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Abstract

A popular benchmark for intra-patient lung registration is provided by the DIR-
LAB COPDgene dataset consisting of large-motion in- and expiratory breath-
hold CT pairs. This dataset alone, however, does not provide enough samples to
properly train state-of-the-art deep learning methods. Other public datasets often
also provide only small sample sizes or include primarily small motions between
scans that do not translate well to larger deformations. For point-based geometric
registration, the PVT1010 dataset provides a large number of vessel point clouds
without any correspondences and a labeled test set corresponding to the COPDgene
cases. However, the absence of correspondences for supervision complicates
training, and a fair comparison with image-based algorithms is infeasible, since CT
scans for the training data are not publicly available. We here provide a combined
benchmark for image- and point-based registration approaches. We curated a total
of 248 public multi-centric in- and expiratory lung CT scans from 124 patients,
which show large motion between scans, processed them to ensure sufficient
homogeneity between the data and generated vessel point clouds that are well
distributed even deeper inside the lungs. For supervised training, we provide vein
and artery segmentations of the vessels and thousands of image-derived keypoint
correspondences for each pair. For validation, we provide multiple scan pairs with
manual landmark annotations. Finally, as baselines on our new benchmark, we
evaluate several image and point cloud registration methods on the dataset.

1 Introduction

Image registration continues to be an important and challenging task in medical computer vision.
A large part of recently developed methods for registration incorporates deep learning [[13]. With
advances in geometric deep learning, point cloud-based registration approaches have become in-
creasingly more prevalent and compete well with image-based approaches, especially in terms of
efficiency and robustness [39]. However, as deep learning is data-driven, its development is highly
dependent on the existence of appropriate datasets and benchmarks.
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As the results of the Learn2Reg benchmark [21]] indicate, 3D lung registration remains challenging
for learning-based approaches, and contrary to other image analysis tasks, conventional optimisation-
based approaches remain state-of-the-art (SOTA). We believe this is in part due to the limitation of
available lung datasets, which typically lack both sample size and range of motion, thereby restricting
further advances through deep learning methods.

With Lung250M-4B we propose a combined dataset consisting of Lung4B, 248 paired CT scans from
124 patients (with approximately 4 billion voxels in total), and Lung250M, with corresponding lung
vessel point clouds with approximately 250 million 3D points and features. This dataset comprises
multi-centric data from different examination types with more cases than comparable datasets and
furthermore enables a fair comparison between image- and point cloud-based registration approaches.
The dataset is available athttps://cloud.imi.uni-luebeck.de/s/s64fqbPpXNexBPP.

Clinical Motivation for Lung Registration 3D registration in general often deals with the align-
ment of scenes and (deformable) objects therein, e.g. for shape completion and scene flow estimation.
3D medical registration, in particular, focuses on finding detailed anatomical or functional correspon-
dences. This could be either for different time points of the same patient or across a population for
shape analysis. While subtle small deformations can be reliably estimated with a range of voxel- and
intensity-based approaches [2, [29]], larger lung motion is more difficult to capture and hence graph-
or point-cloud based alignment has become more prominent [48| |47]].

Finding correspondences between different respiratory levels of lung CT within the same patient
is vital for the diagnosis and characterisation of chronic obstructive pulmonary disease (COPD)
[14]. In COPD local airflow is limited due to small airway disease or emphysema, and accurate
nonlinear displacement fields provide an accurate means for calculating local volume change (and
hence areas of limited airflow) based on the Jacobian determinant [45]. Two other important areas of
lung registration are: estimation of tumour motion from 4D-CT in radiotherapy planning [54] and
identification and tracking of lung nodules for screening and diagnostics of lung cancer [22, 40].

Benefits of Learning on Point Clouds In recent years there has been an increase in research
regarding point cloud learning, which can also be seen in medical research (e.g. [52,161]]). The main
difference between point cloud and image data lies in discarding image (intensity) information that is
either redundant or not necessary for the task, which can be advantageous. First, focusing on only
relevant sparse information makes algorithms more efficient and reduces the risk of overfitting to
subtle irrelevant appearance details. Second, graph-based networks excel at learning representations
that are more closely aligned to underlying anatomical concepts (e.g. vessel tree topology) and
invariant to certain operations (e.g. local rotations). Third, for sensitive data, in particular in the
medical domain, the public sharing of images is often not possible due to patient privacy. Datasets
thus often remain private. Point clouds generated from CT scans, however, hold significantly less
information that makes the patient identifiable than CT scans themselves. Hence, point cloud-based
computer vision methods preserve anonymity and enable access to more data.

2 Related Work

Medical registration models. The majority of methods address 3D image registration on a dense
grid of control points (e.g. B-splines [37]) and minimise a joint cost function of image dissimilarity
(e.g. normalised cross-correlation [1]]) using a discrete [47], continuous or stochastic optimiser
[29]. Deep learning-based approaches follow either a multi-scale architecture [38], use correlation
windows for a set of discretised displacements [50} [17] or focus on more subtle diffeomorphic
deformations [2]. While there are certain approaches, including spherical demons [60] or graph-
and learning-based methods [49] that address cortical matching on the surface of brains [28]], only
few works addressed medical registration on the basis of purely geometric point clouds. Standard
classical approaches like Iterative Closest Point [5] or Coherent Point Drift [43] do naturally apply
to the problem but were shown insufficient for registering highly complex structures in [48]]. [27]
extended the Bayesian Coherent Point Drift to the registration of multiple organ surface point clouds.
As alearning-based method, [4] proposed a PointNet-based model for prostate surface registration,
trained in an unsupervised manner with the Chamfer distance. [15] performed keypoint-based
lung registration by combining a graph network for geometric feature learning with loopy belief
propagation for differentiable optimisation, which, however, required keypoint correspondences for
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supervision. Finally, [48] combined the deep learning-based PointPWC-Net [56] with modules from
optimal transport theory for pre-alignment and fine-tuning to register high-resolution lung vessel
trees. Training was performed on synthetic deformations.

Medical registration datasets. Starting from the retrospective intermodality brain registration
evaluation [55]] that considered only rigid alignment, numerous challenges and public datasets have
been proposed for medical image registration, including lung registration [42]] and multi-modality
MRI to ultrasound registration [58]]. A comprehensive challenge that also considered certain aspects
of learning-based method is Learn2Reg [21]], which comprises several complementary tasks and has
compared dozens of SOTA approaches. Nevertheless, apart from OASIS - an inter-subject brain
mapping tasks - all mentioned datasets comprise 50 or fewer scans and are thus not ideally suited for
deep learning approaches. Public benchmarks for point cloud-based medical image registration are
rare since most above point cloud registration methods were evaluated on in-house datasets [4] or
the keypoints were derived with private tools and not made publicly available [27]. The only public
medical point cloud dataset is the PVT dataset [48], providing 1000 unlabeled inhale-exhale pairs of
lung vessel trees along with 10 labeled test cases, each annotated with 300 landmark correspondences.

3D point cloud registration benchmarks. Beyond medical applications, 3D scene flow and point
cloud registration are active research fields in computer vision and graphics, where diverse public
benchmarks are available. The Flying Things 3D dataset [34] features rigid motions of synthetic
3D object models. Similarly, synthetic 3D models from the ModelNet40 [S7] dataset are rigidly
transformed and subsampled for partial-to-partial registration. Piecewise rigid motions on real point
cloud data are particularly present in datasets from autonomous driving, including the KITTI Scene
Flow [36}135] and Waymo [51]] datasets. Unlike (piecewise) rigid motions, the Faust [7] and Dynamic
Faust [8] datasets feature deformable human motions. Moreover, the DeformingThings4D [32] and
derived 4DMatch datasets [31]] provide frames from animated motion sequences of humans and
diverse animals. Beyond the different (medical) scope, our dataset differs from all above benchmarks
in two decisive technical aspects. 1) Our point clouds do not only represent surfaces but complex
interior structures, making the registration particularly challenging and impeding unsupervised
learning with similarity metrics. 2) We jointly provide image and point cloud data, enabling a fair
comparison of image and point-based methods and facilitating the development of methods that
incorporate both types of data.

Contribution Lung250M-4B substantially extends prior lung registration datasets by a factor of
3-4x and provides paired publicly available CT scans and high-resolution point clouds with the
aim to bring together research from 3D vision and medical imaging. We enhance the raw data
substantially by adding a large amount of automatic high-quality correspondences on both images
and point clouds to provide stronger supervision with the potential to ease and/or improve training.
We also provide initial benchmark evaluation for several baselines: image- and point cloud-based,
learning- and optimisation-based, unsupervised/self-supervised and supervised.

3 Dataset Generation

We curated 248 publicly available 3D CT scans of 124 patients from various medical centres, with
image acquisition ranging from in- and expiratory breath-hold CT over maximum and minimum
volume scans of 4DCT scans to base and follow-up scan pairs at different time points. Data are
acquired from various scanners with various resolutions and slice thicknesses, and show a wide
variety regarding occurring pathologies. An overview of source datasets used for curation can be
found in Tab. [T} while detailed information regarding acquisition centres, subject pathologies and
image metadata is provided in the supplementary material.

The DIR-LAB COPDgene dataset[9]], published in 2013, includes ten randomly picked pairs of
CT-breath hold examinations obtained as part of the COPDGene study (NCT00608764) to evaluate
genetic factors for the development of COPD in smokers. Each scan pair is associated with manually
annotated landmarks (n = 300) and an inter-observer landmark localisation error, rendering the dataset
well-suited for evaluation of deformable lung registration algorithms. The data are not released under
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Table 1: Overview of the data set curation. We include a total of 248 lung scans from different
examination types (BH: Breath-Hold, LS: Longitudinal Scans, 4DCT) from a total of 6 public and
freely available data collections in our dataset. The last column shows the mean change (and its
standard deviation) of the lung volume between the two images of a scan pair.

Source # Included ié;’\sgsotated Examination Mean Lung Volume
Dataset Scan Pairs (# Landmarks/case) Type Change in ml (£std)
DIR-LAB

COPDgene 10 10 (300) BH 1770 4+ 708
Empirel0 12 2 (100) BH,4DCT 1950 4+ 1274
L2R-LungCT 30 3 (100) BH 2155 £ 428
TCIA-NSCLC 20 - 4DCT 426 £+ 201
TCIA-Ventilation 20 2 (100) BH 1137 4+ 559
TCIA-NLST 32 10 (100) LS 766 £ 505

a standard licence, but can be obtained after filing an online request form, with the restriction that the
source be acknowledged in case of publicatiorﬂf

The EMPIRE10 dataset was released as part of a MICCAI 2010 workshop for a representative
benchmarking of lung registration algorithms [42]]. It consists of a total of 30 scan pairs intended to
represent a wide range of clinical applications. From this set, we choose the subsets "Insp-Exp" (8
cases) and "4D" (4 cases) to ensure sufficient lung volume change between scans. The dataset is not
released under a standard licence, but can be obtained from the EMPIRE10 challenge websiteﬂ

L2R-LungCT is one of various medical registration tasks included in the Learn2Reg challenge [21]]
with the goal of registration of in- and expiratory lung CT scans. In total, 30 scan pairs from this
task are publicly availableﬂ published under CC-BY-4.0. Only scan pairs that a) were breath-hold
examinations, b) had sufficient lung coverage in both images, and c) had more than 300 slices were
considered. All identifying patient data were anonymized. To determine registration accuracy, manual
annotations for 3 validation cases have been released, containing 100 landmarks generally located at
vessel, airways and parenchyma bifurcations and surfaces.

The National Lung Screening Trial (NLST, NCT00047385) [44) 53 [10] compared the application of
low-dose CT to chest radiography in high-risk lung cancer patients in the USA. More than 26,000 of
the 75,000 low-dose CTs are freely available through the Cancer Imaging Archive under a CC-BY 4.0
licence, making it one of the largest medical imaging resources availableﬂ The imaging protocol
did not provide for a defined breathing state, so the baseline and follow-up scans may have been
acquired at different times of the respiratory cycle. Our goal is to include only scan pairs with a
sufficiently large lung motion in our dataset. Therefore, a larger set of scan pairs including 281
subjects was initially considered but narrowed down to 22 cases with a minimum lung volume change
of 380 ml. In addition, we included additional 10 scan pairs used in the Learn2Reg challenge, which
were released with manual landmark annotations. Because we have no influence on the selection of
validation cases, the mean change in lung volume for validation scan pairs is 247 ml.

The TCIA-Ventilation dataset[12}[10] contains image data from a study comparing scans during
breath-hold examinations, free-breathing examinations, and lung ventilation examinations using Gal-
ligas PET with a total of 20 participants [11]]. The study was approved by the local ethics committee
and registered with the Australian New Zealand Clinical Trials Registry (ACTRN12612000775819).
All data have been licenced under CC-BY-4.0 and can be accessed via TCIAEl We retrieve all (20)
breath-hold inhale/exhale scan pairs from this dataset.

"https://med.emory.edu/departments/radiation-oncology/research-laboratories/
deformable-image-registration/downloads-and-reference-data/copdgene.html
“https://empirel0.grand-challenge.org/Download/
*https://zenodo.org/record/4279348
*https://wiki.cancerimagingarchive.net/display/NLST/National+Lung+Screening+Trial
https://wiki.cancerimagingarchive.net/pages/viewpage.action?pageld=125600096
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Figure 1: Visualization of three sample cases from our dataset. For each case, we show an overlay of
fixed (blue) and moving (orange) CT slices (top) and skeletonised 3D lung vessel trees (bottom).

The TCIA-NSCLC data collection[23] 24, [3] [46] [10]] includes CT scans of 20 patients who received
radiation for the treatment of non-small cell lung cancer, released under CC-BY-3.0 that can be
obtained via TCIAﬁ Prior to image-guided radiation therapy, a 4DCT was acquired from each patient.
We include all scans with maximal inspiration or expiration phases, resulting in 20 image pairs.

Additional Validation Cases The proposed dataset consists of 6 subsets, of which only NLST,
Learn2Reg, and COPDgene already have scan pairs with manual annotations for in-dataset registration
validation. Students with a background in medicine further annotated two additional cases each for
the TCIA-Ventilation and EMPIRE10 subsets, following the procedure described in [42] using the
freely available software isimatclﬂ [41]] with 100 distinct landmarks on each scan.

Ethical Discussion The presented Lung250M-4B dataset is a composite of previously published
de-identified data collections. Hence, the ethical risk assessment of re-releasing the data is particularly
linked to their original publication. We chose to use only data whose associated studies had been
published in reputable peer-reviewed journals. In addition, the benchmark datasets EMPIRE10 and
L2R-LungCT were reviewed and accepted by the MICCALI conference organisers and are widely
used in the medical image registration community. At TCIA, providing medical data can only be
done when abiding by the ethical code of conduct, which explicitly requires permission from a
local institutional review board if needed. Therefore, we do not see any unassessed ethical risk in
publishing the images and information extracted from the dataset. We remark, however, that the
occurring pathologies do not reflect the general population (cf. Suppl. Tab. 1) and our dataset is
only intended for research purposes and not for clinical usage. Because the dataset we present aims
to establish a fair basis for evaluation between image- and point-cloud-based lung registration, we
further consider the publication as an important long-term contribution to anonymity-preserving point
cloud research in the medical domain.

4 Methods

Our methods for dataset generation comprise steps of image analysis, point cloud and graph processing
as well as sparse deformable keypoint matching.

Image Processing To ensure sufficient similarity between the curated data from different datasets,
we employ joint preprocessing steps. For each image, a lung segmentation has been generated via a

6https ://wiki.cancerimagingarchive.net/pages/viewpage.action?pageId=21267414
"https://www.isi.uu.nl/research/software/isimatch/
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Figure 2: Image preprocessing and subsequent generation of point clouds. First, the original scan gets
resampled and cropped around the lung mask. Then, arteries and veins are segmented via a trained
nnUNet. Based on these, vessel point clouds are generated, which are subsequently skeletonised and
reduced to obtain a sparse yet representative point cloud.

trained nnUNet [25]] prediction. The network has been trained on 500 publicly available lung CT
scans from a variety of different centres and scanners with 2 mm resolution. Since resolution between
the original images differ greatly, images and predicted lung masks are resampled to isotropic 1 mm
resolution using the public c¢3d toolbox ﬂ and, if necessary, reoriented to RAI orientation. The scans
are then cropped around the lung masks with a distance of 10 mm to the lung segmentation.

To enable a reproducible pre-processing on further data, e.g. from a private dataset, all source code,
tools, scripts and models to perform these steps are provided (cf. Supplementary Material).

Vessel and Point Cloud Extraction We trained another nnUNet [25] to predict vessel segmenta-
tions of CT scans, divided into vein and artery labels. To train the network, we used the Parse22
challenge [33]] dataset, consisting of 100 training CT scans with ground truth artery segmentations.
This dataset is resampled and cropped as described above to ensure applicability of the segmenta-
tion network on the registration data. To obtain full vessel segmentations for the training data, we
employed a self-supervised vessel enhancement method as described in [26]. We used this vessel
segmentation as a base and then marked voxels of the segmentation as either vein or artery voxel. This
is done by overlaying the vessel segmentation with the ground truth artery segmentations, however
dilated by 1 mm in each direction to ensure consistent labeling of the whole vessel. Mirroring has
been disabled as data augmentation to provide the network with more geometric information to
distinguish arteries and veins. The nnUNet achieves a validation Dice on the Parse22 dataset (with
ground truth semantic segmentations generated as described) of 81.4% for the vein and 84.9% for the
artery. After inference on the registration data, segmentation predictions have been masked to the
inside of the lung again to eliminate potential artefacts.

Based on the predicted vessel segmentations, we generated point clouds covering the full segmentation
information by sampling each labelled voxel coordinate after interpolation by a scale factor of 2. This
results in point clouds with .5 mm spacing and over 300k 3D points (1.1M on average) for each case.
With these, different sampling strategies can be evaluated. To obtain points that are sampled with a
similar density in both shallower and deeper parts inside of the lung, we employ a skeletonisation
of the vessel segmentations following the method described in [30]], resulting in 30’000 points on
average per case. Since many graph networks require a fixed number of points in every cloud, we also

$http://www.itksnap.org/pmwiki/pmwiki.php?n=Convert3D.Convert3D
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Figure 3: Generation of keypoint correspondences: a) geometric interest points on slice of fixed CT
scan, b) 3D motion vectors of corrField, c) distribution of initial keypoint errors across datasets.

provide a sparse subset of these skeleton point clouds. For this purpose, we create a KNN-graph from
the skeleton point clouds and employ a Gaussian density estimation followed by non-local maximum
suppression to sample either exactly 8192 or 16’384 voxel coordinates for each cloud. For all points,
we provide the label of the voxel (artery resp. vein) and the vessel radius as features. A visualisation
of the preprocessing and point cloud extraction pipeline can be seen in Fig. 2]

Automatic Correspondences To aid learning-based methods, we computed a large number of
highly accurate one-to-one correspondences across matching anatomical details of each scan pair
using the public corrField methocﬂ [20]. Based on image-derived features and geometric interest
points found within the lungs, it builds a graph for the inspiration scan and evaluates a combinatorial
cost function for a large discretised set of potential displacements to match the most likely points in
the expiration scan. At the same time, the correspondence field should be spatially smooth, which
is achieved by a Markov random field optimisation. Our training set comprises 700’861 of these
correspondence labels, roughly 6’750 per case. Visual details on the distribution of keypoints and
correspondences for a particular patient as well as statistics on the initial alignment error for each
subset of our data is shown in Fig. 3]

Dataset Composition For each of the 248 scans we provide the following data: 1) Preprocessed
CT scans (cropped and resampled), 2) corresponding lung masks and vein/artery-segmentations as
.nii.gz-Files, 3) corrField keypoint correspondences as .csv-Files, 4) point clouds of skeletonised
vessels (full and sparsely sampled) with corresponding features (label and vessel radius) as .pth-Files
and 5) validation landmarks for the annotated scans as .pth-Files (only for a subset).

5 Experiments

We evaluate different registration methods on our dataset, including conventional registration without
learning, image-based deep learning (DL) methods, and point cloud-based DL methods. As detailed
above, the DIR-LAB COPDgene dataset with its 20 CT scans of 10 COPD patients at breathhold
inspiration and expiration serves as test set for the proposed benchmark. For each scan pair, 300
manual landmarks with high inter-rater agreement are available for quantifying registration accuracy.
Since the scan pairs have already been cropped based on the lung masks (bounding boxes) the initial
registration error of the COPDgene dataset is lowered after this implicit translation alignment from
23.36 mm to 16.25 mm. First, we evaluate the quality of the provided pseudo-labels, by extrapolating
the sparse corrField keypoint correspondences [20] of the test images to the manual landmark
coordinates using a thin-plate-spline transform. This results in an accuracy of 1.45 mm. Next, we
apply the conventional 3D image registration method deeds [19]] that was designed for deformable
lung alignment and performed best in a comparative study of six SOTA methods for abdominal
registration [S9]. The only modification was to supply 3D scans where everything outside the lungs
is masked out. It runs for about 10 minutes on a 28-core CPU and yields a target registration error
(TRE) of 1.53 mm.

Since the very popular baseline of VoxelMorph [2] does not achieve satisfactory performance on
highly deformable 3D registration, we employ the VoxelMorph+ adaptation of [18]] that adapts the

https://grand-challenge.org/algorithms/corrfield/
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Table 2: Quantitative results on the COPD test cases of image-based (left) and point-based (right)
methods, reported as mean TRE and 25/50/75% percentiles in mm. 10: Instance optimisation

Method TRE 25% 50% 75% Method TRE 25% 50% 75%
initial 16.25 10.14 1594 21.76 initial 16.25 10.14 1594 21.76
corrField 1.45 083 123 1.77 CPD 313 1.51 228 3.8
deeds 1.53 0.83 122 1.79 CPD w/labels 2.59 1.36 2.01 3.16

VM+w/oIO 653 338 5.82 850 PPWC sup. 285 152 233 354
VM+ w/ 10 431 087 1.55 742 PPWC syn. 273 152 228 345
VM++w/o 10 447 241 374 5.69
VM++w/I0 226 0.75 1.16 190

Table 3: Quantitative results of Voxelmorph++ (with instance optimisation) on the test cases with
different sub-sets of the dataset as training data, reported as mean TRE and 25/50/75% percentiles in

mm.
Setup TRE 25% 50% 75%
initial 16.25 10.14 1594 21.76
full dataset 2.26 0.75 1.16 1.90
TCIA-NSCLC 507 1.07 211 893
TCIA-NLST 330 090 146 3.27
Empire10 335 090 147 3.57

TCIA-Ventilation 3.19 0.89 142 2.86
L2R-LungCT 290 0.88 141 2.63

loss to using a combination of MIND features and a Laplace regularisation. The network extends
the basic U-Net with a heatmap prediction head. When trained for approx. 6 hours on the proposed
dataset, it achieves a TRE of 6.53 mm (feed-forward network only) or 4.31 mm (when followed by
test-time instance optimisation (IO)) with a runtime of only 2 s per case.

As a final benchmark method for image-based approaches, we explore the benefits of incorporating the
keypoint supervision provided for this new dataset and train the complete VoxelMorph++ approach
[L8]]. This yields a TRE of 4.47 mm (network only) and 2.26 mm (followed by 10), which is an
improvement of nearly 50% solely based on the stronger supervision that is provided.

For point cloud-based registration, we implement the PointPWC-Net [56] as it is part of the current
SOTA method for point cloud-based lung registration on the PVT dataset [48]. We train the network
with two different supervision strategies on the subsampled clouds with 8k points: 1) Training on
real inhale-exhale pairs supervised with the automatic correspondences. 2) Similar to [S6], training
pairs consist of one real cloud and a synthetic deformation (by a 2-scale random field) such that
point correspondences are precisely known. The two approaches achieve 2.85 mm and 2.73 mm
TRE, respectively, with an inference time of 0.2 s. In addition, we employ the optimisation-based
Coherent Point Drift (CPD) with implementation choices detailed in the provided source code.
Running for 50 iterations in approx. 14 s it reaches 3.13 mm TRE and can be further improved by
incorporating the provided vein/artery labels to 2.60 mm (label CPD).

To evaluate how training on the full Lung250M-4B training dataset compares to the use of singular
sub-datasets, we performed ablation experiments using Voxelmorph++ with different training setups,
using only one of the sub-datasets for each training. Results are presented in Tab. [3]and range from
5.07 mm to 2.90 mm TRE with each setup being outperformed by training on the full dataset. This
demonstrates the benefits of our large-scale combined dataset from multiple sources.

All above described experiments are performed with the proposed fixed train/validation/test split. To
evaluate the remaining domain gap between training and test data and the suitability of this split, we
trained Voxelmorph++ on DIR-LAB COPDgene in a 2-fold cross-validation manner in addition to
the full dataset as training data. This setup results in a TRE of 2.10 mm, only slightly better than the
achieved 2.26 mm TRE, when training with the proposed split.
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Comparison to Published Work One objective of our work is to provide a more comparable
benchmark for evaluating 3D deformable (lung) registration on both images and point clouds. Hence,
the two previously separated research fields are joined more closely. Current SOTA image-based
methods achieved 7.98 mm [2]], 3.83 mm [38]], 1.34 mm [16]] and 0.82 mm [47/] on the same test data,
where the last method is a non-learning based approach that requires a runtime of 5 minutes. Our best
benchmark method yielding 2.24 mm comes close to the current best DL-network. For point cloud
SOTA two different preprocessing strategies were proposed in prior work: 1) small but expressive
Forstner keypoint clouds that yield a TRE of 2.44 mm with a graph network plus optimiser [15] and
2) large-scale vessel clouds with additional geometric but no semantic features (PVT dataset) that
yield a TRE of 2.86 mm using a PointPWC-Net with optimal transport and postprocessing [48]. A
PointPWC-Net trained on the PVT1010 dataset under a training setup comparable to the one we
employed in our experiments achieves a TRE of 4.50 mm [6]].

This highlights that Lung250M-4B dataset is very suitable for both image-based and/or point-cloud-
based approaches and hybrid approaches that combine convolutional feature extraction with graph
neural networks are likely to benefit. Interestingly, our almost naive coherent point drift (CPD)
baseline can substantially outperform the CPD results in [48] (9.30 mm), which indicates that our
data generation that enables both semantic labels and relatively expressive point clouds is useful.

6 Technical Limitations

The wide scope of potential methods to extract point clouds from 3D medical volumes and generate
labels and correspondences for supervision make it impossible to study the influence of all implemen-
tation choices on our provided dataset. The chosen nnUNet architecture has been proven to be very
robust for 3D medical segmentation and the 100 manually labelled pulmonary artery trees appear
sufficient to train a reliable model. Nevertheless, uncommon anatomical variations or pathologies
may impede the quality of point cloud extraction and subsequent analysis of derived measures, e.g.
motion vectors and volume change. The provided automatic correspondences are well distributed
(see Fig.[3) and yield an excellent agreement with manual landmarks (see Tab. [2)) but nevertheless
constitute noisy labels. Learning from "perfect” synthetic transformations or at least adding them to a
combined supervision may further improve performance (see results of PointPWC in Tab. [2).

The size of our dataset is about 3-4 x larger than previous medical registration benchmarks (apart
from inter-subject brain databases) but still considered small in comparison to computer vision. Please
note that nearly no other 3D+time datasets with deformable motion and (pseudo) ground truth motion
exists otherwise and dynamic FAUST [8]] comprises only 10 different subjects. Finally, the set of
benchmark methods is not complete, but we strongly believe the provision of Lung250M-4B will
encourage researchers from both 3D medical imaging and geometric deep learning (for motion) to
challenge their latest methods and to set new best scores.

7 Conclusion

We introduced the Lung250M-4B dataset as a public benchmark for large motion exhale-to-inhale
lung registration. The dataset stands out from existing benchmarks in three aspects. 1) It is the
first combined benchmark for point- and image-based registration. 2) It features 124 images, which
is roughly one order of magnitude more than previous large-motion lung datasets. 3) It provides
accurate keypoint correspondences for supervised learning.

In our experiments, we evaluated diverse registration methods, including classical and deep learning-
based approaches for point- and image-based registration, on the dataset to provide strong baselines.
The experiments revealed several insights, pointing to promising future research directions. 1)
Classical optimisation methods achieved the best results for both image- and point-based registration,
generally demonstrating room for improvement of learning-based methods. 2) DL-based point cloud
registration is comparable with DL-based image registration even though point-based methods do
not employ I10. Point-based IO is to date barely studied in the literature and could potentially make
point-based methods surpass image-based DL methods. 3) The inclusion of artery and vein labels
could improve performance of a classical optimization approach (CPD). Hence, they could also be a
valuable source of supervision for future training of DL-based methods.

54827 https://doi.org/10.52202/075280-2392



Overall, our work highlights great potential of point cloud-based lung registration. However, to
fully understand the potential of point-based methods in medical registration, similar analyses
and benchmarks for other anatomies are needed in future work. If our findings transfer to such
other anatomies, point-based registration, with the inherent benefits of anonymity preservation,
robustness, and computational efficiency, might become an increasingly important component in
medical registration.

Acknowledgments

We are grateful to Rohit Jena and Kayhan Batmanghelich for providing us with a pre-trained version
of their vessel segmentation model [26]. We also thank Lasse Hansen for sharing his efficient coherent
point drift implementation.

References

[1] B. B. Avants, C. L. Epstein, M. Grossman, and J. C. Gee. Symmetric diffeomorphic image reg-
istration with cross-correlation: evaluating automated labeling of elderly and neurodegenerative
brain. Medical image analysis, 12(1):26-41, 2008.

[2] G. Balakrishnan, A. Zhao, M. R. Sabuncu, J. Guttag, and A. V. Dalca. Voxelmorph: a learning
framework for deformable medical image registration. /IEEE transactions on medical imaging,
38(8):1788-1800, 2019.

[3] S. Balik, E. Weiss, N. Jan, N. Roman, W. C. Sleeman, M. Fatyga, G. E. Christensen, C. Zhang,
M. J. Murphy, J. Lu, et al. Evaluation of 4-dimensional computed tomography to 4-dimensional
cone-beam computed tomography deformable image registration for lung cancer adaptive
radiation therapy. [International Journal of Radiation Oncology* Biology* Physics, 86(2):
372-379, 2013.

[4] Z. M. Baum, Y. Hu, and D. C. Barratt. Real-time multimodal image registration with partial
intraoperative point-set data. Medical image analysis, 74:102231, 2021.

[5] P.J. Besl and N. D. McKay. Method for registration of 3-D shapes. In Sensor fusion IV: control
paradigms and data structures, volume 1611, pages 586-606. Spie, 1992.

[6] A. Bigalke and M. P. Heinrich. A denoised mean teacher for domain adaptive point cloud
registration. arXiv preprint arXiv:2306.14749, 2023.

[7] F. Bogo, J. Romero, M. Loper, and M. J. Black. FAUST: Dataset and evaluation for 3D mesh
registration. In Proceedings of the IEEE conference on computer vision and pattern recognition,

pages 3794-3801, 2014.

[8] F. Bogo, J. Romero, G. Pons-Moll, and M. J. Black. Dynamic FAUST: Registering human
bodies in motion. In Proceedings of the IEEE conference on computer vision and pattern

recognition, pages 6233-6242, 2017.

[9] R. Castillo, E. Castillo, D. Fuentes, M. Ahmad, A. M. Wood, M. S. Ludwig, and T. Guerrero.
A reference dataset for deformable image registration spatial accuracy evaluation using the
COPDgene study archive. Physics in Medicine & Biology, 58(9):2861, 2013.

[10] K. Clark, B. Vendt, K. Smith, J. Freymann, J. Kirby, P. Koppel, S. Moore, S. Phillips, D. Maffitt,
M. Pringle, et al. The cancer imaging archive (TCIA): maintaining and operating a public
information repository. Journal of digital imaging, 26:1045-1057, 2013.

[11] E. M. Eslick, J. Kipritidis, D. Gradinscak, M. J. Stevens, D. L. Bailey, B. Harris, J. T. Booth,
and P. J. Keall. CT ventilation imaging derived from breath hold CT exhibits good regional
accuracy with galligas PET. Radiotherapy and Oncology, 127(2):267-273, 2018.

[12] E. M. Eslick, J. Kipritidis, D. Gradinscak, M. J. Stevens, D. L. Bailey, B. Harris, J. T. Booth, and
P. J. Keall. CT Ventilation as a functional imaging modality for lung cancer radiotherapy (CT-
vs-PET-Ventilation-Imaging), 2022. URL https://wiki.cancerimagingarchive.net/x/
YIF8Bw.

https://doi.org/10.52202/075280-2392 54828


https://wiki.cancerimagingarchive.net/x/YIF8Bw
https://wiki.cancerimagingarchive.net/x/YIF8Bw

[13] Y. Fu, Y. Lei, T. Wang, W. J. Curran, T. Liu, and X. Yang. Deep learning in medical image
registration: a review. Physics in Medicine & Biology, 65(20):20TR01, 2020.

[14] C.J. Galban, M. K. Han, J. L. Boes, K. A. Chughtai, C. R. Meyer, T. D. Johnson, S. Galbén,
A. Rehemtulla, E. A. Kazerooni, F. J. Martinez, et al. Computed tomography—based biomarker
provides unique signature for diagnosis of COPD phenotypes and disease progression. Nature
medicine, 18(11):1711-1715, 2012.

[15] L. Hansen and M. P. Heinrich. Deep learning based geometric registration for medical images:
How accurate can we get without visual features? In Information Processing in Medical
Imaging: 27th International Conference, IPMI 2021, Virtual Event, June 28—June 30, 2021,
Proceedings 27, pages 18-30. Springer, 2021.

[16] L. Hansen and M. P. Heinrich. GraphRegNet: deep graph regularisation networks on sparse
keypoints for dense registration of 3D lung CTs. IEEE Transactions on Medical Imaging, 40
(9):2246-2257, 2021.

[17] M. P. Heinrich. Closing the gap between deep and conventional image registration using
probabilistic dense displacement networks. In Medical Image Computing and Computer Assisted
Intervention—-MICCAI 2019: 22nd International Conference, Shenzhen, China, October 13-17,
2019, Proceedings, Part VI 22, pages 50-58. Springer, 2019.

[18] M. P. Heinrich and L. Hansen. Voxelmorph++ going beyond the cranial vault with keypoint
supervision and multi-channel instance optimisation. In Biomedical Image Registration: 10th
International Workshop, WBIR 2022, Munich, Germany, July 10-12, 2022, Proceedings, pages
85-95. Springer, 2022.

[19] M. P. Heinrich, M. Jenkinson, M. Brady, and J. A. Schnabel. MRF-based deformable registration
and ventilation estimation of lung CT. IEEE transactions on medical imaging, 32(7):1239-1248,
2013.

[20] M. P. Heinrich, H. Handels, and I. J. Simpson. Estimating large lung motion in COPD patients
by symmetric regularised correspondence fields. In International conference on medical image
computing and computer-assisted intervention, pages 338-345. Springer, 2015.

[21] A. Hering, L. Hansen, T. C. Mok, A. Chung, H. Siebert, S. Héger, A. Lange, S. Kuckertz,
S. Heldmann, W. Shao, et al. Learn2Reg: comprehensive multi-task medical image registration

challenge, dataset and evaluation in the era of deep learning. arXiv preprint arXiv:2112.04489,
2021.

[22] H. Hong, J. Lee, and Y. Yim. Automatic lung nodule matching on sequential CT images.
Computers in biology and medicine, 38(5):623-634, 2008.

[23] G.D. Hugo, E. Weiss, W. C. Sleeman, S. Balik, P. J. Keall, J. Lu, and J. F. Williamson. Data from
4D Lung Imaging of NSCLC Patients, 2016. URL https://wiki.cancerimagingarchive,
net/x/1oNEAQ.

[24] G. D. Hugo, E. Weiss, W. C. Sleeman, S. Balik, P. J. Keall, J. Lu, and J. F. Williamson. A
longitudinal four-dimensional computed tomography and cone beam computed tomography

dataset for image-guided radiation therapy research in lung cancer. Medical physics, 44(2):
762-771, 2017.

[25] F. Isensee, P. F. Jaeger, S. A. Kohl, J. Petersen, and K. H. Maier-Hein. nnU-Net: a self-
configuring method for deep learning-based biomedical image segmentation. Nature methods,
18(2):203-211, 2021.

[26] R.Jena, S. Singla, and K. Batmanghelich. Self-supervised vessel enhancement using flow-based
consistencies. In Medical Image Computing and Computer Assisted Intervention—-MICCAI
2021: 24th International Conference, Strasbourg, France, September 27—-October 1, 2021,
Proceedings, Part I 24, pages 242-251. Springer, 2021.

54829 https://doi.org/10.52202/075280-2392


https://wiki.cancerimagingarchive.net/x/1oNEAQ
https://wiki.cancerimagingarchive.net/x/1oNEAQ

[27] S. Joutard, T. Pheiffer, C. Audigier, P. Wohlfahrt, R. Dorent, S. Piat, T. Vercauteren, M. Modat,
and T. Mansi. A multi-organ point cloud registration algorithm for abdominal CT registration.
In Biomedical Image Registration: 10th International Workshop, WBIR 2022, Munich, Germany,
July 10-12, 2022, Proceedings, pages 75-84. Springer, 2022.

[28] A.Klein, S. S. Ghosh, B. Avants, B. T. Yeo, B. Fischl, B. Ardekani, J. C. Gee, J. J. Mann, and
R. V. Parsey. Evaluation of volume-based and surface-based brain image registration methods.
Neuroimage, 51(1):214-220, 2010.

[29] S. Klein, M. Staring, K. Murphy, M. A. Viergever, and J. P. Pluim. Elastix: a toolbox for
intensity-based medical image registration. [/EEE transactions on medical imaging, 29(1):
196-205, 20009.

[30] T.-C. Lee, R. L. Kashyap, and C.-N. Chu. Building skeleton models via 3-D medial surface axis
thinning algorithms. CVGIP: graphical models and image processing, 56(6):462-478, 1994.

[31] Y. Li and T. Harada. Lepard: Learning partial point cloud matching in rigid and deformable
scenes. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recogni-
tion, pages 5554-5564, 2022.

[32] Y. Li, H. Takehara, T. Taketomi, B. Zheng, and M. NieBBner. 4DComplete: Non-rigid motion
estimation beyond the observable surface. In Proceedings of the IEEE/CVF International
Conference on Computer Vision, pages 12706-12716, 2021.

[33] G. Luo, K. Wang, J. Liu, S. Li, X. Liang, X. Li, S. Gan, W. Wang, S. Dong, W. Wang, et al.
Efficient automatic segmentation for multi-level pulmonary arteries: The PARSE challenge.
arXiv preprint arXiv:2304.03708, 2023.

[34] N. Mayer, E. Ilg, P. Hausser, P. Fischer, D. Cremers, A. Dosovitskiy, and T. Brox. A large
dataset to train convolutional networks for disparity, optical flow, and scene flow estimation.
In Proceedings of the IEEE conference on computer vision and pattern recognition, pages
40404048, 2016.

[35] M. Menze and A. Geiger. Object scene flow for autonomous vehicles. In Proceedings of the
IEEE conference on computer vision and pattern recognition, pages 3061-3070, 2015.

[36] M. Menze, C. Heipke, and A. Geiger. Joint 3D estimation of vehicles and scene flow. ISPRS
annals of the photogrammetry, remote sensing and spatial information sciences, 2:427, 2015.

[37] M. Modat, G. R. Ridgway, Z. A. Taylor, M. Lehmann, J. Barnes, D. J. Hawkes, N. C. Fox, and
S. Ourselin. Fast free-form deformation using graphics processing units. Computer methods
and programs in biomedicine, 98(3):278-284, 2010.

[38] T.C. Mok and A. C. Chung. Large deformation diffeomorphic image registration with laplacian
pyramid networks. In Medical Image Computing and Computer Assisted Intervention—-MICCAI
2020: 23rd International Conference, Lima, Peru, October 4-8, 2020, Proceedings, Part 111 23,
pages 211-221. Springer, 2020.

[39] F. Monti, D. Boscaini, J. Masci, E. Rodola, J. Svoboda, and M. M. Bronstein. Geometric
deep learning on graphs and manifolds using mixture model cnns. In Proceedings of the IEEE
conference on computer vision and pattern recognition, pages 5115-5124, 2017.

[40] K. Murphy, B. van Ginneken, A. M. Schilham, B. De Hoop, H. A. Gietema, and M. Prokop. A
large-scale evaluation of automatic pulmonary nodule detection in chest CT using local image
features and k-nearest-neighbour classification. Medical image analysis, 13(5):757-770, 2009.

[41] K. Murphy, B. van Ginneken, S. Klein, M. Staring, B. J. de Hoop, M. A. Viergever, and J. P.
Pluim. Semi-automatic construction of reference standards for evaluation of image registration.
Medical image analysis, 15(1):71-84, 2011.

[42] K. Murphy, B. Van Ginneken, J. M. Reinhardt, S. Kabus, K. Ding, X. Deng, K. Cao, K. Du,
G. E. Christensen, V. Garcia, et al. Evaluation of registration methods on thoracic CT: the
EMPIREIO challenge. IEEE transactions on medical imaging, 30(11):1901-1920, 2011.

https://doi.org/10.52202/075280-2392 54830



[43] A. Myronenko and X. Song. Point set registration: Coherent point drift. /EEE transactions on
pattern analysis and machine intelligence, 32(12):2262-2275, 2010.

[44] National Lung Screening Trial Research Team. Data from the National Lung Screening Trial
(NLST), 2013. URL https://wiki.cancerimagingarchive.net/x/-0JY,

[45] J. M. Reinhardt, K. Ding, K. Cao, G. E. Christensen, E. A. Hoffman, and S. V. Bodas.
Registration-based estimates of local lung tissue expansion compared to xenon CT measures of
specific ventilation. Medical image analysis, 12(6):752-763, 2008.

[46] N. O. Roman, W. Shepherd, N. Mukhopadhyay, G. D. Hugo, and E. Weiss. Interfractional
positional variability of fiducial markers and primary tumors in locally advanced non-small-cell
lung cancer during audiovisual biofeedback radiotherapy. International Journal of Radiation
Oncology* Biology* Physics, 83(5):1566—-1572, 2012.

[47] J. Rithaak, T. Polzin, S. Heldmann, I. J. Simpson, H. Handels, J. Modersitzki, and M. P. Heinrich.
Estimation of large motion in lung CT by integrating regularized keypoint correspondences into
dense deformable registration. IEEE transactions on medical imaging, 36(8):1746-1757, 2017.

[48] Z. Shen, J. Feydy, P. Liu, A. H. Curiale, R. San Jose Estepar, R. San Jose Estepar, and
M. Niethammer. Accurate point cloud registration with robust optimal transport. Advances in
Neural Information Processing Systems, 34:5373-5389, 2021.

[49] M. A. Suliman, L. Z. Williams, A. Fawaz, and E. C. Robinson. A deep-discrete learning
framework for spherical surface registration. In Medical Image Computing and Computer
Assisted Intervention—-MICCAI 2022: 25th International Conference, Singapore, September
18-22, 2022, Proceedings, Part VI, pages 119-129. Springer, 2022.

[50] D. Sun, X. Yang, M.-Y. Liu, and J. Kautz. PWC-Net: CNNs for optical flow using pyramid,
warping, and cost volume. In Proceedings of the IEEE conference on computer vision and
pattern recognition, pages 8934-8943, 2018.

[51] P. Sun, H. Kretzschmar, X. Dotiwalla, A. Chouard, V. Patnaik, P. Tsui, J. Guo, Y. Zhou, Y. Chai,
B. Caine, et al. Scalability in perception for autonomous driving: Waymo open dataset. In
Proceedings of the IEEE/CVF conference on computer vision and pattern recognition, pages
2446-2454, 2020.

[52] Z. Tan, J. Feng, and J. Zhou. SGNet: Structure-aware graph-based network for airway semantic
segmentation. In Medical Image Computing and Computer Assisted Intervention—-MICCAI
2021: 24th International Conference, Strasbourg, France, September 27—October 1, 2021,
Proceedings, Part I 24, pages 153—-163. Springer, 2021.

[53] N. L. S. T. R. Team. Reduced lung-cancer mortality with low-dose computed tomographic
screening. New England Journal of Medicine, 365(5):395-409, 2011.

[54] E. Weiss, K. Wijesooriya, S. V. Dill, and P. J. Keall. Tumor and normal tissue motion in
the thorax during respiration: Analysis of volumetric and positional variations using 4D CT.
International Journal of Radiation Oncology* Biology* Physics, 67(1):296-307, 2007.

[55] J. West, J. M. Fitzpatrick, M. Y. Wang, B. M. Dawant, C. R. Maurer Jr, R. M. Kessler, R. J.
Maciunas, C. Barillot, D. Lemoine, A. Collignon, et al. Comparison and evaluation of ret-
rospective intermodality brain image registration techniques. Journal of computer assisted
tomography, 21(4):554-568, 1997.

[56] W. Wu, Z. Y. Wang, Z. Li, W. Liu, and L. Fuxin. PointPWC-Net: Cost volume on point clouds
for (self-) supervised scene flow estimation. In Computer Vision—-ECCV 2020: 16th European
Conference, Glasgow, UK, August 23-28, 2020, Proceedings, Part V 16, pages 88—107. Springer,
2020.

[57] Z. Wu, S. Song, A. Khosla, F. Yu, L. Zhang, X. Tang, and J. Xiao. 3D ShapeNets: A deep

representation for volumetric shapes. In Proceedings of the IEEE conference on computer vision
and pattern recognition, pages 1912—-1920, 2015.

54831 https://doi.org/10.52202/075280-2392


https://wiki.cancerimagingarchive.net/x/-oJY

[58] Y. Xiao, H. Rivaz, M. Chabanas, M. Fortin, I. Machado, Y. Ou, M. P. Heinrich, J. A. Schnabel,
X. Zhong, A. Maier, et al. Evaluation of MRI to ultrasound registration methods for brain
shift correction: the CuRIOUS2018 challenge. IEEE transactions on medical imaging, 39(3):
777-786, 2019.

[59] Z. Xu, C. P. Lee, M. P. Heinrich, M. Modat, D. Rueckert, S. Ourselin, R. G. Abramson, and
B. A. Landman. Evaluation of six registration methods for the human abdomen on clinically
acquired CT. IEEE Transactions on Biomedical Engineering, 63(8):1563-1572, 2016.

[60] B. T. Yeo, M. R. Sabuncu, T. Vercauteren, N. Ayache, B. Fischl, and P. Golland. Spherical
demons: fast diffeomorphic landmark-free surface registration. IEEE transactions on medical
imaging, 29(3):650-668, 2009.

[61] G. Zhao, K. Liang, C. Pan, F. Zhang, X. Wu, X. Hu, and Y. Yu. Graph convolution based
cross-network multi-scale feature fusion for deep vessel segmentation. IEEE Transactions on
Medical Imaging, 2022.

https://doi.org/10.52202/075280-2392 54832





