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Abstract
Rationale and Objectives—Landmark point-pairs provide a strategy to assess deformable
image registration (DIR) accuracy in terms of the spatial registration of the underlying anatomy
depicted in medical images. In this study, we propose to augment a publicly available database
(www.dir-lab.com) of medical images with large sets of manually identified anatomic feature
pairs between breath-hold computed tomography (BH-CT) images for DIR spatial accuracy
evaluation.

Materials and Methods—10 BH-CT image pairs were randomly selected from the COPDgene
study cases. Each patient had received CT imaging of the entire thorax in the supine position at
1/4th dose normal expiration and maximum effort full dose inspiration. Using dedicated in-house
software, an imaging expert manually identified large sets of anatomic feature pairs between
images. Estimates of inter- and intra-observer spatial variation in feature localization were
determined by repeat measurements of multiple observers over subsets of randomly selected
features.

Results—7298 anatomic landmark features were manually paired between the 10 sets of images.
Quantity of feature pairs per case ranged from 447 to 1172. Average 3D Euclidean landmark
displacements varied substantially among cases, ranging from 12.29 (SD: 6.39) to 30.90 (SD:
14.05) mm. Repeat registration of uniformly sampled subsets of 150 landmarks for each case
yielded estimates of observer localization error, which ranged in average from 0.58 (SD: 0.87) to
1.06 (SD: 2.38) mm for each case.

Conclusions—The additions to the online web database (www.dir-lab.com) described in this
work will broaden the applicability of the reference data, providing a freely available common
dataset for targeted critical evaluation of DIR spatial accuracy performance in multiple clinical
settings. Estimates of observer variance in feature localization suggest consistent spatial accuracy
for all observers across both 4D CT and COPDgene patient cohorts.
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INTRODUCTION
Deformable image registration (DIR) is an emerging technology with diagnostic and
therapeutic medical applications. DIR algorithms were first developed in computer vision
research to estimate motion by warping a source image onto a target, producing an estimated
image that visually appeared similar to the target image [1]. Though their spatial accuracy
was undetermined, DIR algorithms previously have been applied to extract physiologic
information such as cardiac wall motion [2] and ventilation [3, 4] from medical images. For
medical applications, the goal in applying DIR is to obtain accurate spatial registration of the
underlying anatomy, and not simply quantitative image similarity. The fundamental
difficulty associated with objective evaluation of DIR for use in the clinical setting is due to
the lack of a known reference solution against which calculations objectively can be
compared. Prior to clinical implementation of applications contingent upon accurate spatial
registration between images, thorough performance evaluation should be conducted utilizing
image data that will be encountered in practice. The best standard, therefore, is one derived
from actual patient images, for which absolute “ground truth” is not known.

Expert identified anatomic landmark feature-pairs offer a direct measurement of the overall
DIR spatial accuracy by sampling voxel registration errors throughout the target image.
These measurements are limited to discrete voxel positions for which an estimate of the true
correspondence is available. Anatomic feature-pairs from patient images have been used
directly for DIR algorithm evaluation and for validation of their applied use (e.g., [5-9]).
Others have reported publicly available reference datasets and services to provide evaluation
of submitted DIR outputs. In 2007, Sarrut et al. reported on the public availability of a
reference dataset for DIR spatial accuracy evaluation, which consists of >500 manually
identified reference positions distributed over four component 4D CT phases and three
patients [10-12]. Referred to as the POPI-model (a point-validated pixel-based breathing
thorax model), the dataset has since grown to include three additional 4D CT images for
which 100 feature-pairs are identified on the maximum inhalation and exhalation component
phases. The “submission” paradigm has been employed by others, such as reported in a
2011 study describing the public EMPIRE10 platform [13]. In that work, small (≤100) sets
of feature correspondences are identified on 30 lung CT images, comprised of the extreme
phases from 4D CT, BH-CT, and synthetically deformed images.

Previously we described a practical framework and operative procedure for rapidly
identifying and managing large numbers of anatomic feature pairs for objective evaluation
of DIR spatial accuracy using clinically acquired radiotherapy treatment planning four-
dimensional computed tomography (4D CT) images [14]. As part of that work, we
constructed and made publicly available (www.dir-lab.com) a reference image library
consisting of 5 4D CT image sets with >1100 landmark feature points identified across
maximum inhalation and exhalation component phase images obtained during resting tidal
breathing. In subsequent work, we made additions to the image library to include a total of
10 4D CT image sets, with feature points identified across the 6 expiratory phase images
from maximum tidal inhalation to maximum tidal exhalation [15]. Over 200 academic,
commercial, and government research groups from around the world have acquired our
reference library data for their research. The reference library (Castillo et al. [14]) represents
the first of its kind, with >300 anatomic feature pairs identified for each image set, each
identified with repeated localization by multiple observers to estimate inter- and intra-
observer variance. The practical utility of the reference library is demonstrated by the
quantity of subscribers, and their citations in the peer-reviewed literature (e.g., from 2012:
[16-29]). In this work, we propose to augment our existing database to include reference
images representing independent and substantially different imaging protocols. These
additions will greatly enhance applicability of the reference data, providing a publicly
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available common dataset for targeted critical evaluation of DIR spatial accuracy
performance in multiple clinical settings. The availability of a common dataset for algorithm
performance assessment that is broadly applicable will facilitate streamlined comparative
evaluation and meta-analysis of the scientific literature, and further provide a foundation
upon which to develop a rigorous and standardized evaluation methodology that is presently
lacking.

Chronic obstructive pulmonary disease (COPD) is the fourth leading cause of death in the
United States and is projected to be the third leading cause of death worldwide by the year
2020 [30]. The COPDgene study (www.copdgene.org) is a National Heart Lung Blood
Institute (NHLBI) funded cross-sectional study, with a recruitment goal of over 10,000
patients, designed to discover what genetic factors contribute to the development of COPD.
Disease severity is documented using pulmonary function testing and inspiratory &
expiratory breath-hold CT (i & eBH-CT) imaging. The iBH-CT is acquired at maximum
effort and the eBH-CT at end normal expiration, or functional residual capacity (FRC). The
eBH-CT images are acquired at one-fourth the CT tube current as the iBH-CT in order to
reduce the radiation dose to the study subjects. As a consequence, the eBH-CT image noise
is doubled. Reports on diagnostic evaluation of the BH-CT image pairs for COPD primarily
have been limited to evaluation of each of the eBH- & iBH-CT images separately (e.g.,
[31-34]). This is most likely due to the fact that there is not currently a validated algorithm
that has been shown to accurately register these image pairs for their joint analysis. Despite
this, recent reports have demonstrated the potential utility of quantitative methods to
facilitate regional characterization of COPD based on deformable registration of the BH-CT
image pairs. Murphy et al. [35] described a methodological framework to incorporate
quantitative ventilation images derived from deformable registration to supplement
traditional global spirometry measures of pulmonary function. 216 subjects obtained from
the COPDgene study archive were used to demonstrate their approach. Evaluation of DIR
was performed based on subjective visual scoring by multiple observers, with 4 performance
metrics ranging from “Excellent” to “Poor”. More recently, Galban et al. [36] demonstrated
proof-of-concept for a novel imaging biomarker derived from the spatially registered BH-
CT images, however, there is no description of DIR algorithm performance testing specific
to the COPDgene dataset. Availability of a DIR reference dataset for targeted evaluation
specific to the COPD setting will facilitate further investigation and validation of advanced
image analysis techniques for novel application in diagnosis and phenotyping in COPD.

Deformable registration of the COPDgene BH-CT image pairs is subject to numerous
additional confounding factors that significantly increase the complexity of the appropriate
model formulation relative to traditionally successful methods for spatial registration of
treatment planning 4D CT. Those challenges are due to the large displacements, change in
density and CT value, the difference in image noise, the highly non-uniform mechanical
properties of lung tissue with COPD, and the extreme changes in anatomic shape of the
pulmonary vasculature due to the large volume change. These pronounced differences are
illustrated in Figures 1 and 2. There are currently no validated DIR tools available to provide
a link between the COPDgene BH-CT image pairs. As such, new algorithms are required to
achieve high spatial accuracy.

MATERIALS AND METHODS
COPDgene CT Images

The COPDgene study protocol indicates the acquisition of dual inspiratory and expiratory
chest CT scans for all study subjects to identify and quantify airway abnormalities,
emphysema, and expiratory air trapping [37]. The inspiratory BH-CT is to provide thorough
assessment of small airway wall thickness and emphysema, whereas the expiratory BH-CT
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is performed to assess for air trapping. To facilitate image-based measurements to assess
small airway wall thickness and abnormalities, images are reconstructed using a high-
resolution recon kernel. The algorithm used is vendor-specific (i.e., GE: BONE, SIEMENS:
B46f, PHILIPS: Detail (D)), and represents a balance between enhancement of image
resolution via higher spatial frequency cutoff, and increase in image noise. Since each
algorithm previously has been selected as meeting the COPDgene study criteria, it is not
expected that there will be CT vendor specific issues with the quantitative image analysis.

In this work, ten BH-CT image pairs were randomly selected from the COPDgene study
cases. Each patient had received CT imaging of the entire thorax in the supine position at
normal expiration and maximum effort full inspiration. The CT imaging was performed with
a GE VCT 64-slice scanner (GE Healthcare Technologies, Waukesha, WI) with a pitch of
1.375 mm, speed of 13.75 mm per rotation, 120 kVp, 0.5 sec per rotation, 400 mA per
rotation for inhale BH, and 100 mA per rotation for exhale BH. The images used in this
study were reconstructed with high-resolution (BONE) recon kernel, with lung diameter
setting the field of view, and with contiguous 2.5 mm slice spacing. Each image set was
reconstructed to image dimensions 512 × 512 × N (N∈[102 135]), with in-plane voxel
dimensions ranging from (0.590 × 0.590) – (0.652 × 0.652) mm2. The image characteristics
of the 10 COPD cases utilized in this study are given in Table 1.

CT Image Analysis
Additional quantitative analyses were performed characterizing lung volume change and
relative image noise between BH-CT pairs. To approximate lung volume from each BH-CT
image, the set of voxels with CT number in the range [−1000 −200] was initially selected.
Two-dimensional region growing was applied slice-by-slice in the transvers plain to remove
background objects defined by connectivity to the image border [14]. A voxel erosion and
subsequent growing technique was applied to remove extraneous voxels. The final
segmented regions were visually assessed and manually modified as necessary. The volume
of each segmented lung region was calculated and the difference between corresponding
iBH- & eBH-CT determined for each case. Volume changes were determined as absolute
magnitude change (in ml) and percent change relative to the segmented eBH-CT lung
volume.

Estimates of relative noise between BH-CT pairs were determined by characterization of
image intensity distributions within manually placed regions of interest (ROIs). For each
case, an expert in thoracic imaging placed a fixed 1.5 cm diameter sphere on corresponding
iBH- & eBH-CT within the aorta, approximately mid-position relative to the superior-
inferior lung volume extent (Figure 3). The choice of aorta for ROI placement was based on
the availability of centrally located, uniform measurements within the greater lung volume
of interest, and the expected constant blood image intensity between inhale and exhale
breathing states. Care was taken to avoid regions with prominent shadowing effects by
calcifications in the immediate vicinity of the major vessel. For each ROI, the coefficient of
variation (COV) was determined as standard deviation divided by mean CT number within
the sphere. The ratio of eBH- to iBH- COVs was determined for each case as a surrogate
measure of the relative noise content within corresponding image pairs.

Landmark Selection
A MATLAB-based software interface named APRIL (Assisted Point Registration of
Internal Landmarks), which has been previously described [14], was utilized to facilitate
manual selection of landmark feature pairs between the volumetric eBH- & iBH-CT images.
The software incorporates basic image processing and visualization tools that are common
to most commercial treatment planning systems, including independent window and level
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settings for all displays, digital magnification and pan, visualization of equivalent voxel
positions in the principal orthogonal plains, transparent volume rendering, and interactive
tools for segmentation of lung voxels from the image data. To determine corresponding
features, the user initially must manually delineate a candidate voxel in the designated
“source” image via mouse click over the desired position. The target image voxel
corresponding to the same underlying anatomy is then similarly selected to complete the
feature pairing. The process is repeated until the desired sample size and uniformity of
distribution have been achieved. No implanted fiducials or added contrast agents were used
to aid in the selection of landmark features, which typically included vessel and bronchial
bifurcations.

To assist in localization of the anatomic features within the target image space, the software
provides an optional feature localization tool based on normalized cross-correlation of the
local feature neighborhood depicted in the source image with a larger, user-adjustable target
window in the eBH-CT [14, 38, 39]. The image content within the feature neighborhoods is
converted to a binary mask according to a user-defined intensity threshold, such that the
cross correlation is computed only over the local structural content. The intensity threshold
controls the level of structural detail included in the feature masks. The target voxel
representing the maximum of the three-dimensional correlation function is highlighted with
a crosshair within the target display, and represents an estimate of the feature
correspondence. Previously we found that localization estimates based on the cross-
correlation coefficient were suitable for expediting the manual feature pair registration
process using treatment planning 4D CT. However, preliminary investigation as part of this
work demonstrated little to no utility for use with the COPDgene imaging data. Most
notably, this is due to the drastic deformation of prominent vasculature structures commonly
identified as anatomic landmark features. In addition, the relatively large displacements,
which require excessively large search windows for both images, further increase the
probability that the correlation function maximum does not correspond to accurate
approximation of the underlying physical displacement.

As an alternative, to facilitate maximally efficient workflow, we have upgraded the APRIL
software to include an additional feature localization capability, which incorporates the
current set of registered feature pairs into moving least squares (MLS) interpolation applied
to the current source feature position to determine the corresponding target estimate. MLS is
a highly generic and versatile tool for approximating an unknown function by fitting
polynomials to function samples given at uniform or non-uniform locations [40, 41].
Though most commonly employed to reconstruct surfaces from noisy, unstructured point
cloud data, MLS has recently found utility in DIR [15, 25, 42]. For our purposes, ther MLS
function operates on the current source voxel position , for which we would like to obtain
an estimate of the corresponding target position. An affine function  is determined by
minimizing the expression:

(1.1)

where  and  are the ith source and target feature pair positions, respectively. The scalar
weights ωi are of the form:

(1.2)
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In this way, each newly selected feature-pair provides additional contribution to estimates of
subsequent feature locations. While an initial set of registered feature pairs is required
before the MLS estimation procedure provides non-trivial support, in practice we have
found that approximately 4 input pairs are necessary before the estimates contribute to
improved target feature localization. This significantly reduces the time spent navigating the
target volume space, and is independent of the magnitude displacements or image content.

In this work, both cross-correlation and MLS-based estimation procedures were available to
all users. Cross correlation and MLS-based estimates of target features are presented as a
crosshair in the target image. In practice, multiple cross correlations varying both the feature
neighborhood dimension and/or intensity threshold may be performed for a given feature.
The corresponding target estimate will vary according to the particular search criteria.
Similarly, the MLS-based estimates will vary according to the current set of previously
matched feature pairs. As more features are matched, the estimates become more robust.
However, for both estimation procedures, the user ultimately must designate the feature
correspondence via mouse click within the target image. The reader visually determines
every point; there is not a mechanism to automatically accept a feature position based on
either automated assistance operation.

An expert in thoracic imaging, beginning at the apex of the lung, systematically selected the
source feature points on the 10 image pairs. The manual registration process consists of
initial feature localization via mouse click within the source image. The feature position is
highlighted with a crosshair, and the user is prompted for confirmation. Following
confirmation, the optional estimation tools become enabled to provide computer assistance
for target feature localization based on either cross correlation or MLS operations. The
reader is free to navigate the target volume along each of the three principal orthogonal axes,
with the option to display the source feature coordinate via crosshair within the target image
space for reference. The matched target feature position is identified via mouse click and
indicated with a crosshair. Optionally, the user may overlay the discretized image voxel grid
for assistance in precise localization of the intended anatomic feature. Following
confirmation, the coordinate position is stored. At any time, the reader is free to enable a
review mode to scroll through the current set of matched feature pairs. The reader may
specify a feature pair index, or sequentially review the current set via scroll bar. Previously
matched features are presented in both source and target displays, with crosshair centered
according to the current magnification setting in each window. Previously accepted source
and target positions can be modified as necessary.

In this study, the iBH-CT was designated as the “source” image, which served as the
primary dataset within which anatomic features were initially selected. This was due to the
better image quality (Table 3) and the higher contrast of vessels relative to the inflated lung
background. Points were selected with an initial goal of >5 for each lung per axial image
slice. This approach ensured the collection of ≥447 validation point pairs for each case
distributed throughout the lungs. Following feature selection for a given case, all landmark
pairs were visually reviewed by the primary reader a second time and the locations adjusted
on either image as necessary. The verification step was a required part of the initial
registration process performed by the primary reader.

A subset of landmark points was re-registered by the primary reader, to estimate intra-
observer variance in target localization, and by secondary readers, to estimate the inter-
observer variance. For each case, the APRIL software was used to extract a random sample
of 150 feature pairs from the corresponding complete set generated by the primary reader.
For each of the 150 sampled pairs, the reader was presented with the primary iBH-CT
feature position via crosshair within the source image space. The re-registration process
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consists of locating the corresponding point within the eBH-CT. All feature estimation and
visualization tools were available in both primary and secondary registration processes. For
all secondary readings, observers were blinded to the primary target selections; all secondary
readings were performed independently and without prior knowledge of the primary point
matches. Observer variation in target point selections for a given image pair were estimated
based on the three-dimensional Euclidean distance in units of millimeters between the
primary and secondary target positions. The mean distance, with standard deviation (SD),
between corresponding targets was determined over the range of subsampled data. Inter- and
intra-observer variance in feature localization was determined on a case-by-case basis.

Software Familiarity and Training
Proper and efficient utilization of the assisted landmark registration software is a learning
process that requires a certain degree of practice and experience to realize. In general, care
should be taken to ensure that variations in target point selection both within and between
users are true reflections of variability in individual judgment and selection criteria, rather
than reflections of variation in time-specific aptitude or experience with the registration
software. To address this concern, all observers were required to complete a minimum
training set of 1000 independent feature-pair registrations, using image pairs not included in
the study, prior to repeat measurements over the reference data. Additionally, potential
degradation in CT image quality due to noise or image acquisition/reconstruction artifacts is
likely to have some impact on the quantity of prominent features an observer is able to
match between images. Rather than filter the image data, we will accept all clinically
acquired cases, such that the reference library will accurately reflect those images that are
likely to be encountered in routine clinical application.

RESULTS
Quantitative Image Analysis

Estimated lung volumes, with corresponding magnitude and relative changes are shown in
Table 2 for the set of BH-CT pairs included in this study. Magnitude volume change
between image pairs varied considerably among cases, with range from 974 – 2819 ml. To
provide context for these measurements, we previously reported estimates for resting tidal
volumes derived from 7 treatment planning 4D CTs using an analogous image
segmentation-based approach, which yielded measured volume changes in the range 462 –
926 ml [43]. The extreme discrepancy is expected, and reflective of the markedly different
clinical scenarios investigated in each study (i.e., tidal breathing versus maximum effort
breath-hold). Relative changes between BH-CT pairs ranged from 25% - 106%, indicating
in some instances greater than two-fold increase in lung volume between corresponding
inhale and exhale breath-holds. Figure 4 provides visual context for these measurements,
illustrating an example image pair (case #5) for which the relative change was >100%.
Maximum distance between the inferior contoured lung boundaries is on the order of 40
image voxels.

Estimates of the relative noise between corresponding iBH- & eBH-CT image pairs are
summarized in Table 3, in terms of the COV ratio within manually placed spherical ROIs
(Figure 3). The measurements indicate relative noise greater than the theoretical (2:1) given
by consideration of the relative acquisition tube currents alone. However, the high-resolution
BONE reconstruction filter, which will increase the noise in greater relative proportion in
the exhale image, also contributed to the increase in the overall comparison ratio [44].
Figure 3 shows representative transverse and coronal views through an example iBH- &
eBH-CT image pair (case #7), with cross-section of the spherical ROI also indicated. The
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example views illustrate the obvious increase in mottled appearance of soft-tissue structures
depicted in the eBH-CT.

Feature Pair Datasets
The reference landmark characteristics for all cases included in this study are summarized in
Table 1. A total of 7298 anatomic landmark features were manually paired between the 10
sets of images, while the registered feature pairs per case ranged from 447 to 1172.
Approximately 10-12 hours were required to complete the primary feature pair dataset for
each case. For secondary readers, approximately 6-8 hours were required to re-register the
150 sampled source features onto the eBH-CT. Average three-dimensional Euclidean
landmark displacements varied substantially among cases, ranging from 12.29 (SD: 6.39) to
30.90 (SD: 14.05) mm. Average magnitude displacements in component right-left (RL),
anterior-posterior (AP), and superior-inferior (SI) directions ranged from 2.11 (SD: 1.67) to
6.06 (SD: 3.97), 6.11 (SD: 3.50) to 24.57 (SD: 6.25), and 6.20 (SD: 5.45) to 21.20 (SD:
14.75) mm, respectively. The component displacement magnitudes clearly indicate that the
largest displacements occur along the AP axis, which is unlike the previously reported 4D
CT reference images, for which the most significant tidal motion occurred along the SI axis
[14]. Repeat registration of uniformly sampled subsets of 150 landmarks for each case
yielded estimates of observer localization error, which ranged in average from 0.58 (SD:
0.87) to 1.06 (SD: 2.38) mm for each case. Figure 5 graphically summarizes each individual
observer’s localization errors per case. Figure 6 shows the set of reference displacement
vector field projections for each case. Transparent isosurface renderings of the maximum
effort iBH-CT lung fields are shown overlain in oblique projection. The color scale shown at
right is fixed for each projection, illustrating the substantial variability in motion field
characteristics among the 10 cases, which is due in part to the variable extent of their COPD
disease.

Of notable concern for feature-based DIR evaluation is the density of anatomical landmarks
with respect to the organ surface. Analyses based on samples that are biased towards high
contrast, centrally located structures are likely to misrepresent algorithm performance at the
periphery where the landmark density is low. To characterize the overall feature pair
distribution with respect to the lung surface, the minimum distance to the segmented lung
contour was determined for each landmark in the set of eBH-CTs. The cumulative
distribution of distance measurements was compiled for all cases and shown in Figure 7. For
the dataset generated in this study, approximately 11% of the reference features are within 5
mm of the contoured exhale lung surface, while approximately 46% are within 1 cm. The
measurement process is illustrated in Figure 7 for an example transverse section in which 20
features are identified ranging in distance to surface from 3 – 37 mm.

DISCUSSION
Landmark point-pairs provide a strategy to assess the accuracy of DIR spatial registration of
the underlying anatomy depicted in medical images. Others have demonstrated the utility of
implanted fiducial markers for precise real-time motion management in the clinical
radiotherapy setting [45]. However, application to DIR evaluation is generally confounded
by limited sample size, and perturbation of the natural anatomical state imposed by the
fiducial markers. Although expert-determined feature-pair correspondences have become a
widely adopted reference for evaluating DIR spatial accuracy, there is still great variability
in their use. The ongoing DIR-Lab web project (www.dir-lab.com) was initiated in 2009 as a
means to facilitate: 1) algorithm development and performance characterization, 2)
comparative evaluation between multiple algorithms or implementations, as well as 3) the
development and standardization of procedures for objective evaluation of DIR spatial
accuracy performance that are applicable to acceptance testing and quality assurance
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protocols for use in the clinical setting. Prior to clinical deployment, DIR-based applications
should be optimized and rigorously tested using patient images that are specific to each
application. The basic utility of any available reference library is therefore largely
contingent upon the range of clinical scenarios that are adequately represented by the patient
images comprising it.

The focus of the present study was to expand the utility of our current reference database by
incorporating an additional and independent imaging cohort. Three major multi-site NHLBI-
sponsored studies (Lung Tissue Research Consortium (LTRC), COPDgene, and Sub-
populations and Intermediate Outcome Measures in COPD Study (SPIROMICS)) collect
and archive inhale and exhale BH-CT image pairs from thousands of research study subjects
along with clinical, tissue, and genomic data [37, 46-48]. These studies were each designed
with an imaging archival core to make the study CT images available to other investigators
who may develop novel image derived biomarkers to characterize COPD disease or its
consequences. Presently, reports on diagnostic evaluation of the BH-CT image pairs for
COPD are limited to the evaluation of each of the eBH- & iBH-CT images separately
[31-34], as there is no validated algorithm that has been shown to accurately register these
image pairs for their joint analysis. The dataset generated in this study is directly applicable
to facilitate development in this area.

Figure 8 provides a graphical summary of the reference library data that is currently
available online. In the figure, cases 1-10 represent clinically acquired treatment planning
4D CT, while cases 11-20 represent those obtained from the COPDgene archive and
described in this work. For each case, mean (± standard deviation) magnitude landmark
displacement is shown adjacent to the corresponding mean (± standard deviation) observer
localization error obtained from all repeat measures over the subsampled set of features. For
the 4D CT cases, magnitude displacements are given between the maximum inhalation and
exhalation component phase images, although feature-pairs are available over the set of
exhalation phase images (i.e., on each of T00, T10, T20, T30, T40, T50). By visual
inspection alone, it is clear the independent datasets demonstrate markedly different
magnitude motion characteristics; the data ranges from 4.01 (2.91) – 15.16 (9.11) mm for
4D CT, and 12.29 (6.39) – 30.90 (14.05) mm for COPDgene. These large differences are
expected, and reflective of the variable acquisition protocol and clinical indication for the
imaging studies represented by the two independent cohorts. In contrast, the mean observer
localization errors are relatively consistent across datasets, in the range: 0.70 (0.99) – 1.13
(1.27) mm for 4D CT, and 0.58 (0.87) – 1.06 (2.38) mm for COPDgene. Based on these
data, it is reasonable to surmise that the increased image noise [in the eBH-CT] relative to
4D CT did not impart a significant deleterious effect on the manual feature registration
process. Previous work investigated the spatial accuracy of dense DIR displacement fields
determined via MLS interpolation of input point pairs [49]. In that study, between 256-368
visually verified feature pairs comprised the input interpolation data. Spatial registration
error was determined using a subset of the DIR-lab reference images, with average (standard
deviation) three-dimensional error in the range 0.94 (1.16) – 2.55 (1.92) mm. Comparison
versus the average observer localization errors determined in this study suggests that the
manual selections were reflections of individual perception and search criteria, which
provided better feature registration accuracy than the MLS algorithm alone.

On average, time required to complete feature registrations per case, including final
verification once all point pairs had been initially registered, for both primary and secondary
readers was approximately the same as we previously found for treatment planning 4D CT
datasets [14]. This is further reflection of the independent and distinctive characteristics of
the two study cohorts. Although in this study relatively fewer points were selected overall,
the landmark features were more challenging to match between images. This was the result
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of a combination of effects, including the inconsistent image noise and the considerable
variation in anatomic shape of the pulmonary vasculature due to the large volume change
(Figures 1-4). For each source feature, the MLS estimation procedure provided rapid and
effective guidance towards the corresponding feature neighborhood within the target image
space. However, readers were instructed to spend as much time as deemed necessary to
manually delineate and verify precise feature localization at the voxel level.

Alternative approaches for computer assisted feature identification schemes in the DIR
evaluation setting have been described. Murphy et al. [50] reported a novel software
application for semi-automated construction of image feature pairs, which was intended to
minimize excessive consumption of time and personnel resources required to complete the
task. This was achieved first by implementing an automated feature identification process
based on magnitude image gradients, and secondly by allowing automated feature
registration across images via thin-plate splines following manual matching of an initial
feature subset. Although the authors report considerable reduction in time requirements (~30
min to completion per scan pair), the improvement is afforded by reliance on automated
procedures to identify and subsequently define the reference standard feature
correspondences. In the present study, all feature matching was manually performed to
prevent the use of any singular DIR model to introduce potential bias into the reference data.

The pioneering work by Sarrut et al. [12] has since motivated further investigation into the
feasibility, practical utility, and statistical necessities surrounding the use of large samples of
anatomic feature-pairs for critical and objective evaluation of DIR [14]. Previously we
reported our findings in this area, which subsequently led to the development and public
deployment of the DIR-Lab reference dataset. By making the reference data freely and
publicly available, the present framework allows for in-house algorithm development and
optimization, without the need for submission of data to a larger overseeing body for
performance evaluation [13]. Additionally, the available data mitigates the potential
logistical concerns associated with generation of the feature-pair datasets, which may be
impractical without sufficient resources [50]. To our knowledge, no datasets exist with
comparable wealth of spatial accuracy sampling, inclusion of images derived from the
COPDgene study archive, with explicit quantification of relative noise content and
magnitude volume change between BH-CTs. Additionally, the reference dataset is further
supplemented with additional measurements of feature trajectories provided for the set of
expiration phase images on 4D CT, and explicit quantification for estimates of observer
variance in feature localization.

CONCLUSIONS
The availability of a common dataset for algorithm performance assessment that is broadly
applicable will facilitate streamlined comparative evaluation and meta-analysis of the
scientific literature, and further provide a foundation upon which to develop a rigorous and
standardized evaluation methodology that is presently lacking. The additions to the DIR-lab
web database described in this work will greatly enhance applicability of the reference data,
providing a freely available common dataset for targeted and state of the art critical
evaluation of DIR spatial accuracy performance in multiple clinical settings.
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Figure 1. Breath-hold CT image pair from the COPDgene study
a) The inhale BH-CT shown in coronal section was acquired at high tube current (200 mA)
resulting in low image noise. b) The corresponding exhale BH-CT coronal section was
acquired at low tube current (50 mA) resulting in a two-fold increase in the relative image
noise. Note the mottled appearance in the soft tissue regions compared to the iBH-CT. c)
Plot of the histogram distribution of lung CT values in Hounsfield Units (HU) from the BH-
CT image pair shown in (a) and (b).

Castillo et al. Page 14

Phys Med Biol. Author manuscript; available in PMC 2014 May 07.

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript

N
IH

-PA Author M
anuscript



Figure 2. Anatomic deformation
Two example vessel bifurcations, which were selected as reference landmark features, are
shown in transverse section with green crosshair indicating corresponding voxel positions in
(a, c) iBH- and (b, d) eBH-CT. There is substantial change in the shape of the structures that
make-up the bifurcations. On the iBH-CT the blood vessels are straight and the lung tissue is
dark. On the eBH-CT the blood vessels are bent, due to the substantially reduced lung
volume, and the surrounding lung tissue is lighter. The bifurcations shown are located much
closer to the lung border on the eBH-CT. These changes make automated estimation of these
point-pairs difficult using cross-correlation.
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Figure 3. CT noise estimation
Estimates of the relative noise ratio between (a, c) iBH- and (b, d) eBH-CT were determined
by quantitative assessment of the CT numbers within manually placed 1.5 cm diameter
spherical ROIs (indicated by yellow arrow). Visually, the eBH-CT clearly demonstrates
increased mottled appearance within soft-tissue structures compared to corresponding iBH-
CT. The COV ratio indicates average relative noise increase of 2.2× for the set of 10 cases
included in this study. The increase is due to the (4:1) acquisition tube current ratio, and the
use of edge-enhancing BONE reconstruction kernel.
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Figure 4. Extreme volume chang
Fusion image is shown depicting the iBH-CT in sagittal section, with overlay of the
contoured eBH-CT lung volume (orange color-scale) in 25-slice increments. Vertical-axis
tick marks are spaced in 20-voxel (50 mm) increments from the top of the axis. Horizontal-
axis tick marks are spaced in 50-voxel (32.35 mm) increments from the left. The figure
illustrates considerable magnitude lung motion in AP and SI component directions.
Maximum distance between the inferior contoured lung boundaries is on the order of 40
image voxels.
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Figure 5. Observer target localization variability
The average (± standard deviation) of the 3 mean observer localization errors is shown for
each case. For cases 6, 8, and 9 the highest observer average was approximately twice that
of the lower observer, resulting in the relatively large standard deviations. Combining the set
of observer measurements for each case yields average repeat registration errors ≤1.06 mm
over the set of 10 cases utilized in this study.
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Figure 6. COPDgene BH-CT reference data
Landmark point pairs were selected on exhale and inhale BH-CT images from 10
COPDgene cases. The number of pairs ranged from 447-1172 for each case. Vector field
projections are shown using the color map for displacement length (0 to 50 mm) shown at
right. Those vectors with >50 mm displacement are mapped to the same red-colored
maximum. The range of displacements varies for each case, reflecting the extent of their
COPD disease.
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Figure 7. Distribution of landmarks
For each anatomic feature identified in this work, the minimum distance to the respective
contoured eBH-CT lung surface was determined. The set of distance measurements was
compiled to generate the overall cumulative distribution shown at left. An illustration of the
measurement process is depicted at right for an example transverse section. Reference
features are identified by crosshair, with adjoining line segment indicating the minimum
distance to the contoured surface (overlain in red). For this example slice, 20 features (12
right lung; 8 left lung) were identified and are shown color-coded according to magnitude
distance to surface, ranging from 3 – 37 mm.
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Figure 8. DIR-Lab reference library data
Mean (± standard deviation) magnitude landmark displacement (blue) is shown adjacent to
the corresponding mean (± standard deviation) observer localization error (red). For the 4D
CT cases, magnitude displacements are given between the maximum inhalation and
exhalation component phase images. Horizontal lines indicate the overall average landmark
displacement magnitude for the two imaging cohorts (4D CT: 8.52 mm, COPDgene: 23.46
mm).
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TABLE 1
CT Imaging & Landmark Summary Characteristics

The image and voxel dimensions are shown for all cases included in this study. Also shown is the number of
reference feature pairs for each case, along with the corresponding average (and standard deviation)
magnitude displacements. Estimates of observe variance in target feature localization were obtained by repeat
registration as described, and are also shown as mean (and standard deviation), combined for the set of
multiple observers. All measurements of distance are reported in units of millimeters.

Case
Number

Image
Dimensions

Voxel Dimensions
(mm)

#
Landmarks

Avg. Displacement
(mm)

Observer Error
(mm)

1 512×512×121 0.625×0.625×2.5 773 25.90 (11.57) 0.65 (0.73)

2 512×512×102 0.645×0.645×2.5 612 21.77 (6.46) 1.06 (1.51)

3 512×512×126 0.652×0.652×2.5 1172 12.29 (6.39) 0.58 (0.87)

4 512×512×126 0.590×0.590×2.5 786 30.90 (13.49) 0.71 (0.96)

5 512×512×131 0.647×0.647×2.5 1029 30.90 (14.05) 0.65 (0.87)

6 512×512×119 0.633×0.633×2.5 633 28.32 (9.20) 1.06 (2.38)

7 512×512×112 0.625×0.625×2.5 575 21.66 (7.66) 0.65 (0.78)

8 512×512×115 0.586×0.586×2.5 791 25.57 (13.61) 0.96 (3.07)

9 512×512×116 0.664×0.664×2.5 447 14.84 (10.01) 1.01 (2.54)

10 512×512×135 0.742×0.742×2.5 480 22.48 (10.64) 0.87 (1.65)
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TABLE 2
Measured Volume Change

Volume change measurements were estimated from semi-automated lung voxel segmentation, and are shown
expressed as absolute difference (ml) and percent difference relative to the eBH-CT lung segmentation. Note
that cases #4 and #6 more than doubled in relative volume between exhale and inhale breathing states.

Case
Number

Inhale Lung
Volume (ml)

Exhale Lung
Volume (ml)

Absolute
Difference (ml)

Relative Difference
(% Exhale)

1 6852 4268 2584 61%

2 4230 3051 1179 39%

3 5332 4260 1072 25%

4 4332 2105 2227 106%

5 5203 2521 2682 106%

6 4550 2784 1766 63%

7 3879 2905 974 34%

8 4798 2759 2039 74%

9 4042 2954 1088 37%

10 7181 4362 2819 65%
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TABLE 3
Relative Noise Estimation

Estimates of relative noise between corresponding iBH- and eBH-CT were determined by regional assessment
of the distribution of image intensities within manually placed ROIs. The ratio of COVs was calculated from
these measurements as a surrogate for the relative noise between image pairs. On average, the estimated eBH-
CT noise is 2.2× that of the corresponding iBH-CT.

Case
Number Inhale COV Exhale COV Ratio (Exhale /

Inhale)

1 0.011 0.018 1.64

2 0.028 0.042 1.50

3 0.015 0.031 2.07

4 0.012 0.024 2.00

5 0.016 0.031 1.94

6 0.008 0.019 2.37

7 0.014 0.037 2.64

8 0.012 0.026 2.17

9 0.014 0.039 2.78

10 0.013 0.037 2.85

Average Ratio 2.20
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