registration on each pair of f and mrandi
for

ach study type. The same set of optimization and metric
arameters was used for all such trials. These parameters
ere selected based on the evaluation done as outlined in

Table 6 – Results of the reproducibility tests conducted to evalu

Study type Registration parameter

nlevels �max k (for nbins)

Pelvic 3 2.0 50
Thoracic 4 2.0 75
Spinal 2 1.0 50
Spinal (with limited FOV) 2 1.0 50

Pelvic 1 1.0 –
Thoracic 1 1.5 –
Spinal 1 – –
Spinal (with limited FOV) 1 – –

The most critical parameters used in these tests are shown in the middle co
images from Set A and Set B are reported in separate columns. The last fo
multi-resolution scheme (a hyphen in place of a value in the parameter co
i o m e d i c i n e 9 2 ( 2 0 0 8 ) 173–185 183

the previous section. Results of these tests are shown in
Table 6. Registration involving images from set B yielded suc-
cess rates lower than 90%. Clearly, given the iterative gradient
descent nature of the optimization algorithm, it is unrealis-
tic to expect that the method can produce accurate results
given that the initial misalignment exhibited in any input
image pair is more severe than those in exhibited in Set B.
Conversely, registration of images in set A achieved 90–95%
success rates, thus suggesting that the capture range [45] of
the algorithm for all study types is bounded by 15 mm in
translation (in x-, y-, z-dimensions) and 5◦ in rotation. Lastly, to
illustrate the improvement of multi-resolution registration, all
trials were also repeated without the multi-resolution scheme.
From the table, we can see that the success rates for these
trials are dramatically lower than those using a multi-level
scheme.

6. Lessons learned

In this study, we have performed rigid-registration on seven
sets of bone CT and SPECT images originating from pelvic,
thoracic, and spinal studies. Our experiments and valida-
tion results show that the use of Mattes’ implementation
of MI can be effective for the registration of these images.
In particular, comparison with landmark-based registration
shows that the use of MI has led to more accurate registra-
tion trials. Clearly, the improvement offered by a MI-based
method is an automatic method that achieves higher success
rates and precision than those generated by a point-based
method. While the algorithm can be sensitive to the metric
and optimization parameters, the values of these parame-
ters can be successfully determined through experiments.
With a carefully chosen set of parameters and a maximum
initial misalignment of ±15 mm in translation and 5◦ in rota-
tion, success rates for registering these three types of studies
can range from 90% to 95%. While the registration results
depended on the selection of some critical parameters, our

reproducibility tests showed that our method of fine-tuning
parameters on a level-by-level basis can generate valid reg-
istrations robustly. With the use of multi-resolution and an
appropriate set of optimization and metric parameters, we

ate the algorithm’s robustness

s Set A Set B

nsamples (%) Mean � (%) Mean � (%)

8 2.90 95 2.36 80
12 3.10 93 3.12 88
10 3.07 93 3.13 78
10 4.82 90 5.03 73

– 3.21 75 2.36 63
– 3.24 80 2.44 55
– 3.78 83 3.96 53
– 4.04 63 4.15 45

lumns. Average � (in mm) and success rates for registration involving
ur rows show the results of the repeated trials that did not employ
lumns indicates no change in value).
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can also decrease the likelihood of entrapment in local min-
ima.

To this end, we have shown how we can adopt existing
methods to a real-world application and perform validation
through the use of clinical data, rather than phantom or
simulations, which are not faithful to the problem. In par-
ticular, we presented various visualization techniques that
can be used to guide the assessment of registration involving
multi-modality images. Through experiments, we demon-
strated that our method, like many others, can be sensitive
to parameters setting. Accordingly, the set of parameters,
which is an integral part of any registration algorithms, as
well as the empirical methods that we used to fine-tune
these parameters were also reported to allow for the repli-
cation of our approach and results. In general, we have
explained how we can assess the accuracy, sensitivity and
robustness of a registration algorithm when the true answer is
unknown.

As supported by our quantitative and qualitative results,
the use of dual-isotope for the simultaneous acquisition of
bone SPECT and tumor SPECT can allow for accurate regis-
tration of these images to CT in pelvic, thoracic, and spinal
studies.

7. Future work

In this work, our images do not exhibit observable signs
of deformations. We do recognize that in a much larger
patient population, articulated deformations and/or deforma-
tions generally exist. Henceforth, we will investigate the effect
of optimizing for spatial transformations of higher degrees of
freedom, as was done in refs. [36,48] once more medical data
is available.

We also note that in our experiments and validation
tests, we did not account for errors introduced from data
interpolation. In future work, we shall investigate the exis-
tence of biased global maximum and local minima for
registration of CT and SPECT images due to interpolation
[49].

Finally, given that we used human assessment in our val-
idation, more work can be done to thoroughly evaluate the
variability of subjective evaluations. A deeper analysis of intra-
and inter-observer variabilities in visual inspection of regis-
tration results as described in ref. [32] is indeed an interesting
pursuit.
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