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Computed tomography (CT) has been the main noninvasive
diagnostic technique for evaluating lung lesions. Although
multidetector CT (MDCT) enables simultaneous increased
z-axis coverage and thinner slice collimation, large numbers
of axial images are generated by MDCT, which leads
to reviewer fatigue during interpretation (1). Human
perceptual errors, therefore, currently seem to be one of the
most significant limiting factors in the detection of small
lung lesions (2). Bone is one of the most common sites for
metastasis in cancer along with lung. Although CT is a
routine imaging modality to survey many types of cancer,
bone metastases are often missed at CT because of their
subtle findings. Other modalities, such as bone scintigraphy
and positron emission tomography (PET), are useful to
detect bone metastasis, but they still must be identified at
CT anatomically.

In order to solve these problems, computer aided
diagnosis (CAD) systems have attracted attention in recent
years (3). Improvement of image interpretation speed and
image analysis accuracy is expected by using the CAD
system because it can reduce burden on interpreting
physicians and reduce variation in diagnostic accuracy.
Temporal subtraction (T'S), which is one of the computer-
aided detection (CADe) techniques, can remove most of the
normal structures, such as blood vessels, ribs, muscles, by
performing subtraction calculation processing between the
current and the previous images of the same subject (4). CT-
TS technique can enhance the subtle change between the
CT images. Therefore, it has been developed for CADe of
small or ground-glass lung nodules and small or faint bone

© Quantitative Imaging in Medicine and Surgery. All rights reserved.

metastases. In available CT-CAD system lesion candidates
are usually indicated by symbol/mark on a computer-
output image, however, in the TS system observers refer
to the subtraction image without symbol/mark and then
judge whether a “lesion” exist or not. Therefore, diagnostic
performance is heavily affected by the image quality of the
subtraction image. To obtain a high-quality subtraction
image without subtraction artifacts, image registration is a
key technology. Up to date, there are many rigid and non-
rigid image registration techniques. If the image warping
is incorrect, normal structures remain as the artifacts on
the subtraction image, and as a result the image quality
can be degraded. Many image warping techniques have
been developed based on 2-dimensional (2D) images using
a chest radiography (5-7), and TS on plain radiograph
have already been commercially available. In general,
CT images which is obtained different time series have
temporal changes such as shape, size and location. A TS
image on thoracic CT, which is obtained by subtraction of a
previous image from a current one, has a 3-dimensional 3D)
structure and the deformation of the subject in the axial
direction needs to be considered 3D registration technique
is necessary. Since early 2000, several attempts have been
made to develop an image warping technique based on 3D
images using thoracic MDCT images (8,9). Although the
quality of the subtraction images based on 3D was relatively
good in general, misregistration still appeared as artifacts on
the subtraction images. It is, however, necessary to employ
a more complex 3D registration, since the TS image
obtained from two successive CT scans can have noticeable
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Figure 1 Outline of a 3-dimensional (3D) temporal subtraction
method.

subtraction artifacts on very small lung structures.

Non-rigid image registration method for MDCT
images

Image registration is an image processing technique to
align two or more images of the same scene such as remote
sensing (10-12). The techniques are widely used in medical
image processing fields. Image registration method can be
categorized into two types: (I) feature-based registration
(13-15), and (II) image-based registration (16-23).

In feature-based methods, it is necessary to detect
landmarks and features required for registration from
images. The existence of these landmarks and features
corresponding to the two images and the guarantee of their
detection accuracy are the premise of the feature-based
registration. The features for the registration include point
cloud, edge and surface of the image. Ko et 4/. proposed
a system for deification of nodules at the chest CT
image (13). Besl er al. proposed a method for registration
of 3D shape based on feature-points (14). Maintz et al.
proposed a registration of CT and MR brain images based
on correlation of image features, notably edge and ridge
features (15). On the other hand, Rueckert et 4. proposed
a nonrigid registration image matching method based
on free-form deformations and its application to MR
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imaging (20). Pariaswamy ez 4/. converted locally affine but
globally smooth images in their general purpose registration
method (21,22). Walimbe ez al. demonstrated registration of
clinical CT and PET images using a interpolation method
of 3D rotations and translations from discrete regid-body
transformations (23).

In medical imaging, the techniques enable us to combine
data from multiple modalities in a multiple time series.
In recent years, new image registration frameworks based
on convolutional neural networks (CNN) are proposed
(24-26). Wu et al. (24) develop a learning-based image
registration framework based on deep learning techniques.
"To identify intrinsic deep feature representations in image
patches, they introduced the feature selection method using
a convolutional stacked autoencoder. Hu ez 4/. proposed a
weakly-supervised CNN for multimodal image registration
framework from a MR image (25). Eppenhof ez a/. proposed
a fast registration method to estimate a transformation
model based on 3D CNN (26).

Non-rigid image registration methods have been
proposed to reduce further subtraction artifacts on TS
images (27-29). Hereby we provide example of some of
registration methods for reducing the subtraction artifacts
due to normal structures, including blood vessels, in
order to get precise subtraction of a pair of CT images.
Figure 1 illustrates the overall scheme of a general 3D
image registration method. In the first stage of the image
registration method, normalization of the voxel size on the
previous and current images is performed based on a linear
interpolation method. In the second stage, global matching
and local image matching techniques to adjust for the global
and local displacement due to variation in positioning are
performed. Finally, voxel matching technique or generalized
gradient vector flow (GGVF) based matching technique for
more accurate registration are performed as a 3D non-rigid
image warping technique. Then, a TS image is obtained
by subtraction from warped previous image to the current
one. Figure 2 shows the notion of the registration scheme.
An image warping technique such as voxel matching is
applied to the current and the previous image (30), as
shown in Figure 24 and Figure 2C, respectively, in order to
get shift vectors, which represent the extent of deformation
(or warping) of the previous image relative to the current
image. These shift vectors on the current image will enable
us to warp the previous image to produce a TS image. The
voxel matching technique is an optimization non-rigid
registration tools for reduction of the subtraction artifacts
in a TS method. It can be affixed to 2D images including
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Figure 2 Notion of the registration. (A) previous image, (B) warped previous image, (C) current image, and (D) subtraction image.

Previous CT

Current CT

Subtraction image

Subtraction of the matched-voxel
warped previous image (red)
from the current image (green)

Figure 3 Subtraction image of bone metastases. (A) Previous CT image, (B) Current CT image, (C) CT- temporal subtraction (CT-TS)

image. CT-TS image highlights the newly appeared sclerotic lesions in green color (arrows).

chest radiographs by replacing the voxel matching in 3D
images with a pixel matching method.

For the registration of bone on CT, some methods are
used in order to reduce misregistration artifacts. Large
Deformation Diffeomorphic Metric Mapping (LDDMM),
which is included in non-rigid image registration technique,
can handle copious deformation without losing the topology
of the object (31-33). With LDDMM, the connected and
disconnected structures keep that way, even with severe local
transformation. The salient region feature (SRF) is more
reliable method than the density based image registration
method with respect to alignment and is unaffected by the
local density change, and therefore, image matching based on
SREF is suitable for bone subtraction images (34) (Figure 3).
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Application for lesion detection on MDCT image
based on TS technique

Misregistration artifacts still exist on the TS images after
a non-rigid registration processing, and therefore, several
methods are applied for the subtraction images to reduce
them. Segmentation is another big issue in object detection
in image processing. There are many approached such
as Graph Cuts and SuperVoxel etc. 2D or 3D detection
methods are widely used in medical imaging and video
processing. The SuperVoxel is a segmentation method
based on voxels with similar attributes. Graph Cuts is a
graph-based segmentation technique. Both-are sometimes
used to segment the subtle lesions such as ground-glass lung
nodules in initial candidate region (35). When a temporal
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Figure 4 Subtraction image of ground-glass nodule of the lung. (A) Current image, (B) Previous image, (C) Temporal subtraction image

after a non-rigid registration processing. A localized ground-glass nodule exists on both current and previous images, but the temporal

change cannot be emphasized correctly because of lightness in the subtraction image.

previous image is generated using the method of the previous
study, large nodular opacity and its temporal change are
highlighted on the TS image, however, changes in small
ground-glass nodule disappear in some cases. An example
is shown in Figure 4. A localized ground-glass nodule exists
on both current and previous images, but the temporal
change cannot be emphasized precisely because of lightness
in the subtraction image. Because of this, it is considered
to be the forcing power when the alignment process is
high, which is intended to significantly reduce artifacts as a
result of misalignment of the blood vessels and chest wall.
A new method was developed to overcome this problem.
Figure 5 demonstrates the outline of the proposed processing
architecture. The whole processing is followed by the initial
TS image generation, region-of-interest (ROI) extraction,
Graph Cut-based ground-glass nodules 3D-ROI detection,
support vector machine (SVM)-based shadow removal,
followed by the coordinates of T'S images to assist the voxel
matching of previous image. Ultimately, the current image
and the registered image was subtracted. Figure 6 shows a
part of the extraction results by 2D display according to the
3 types of region extraction methods: (I) only Graph Cuts;
(II) SuperVoxel and Graph Cuts; (IIT) SuperVoxel and Graph
Cuts using the gradient vector concentration degree. Figure 7
displays TS images without voxel matching method (Global
Matching + Local Matching + Elastic Matching) and with
voxel matching (Global Matching + Local Matching + Elastic
Matching + Voxel Matching), and the final subtraction image
by the proposed method.

Clinical study based on TS technique

Several clinical studies using CT-TS technique indicate
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the improvement of diagnostic ability for lung nodule and
bone metastasis detection (28,30,36-42). The performance
for the detection of lung nodule and bone metastasis
was summarized in Table 1. Although the technique to
create CT-TS images is various, all the previous reports
demonstrated the CT-TS improved the diagnostic
performance of observers.

Lung nodule

Abe et al. first reported the clinical efficiency of CT-TS
using 2D registration technique. This is the sole observer
performance study for 2D-TS method. They performed
ROC analysis using films of low dose CTs, which were
obtained with a single-detector helical CT scanner using
10 mm collimation, and found that the TS technique can
increase the sensitivity and specificity for detection of
lung cancer (36). We developed 3D-CT-TS system using
a voxel matching technique with GGVF algorithms and
assessed the performance of TS on thoracic CT using a
soft copy display (28). Value of conventional ROC analysis
is limited because only one lesion can be used per case
and the location of the lesion cannot be considered in the
evaluation. By contrast, jackknife free-response receiver
operating characteristics (JAFROC) analysis permits us
to evaluate radiologists’ performance in diagnosing CT
images by using multiple responses, each with information
on the confidence level and location (3,43). As the results
of JAFROC observer performance study including 30 non-
calcified nodules less than 20 mm, the average figure-
of-merit (FOM) values for all radiologists increased to a
statistically significant degree, from 0.838 without the CT-
TS images to 0.894 with the images while the reading time
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Figure 5 Outline of the processing architecture for ground-glass nodule enhancement.

Figure 6 Extraction results according to 3 types of region extraction methods. (A) Original image, (B) region extraction result by Graph

Cuts, (C) region extraction result by SuperVoxel and Graph Cuts, (D) region extraction result by SuperVoxel with generalized gradient

vector flow (GGVF) and Graph Cuts. Green region is the correction region, red region is the extracted region and the yellow region is the

correct region superposed on to extraction region.

with CT-TS images was not significantly different from
that without. In another observer performance study for
the lung cancer with predominant ground-glass opacity
(ranging from 5 to 22 mm), the use of CT-TS improved
the diagnostic performance without considerably extending

the reading time (37) (Figure 8). Despite the lack of an
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observer performance study, there are two other studies
that evaluated the displacement of landmarks placed at the
bifurcations of segmental bronchi/vessels (33,44). Takao
et al. evaluated the registration accuracy based on the
concept of target registration error using 19 landmarks
chosen at the bifurcations of segmental bronchi, and
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Figure 7 Temporal subtraction images without voxel matching method (A) (Global Matching, Local Matching, and Elastic Matching) and

with voxel matching (B), and the final subtraction image using SuperVoxel based Graph Cuts and support vector machine (C). Ground-

glass opacity (GGO; red circle) remains in (A), but there are a lot of artifacts in this image. On the other hand, with voxel matching (B), the

artifacts are not noticeable, but the GGO shadow is missing or disappearing. In contrast, in the proposed method using SuperVoxel based

Graph Cuts and support vector machine, artifacts are reduced while leaving GGO (C).

indicated the average displacements of the landmarks
were less than the dimensions of a voxel (44). Another
study evaluated the registration accuracy of non-linear
registration using LDDMM by measuring the displacement
of landmarks placed on vessel bifurcations for each lung
segment, and found the average displacement of landmarks
after LDDMM transformation with cascading elasticity
control was significantly smaller than that after affine
transformation (33).

Bone metastasis

Several studies have reported the value of CT-TS for the
detection of the bone metastases recently. Sakamoto et al.
assessed the utility of the CT-TS method using LDDMM
registration algorithm, and indicated that the average
reading time to detect bone metastases on CT images
shortened significantly with the CT-TS (38). The average
FOM increased from 0.758 without CT-TS images to
0.835 with CT-T'S images, although this difference was not
statistically significant. Ueno ez al. assessed the value of the
CT-TS system with a final local matching technique based
on SREF. As the results of the observer study including 20
pairs (current and previous CT images) with sclerotic bone
metastasis in the thoracolumbar spine (135 lesions) and 20
pairs of those in patients without bone metastasis, this study
indicated that the use of CT-TS improved the detectability
of the sclerotic bone metastasis and shorten the reading
time (30). There is only one prior comparative study
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dealing with observer performance between CT-TS method
and the other modality. Onoue ez a/. compared the observer
performance in detecting bone metastases of CT-TS using
LDDMM with that of bone scintigraphy with planar
scan and single-photon emission computed tomography
(SPECT) (41). They used data on 60 patients (30 patients
with bone metastasis and 30 patients without) and 12
readers participated in the observer performance study, The
sensitivity of CT-TS was significantly higher than that of
bone scintigraphy (54.3% vs. 41.3%) and the FOM of CT-
TS appeared superior to that of bone scintigraphy (0.742 vs.
0.691). They concluded that CT-TS might be superior to
bone scintigraphy including SPECT for early detection of
bone metastasis.

Clinical implication

Following the previous observer performance results, CT-
TS method seems to assist the radiologists’ interpretation
for lung nodule and bone metastasis detection sufficiently.
In general, less experienced observers benefited from
CT-TS more, although the diagnostic ability for readers
improved from with CT-TS regardless of experience.
Nevertheless, the clinical usage of CT-TS system may be
limited since both previous and current images are required.
CT is routinely used among cancer patients to assess the
therapeutic effect and to check for local recurrence and
metastasis. Moreover, CT follow-up examinations in cancer
patients are often repeated many times. Therefore, its use
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Figure 8 Lung carcinoma case. (A) Previous CT image. (B) Current CT image. (C) CT temporal subtraction (CT-TS) image. The current

CT shows a faint ground-glass nodule (arrow) (B). The CT-TS image visually enhances the newly appeared ground-glass nodule (arrow) (C).

may be practical in follow-up examinations of the patients
who have a high risk of lung and bone lesions such as
patients with malignant tumor. On the other hand, small
lung nodules and localized ground-glass lesions are being
more readily detected with recent increased use of CT. CT-
TS system may also be useful in repeated CT lung cancer
screening.

Misregistration artifacts of CT-TS method, resulting
from mismatching normal structures in current and previous
images, lead misdiagnosis and extend the interpretation
times. At this point, there are still open challenges to
overcome the further reduction of the misregistration
artifacts on CT-TS system. For clinical use, technical
development that enables more precise registration is
required.

Conclusions

We reviewed the CT-TS techniques and applications to
detect lung and bone abnormalities. The CT-TS would
improve the diagnostic performance of observer, and the
applications to other lesions will be possible in the near
future. When using CT-TS, the diagnostic performance
is heavily affected by the image quality of the subtraction
image. In order to generate CT-TS images more precisely,
further development of the region extraction methods and
applications is desired.
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