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Abstract

Background: Target Registration Error (TRE) calculated based on selected anatomical
landmarks is commonly known as the only trustable way to evaluate DIR accuracy.
However, manual landmark pair selection is labor intensive and subjected to observer
variability. Currently, no DIR benchmark datasets are available for Liver CTs. Manually
selected landmark pairs have limited DIR evaluation power due to inadequate landmarks
quantity (i.e., ~5 landmark pairs per datasetl for liver CTs) and positional accuracy. For
the purpose of liver DIR verification, there is a great need to establish a large quantity of
landmark pairs with good positional accuracy.

Purpose: An image processing procedure was developed in this study to automatically
and precisely detect landmark pairs on corresponding vessel bifurcations between pairs
of intra-patient CT images. With high positional accuracy, the generated landmark pairs
can be used to evaluate deformable image registration (DIR) methods quantitatively for
liver CTs.

Methods: Landmark pairs were detected within the liver between pairs of contrast-
enhanced CT scans for 32 patients. For each case, the liver vessel tree was automatically
segmented in one image. Landmarks were automatically detected on vessel bifurcations.
The corresponding landmarks in the second image were placed using a parametric DIR

method (pTVreg). Manual validation was applied to reject outliers and adjust the

iv



landmarks’ positions to account for vessel segmentation uncertainty caused by the
inconsistent image quality. Landmark pairs’ positional accuracy of the procedure was
evaluated using digital phantoms on target registration errors (TREs).

Results: On average, ~71 landmark pairs per case were detected after manual outlier
rejection. The proposed procedure increased the quantity of liver landmark pairs by ~10
times compared to the reported in the literature. A fully manual spot check showed that
the reported procedure performed better than or as good as human at landmark pairs
positional accuracy. Measured in the digital phantoms, the mean and standard deviation
of TREs were 0.67 + 0.48 mm with 99% of landmark pairs having TREs smaller than 2mm.
Conclusion: A large number of liver landmark pairs with high positional accuracy were
detected in contrasted enhanced CT image pairs using the reported method. The detected
landmark pairs can be used for the quantitative evaluation of DIR methods.

Keywords: Deformable image registration, medical image processing, vessel

segmentation, liver, landmarks
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1. Introduction

Image registration and image fusion have widespread applications in diagnosis,
treatment, and fundamental research (Hill, Batchelor et al. 2001) among medical field. As
a technique to correlate information from different images, image registration has become
a key component for multiple clinical procedures especially for radiation oncology.
Compared to rigid registration, non-rigid image registration also known as deformable
image registration (DIR) is recognized as an attractive tool for more clinical tasks, because
DIR can compensate for tissue deformation. However, DIR has seldomly been used for
regular clinical practice (for radiation therapy as well as other medical settings). The
accuracy of current DIR methods does not satisfy the clinical requirement and it remains
an issue as how to quantify the reliability of DIR performance for clinical purposes. There

is huge need and potential to develop DIR in various aspects.

1.1 Principles of DIR

Image registration refers to the process of determining the transformation
relationship between image data points of a serious of images (Szeliski 2007, Fischer and
Modersitzki 2008, Brock, Mutic et al. 2017). Medical image registration methods can be
classified in various ways such as by image modality (single or multi-modality), nature of
registration basis (extrinsic or intrinsic registration), and nature of transformation (rigid

or deformable registration), et al (Maintz and Viergever 1998, Alam, Rahman et al. 2016,



Cocianu, Uscatu et al. 2023). A typical way is to categorize them into rigid image
registration or non-rigid image registration (DIR). Rigid registration involves only rigid
transformations (rotation and translation) to align the corresponding images, which
simplifies the process by neglecting the deformations between different images sets
(Maintz and Viergever 1998, Hill, Batchelor et al. 2001). However, this method has limited
applications because patient images do subject to local anatomical changes due to intrinsic
or extrinsic factors. There is an increasing need for DIR to deal with more complicated
clinical tasks.

Normally, (medical) image registration involves two sets of images: a reference
image and a moving image. The moving image is manipulated to algin with the fixed
image. To understand the process of image registration, a medical image is a matrix
describing the intensities at each coordinate, each element of the matrix represents a voxel
or pixel unit. The alignment process is to mathematically modify the moving image matrix
of the moving image to resemble that of the reference image (Teuwen, Gouw et al. 2022).

A general workflow of image registration is shown is figure 1.
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Figure 1: General image registration workflows

During the registration (DIR), the moving image needs to be applied with a serious
of image manipulation operations such as interpolation, transformation, rotation, scaling
and shearing to satisfy certain predefined evaluation goals. The transformation
relationship will be determined when the final goals (best goals possible) are achieved
(Sotiras, Davatzikos et al. 2013). For a rigid registration, the mathematical description of
this transformation is rather simple. Since the image as a whole (all pixels or voxels) is
considered as a manipulation unit, a 2D transformation matrix will be adequate to
describe the rigid registration of 2D or 3D images respectively. For DIR, each intensity
unit (one pixel or voxel) of an image is subject to transformation. So, the transformation
of all intensity units of an image could reach to more than thousands of degrees (Brock,
Mutic et al. 2017). The transformation relationship of DIR is typically defined by a
deformation vector field (DVF). A vector is used at each pixel or voxel unit of the reference
image, describing the origin of the corresponding point in moving image coordinate

(Teuwen, Gouw et al. 2022).



1.2 Application of DIR in radiation therapy

DIR have been used for a various medical settings including (but not limited to)
image guided surgery(Taylor, Mittelstadt et al. 1994, Eggers, Muhling et al. 2006,
Nimmagadda, Ferguson et al. 2022), interventional radiology and cardiology(Khalil, Ng
et al. 2018, Dubost, Bruijne et al. 2020), nuclear medicine(Hutton, Braun et al. 2002) and
radiation oncology(Kessler 2006, Brock 2007). From diagnose, pre-procedure preparation
to treatment, registration is possible to provide value for various stages of these clinical
settings.

In terms of radiation oncology, image registration has achieved the most
significant progress and clinical acceptance. Rigid registration has been used a as clinical
routine procedure for patient setup and target localization during radiation treatment(Yin,
Wong et al. 2009). Besides, rigid and non-rigid registration are being increasingly used for
diagnosis, tumor staging, treatment planning and response evaluation(Hawkes 1998,
Swamidas, Kirisits et al. 2020).

Since global rigid registration has inherent limitation with a simplified registration
task (neglecting deformation). Image registration research has been predominantly
focusing on DIR. Progress of DIR include its application in image guided and adaptive
radiation therapy (Castadot, Lee et al. 2010, Yang, Brame et al. 2011, Bertholet,

Vinogradskiy et al. 2021) and relevant clinic tasks such as target definition(Chao, Xie et al.



2008, Hof, Rhein et al. 2009, Faggiano, Fiorino et al. 2011), auto segmentation (Voet, Dirkx
et al. 2011, Fu, Liu et al. 2017), motion management(Li, Wang et al. 2011, Wu, Wang et al.

2011, Wang and Gu 2013), and treatment response monitoring (Castadot, Geets et al. 2010).

1.3 Evaluation methods for DIR

A satisfying accuracy is the key to extend DIR to real clinical practice (Sarrut 2006,
Paganelli, Meschini et al. 2018). However, it remains a challenge for DIR to be quantitative
evaluated and provide trustable validation outcome (Viergever, Maintz et al. 2016). Many
evaluation methods have been previously reported to evaluate DIR performance(Oh and
Kim 2017, Yang, Zhang et al. 2017). The existing methos can be concluded into three
categories: (1) Calculating image intensity-based metrics (Fallone, Rivest et al. 2010); (2)
Utilizing digital or physical phantoms with known deformations; (3) Utilizing anatomical

landmarks.

1.3.1 Image intensity metrics

There are three major metrics to evaluate the dissimilarity between separate
images that are calculated based on intensities of each image grid: (a) the sum of squared
intensity difference (SSD); (b) mutual information (MI); and (c) cross correlation. The
calculation formulations (based on 3D images) are given as equation (1), equation (2) and

equation (3)(Li, Glide-Hurst et al. 2013).
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In equation (1), SSD is calculated as the sum of square of the image intensity value
I difference of each voxel (i, j, k) between the moving image M and reference image R. The

registration goal is achieved by minimizing this metric.

M,R

P
MI= ¥ 1P (IIW,f[r)lng( (Im'lr)) (2)

M R
PIm PIr

Mutual information is calculated based on entropy, as a measure of information
content. The registration goal is achieved by maximizing this metric. In equation (2),
P(IZ;SIT) represents the joint probability where the voxel intensity of moving image M is I,
and the voxel intensity reference image R is I, among all the possible intensity values in

both images.

LR = TRYUM = TM
cCc = Z(.].k)( (i,j,k) - DI (i,j,k) ) 1) (3)
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In equation (3), Iﬁl k) represents the intensity value at certain voxel (i, j, k) in the
reference image R, and IR is the average intensity value of the reference image R. The
registration goal is achieved by maximizing this metric.

The intensity-based metrics can be used to evaluate dissimilarity between images.
However, they are not directly evaluations of registration errors. Evaluation based on
these metrics are hardly recognized as reliable especially for DIR(Li, Glide-Hurst et al.

2013).



1.3.2 Digital and physical phantoms

Phantoms to resemble images can be created by digital simulation (digital
phantoms) or physical materials (physical phantoms). Since the phantoms are generated
artificially, the deformations are known between the phantom-to-phantom pairs or
phantom-to-image pairs. Therefore, they can be used to quantitatively provide the
absolute registration errors in terms of mm. The term target registration errors (TRE) are
defined as the average distance of misalignment between corresponding points from the
moving image and reference image. The calculation of TRE is described in equation (4).

A typical flowchart to using phantoms for DIR evaluation is shown in figure 2.
Yn|PE 1 —PE.
TRE = w @)
In equation (4), the summation is over the number of matched points n. P(ll?, ik and

is P(IE, j k) the coordinates of corresponding points from the deformed moving image D and

the reference image R.

Figure 2: Flowchart of using phantoms for DIR evaluation.



However, digital or physical phantoms are not perfect imitation of real patient
images. The deformations in these phantoms are normally too smooth and simple. Thus,

the measured TRE by using the phantoms could not be generalized to real patient images.

1.3.3 Anatomical landmarks and organ contours

The principle of using anatomical landmarks or organ contours to validate DIR is
similar to that of using phantoms. Corresponding anatomical landmark pairs or contour
pairs can be obtained from the moving image and the reference image to calculate TRE.

Anatomical landmarks are considered as the most reliable way to validate DIR
performance. Since DIR is local registration instead of global registration, landmarks are
the most possible ground truth of correspondence between images with significant local
deformation.

Typically, manually selected landmarks (such as vessel bifurcations) and
manually delineated structure contours in corresponding images are used to calculate
TRE at the evaluation steps. However, the manual process is normally time consuming
and labor intensive. Researchers tried to establish reverent datasets by manually selecting
large quantity of landmarks using collected images (Castillo, Castillo et al. 2013). This
provides potential tools for DIR evolution. But the manual selection process is still subject

to observer variance and only limited datasets are available at this stage.



To provide reliable validation for DIR performance, landmark pairs need to be
accurate and dense, which is hard to satisfy with manual process. To improve the
efficiency and accuracy of landmarks generation, anatomical landmarks can be
automatically detected in large quantity. So far, no relevant work has been reported in

establishing DIR verification datasets for liver.

1.4 Previous work and research aims

1.4.1 Previous work on DIR landmark detection and dataset
establishment

1.4.1.1 Public DIR verification datasets

As discussed in a previous chapter, relevant work has been done to establish DIR
landmark datasets as a way of providing DIR validation tools. These datasets include the
DIR-Lab datasets (www.dir-lab.com) and the POPI dataset (www.creatis.insa-
lyon.fr/rio/popi-model/).

DIR-Lab incorporates two set of images: (1) thoracic 4DCT images acquired at The
University of Texas MD Anderson Cancer Center from 10 patient objectives during their
the treatment of thoracic malignancies and (2) 10 inspiratory and expiratory breath-hold
CT image pairs acquired from the National Heart Lung Blood Institute COPDgene study
archive(Castillo, Castillo et al. 2009, Castillo, Castillo et al. 2010). For each image set, 300

landmark pairs were manually identified for every corresponding image pairs.



The POPI dataset contains thoracic 4DCT scans from 6 patient subjects. For each
4DCT image, 100 landmarks were manually identified between exhale and inhale phases
(Vandemeulebroucke, Rit et al. 2011, Vandemeulebroucke, Bernard et al. 2012).

Currently, all available DIR verification datasets are restricted to lung only. This
is because landmarks can be manually identified more easily based on the relatively

significant soft tissue contrast within lung CT images.

1.4.1.2 Previous work on automatic landmark detection

Manually selected landmarks are subject to observer variance and the manual
process is very labor intensive. To improve the efficiency and accuracy of landmark
identification, landmarks can be identified automatedly using image processing
techniques.

A few methods have been reported to detect landmarks in lung images based on
scale invariant feature transform (SIFT) detection and matching methods (Murphy, van
Ginneken et al. 2011, Mazur, Fischer-Valuck et al. 2016, Vickress, Battista et al. 2016).
However, none of the proposed methods were able to detect more landmarks compared
to DIR-Lab.

Yang et al also reported a detection workflow to detect landmarks on volumetric

images of multiple anatomical parts (abdominal 4DCT, head-neck CT, pelvis fractional
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MRI) (Yang, Zhang et al. 2017). In this work, landmarks were detected separately and then
matched as pairs, which might establish false correspondence between landmark pairs.

Based on DIR-Lab dataset, Fu and Yang et al reported a method to detect large
dense of landmarks between the 10 4DCT images (~1886 landmarks per case) (Fu, Wu et
al. 2019), which surpassed the landmark quantities provided by DIR-Lab.

As discussed above, almost all work on landmark detection and dataset are based
on lung images. A recent published work tried to detect landmarks on liver images based
on vessel segmentation (Cazoulat, Anderson et al. 2021). But the proposed workflow was
possibly too simple to generate landmark pairs with adequate accuracy for liver DIR
validation.

To facilitate the development of DIR, there is a great need to generate a more
sophisticated landmark detection method and establish large quantity of landmark pairs

with good positional accuracy for medical images of more anatomical sites.

1.4.2 Research aims
Specific aim 1:
Develop image processing tools and workflow to automatically detect landmark
pairs between pairs of intra-patient liver images.
1.A Establish a vessel segmentation algorithm that is robust to the poor quality of

liver images;

11



1.B Build automatic detection workflows to automatically detect large quantity of
landmarks based on image segmentation;

1.C Generate landmark pairs within good correspondence using automatic
methods.
Specific aim 2:

Establish a dataset with large number of landmarks pairs for quantitative
validation of liver DIR.

2.A Apply the automatic workflow and generate landmark pairs to the collected
images;

2.B Apply automatic or semi-automatic methods to refine the detected landmarks;

3.B Evaluate the accuracy of generated landmark pairs with manually and

quantitatively.
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2. Materials and Methods

2.1 Materials

In this study, we retrospectively processed and analyzed CT images from 49

patient cases with abdominal or pelvic cancer. For each case, two contrast enhanced CT

images with the liver contour were incorporated for further study from the same patient

during their courses of diagnosis, treatment, and follow-ups. Image information such as

voxel-size was also acquired for further analysis and processing, as listed in table 1.

Table 1: Voxel size information for image processing

CT1 CT2

Case ID Slice In-plane Slice In-plane
# of slices | thickness | resolution | #of slices | thickness | resolution

(mm) (mm) (mm) (mm)
01 174 2.50 0.70 186 2.50 0.70
02 204 2.50 0.82 202 2.50 0.82
03 166 2.50 0.70 170 2.50 0.70
04 197 2.50 0.82 180 2.50 0.82
05 204 2.50 0.82 216 2.50 0.82
06 183 2.50 0.74 91 2.50 0.74
07 170 2.50 0.82 172 2.50 0.82
08 186 2.50 0.70 190 2.50 0.70
09 220 2.50 0.78 292 2.50 0.78
10 394 1.25 0.70 176 2.50 0.70
11 192 2.50 0.78 196 2.50 0.78
12 200 2.50 0.74 204 2.50 0.74
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13 202 2.50 0.78 192 2.50 0.78
14 198 2.50 0.82 202 2.50 0.82
15 176 2.50 0.74 164 2.50 0.74
16 176 2.50 0.82 160 2.50 0.82
17 180 2.50 0.63 95 2.50 0.63
18 204 2.50 0.86 198 2.50 0.86
19 186 2.50 0.78 194 2.50 0.78
20 202 2.50 0.86 212 2.50 0.86
21 184 2.50 0.78 190 2.50 0.78
22 184 2.50 0.94 190 2.50 0.94
23 176 2.50 0.90 176 2.50 0.90
24 227 2.50 0.82 206 2.50 0.86
25 200 2.50 0.70 208 2.50 0.70
26 179 2.50 0.78 209 2.50 0.78
27 181 2.50 0.78 216 2.50 0.78
28 182 2.50 0.86 196 2.50 0.86
29 222 2.50 0.90 202 2.50 0.90
30 182 2.50 0.74 180 2.50 0.74
31 121 2.50 0.86 127 2.50 0.86
32 192 2.50 0.78 212 2.50 0.78
33 196 2.50 0.70 198 2.50 0.86
34 170 2.50 0.86 97 2.50 0.78
35 378 1.25 0.84 563 1.25 0.75
36 221 2.00 0.69 530 0.70 0.64
37 225 2.00 0.61 249 2.00 0.89

14



38 460 1.00 0.98 245 2.00 0.87
39 154 3.00 0.89 162 3.00 0.98
40 234 2.00 0.91 236 2.00 0.75
41 221 3.00 0.87 227 3.00 0.96
42 300 2.00 0.69 205 3.00 0.89
43 208 2.00 0.68 222 2.00 0.66
44 158 3.00 0.84 167 3.00 0.89
45 244 2.00 0.94 244 2.00 0.89
46 233 2.00 0.75 246 2.00 0.73
47 324 2.00 0.66 319 2.00 0.66
48 205 2.00 0.79 232 2.00 0.74
49 161 3.00 0.78 230 3.00 0.76
2.2 Methods

2.2.1 Research workflow

The goal of this study was to detect large quantity of landmark pairs among 49
patient cases, which involved a comprehensive semi-automatic image processing and
analyzing workflow. This process included image resampling, cropping, vessel
segmentation, landmark detection, deformable registration, manual verification and

digital phantom simulation, as shown in Figure 3.
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Figure 3: Workflow for landmark pairs detection and evaluation

For each case, two pair images were preprocessed to be in the same image size
with only liver part cropped from original images for further processing. A liver vessel
tree was automatically segmented in the first CT (CT#1) and landmarks were
automatically detected on the vessel bifurcations. Corresponding Landmarks on the
second CT (CT#2) were mapped from the first CT using a DIR method. The generated
landmark pairs on were then manually verified to reject falsely detected landmarks.
Digital phantoms based on the real patient images were also simulated to quantitative
evaluate the accuracy of this workflow.

The research procedure was designed in this way for several reasons:

1. Landmarks detected on segmented vessel trees are more stable compared to

directly detect them on images.

2. Landmark detection was applied on one image and propagated to the

corresponding image because this could achieve better correspondence

16



compared to applying detection procedure to both images due to the
inconsistent quality for live images.

3. Landmark pairs generated with a DIR could be more accurate than using
similarity metrics-based methods.

4. A manual validation process was necessary to verify the detected landmark
pairs and reject outliers for optimal accuracy.

5. Landmark pairs were assessed using digital phantoms simulated from real

patient images in our dataset to provide proof of accuracy quantitatively.

2.2.2 Image pre-processing

The original intra-patient CT scans were acquired with different image sizes and
resolution. To enable the deformable registration between the pair of intra-patient images
in each case, the original CTs must be adjusted to the same image sizes after being cropped
to liver organ range with a defined margin. Besides, the slice-wise resolution (slice
thickness) was worse compared to the in-plane resolution. Images were up sampled in
slice-wise dimension to the same as in-plane resolution before the vessel tree could be
segmented smoothly. All the processing steps were put together into one workflow to

make sure the images were in the same condition before vessel segmentation and

17



deformable registration, as shown in figure 4.

Figure 4: Image preprocessing workflow

All the processing steps were applied to both the original CTs and the

corresponding liver masks.

2.2.3 Vessel segmentation

To detect landmarks, a liver vessel was segmented first on one of the intra-patient
patient pair images (CT 1) after pre-processing. This could provide more robust results
compared to detecting landmarks directly from the image. The images were denoised
using a convolutional neuro-network based image denoising method FFDNet (Zhang,
Zuo et al. 2018). The denoised liver CT1 was then used to compute the vesselness
probability map (Ourselin, Styner et al. 2015) within the liver. The vessel tress was
segmented by applying hysteresis thresholding (Medina-Carnicer, Madrid-Cuevas et al.

2009) on the vesselness map.

2.2.4 Landmark detection

The landmarks were detected on vessel bifurcations based on the vessel tree

segmented before. First, the vessel skeleton was obtained by eroding the vessel tree to the
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thickness of one voxel size. Landmarks were detected as the bifurcations of the vessel
skeleton with the build-in morphological operation in MATLAB 2021a (MATLAB Co. Ltd).
To enhance the robustness of the detection process, we applied one last step to
automatically filter out certain landmarks within 5mm distance to the surrounding

landmarks.

2.2.5 Deformable registration

Through the previous procedure, a large number of landmarks were detected in
the first image (CT1). Multiple measures could be taken to generate the corresponding
landmarks in the second image (CT2) such as using similarity metrics (55D, NCC, MI) or
directly detecting landmarks simultaneously in both images. However, due to the
inconsistent image intensities and significant noisy, which was especially the case for liver
CT images, such measures were not able to provide accurate correspondence for
landmark pairs generation.

In this study, we applied DIR to establish the initial correspondence between CT1
and CT2. This could be achieved by two major steps. First, register CT1 and CT2 and
compute the DVF with a parametric DIR method. Second, project the landmarks detected
in CT1 to their corresponding location in CT2 with the DVF. The initial landmark pairs

among all cases were established using this procedure.
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2.2.5.1 Registering CT1 and CT2 with pTVreg

To generate the corresponding landmarks CT2, we applied a DIR algorithm
pTVreg (Vishnevskiy, Gass et al. 2017), which is a parametric DIR registration method
using isotropic Total Variation (TV) regularization. This method is able to deal with non-
smooth displacement and is robust to parametric selection. As reported by DIR-LAB

(www.dir-lab.com), it is one of the most accurate DIR methods. The reported mean and

standard deviation of TREs were 0.92 + 1.06 mm among the 10 4DCT lung cases in DIR-
LAB dataset.

In using pTVreg to register CT1 and CT2, CT1 was set as the moving image, and
CT2 as the reference image. Estimated displacements (DVF) were computed during

registration and specified as physical unites.

2.2.5.2 Mapping the corresponding landmarks to CT2

The estimated motion fields (DVF) were calculated describing the correspondence
from the moving image (CT1) to the reference image (CT2), which could be useful to
obtain the corresponding coordinate points in CT1 directly from the ones in CT1, as
described in equation 5.

Coordinates(x,y, Z)moving image = DVF + Coordinates (X, Y, Z)reference image (5)

Since the landmarks were originally detected on CT1, the DVF was inverted first

before it could be used to mapping the landmarks from CT1 to CT2. Thus, the
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corresponding landmarks in CT2 were also acquired as a set of coordinate points in the

image matrix.

2.2.6 Manual verification

The initial landmark pairs were established using a complete automatic procedure
(automatic vessel segmentation, landmark detection, and deformable registration).
However, due to inherent poor quality of liver images, the liver vessel could not be
segmented perfectly, and landmarks could be falsely detected because of unperfect
segmentations. Besides, the DIR method pTVreg used in this study was still subject to
registration errors and the initial correspondence between pairs of landmarks established
here may not accurate enough for DIR verification. Therefore, a fully manual verification
was necessary to reject the falsely detected landmarks and check the correspondence of
each landmark pairs.

The manual verification was a spot check process of each single landmark pair. An
in-house software tool was utilized here to display each landmark on their corresponding
image slices in all three views, as shown in figure 5A. This tool could display landmark
pairs on both images and zoom in or zoom out (figure 5B) for accurate local information
of landmark position. Operations were directly taken in this tool including manually put
new landmark positions and mark falsely detected landmarks if needed. Except for single

landmark information from original image, display of single landmark on 3D plot of
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vessel segmentation patch was utilized simultaneously during manual verification, as

shown in figure 6.

(14157658719611)] Distance =10.3 (-15 8.2
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Zoom factor: j ' - Other Features Unmatched Features
Window Center: 1100.0 ' Feature # ®Upsampling
Window Width: 260.0 Edges High all features

Vectors BThis is a good match

A: full liver image slices
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Figure 5: Display of single landmark pairs on pair liver images.
The images included slices of CT1 (left) and CT2 (right) in all three views.
Landmarks were marked as orange circles in the image.
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Figure 6: Display of single landmark on local vessel segmentation patch

2.2.7 Digital phantom simulation

To evaluate the accuracy of landmark pairs, digital phantoms were used to
simulate the process of landmark generation based on every patient cases. The digital
phantoms were generated by deforming the CT1 in each case using artificial DVF. The
artificial DVF were produced by registering pair CT images from another patient case
using a different DIR method (demons). With simulated image pairs (CT1 and
corresponding digital phantom CT1’), the previous workflow was applied to them to
generate landmark pairs. Since the ground truth of deformation were known between
CT1 and CT1’, TREs of the simulated landmark pairs could be calculated as quantitative
evaluation of previously generated landmarks. The detailed procedure of digital phantom

simulation was shown in figure 7.
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Figure 7: Workflow of landmarks evaluation using digital phantoms
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3. Results

3.1 Liver vessel segmentation and landmark detection
performance

Among 49 patient cases, 32 cases were selected as final cases for landmark
detection after manual verification. Case rejections were based on image quality and
detailed reasons were specified subsequently in chapter 3.2. The CT images among 32
cases exhibited huge variation in terms of contrast level, noise level and lesion sizes. This
caused the segmentation and detection algorisms to perform differently among intra-
patient or inter-patient CT images. For most cases, a decent vessel tree was able to be
segmented, and large quantity of landmarks (more than 70 landmarks) were detected
subsequently. Results of image denoising, vessel segmentation and landmark detection
were presented in figure8, figure 9 and figure 10 with a worst case, a medium case, and a

best case respectively.
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Transverse view Coronal view Sagittal view

Cropped liver images with liver contours

Cropped liver images after denoising

Landmarks detected on the
vessel skeleton

Figure 8: Vessel segmentation and landmark detection results of a medium case
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Transverse view Coronal view Sagittal view

Segmented vessel tress

dmarks detected on
vessel skeleton

Figure 9: Vessel segmentation and landmark detection results of a worst case
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Transverse view Coronal view Sagittal view

Landmarks detected on
the vessel skeleton

Figure 10: Vessel segmentation and landmark detection results of a best case
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3.2 Deformable registration performance

A DIR method pTVreg was used here to register the intra-patient images in each
case to map the landmarks from CT1 to CT2. This method was reported to be one of the
most accurate registration methods by DIR-Lab. The performance of pTVreg in
registering our images were also decent enough for subsequent processing. One

example (case 01) of registration results were shown in figure 11.

Transverse view Coronal view

Before registration Before registration After registration

After registration

The moving CT (CT1) The deformed CT1 The moving CT (CT1) The deformed CT1

The reference CT (CT2) The reference CT (CT2)  The reference CT (CT2)

The reference CT (CT2)

/ / o '/\.‘} |
‘«,. io »,\»
AT

The difference image The difference image

b

Figure 11: Case01 deformable registration results
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In figure 11, the images were the CT1, CT2 and difference images before and after
registration. The difference images were colormap images of the difference between CT1
and CT2. By comparing the images before and ager registration, both the organ contour
and the vessel shape exhibited significant resemblance using the proposed registration.

The same results also applied to other cases in our dataset.

3.3 Refined landmark pairs after manual verification
3.3.1 Vessel bifurcations with accurate correspondence

A manual verification process was applied to all the landmark pairs by displaying
every landmarks solely on original images and on local vessel segmentation patches. This
process was designed with 2 major purposes: (a) outlier rejection: remove landmarks that
were falsely detected; (b) correspondence verification: check (and refine if necessary) the
positional accuracy of corresponding landmark pairs. Examples of manually verified

landmark pairs were displayed in figure 13.
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The first CT (CT1) The second CT (CT2)

- !
The first CT (CT1) The second CT (CT2) Local vessel pat}ﬁ

Figure 12: Examples of manually verified landmark pairs

Two examples (first and second row respectively) were provided in figure 13 on
detailed information of landmark pairs. Single Landmark pairs were presented on the
vessel bifurcations of their corresponding image slices and local vessel patches. As shown
in both examples, the landmark pairs had good correspondence in terms of their position,
and the landmarks were well located on the sites with significant vessel bifurcation

characteristics judging from both the liver images and the segmentation.

3.3.2 A large number of landmark pairs

Initially, an average of more than 100 landmarks per case were able to be detected
by the automatic detection procedure. During the manual verification process, around 35%
of landmark pairs were rejected as outliers. Eventually, a total of 2285 landmark pairs
among 32 cases were incorporated in the landmark evaluation dataset. Statistics of

landmarks pairs quantity are listed in Table 2
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Table 2: Statistics of landmarks pairs quantity

Before verification

Rejection rate

After verification

# of landmark pairs

per case

60 - 170

25% - 45%

40 -130

# of landmark pairs

in total (32cases)

~3500

35%

2285(~71 per case)

3.4 Quantitative evaluation

As described in chapter 2.2.7, digital phantoms were simulated based on real patient

images from our data. We applied the same procedure of landmark pair generation to the

phantoms. Target registration errors were computed based on the known ground truth

deformation of digital phantoms. The mean and standard deviation of the TRE were

0.67+0.48 mm for the 32 digital phantoms with known deformations. Among all the pairs,

99% of landmark pairs had a TRE below 2mm and 95% of landmark pairs had a TRE below

1.5mm. A plot of cumulative distribution function (CDF) of TRE is shown in figure 13.
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Figure 13: TRE CDF using digital phantoms among all 32 cases
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4. Discussion

4.1 Liver vessel segmentation

One novelty of this study is the image processing workflow. This workflow
imitates the processes of human landmark selection process. Landmarks were initially
detected based on vessel segmentation, which was more stable compared with previously
proposed methods.

Segmentation of vessels is typically challenging for liver CT images due to poor
image quality. However, as shown in figure 8, 9 and 10, the segmentation was robust
against the inconsistent voxel intensities and low contrast between vessel to the
background tissues within liver images. A vessel tree could be segmented out of various
images with significantly different quality.

The segmentation applied elaborated processing techniques such as hysteresis
thresholding, which considers spatial connectivity between voxels other than just
intensities during for thresholding. While previous work on liver landmark detection
used simple binary thresholding only (Cazoulat, Anderson et al. 2021).

However, there are inherent limitations for hysteresis thresholding. When
applying hysteresis thresholding, a higher threshold and lower threshold will be used for
a binary segmentation. But the threshold values are determined empirically, without

systematic theory. There is no quantitative relationship between the segmentation output
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and input thresholding value. This is one factor contribution to the false detection of
landmarks. Thus, more work could be done to refine the vessel segmentation for liver CTs.
One possible way is to implement deep learning models (such as convolutional neuro

networks based on U-Net) to execute vessel segmentation task.

4.2 Landmark quantity and accuracy

Quantity and accuracy are two most important factors for DIR verification datasets.
As discussed above, no datasets were published before on liver landmarks. A previous
work on liver landmark detection merely proposed a workflow and tested on several liver
images. The quantities of detected landmarks were not disclosed and the validation for
landmark accuracy was far from adequate (Cazoulat, Anderson et al. 2021).

In our study, the quantity of landmark pairs for liver DIR verification increased by
~10 times (71 pirs per case) compared to reported literature using manually selected
landmarks pairs (~ 5 per case). The accuracy was also verified with manual spot check and
evaluated using digital phantoms. As all evaluation demonstrated, the landmarks

detected could be used as a liver DIR benchmark dataset.

35



5. Conclusion

A new method was developed in this study to automatically detect landmark pairs
in 32 contrast-enhanced liver CT pairs. A dense set of landmarks could be detected based
the segmented vessel. Landmarks detected in one image were also propagated to the
second image utilizing DIR methods. The proposed manual verification was an effective
way to reject falsely detected landmarks. Manual verification and evaluation using 32
digital phantoms show that detected landmarks exhibited good accuracy for DIR
verification.

The proposed methods have the potential be implemented as a quality control tool
for DIR application procedures. The landmark pairs detected could be used as a

benchmark dataset for future liver DIR evaluations.
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