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Quantitative validation of deformable image registration (DIR) algorithms is 
extremely difficult because of the complexity involved in constructing a deformable 
phantom that can duplicate various clinical scenarios. The purpose of this study 
is to describe a framework to test the accuracy of DIR based on computational 
modeling and evaluating using inverse consistency and other methods. Three clini-
cally relevant organ deformations were created in prostate (distended rectum and 
rectal gas), head and neck (large neck flexion), and lung (inhale and exhale lung 
volumes with variable contrast enhancement) study sets. DIR was performed using 
both B-spline and diffeomorphic demons algorithms in the forward and inverse 
direction. A compositive accumulation of forward and inverse deformation vector 
fields was done to quantify the inverse consistency error (ICE). The anatomical 
correspondence of tumor and organs at risk was quantified by comparing the 
original RT structures with those obtained after DIR. Further, the physical charac-
teristics of the deformation field, namely the Jacobian and harmonic energy, were 
computed to quantify the preservation of image topology and regularity of spatial 
transformation obtained in DIR. The ICE was comparable in prostate case but the 
B-spline algorithm had significantly better anatomical correspondence for rectum 
and prostate than diffeomorphic demons algorithm. The ICE was 6.5 mm for demons 
algorithm for head and neck case when compared to 0.7 mm for B-spline. Since 
the induced neck flexion was large, the average Dice similarity coefficient between 
both algorithms was only 0.87, 0.52, 0.81, and 0.67 for tumor, cord, parotids, and 
mandible, respectively. The B-spline algorithm accurately estimated deformations 
between images with variable contrast in our lung study, while diffeomorphic 
demons algorithm led to gross errors on structures affected by contrast variation. 
The proposed framework offers the application of known deformations on any 
image datasets, to evaluate the overall accuracy and limitations of a DIR algorithm 
used in radiation oncology. The evaluation based on anatomical correspondence, 
physical characteristics of deformation field, and image characteristics can facilitate 
DIR verification with the ultimate goal of implementing adaptive radiotherapy. 
The suitability of application of a particular evaluation metric in validating DIR is 
dependent on the clinical deformation observed. 
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I. INtRODUCtION

Image-guided radiation therapy (IGRT) has become a widely used treatment modality in recent 
past with advanced treatment processes. IGRT requires daily or frequent imaging, which can 
lead to treatment planning modification decisions based on patient-specific anatomical varia-
tions as quantified by the imaging. However, routine IGRT in most clinical departments uses 
only the vendor-supplied rigid registration matching between original treatment planning CT 
(kvCT) and the daily imaging study set.  

Deformable image registration (DIR) studies have been advocated to more accurately quan-
tify these anatomical and biological variations.(1) Deformable registration is essential to map 
the position of each voxel to a reference CT image for dose tracking and to ultimately practice 
adaptive radiotherapy.(2,3) The accuracy of deformable registration is particularly important 
in intensity-modulated radiation therapy (IMRT) and adaptive radiotherapy that deliver dif-
ferential doses to different parts of the tumor and organs at risk, which then sum to a uniform 
dose. In addition, DIR has important applications in other categories of image-guided medical 
interventions, as well.(4-10) The existing methods of deformable image registration can be clas-
sified broadly into two categories: parametric or model-based (such as B-spline,(11) thin-plate 
spline,(12) and linear elastic finite element(13)), and nonparametric methods (e.g., optical flow,(14) 
viscous fluid(15)).

There have been many techniques proposed to validate the accuracy of various DIR algo-
rithms.(16-24) All DIR evaluation procedures require the use of evaluation data and validation 
methods. Considering the evaluation data, one can separate the methods into two groups:  
a) those using real patient image data, and b) those using phantom image data. In the first, the 
authors use real patient images that they deform artificially to create the reference and the test 
study. Alternately, multiple imaging acquisitions on different time moments where changes in 
anatomy are clearly visible and anticipated (e.g., replanning scans or cone-beam CT scans) 
are used. The use of deformable phantoms has also been explored to validate the accuracy of 
DIR. However, phantoms as described in the studies by Serban et al., Kashani et al., and Kirby 
et al.(25-27) cannot be routinely used in most busy clinical departments because of the lack of 
resources and time required to build and test these phantoms. Further, it is not practical to build 
a phantom that will be sophisticated enough to simulate all anatomical deformations that can 
occur in a clinical environment. It has also been suggested that the presence of uniform intensity 
regions in the phantom images, as opposed to more intensity gradients in clinical CT images, 
may limit the applicability of phantom tests in DIR verification.(16)

The validation methods often include using landmark points in regions of interest as a sur-
rogate tool in verifying accuracy of DIR. A frequent problem with this technique is locating 
the landmark points, which in a real patient’s anatomy can be time-consuming and difficult to 
identify markers in low-contrast regions. The contour-based evaluation is useful qualitative 
verification in contour propagation and also for inspecting anatomical difference among images. 
Although contour propagation techniques seem to provide a more efficient way of validation 
compared to markers, including changes in shape volume and location of a structure, they often 
do not confirm that the volume within the contour has been properly registered. 

In this work, we describe a commercial software tool kit, ImSimQA (Oncology Systems 
Limited, Shrewsbury, Shropshire, UK) which can serve as a virtual deformable quality assurance 
(QA) tool by simulating clinically observed organ deformations in routine IGRT. In contrast 
to previous years where deformable registration algorithms where available only in a research 
based setting, today several commercially available products are available. Most of these com-
mercially available products are “black boxes”, in that very little information is known to the 
medical physicist regarding the overall system accuracy of the implemented algorithm and what 
the limitations of the deformable registration algorithm could be for a given clinical situation. 
This is particularly true for IGRT, since different organs exhibit varying levels of deformation 
over the course of radiation therapy. Presumably the algorithm will have different registration 
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settings to accurately register the images over these varying clinical scenarios. Therefore, it is 
critical that some quantitative validation of the system accuracy of the implemented algorithm 
and its potential limitations in the commonly encountered IGRT clinical situations exists.(28) 

This work describes a complete set of metrics and tools and a practical framework to evaluate 
a deformation field that will facilitate introducing a particular DIR algorithm to clinical use. 
The proposed framework also highlights the importance of selecting an appropriate evaluation 
metric which is dependent on a given clinical deformation. This will ensure that a false positive 
conclusion is not reached in validating a particular DIR algorithm. 

 
II. MAtERIALS AND MEtHODS

The workflow and evaluation methods for DIR accuracy used in this paper are summarized in 
the flow chart in Fig. 1. 

Fig. 1. DIR algorithm analysis workflow.
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A.  Deformation process
A brief description of the deformation process used in ImSimQA to warp the images to produce 
clinically observed organ deformation is presented below. In ImSimQA, there are two choices 
for the geometric deformation of the image data. Both implementations are based on the radial 
basis function approach with different kernel functions. For the global deformation of the data, 
the thin-plate spline (TPS)(29) kernel was utilized and the compact support radial basis functions 
(CSRBF)(30) as the local deformation scheme.
 
A.1 Global deformations
In ImSimQA, the algebraic solution of Bookstein(29) is followed which treats the TPS solu-
tion as an interpolation problem. In order to perform the deformation, two sets of landmark 
points must be chosen which will be referred to as the source points (SP) and the target points 
(TP) from so on. In case of a 2D image, the surface of the image is treated as a 2D grid with 
each x, y of the image coordinates being a part of the image grid. The SP and TP are manually 
inserted on the grid. The vectors, with their origin at the SP coordinates and directed at the 
corresponding TP coordinates, show the deformation direction of the grid. In order to solve 
this problem, a mapping function f (x, y) is found that will map the SPs to TPs by deforming 
the underlying grid.

A.2 Local deformations
The TPS deformation affects the whole image and is characterized as a global deformation 
procedure. For applications which need local deformation, the CSRBF model is implemented. 
The locality effect of the CSRBF is adjusted by calibrating a scaling parameter. The algebraic 
solution to the CSRBF is the same as the TPS with the only difference being the RBF kernel 
used. The CSRBF kernel is a Wendland function(31) constructed from piecewise polynomials.  

In both algorithms, anchor markers can be placed inside the dataset in places where the 
restriction of the deformation is needed. If the SP and the TP are identical, then deformation 
around these markers is restricted. By default, in both algorithms there are anchor points at 
the border of the dataset, four in the 2D case and eight in the 3D case. This is done to avoid 
excessive warping of the original dataset. 

 
A.3  DIR verification workflow in ImSimQA
ImSimQA can be used as a virtual quality assurance tool by mimicking a clinically observed 
organ deformation on the treatment planning dataset which can then be used to verify the accu-
racy of DIR algorithm. For more complex deformations, one can combine TPS over CSRBF 
deformations and vice versa. The final deformation field is composed as the addition of both 
deformations which can be applied only once on the original image set. 

The new deformed dataset, including deformed radiotherapy (RT) structures and the defor-
mation field as a 3D binary grid, can then be used to compare with the results of DIR algorithm 
and to facilitate DIR verification. 

The deformation algorithms in ImSimQA are controlled using marker points that are user-
defined and can be freely positioned on the image set. The user defines the source control marker 
points and enables the local (CSRBF) or global (TPS) deformation procedure. The direction 
of the deformation is given by translating and rotating the control points in three dimensions 
individually or as a group of points. For the deformation procedure to start, the source and target 
positions of the control points are used. A deformation field comprising a three-component vector 
value at each voxel is then generated. The source image is then warped using this deformation 
field. Trilinear interpolation is used to correct floating voxel locations during image warping. 

In Figs. 2 to 4, a simulated deformation example is illustrated. Figure 2 shows the axial 
image of quasar phantom(32) with original and target marker points. The global deformation 
(TPS) result is shown in Fig. 3. Figure 4 shows the result of local deformation (CSRBF). For 
both deformations the same source and target points were used.

 



196  Varadhan et al.: Deformable image registration validation 196

Journal of Applied Clinical Medical Physics, Vol. 14, No. 1, 2013

Fig. 2. Axial image of quasar phantom with original and target marker points.

Fig. 3. Axial phantom image after applying the global (TPS) deformation algorithm.

Fig. 4. Axial phantom image after applying the local (CSRBF) deformation algorithm.
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B.  Clinical rationale and description of applied known deformation in each 
anatomical site

Prostate: In prostate IGRT, deformation of the prostate due to variations in rectal filling is com-
monly observed. The need for adaptive radiation therapy for prostate cancer due to inter- and 
intrafraction motion is well documented in the literature.(33-43) We applied a known deforma-
tion in the ImSimQA to mimic a distended rectum and introduce rectal gas in the synthetically 
deformed image. This, in turn, deforms the prostate, as routinely seen in prostate IGRT. 

The applied deformation was achieved using the following general workflow. Two series of 
datasets (say A & B) were imported into ImSimQA. Series A is the image set to be deformed and 
series B is the anatomy we want to match which contains the desired deformation. Anatomical 
changes that occur in different organs were noted by using the rigid image fusion/blending 
tool. The first step involved placement of markers on the anatomy which is to be deformed 
(Series A). The second step involved moving the markers to desired locations by following 
the borders and internal tissues of the deformed anatomy (Series B). Thus the markers were 
moved accordingly and in approximation to the deformations that need to be achieved. In the 
prostate case, this was achieved by tracking the motion of the rectal wall and prostate. This 
was a trial-and-error procedure that had to be repeated iteratively until one could accurately 
approximate the desired deformations by using the Series B dataset as objective criteria for 
validation. The gas pocket in the rectum was induced by drawing a set of contours on Series A 
and then subtracting the Hounsfeld units (HU) from the existing DICOM images. This resulted 
in the creation of a low-density object without eliminating the underlying tissue structure. The 
advantage of using the synthetically deformed series A as opposed to series B for DIR verifi-
cation is that one now has the deformation vector field (DVF) used to simulate the necessary 
deformation which will be used to warp the RT structures and can be compared with the DVF 
arising from DIR algorithms.

For the CT series of the prostate case (512 × 512 × 74 (median) voxels; 0.86 × 0.86 × 5.0 mm3), 
images were acquired on a SOMATOM Sensation 16 CT scanner (Siemens Medical Solutions, 
Malvern, PA) which included the RT structures used during DIR evaluation. It should be noted 
all the applied deformation in this study is fully three-dimensional, although only a particular 
slice view is shown for illustration. Figure 5 shows axial view of original kvCT image with RT 
structures, Fig. 6 indicates applied deformation from ImSimQA, and Fig. 7 shows the changes 
in RT structures from the applied ImSim DVF when compared to original RT structures.

Fig. 5. Axial view of the prostate kvCT image with original RT structures: bladder, prostate, rectum, and pelvic bones.
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Head & Neck: There are significant changes in patient anatomy during the course of head and 
neck IGRT treatment that are related to decrease of tumor and nodal volumes, patient weight, 
and alteration in muscle and fat distribution, with an average tumor volume reduction of 70% 
of its initial volume at the end of treatment.(44) Similarly, the parotid glands also undergo 
significant volume reduction with an average reduction of 49.8% and a translation of 8.1 mm 
upon completion of treatment.(45)

The changes occurring due to patient weight loss could have a significant impact on organs 
at risk (OAR) like the parotids, since these structures can now be in the high-dose gradient area 
and tumor could be under dosed. Adaptive radiotherapy has been advocated to mitigate such 

Fig. 6. Axial view illustrating the local deformations introduced in the prostate and rectal region, and gas pocket in the 
rectum.

Fig. 7. Contour changes in prostate, bladder, and rectum from the applied ImSim DVF when compared with original 
segmentation of these structures. Solid figures refer to original segmentation done by radiation oncologist on kvCT image 
and dotted figures refer to the deformed volumes due to the applied deformation.
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volume changes.(46-51) We applied a global deformation on the ImSimQA software to change the 
patient neck flexion, and studied the deformable registration algorithm to track these changes. 
The desired deformation was achieved in principle using the same workflow as described before, 
but the TPS algorithm was used for global deformation of the dataset. The anchor and moving 
markers were iteratively adjusted until a large neck flexion deformation was achieved using 
the TPS algorithm. The induced deformation does not correspond to interfraction variation 
that occurs during routine head and neck IGRT, but rather relates to a clinical scenario where 
the patient was treated previously with a completely different neck position and is now being 
evaluated for radiation therapy in the same area in a different treatment position. The induced 
deformation significantly altered the nasal cavity, the alignment of vertebral body, spinal cord, 
and skull in comparison with the original image. 

For the CT series of the head and neck case (512 × 512 × 112 (median) voxels; 0.94 × 0.94 
× 3.0 mm3), images were acquired on a SIEMENS Sensation 16 CT scanner (Siemens Medical 
Solutions) which included the complete set of RT planning structures. Figure 8 shows the sagit-
tal view of original kvCT image with associated RT structures. Figure 9 shows the deformed 
image from ImSimQA after applying the neck flexion and the warped RT structures as result 
of applied ImSim DVF when compared to original RT structures.

Fig. 8. Sagittal view of the original head and neck CT image with the associated RT structures brain stem, cord, larynx, 
and mandible.
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Lung: Respiratory motion of the order of 1 cm has been observed for tumors close to the 
diaphragm.(52,53) We introduced a deformation in ImSimQA to mimic dataset from inhale and 
exhale breathing phases of 4D CT. This was achieved by picking an exhale and inhale dataset 
from a patient. Using rigid image fusion tool as guide, anchor and moving markers were placed 
by following the motion of diaphragm and edges of lung tissue. This process was iteratively 
repeated until CSRBF algorithm approximated the deformation of the inhale dataset, which 
was used as the objective criteria for validation of deformation.  

In addition to the lung volume changes, we introduced contrast changes in the image to assess 
the quality of DIR during variable contrast enhancement. The original kvCT images have contrast 
in the scan, while in the synthetically deformed images from ImSimQA, the contrast has been 
taken out without eliminating the underlying tissue structure. This was done by contouring the 
contrast in the deformed dataset and subtracting the HU values from the DICOM dataset. This 
example was chosen to highlight the limitations of diffeomorphic demons algorithm when the 
intensities of identical tissues and organs are different in the two images. 

For the CT series of the lung case (512 ×  512 × 123 (median) voxels; 0.98 × 0.98 × 3.0 mm3), 
images were acquired on a SOMATOM Sensation 64 unit (Siemens Medical Solutions), which 
included the complete set of RT planning structures. 

Figures 10 and 11 show the coronal view of original kvCT image with contrast, and the 
coronal image from ImSimQA without contrast showing diaphragm motion and lung volume 
changes, respectively.

Fig. 9. Sagittal view of the head and neck image from the applied global deformation mimicking a large neck flexion. 
The skull is rotated counterclockwise. The deformed RT structures due to the applied deformation are displayed as  
dotted figures.
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C.  Deformable image registration
The Insight Segmentation and Registration Toolkit (ITK) was used to perform (a) free-form 
parametric deformable registration using a cubic B-spline,(54) and (b) nonparametric registra-
tion using diffeomorphic demons. The DIR and all the analysis tools described in this work 

Fig. 10. Coronal view of the original lung kvCT image showing the lung contours and contrast in scan.

Fig. 11. Coronal view of the same lung kvCT image from Fig. 10 illustrating the applied local deformations on the diaphragm 
and the changes in lung contour associated with that. This mimics an inhale and exhale breathing phase of respiratory 
cycle. The contrast is also taken out of this image to validate DIR during variable contrast enhancement.
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were integrated into open source platform, 3D Slicer,(55) via custom-developed modules. We 
used the Mattes mutual information (MI) metric(56) with an evolutionary algorithm followed 
by gradient descent optimizer for optimization.(57) The images are initialized to line up their 
centers. The evolutionary optimizer works by searching for the minimum metric value by gen-
erating random samples about the current location in parametric space and iteratively growing 
or shrinking parameters of previous iteration to hone in on the optimum. This process is fairly 
resilient to noise. After this, a regular step gradient descent optimization is performed, with 
the transformation parameters incremented in the direction of gradient. The increment is deter-
mined in a bipartition manner until it converges on the minimum of the metric. Registration 
is performed in three phases: rigid, followed by affine, followed by deformable registration. 
A control point spacing of 60 (pixels), 50 maximum iterations, and 10% of the image pixels 
for metric evaluation, were used in this study during B-spline registration to achieve optimal 
balance between quality of DIR and run time of registration. Registration was completed in 15 
minutes on a Windows 7, 64 bit operating system running on Intel quad core 2.8 GHz proces-
sor with 8 GB RAM.

The same manually deformed images are also registered using diffeomorphic demons(58) 
to provide a smooth and invertible transformation. In general, for nonparametric registration 
methods such as diffeomorphic demons used in this study, the registration is expressed as an 
objective function comprising of an image term and regularization term. The image term may 
be the difference in intensities of two voxels (optical flow as in demons), while the regulariza-
tion term keeps the deformation field well-behaved. This is usually done by smoothing the 
deformation field with a Gaussian at each iteration to ensure that it is well-behaved.

Details on the implementation of this algorithm and its advantages over Thirion’s demons 
algorithm(14) are discussed in literature.(58) A diffeomorphism by definition preserves the 
topology of objects in the image. In other words, it prevents folding of structures onto itself. 
Therefore the Jacobian is always nonnegative. This is a good property to have for medical 
image registration. The second important property of diffeomorphism is that it is guaranteed 
invertible by definition.

Registration is typically faster and takes about 10 minutes when using diffeomorphic demons 
algorithm using the same hardware platform as previously described.

D.  Evaluation scheme
In order for a thorough validation of DIR performance in a clinical environment, the following 
three characteristics were examined in this study.

D.1 Anatomical correspondence
Anatomical correspondence between original and deformed image sets can be identified using 
markers or contours defined by the users.

This validation is important because in radiotherapy clinical applications, the tumor and 
organs at risk (OAR) volume changes and, consequently, the partial volume dose received 
by these structures. The magnitude and location of these changes dictate the need for adap-
tive radiotherapy. Hence, the accuracy of DIR in relation to this is evaluated in this paper by 
quantitatively comparing the original tumor and OAR segmentation with those obtained from 
warping the RT structures with the deformation vector field (DVF) derived from registration. 
The ImSimQA DVF was used to warp the original RT structures in addition to CT images. The 
registration DVF from both algorithms was then applied to these RT structures. If the results of 
DIR were perfect, then the RT structures before and after DIR would be the same. The degree 
of mismatch indicates the quality of DIR from an anatomical correspondence perspective. Dice 
similarity coefficient, Hausdorff distance, and average surface distance were used as three met-
rics to evaluate the accuracy of tumor and OAR segmentation and spatial overlap index. These 
metrics have been previously used to compare segmentations in radiotherapy applications(59-62) 
and are described below. 
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D.1.1  Dice similarity coefficient
The metric computes the number of pixels that overlap between the two volumes and normal-
izes it by the half the sum of the number of nonzero pixels in the two volumes. The result is a 
value between 0 (no overlap) and 1 (perfect overlap):

  (1)
 

2 X   A     B  
 A      B 

where A is the gold standard segmentation which in our case refers to segmentation in kvCT fixed 
image, and B is the segmentation mapped from the deformably registered image. The metric is 
symmetric and is sensitive to both differences in scale and position. While volume overlap is 
a good indicator of mismatch, it is a poor indicator of shape since is not a measure of distance 
and, hence, the following metrics are also evaluated to assess the overall accuracy.

D.1.2  Hausdorff distance
The Hausdorff distance(63) is defined as the maximum of the closest distance between two 
volumes where the closest distance is computed for each vertex of the two volumes.

The metric is very sensitive to outliers since the most mismatched point is the sole determin-
ing criteria of the distance. 

D.1.3  Average surface distance
This metric mitigates the outlier problem exhibited by the Hausdorff distance. The metric is 
the average of the absolute distance from each surface pixel in one image to its closest point 
on the other image. 

D.2  Deformation field
The physical characteristics of the deformation fields should be investigated. This is because 
recent applications in adaptive radiation therapy (ART) have used the deformation fields arising 
from image registration process to warp the RT dose and display a deformed dose.(64-67) Hence, 
some quantitative information on the physical characteristic of deformation fields is necessary for 
clinical implementation of ART. It is known that matching of structures based on their intensities 
alone is not a sufficient condition to produce physically achievable deformations.(68) 

In this work we used a number of methods to evaluate the characteristics of the DVF. One 
of the key methods reported in the literature is the concept of inverse consistency.(69-71) Inverse 
consistency between two images A and B are evaluated as follows in this paper. Image A is 
deformed to match image B, and image B is separately deformed to match image A using two 
different algorithms. A perfect inverse consistent algorithm will produce a true inverse DVF 
when the roles of source and target images are switched. However, in practice this is not the 
case. The inverse consistency error (ICE) between forward and inverse registration is calculated 
by compositive accumulation of forward and inverse deformation fields. The details of com-
positive accumulation are discussed elsewhere.(69,72) If D1 and D2 are two deformation fields, 
a single warping by compositive addition of D1 and D2 is equivalent to successive deformation 
of an image by D1 and then followed by D2.  

For the warp, we use a linear interpolator (i.e., we add the right field to the interpolated left 
field for that pixel as the resulting point x will not land exactly in the grid).

If the deformation maps are true inverses, this composition will yield zero. The L2 norm 
(absolute magnitude) of the composed fields is used to quantify the magnitude of inverse 
consistency error.

Further, ICE between the DVF arising from DIR and the synthetic DVF generated from 
ImSimQA software that was used to produce clinically relevant organ deformation was evalu-
ated. The ImSimQA can also output inverse DVF of the applied deformation. This DVF was 



204  Varadhan et al.: Deformable image registration validation 204

Journal of Applied Clinical Medical Physics, Vol. 14, No. 1, 2013

compared with the DVF generated from the inverse registration process where the roles of 
source and target images were switched. A compositive accumulation of the ImSimQA DVF 
and the DVF from registration (B-spline and diffeomorphic demons) was done to quantify the 
ICE between DVFs. If the results of DIR produced a DVF which is the exact inverse of applied 
synthetic DVF in ImSimQA, then this composition of DVFs will be zero. The L2 norm of the 
composed DVFs is computed to quantify the ICE between DVFs. 

Diffeomorphism is a necessary condition for deformation fields to be physically feasible.(73) 
This property is related to the Jacobian of the deformation field. Negative Jacobians indicate 
unrealistic physically unachievable organ deformations, as organs can only be compressed and 
deformed but cannot undergo noninvertible spatial transformations like folding of structures.
(74,75) This is the primary advantage of diffeomorphic demons over the B-spline algorithm, as 
the Jacobian is always nonnegative in the former. 

In this study, we computed the determinant of the Jacobian of the deformation field as a 
criterion for validating physical behavior of deformation. The Jacobian of the deformation field 
gives information about the image transformation consistency.(75,76) A determinant greater than 
1 indicates expansion at that location, while a value less than 1 indicates contractions.

The harmonic energy of the deformation field arising from B-spline and diffeomorphic 
demons algorithms was calculated in this study to quantify the regularity of the spatial trans-
formation obtained by the deformable registration process.(77) The harmonic energy captures 
the nonlinearity of the warp (i.e., deviation from an affine transformation) and is inversely 
proportional to smoothness of the deformation field.(77) 

D.3 Image characteristics
Comparison between original and deformably registered images to provide a measure of how 
well the deformation is recovered in the entire image voxel space.

We used mean squared error (MSE) as the metric to define the extent of mismatch between 
the original image A and the deformably registered image B, which is the normalized square 
difference between the two images A and B.(78) For a perfect image match between images A 
and B, the MSE error is zero. The error is reported as Root MSE in the Results section below, 
where Root MSE = √MSE

Three clinically relevant examples from prostate, head and neck, and lung cases are presented, 
and the accuracy of DIR is evaluated using various methods described above and the relative 
merits of these are discussed.

 
III. RESULtS 

The results of the accuracy of DIR evaluation in three anatomical sites namely prostate, head 
and neck, and lung are presented below

A.  Inverse consistency error
Figure 12 lists inverse consistency error (ICE) between various DVFs used in DIR and ICE 
between applied ImSimQA DVF and DVF from DIR for the three anatomical sites studied.

As an example for the prostate case, the DVF from diffeomorphic demons algorithm is over-
laid on the original kvCT image for forward, inverse, and compositive addition of forward and 
inverse DVFs is shown in Figs. 13, 14, and 15, respectively. Figure 15 relates to the quantitative 
ICE described above (1.45 mm) for diffeomorphic demons algorithm for the prostate case.
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Fig. 12. Inverse consistency error comparison.

Fig. 13. Forward diffeomorphic demons DVF from the registration overlaid on the original prostate kvCT image illustrat-
ing the local changes due to the DVF. The field vectors are pointing outward.
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Fig. 14. Inverse diffeomorphic demons DVF when the roles of source and target images were switched from previous 
example, overlaid on the original kvCT image. The field vectors are pointing inward.

Fig. 15. Compositive addition of forward and inverse demons DVF overlaid on the original kvCT image. If the algorithm 
were truly inverse-consistent, this composition would yield zero. The magnitude of this compositive addition is 1.45 mm 
in this example (as discussed in Figure 12).
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B.  RMSE, Jacobian, and harmonic energy of DVF
Table 1 lists root mean square error, minimum Jacobian, and harmonic energy of deformation 
field for registration algorithms both in forward and inverse directions for all three anatomical 
sites. The MSE and (hence) RMSE in lung case for diffeomorphic demons algorithm is large 
due to the improper estimation of displacement fields arising due to variable contrast enhance-
ment and, hence, Jacobian is not calculated for demons algorithm.

C. Accuracy of Rt structures
Table 2 evaluates the accuracy of RT structures for the prostate case, after DIR, when compared 
to original segmentation done by the radiation oncologist in kvCT (used as the gold standard) 
for both diffeomorphic demons and B-spline algorithms. This was done by applying the reg-
istration DVF to RT structures deformed by ImSimQA DVF. All the evaluation is done on the 
original fixed image (kvCT) coordinate system.

Table 3 evaluates the accuracy of RT structures for head & neck case. Although by visual 
inspection of the images the registration seems to agree qualitatively (the skull and vertebral 
bodies matched after DIR), the contour comparison statistics are not clinically acceptable, 
especially for organ-at-risk structures. This is primarily due to large neck flexion introduced as 
a known deformation in ImSimQA. Based on this analysis, auto-registration of images when 
there is significant neck flexion should be evaluated with caution, especially when there is a 
retreatment being considered. 

Table 4 computes the accuracy of RT structures for the lung example involving variable 
contrast enhancement. The diffeomorphic demons algorithm produced improper displacement 
estimation in this case because of the difference in intensities of two images due to the variable 
contrast enhancement. The mismatch in RT structures is particularly relevant in heart, lung, 
bronchial tree, and vertebral bodies as the Hausdorff distance exceeds 10 mm and the average 
surface distance is as large as 11.8 mm for heart. This is because diffeomorphic demons algorithm 
tries to match structures of same intensity which, in our case, does not correspond to identical 
anatomical structures due to the differences in contrast between two images.

 

Table 1. RMSE, Jacobian, and harmonic energy of DVF.

 Prostate Head & Neck Lung
 RMSE RMSE Har- Mini- RMSE RMSE Har- Mini- RMSE RMSE Har- Mini-
 Before After monic mum Before After monic mum Before After monic mum
Algorithm DIR DIR Energy Jacobian DIR DIR Energy Jacobian DIR DIR Energy Jacobian

Diffeo- 
morphic
Demons 25.99 11.82 0.05 0.12 187 51.9 0.32 0.0005 91.33 853.6 0.53 N/A 
Forward 
Diffeo- 
morphic
Demons 25.99 11.64 0.09 0.003 187 66.1 0.43 0.003 91.33 223.3 0.19 N/A 
Inverse 
B-spline 
Forward 25.99 11.03 0.0006 0.88 187 80.8 0.014 0.53 91.33 68.1 0.0005 0.82
B-spline 
Inverse 25.99 10.9 0.0005 0.87 187 51.2 0.005 0.58 91.33 69.2 0.0004 0.87
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Table 2. Accuracy of RT structures after DIR (prostate).

Algorithm: Diffeomorphic Demons
  Dice Similarity Hausdorff Average Surface
	 Anatomy	 Coefficient	 Distance	(mm)	 Distance	(mm)

 Prostate 0.85 15.9 2.3
 Bladder 0.93 11.1 0.78
 Rectum 0.79 12.6 1.2
 Femoral Heads 0.99 1.7 0.1
 Mean values 0.89 10.3 1.1

Algorithm: B-spline
  Dice Similarity Hausdorff Average Surface
	 Anatomy	 Coefficient	 Distance	(mm)	 Distance	(mm)

 Prostate 0.91 9.8 1.03
 Bladder 0.95 7.7 0.42
 Rectum 0.89 10.3 0.8
 Femoral Heads 0.99 1.2 0.1
 Mean values 0.94 7.3 0.59

Table 3. Accuracy of RT structures after DIR (head and neck).

Algorithm: Diffeomorphic Demons
  Dice Similarity Hausdorff Average Surface
	 Anatomy	 Coefficient	 Distance	(mm)	 Distance	(mm)

 PTV Primary 0.85 8.9 1.8
 PTV Secondary 0.86 9.1 1.5
 Spinal Cord 0.51 12.2 2.4
 Right Parotid 0.84 4.7 0.8
 Left Parotid 0.77 6.6 1.4
 Brainstem 0.64 11.9 2.7
 Mandible 0.63 40.5 4.6
 Larynx 0.86 5.7 1.1
 Right Eye 0.74 7.5 1.8
 Left Eye 0.79 4.9 1.3
 Mean values 0.75 11.2 1.9

Algorithm: B-spline
  Dice Similarity Hausdorff Average Surface
	 Anatomy	 Coefficient	 Distance	(mm)	 Distance	(mm)

 PTV Primary 0.88 8.2 1.5
 PTV Secondary 0.87 8.6 1.4
 Spinal Cord 0.52 10.5 2.2
 Right Parotid 0.84 3.7 0.8
 Left Parotid 0.79 5.9 1.3
 Brainstem 0.52 9.7 3.9
 Mandible 0.7 13.6 1.9
 Larynx 0.86 5.7 1.1
 Right Eye 0.59 8.7 2.6
 Left Eye 0.83 4.7 0.93
 Mean values 0.74 7.9 1.7
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IV. DISCUSSION

Deformable image registration will continue to be a key component in the implementation of 
adaptive radiotherapy with the ultimate goal of dose tracking and dose accumulation based on 
daily image feedback.(41,66,67) Verification of DIR accuracy is an important task in implementa-
tion of adaptive radiotherapy. We have presented a framework to test and evaluate the accuracy 
of DIR using known deformations, which are clinically relevant, that can be applied to any 
CT images. The accuracy of DIR was evaluated by comparing anatomical correspondence, 
physical characteristics of deformation field, and image characteristics. The relative merits of 
these methods in the final decision-making on DIR accuracy for the anatomical sites studied 
is discussed below.

Prostate: Our results on prostate case indicate that the ICE was comparable to both algorithms. 
Also, the MSE values were very similar for both methods. However the B-spline algorithm had 
significantly better anatomical correspondence for rectum and prostate than the diffeomorphic 
demons algorithm. So, considering the anatomical correspondence of the RT structures, one 
can conclude that the B-spline algorithm performed better. In this example, the MSE and ICE 
evaluation parameters provide no criteria to determine which method performs better.

Head and Neck: For the head and neck case, the ICE was much larger for the demons algorithm 
(6.5 mm) as compared to B-spline (0.7 mm). The MSE was comparable for both algorithms. 
However, since the induced neck flexion was large, neither algorithm had a desired anatomical 
correspondence for PTV and organs at risk that could make the result clinically acceptable. 
Similar to the prostate case, this example also indicates that considering only the ICE and MSE 
methods could lead to false positive conclusions. 

Lung: In the lung case, the B-spline algorithm accurately estimated the deformations between 
images with variable contrast and was clearly superior in all the metrics that were evaluated. 

Table 4. Accuracy of RT structures after DIR (lung).

Algorithm: Diffeomorphic Demons
  Dice Similarity Hausdorff Average Surface
	 Anatomy	 Coefficient	 Distance	(mm)	 Distance	(mm)

 PTV 0.83 8.8 1.4
 Cord 0.95 4.6 0.2
 Heart 0.37 56.7 11.8
 Lung 0.99 17.7 0.4
 Bronchial Tree 0.49 18 4.2
 Trachea 0.91 15 1.3
 Vertebral Body 0.92 10.3 0.2
 Mean Value 0.78 19.3 2.8

Algorithm: B-spline
  Dice Similarity Hausdorff Average Surface
	 Anatomy	 Coefficient	 Distance	(mm)	 Distance	(mm)

 PTV 0.88 6.9 2.1
 Cord 0.94 8.3 0.3
 Heart 0.99 4.1 0.2
 Lung 0.99 6.3 0.3
 Bronchial Tree 0.96 1.4 0.1
 Trachea 0.97 1.4 0.2
 Vertebral Body 0.93 10.3 0.2
 Mean Value 0.95 5.5 0.4
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The demons algorithm had gross errors in areas of contrast differences between images. This 
was the only example where all metrics used for the DIR evaluation were in full agreement on 
the decision-making of the DIR algorithm performance.

Verification of absolute accuracy of DIR is a challenging problem, as each of the methods 
studied has its own drawback. In the case of inverse consistency, a zero value for ICE is a nec-
essary, but not sufficient, condition for an accurate algorithm as errors in one DVF may cancel 
out errors in the other to yield a net zero value during composition of two deformation maps. 

The determinant of the Jacobian and the harmonic energy of the deformation field was used 
to classify the registration strategies based on invertibility and smoothness, although it does 
not give information on the accuracy of DIR. However, one needs to confirm the nonnegative 
value of Jacobian of the deformation field to ensure that a given DVF is physically achievable 
by an organ.(72,74,75) The harmonic energy captures the nonlinearity of the warp. 

The harmonic energy of B-spline was consistently lower in all our examples, and was gener-
ally small since it was physically constrained. The parameters that control it are the maximum 
deviation the user allows (step length) during registration and the number of nodes specified 
in the command line. The harmonic energy of the diffeomorphic demons is controlled by the 
parameter “sigma” used to smooth the deformation field. Increasing sigma will reduce the 
harmonic energy, but will come at the expense of reduced registration accuracy. The harmonic 
energy from B-spline registration was consistently lower on all our cases, indicating that the 
deformation field from B-spline was smoother. An abnormally large value of harmonic energy 
may indicate problems with DVF, as was the case for demons algorithm during registration of 
images with variable contrast enhancement. However, there is nothing in the B-spline algo-
rithm that prevents negative Jacobians, which is physically unrealistic. Deformation fields 
from diffeomorphic demons, on the other hand, are guaranteed invertible and the Jacobian is 
always nonnegative. 

The image quality of a deformed image set and product of a DIR method is significant for 
the daily clinical routine when used to define OARs and target volumes. However, the use of 
the MSE as image quality metric is proven to be inadequate for drawing a useful and consis-
tent conclusion. A small value of MSE indicates an overall good accuracy in the entire image 
voxel space, but does not guarantee good accuracy of DVF inside the organs. Another option 
to address this issue is to make a selective MSE calculation within regions of interest (e.g., 
OARs) and investigating other image quality metrics. If unsure about the DIR image outcome, 
the images should be reviewed by a clinical expert.  

Ultimately the accuracy of DIR also needs to be validated with contour comparison methods, 
as outlined in this study, because the registration accuracy of RT structures and, hence, the par-
tial volume doses received by these structures dictate the need for adaptive radiotherapy. This 
evaluation proved to be the most consistent and reliable method in validating DIR accuracy 
in our study.

DIR results in a daily clinical environment might be very variable and affected by various 
factors such as patient anatomy, image quality, and registration parameters of the particular 
algorithm. It should be well-appreciated that the evaluation of a DIR algorithm for use in a 
clinical routine should be conducted in a long-term study that includes a large number of clini-
cal cases. 

 
V. CONCLUSIONS

We conclude that the proposed framework offers the application of known deformations on any 
patient or phantom image sets that provide clinical medical physicist tools to test, understand, 
and quantify limitations of each algorithm before implementing deformable image registration 
in the clinic. The evaluation based on anatomical correspondence, physical characteristics of 
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deformation field, and image characteristics can facilitate DIR verification with the ultimate goal 
of implementing adaptive radiotherapy. The suitability of application of a particular evaluation 
metric in validating DIR is dependent on the clinical deformation observed.

 
ACkNOwLEDgMENtS

This work was partially supported by the National Institute of Health grants (1R01CA154491-01). 

 
REFERENCES

 1. Sarrut D. Deformable registration for image-guided radiation therapy. Z Med Phys. 2006;16(4):285–97.
 2. Yan D, Vicini F, Wong J, Martinez A. Adaptive radiation therapy. Phys Med Biol. 1997;42(1):123–32.
 3. Yan D. Adaptive radiotherapy: merging principle into clinical practice. Semin Radiat Oncol. 2010;20(2):79–83.
 4. Cleary K. and Peters TM. Image-guided interventions: technology review and clinical applications. Annu Rev 

Biomed Eng. 2010;12:119–42.
 5. Herrell SD, Galloway RL, Su LM. Image-guided robotic surgery: update on research and potential applications 

in urologic surgery. Curr Opin Urol. 2012;22(1):47–54.
 6. Naini AS, Pierce G, Lee TY, Patel RV, Samani A. CT image construction of a totally deflated lung using deform-

able model extrapolation. Med Phys. 2011;38(2):872–83.
 7. Nithiananthan S, Schafer S, Uneri A, et al. Demons deformable registration of CT and cone-beam CT using an 

iterative intensity matching approach. Med Phys. 2011;38(4):1785–98.
 8. Sadeghi Naini A, Patel RV, Samani A. CT-enhanced ultrasound image of a totally deflated lung for image-guided 

minimally invasive tumor ablative procedures. IEEE Trans Biomed Eng. 2010;57(10):2627–30.
 9. Siewerdsen JH. Cone-beam ct with a flat-panel detector: from image science to image-guided surgery. Nucl 

Instrum Methods Phys Res A. 2012;648(S1):S241–S250.
 10. Wu X, Dibiase SJ, Gullapali R, Yu CX. Deformable image registration for the use of magnetic resonance spec-

troscopy in prostate treatment planning. Int J Radiat Oncol Biol Phys. 2004;58(5):1577–83.
 11. Rueckert D, Sonoda L, Hayes C, Hill DL, Leach MO, Hawkes DJ. Nonrigid registration using free-form defor-

mations: application to breast MR images. IEEE Trans Med Imaging. 1999;18(8):712–21.
 12. Venugopal N, McCurdy B, Hnafor A, Dubey A. A feasibility study to investigate the use of thin-plate splines to 

account for prostate deformation. Phys Med Biol. 2005;50(12):2871–85.
 13. Zhong H, Peters T, Siebers JV. FEM-based evaluation of deformable image registration for radiation therapy. 

Phys Med Biol. 2007;52(16):4721–38.
 14. Thirion JP. Image matching as a diffusion process: an analogy with Maxwell’s demons. Med Image Anal. 

1998;2(3):243–60.
 15. Christensen GE, Rabbitt RD, Miller MI. Deformable templates using large deformation kinematics. IEEE Trans 

Image Process. 1996;5(10):1435–47.
 16. Zhong H, Kim J, Chetty IJ. Analysis of deformable image registration accuracy using computational modeling. 

Med Phys. 2010;37(3):970–79.
 17. Kashani, R, Hub M, Balter JM, et al. Objective assessment of deformable image registration in radiotherapy: a 

multi-institution study. Med Phys. 2008;35(12):5944–53.
 18. Schaly B, Baumen GS, Battista JJ, Van Dyk J. Validation of contour-driven thin-plate splines for tracking fraction-

to-fraction changes in anatomy and radiation therapy dose mapping. Phys Med Biol. 2005;50(3):459–75.
 19. Wang H, Dong L, O’Daniel J, et al. Validation of an accelerated ‘demons’ algorithm for deformable image reg-

istration in radiation therapy. Phys Med Biol. 2005;50(12):2887–905.
 20. Brock KK. Results of a multi-institution deformable registration accuracy study (MIDRAS). Int J Radiat Oncol 

Biol Phys. 2010;76(2):583–96.
 21. Kaus MR, Brock KK, Pekar V, Dawson LA, Nichol AM, Jeffray DA. Assessment of a model-based deformable 

image registration approach for radiation therapy planning. Int J Radiat Oncol Biol Phys. 2007;68(2):572–80.
 22. Ostergaard Noe K, DeSenneville BD, Elstram UV, Tanderup K, Sarenson TS. Acceleration and validation of 

optical flow based deformable registration for image-guided radiotherapy. Acta Oncol. 2008;47(7):1286–93.
 23. Zhang T, Chi Y, Meldolesi E, Yan D. Automatic delineation of on-line head-and-neck computed tomography 

images: toward on-line adaptive radiotherapy. Int J Radiat Oncol Biol Phys. 2007;68(2):522–30.
 24. Castillo R, Castillo E, Guerra R, et al. A framework for evaluation of deformable image registration spatial 

accuracy using large landmark point sets. Phys Med Biol. 2009;54(7):1849–70.
 25. Serban M, Heath E, Stroian G, Collins DL, Seuntjens J. A deformable phantom for 4D radiotherapy verification: 

design and image registration evaluation. Med Phys. 2008;35(3):1094–102.
 26. Kashani R, Hub M, Kessler ML, Balter JM. Technical note: a physical phantom for assessment of accuracy of 

deformable alignment algorithms. Med Phys. 2007;34(7):2785–88.
 27. Kirby N, Chuang C, Pouliot J. A two-dimensional deformable phantom for quantitatively verifying deformation 

algorithms. Med Phys. 2011;38(8):4583–86.
 28. Yan D. Developing quality assurance processes for image-guided adaptive radiation therapy. Int J Radiat Oncol 

Biol Phys. 2008;71(1 Suppl):S28–S32.



212  Varadhan et al.: Deformable image registration validation 212

Journal of Applied Clinical Medical Physics, Vol. 14, No. 1, 2013

 29. Bookstein FL. Principal warps: thin-plate splines and the decomposition of deformations. IEEE Transactions on 
Pattern Analysis and Machine Intelligence. 1989;11(6):567–85.

 30. Wachowiak MP, Wang X, Fenster A, Peters TM. Compact support radial basis functions for soft tissue deforma-
tion. International Symposium on Biomedical Imaging: Nano to macro. Piscataway, NJ: IEEE; 2004.

 31. Wendland H. Piecewise polynomial, positive definite and compactly supported radial functions of minimal degree. 
Advances in Computational Mathematics. 1995;4(1):389–96.

 32. Craig T, Brochu D, Van Dyk J. A quality assurance phantom for three-dimensional radiation treatment planning. 
Int J Radiat Oncol Biol Phys. 1999;44(4):955–66.

 33. Kupelian P and Meyer JL. Image-guided, adaptive radiotherapy of prostate cancer: toward new standards of 
radiotherapy practice. Front Radiat Ther Oncol. 2011;43:344–68.

 34. Li T, Thonoghiew D, Zhu X, et al. Adaptive prostate IGRT combining online re-optimization and re-positioning: 
a feasibility study. Phys Med Biol. 2011;56(5):1243–58.

 35. Li T, Zhu X, Thonoghiew D, et al. On-line adaptive radiation therapy: feasibility and clinical study. J Oncol. 
2010:407236.

 36. Lian J, Xing L, Hunjan S, et al. Mapping of the prostate in endorectal coil-based MRI/MRSI and CT: a deform-
able registration and validation study. Med Phys. 2004;31(11):3087–94.

 37. Liu H and Wu Q. Evaluations of an adaptive planning technique incorporating dose feedback in image-guided 
radiotherapy of prostate cancer. Med Phys. 2011;38(12):6362–70.

 38. Liu H and Wu Q. A “rolling average” multiple adaptive planning method to compensate for target volume changes 
in image-guided radiotherapy of prostate cancer. J Appl Clin Med Phys. 2012;13(1):3697.

 39. Liu H and Wu Q. Dosimetric and geometric evaluation of a hybrid strategy of offline adaptive planning and online 
image guidance for prostate cancer radiotherapy. Phys Med Biol. 2011;56(15):5045–62.

 40. Lu W, Chen ML, Olivera GH, Ruchala KJ, Mackie TR. Fast free-form deformable registration via calculus of 
variations. Phys Med Biol. 2004;49(14):3067–87.

 41. Lu W, Olivera G, Chen Q, et al. Deformable registration of the planning image (kVCT) and the daily images 
(MVCT) for adaptive radiation therapy. Phys Med Biol. 2006;51(17):4357–74.

 42. Murthy V, Shukla P, Adurkar P, Master Z, Mahantshetty U, Shrivastava SK. Dose variation during hypof-
ractionated image-guided radiotherapy for prostate cancer: planned versus delivered. J Cancer Res Ther. 
2011;7(2):162–67.

 43. Ghilezan M, Yan D, Martinez A. Adaptive radiation therapy for prostate cancer. Semin Radiat Oncol. 
2010;20(2):130–37.

 44. Barker JL Jr, Garden AS, Ang KK, et al. Quantification of volumetric and geometric changes occurring during 
fractionated radiotherapy for head-and-neck cancer using an integrated CT/linear accelerator system. Int J Radiat 
Oncol Biol Phys. 2004;59(4):960–70.

 45. Vakilha M, Huang D, Breen SL. Changes in position and size of parotid glands assessed with daily cone beam 
CT during image-guided IMRT for head and neck cancer: implications for dose received. Int J Radiat Oncol Biol 
Phys. 2007;69(3):S438–S439.

 46. Ahn PH, Chen CC, Ahn AI, et al. Adaptive planning in intensity-modulated radiation therapy for head and neck can-
cers: single-institution experience and clinical implications. Int J Radiat Oncol Biol Phys. 2011;80(3):677–85.

 47. Ahunbay EE, Peng C, Godley A, Schultz C, Li XA. An on-line replanning method for head and neck adaptive 
radiotherapy. Med Phys. 2009;36(10):4776–90.

 48. Castadot P, Lee JA, Geets X, Gregoire V. Adaptive radiotherapy of head and neck cancer. Semin Radiat Oncol. 
2010;20(2):84–93.

 49. Schwartz DL and Dong L. Adaptive radiation therapy for head and neck cancer-can an old goal evolve into a 
new standard? J Oncol. 2011. EPub 2010 Aug 18.

 50. Schwartz DL, Garden AS, Thomas J, et al. Adaptive radiotherapy for head-and-neck cancer: initial clinical 
outcomes from a prospective trial. Int J Radiat Oncol Biol Phys. 2012;83(3):986–93.

 51. Wu Q, Chi Y, Chen PY, Krauss DJ, Yan D, Martinez A. Adaptive replanning strategies accounting for shrinkage 
in head and neck IMRT. Int J Radiat Oncol Biol Phys. 2009;75(3):924–32.

 52. Pantarotto JR, Piet AH, Vincent A, van Sörnsen de Koste JR, Senan S. Motion analysis of 100 mediastinal 
lymph nodes: potential pitfalls in treatment planning and adaptive strategies. Int J Radiat Oncol Biol Phys. 
2009;74(4):1092–99.

 53. Seppenwoolde Y, Shirato H, Kitamura K, et al. Precise and real-time measurement of 3D tumor motion in lung due 
to breathing and heartbeat, measured during radiotherapy. Int J Radiat Oncol Biol Phys. 2002;53(4):822–34.

 54. Ibanez L, Schroeder W, Ng L, Cates. ITK software guide. Kitware Inc. Available from: http://www.itk.org/
ItkSoftwareGuide.pdf

 55. 3D Slicer. Available from: http://www.slicer.org
 56. Mattes D, Haynor DR, Vesselle H, Lewellen TK, Eubank W. PET-CT image registration in the chest using free 

form deformations. IEEE Transactions on Medical Imaging. 2003;22(1):120–28.
 57. Styner M, Brechbühler C, Székely G, Gerig G. Parametric estimate of intensity inhomogeneities applied to MRI. 

IEEE Trans Med Imaging. 2000;19(3):153–65.
 58. Vercauteren T, Pennec X, Perchant A, Ayache N. Diffeomorphic demons: efficient non-parametric image registra-

tion. Neuroimage. 2009;45(1 Suppl):S61–S72.
 59. Guyon J, Foskey M, Kim J, Firat Z, Davis B, Aylward S. VETOT, volume estimation and tracking over time: 

framework and validation. In Medical Image Computing and Computer Assisted Intervention Society, MICCAI 
Proceedings. 2003;2879:142–49.

 60. Shekhar R, Lei P, Castro-Pareja CR, Plishker WL, D’Souza WD. Automatic segmentation of phase-correlated 
CT scans through nonrigid image registration using geometrically regularized free-form deformation. Med Phys. 
2007;34(7):3054–66.



213  Varadhan et al.: Deformable image registration validation 213

Journal of Applied Clinical Medical Physics, Vol. 14, No. 1, 2013

 61. Wang H, Garden AS, Zhang L, et al. Performance evaluation of automatic anatomy segmentation algorithm on 
repeat or four-dimensional computed tomography images using deformable image registration method. Int J 
Radiat Oncol Biol Phys. 2008;72(1):210–19.

 62. Zou KH, Warfield SK, Bharatha A, et al. Statistical validation of image segmentation quality based on a spatial 
overlap index. Acad Radiol. 2004;11(2):178–89.

 63. Huttenlocher DP, Klanderman GA, Rucklidge WA. Comparing images using the Hausdorff distance. IEEE Trans 
Pattern Anal Mach Intell. 1993;15(9):850–63.

 64. Rosu M, Chetty IJ, Balter JM, Kessler ML, McShan DL, Ten Haken RK. Dose reconstruction in deforming lung 
anatomy: dose grid size effects and clinical implications. Med Phys. 2005;32(8):2487–95.

 65. Orban de Xivry J, Janssens G, Bosmans G, et al. Tumour delineation and cumulative dose computation in radio-
therapy based on deformable registration of respiratory correlated CT images of lung cancer patients. Radiother 
Oncol. 2007;85(2):232–38.

 66. Schaly B, Kempe JA, Bauman GS, Battista JJ, Van Dyk J. Tracking the dose distribution in radiation therapy by 
accounting for variable anatomy. Phys Med Biol. 2004;49(5):791–805.

 67. Janssens G, de Xivry JO, Fekkes S, et al. Evaluation of nonrigid registration models for interfraction dose accu-
mulation in radiotherapy. Med Phys. 2009;36(9):4268–76.

 68. Rohlfing T. Transformation model and constraints cause bias in statistics on deformation fields. Med Image 
Comput Comput Assist Interv. 2006;9(Pt 1):207–14.

 69. Bender E and Tome W. The utilization of consistency metrics for error analysis in deformable image registration. 
Phys Med Biol. 2009;54(18):5561–67.

 70. Yang D, Li H, Low D, Deasy J, Naqa I. A fast inverse consistent deformable image registration method based 
on symmetric optical flow computation. Phys Med Biol. 2008;53(21):6143–65.

 71. Christensen GE and Johnson HJ. Consistent image registration. IEEE Trans Med Imaging. 2001;20(7):568–82.
 72. Janssens G, Jacques L, Orban de Xivry J, Geets X, Macq B. Diffeomorphic registration of images with variable 

contrast enhancement. Int J Biomed Imaging. 2011:891585.
 73. Arsigny V, Commowick O, Pennec X, Ayache N. A log-Euclidean framework for statistics on diffeomorphisms. 

Med Image Comput Comput Assist Interv. 2006;9(Pt 1):924–31.
 74. Chen M, Lu W, Chen Q, Ruchala KJ, Olivera GH. A simple fixed-point approach to invert a deformation field. 

Med Phys. 2008;35(1):81–88.
 75. Rey D, Subsol G, Delingette H, Ayache N. Automatic detection and segmentation of evolving processes in 3D 

medical images: application to multiple sclerosis. Med Image Anal. 2002;6(2):163–79.
 76. Leow AD, Yanovsky I, Chiang MC, et al. Statistical properties of Jacobian maps and the realization of unbiased 

large-deformation nonlinear image registration. IEEE Trans Med Imaging. 2007;26(6):822–32.
 77. Jost J, editor. Riemannian geometry and geometric analysis. New York: Springer; 2005.
 78. Gonzalez RC and Woods RW. Digital image processing. New York: Addison-Wesley; 1992.


