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Background and purpose: Respiratory suppression techniques represent an effective motion mitigation strategy for
4D-irradiation of lung tumors with protons. A magnetic resonance imaging (MRI)-based study applied and
analyzed methods for this purpose, including enhanced Deep-Inspiration-Breath-Hold (eDIBH). Twenty-one
healthy volunteers (41-58 years) underwent thoracic MR scans in four imaging sessions containing two
eDIBH-guided MRIs per session to simulate motion-dependent irradiation conditions. The automated MRI seg-
mentation algorithm presented here was critical in determining the lung volumes (LVs) achieved during eDIBH.
Materials and methods: The study included 168 MRIs acquired under eDIBH conditions. The lung segmentation
algorithm consisted of four analysis steps: (i) image preprocessing, (ii) MRI histogram analysis with thresholding,
(iii) automatic segmentation, (iv) 3D-clustering. To validate the algorithm, 46 eDIBH-MRIs were manually
contoured. Sgrensen-Dice similarity coefficients (DSCs) and relative deviations of LVs were determined as sim-
ilarity measures. Assessment of intrasessional and intersessional LV variations and their differences provided
estimates of statistical and systematic errors.

Results: Lung segmentation time for 100 2D-MRI planes was ~ 10 s. Compared to manual lung contouring, the
median DSC was 0.94 with a lower 95 % confidence level (CL) of 0.92. The relative volume deviations yielded a
median value of 0.059 and 95 % CLs of —0.013 and 0.13. Artifact-based volume errors, mainly of the trachea,
were estimated. Estimated statistical and systematic errors ranged between 6 and 8 %.

Conclusions: The presented analytical algorithm is fast, precise, and readily available. The results are comparable
to time-consuming, manual segmentations and other automatic segmentation approaches. Post-processing to
remove image artifacts is under development.

1. Introduction While 4D-MRIs play an important role in the analysis, modeling and

image guidance of dynamic respiratory motion [10-14], motion arti-

Pencil-beam-scanning proton therapy (PBS-PT) is gaining attention
in radiation oncology for its potential and application in the treatment of
lung tumors [1-3]. To improve treatment outcomes, 4D proton irradi-
ation with motion mitigation strategies has been and continues to be
explored [4-6]. Magnetic resonance imaging (MRI) has emerged as a
valuable radiation-free tool for studying lung function and respiratory
processes [7-9].

facts in MRI lung reconstructions can be critical [15]. Although artificial
intelligence has advanced motion compensation [16], a preferred
method for limiting image artifacts is MRI acquisition under breath-hold
conditions, where “oxygen administration and patient coaching [...] can
increase breath-hold capability” [17].

At the same time, promising respiratory motion management stra-
tegies exist [18-20], such as enhanced Deep-Inspiration-Breath-Hold
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(eDIBH), which would allow active suppression of respiratory motion
and prolonged breath-hold during PBS-PT [21,22]. In an MRI-based
study, we demonstrated the feasibility of this approach by simulating
and recording quasi-static PBS-PT lung irradiation fractions in an MR
scanner in healthy volunteers [21]. Such quasi-steady-state conditions
would allow the well-known physical advantages of proton therapy in
the treatment of stationary tumors [23-26] to be directly applied to the
irradiation of lung tumors [27,28], at least for a representative duration
of a field application [29]. In contrast, time-dependent 4D-PBS-PT in
lung patients is much more complex and partially requires considerable
technical effort [30-32], e.g., for beam tracking [33].

To spare healthy lung tissue and to minimize key dosimetric lung
irradiation parameters (Dmean, V20%), €.8., to reduce the risk for radi-
ation pneumonitis, it is crucial to achieve the largest possible lung vol-
ume (LV), i.e., to maximize it, ideally by reaching total lung capacity
(TLC) at full inspiration [34]. This is critical for both irradiation [35,36]
and computed tomography (CT) simulation for treatment planning [37].
Our MRI-based study has shown that TLC conditions under eDIBH
provide excellent reproducibility of lung topology, including potential
tumor locations and adjacent structures [21]. Accurate LV determina-
tion by reliable, effective contouring is paramount to accurately quan-
tify e.g., Dmean and V20% [38]. For its use in online-adaptive,
conventional radiotherapy (RT) under image guidance, such as MR-
guided RT (MRgRT), computational speed could also be crucial [39].
While CT-based 4D-PBS-PT planning benefits from an extensive software
toolbox for automated lung contouring and volume determination, the
availability of such programs for MRI-based segmentation is extremely
limited.

Several algorithms have been proposed for accurate lung segmen-
tation using MRI data, some of which rival manual segmentation by
experts. These algorithms may use morphological filtering, region
growing [40], normalization with an atlas library of lung segmentations
[41], or artificial neural networks [42-44]. However, most of these
methods require 3D-MRI acquisitions.

The objective of this study was to develop, apply and test an auto-
mated 2D-MRI algorithm for lung segmentation with simultaneous
volume determination based on a commercial scientific image process-
ing platform [21]. Its accuracy, reliability, and speed were investigated
in the context of MRI-assisted simulations of lung tumor treatments with
protons applying eDIBH. For validation, the results of LV determinations
were compared to manual segmentations and quantified using estab-
lished similarity metrics such as DSCs [45] and fractional volume de-
viations. The algorithm is intended to provide an alternative to existing
methods which often rely on more complex 3D-MRIs or artificial intel-
ligence (AI)-based approaches.

2. Materials and methods
2.1. Subject population

A total of 21 healthy subjects, 9 females and 12 males (40-58 years;
body mass index (BMI) 19-29.6 kg/m2), representing a potential lung
cancer patient cohort, participated in the described eDIBH part of the
study protocol. Prior to each MRI session, lung function was assessed by
forced spirometry; the subjects presented forced vital capacity (FVC)
between 3.25L and 7.26L (Table S1). The study was approved by the
Cantonal Ethics Committee Northwest/Central Switzerland (BASEC-ID:
2018-01295; clinicaltrials.gov: NCT03669341). Subjects were thor-
oughly informed of the study objectives and procedures and signed an
informed consent form.

2.2. MRI data acquisition
Subjects in our study were immobilized on the MR couch in a head-

first-supine position with arms overhead. MRI data were acquired using
a T2-weighted, 2D-SSFP (steady-state free-precession) sequence on a

Physics and Imaging in Radiation Oncology 29 (2024) 100531

1.5 T MR scanner (MAGNETOM Aera, Siemens Healthcare AG, Erlangen,
Germany). Voxel spacing was 0.7617x0.7617 mm? in-plane, with a
plane separation of 2.2 mm and a slice thickness of 5.5 mm. The
reconstructed image was a 512x512 pixel array with pixel intensities
stored as 16-bit unsigned integers ranging from 400 to 1800 (arbitrary
units). A single MRI of the entire lung, stored in DICOM format, con-
sisted of ~ 100 coronal 2D image slices acquired in ~ 70 s.

Each participant underwent four MRI sessions at weekly intervals
over a three-week period, each session containing two consecutive MRI
acquisitions under eDIBH. eDIBH consisted of breath-holding under full
inspiration during image acquisition, preceded by an 8-min period of
100 %-0O2 breathing with final hyperventilation. Before each MRI,
eDIBH was restarted. The subject remained in the same position between
both scans to simulate intrafractional conditions similar to those be-
tween two radiation fields. A total of 168 eDIBH-MRIs were acquired.

2.3. Automated segmentation algorithm

The segmentation algorithm was implemented using Matlab™ (The
MathWorks, Inc., Natick, Massachusetts, United States), by directly
importing DICOM files. It included four procedures: (i) image pre-
processing, (ii) MRI histogram analysis with thresholding, (iii) auto-
matic segmentation, (iv) 3D-clustering (Fig. 1). To develop and validate
the algorithm, adaptive thresholding, lung identification and charac-
terization were presented plane-by-plane in an additional graphical
display (Fig. 2), with all MRIs evaluated at least once.

Preprocessing included the morphological transformations erosion,
reconstruction, dilation, and complement [46], which were applied with
a 12-pixel disk for each MRI plane, preserving anatomical structures and
equalizing pixel values within regions [47] (Fig. S1).

Adaptive thresholding determined the segmentation threshold for
each plane. The graphical display indicated that the MRI acquisition
protocol resulted in pixel intensity distributions with maxima below 12
intensity units per pixel. The spectrum of possible pixel intensities
showed a maximum of 31 intensity units, suggesting a maximum
threshold of 32 for lung segmentation. Kernel smoothing with a
Gaussian kernel and a bandwidth of one pixel intensity unit was per-
formed to regulate fluctuations in the histograms using function ksden-
sity.m. The maximum of the distribution was found with the function
findpeaks.m (Fig. 2).

Preprocessing
Erosion, reconstruction, dilation and complement

4

Adaptive Thresholding
Histogram regularization ksdensity.m
and peak location findpeaks.m

4

Segmentation 1
Lung identification strips

4

Segmentation 2
Labeling of areas bwlabel.m
and properties regionprops.m
I|!

3D Clustering
Labeling of volumes bwconncomp.m
and properties regionprops3.m

Fig. 1. Workflow diagram of segmentation algorithm.
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plane 58

Fig. 2. Example of adaptive thresholding for plane 58 of a sample acquisition In the left panel the blue bars indicate the distribution of pixel intensities between
0 and 32 as shown on the horizontal axis. The red line denotes the kernel smoothing with the magenta stars (*) indicating the peaks of the smoothed distribution. The
magenta diamond (¢)) at pixel intensity 20 demarks the local minimum; the magenta circle (o) the adjusted threshold. The right panel shows the segmented lung. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

The segmentation threshold was determined as the minimum to the
right of the maximum and less than one-tenth of the maximum. In cases
where no such minimum existed, the threshold was chosen as the min-
imum between the global maximum (left) and the next highest
maximum (right) beyond 12 pixel intensity units. If no next higher local
maximum existed, the threshold closest to the global maximum was
accepted and recorded as an exception.

For consistency, the estimated threshold for each plane, except the
first, was compared to that of the previous plane. If the difference
exceeded two pixel intensity units, the current threshold was adjusted
accordingly, assuming similar distributions for adjacent planes.

Regions of the plane with pixel values below the threshold yielded
binary masks that could be isolated or connected to the image boundary.
To verify that the masked regions were lung and account for occasional
disconnections between contiguous lung segments on one side, bilateral
test strips were defined on all 2D planes. The presumed lung segments
had to intersect the test strips. The inner test strip boundaries were set 76
pixels to the left and 99 pixels to the right of the center, each 21 pixels
wide, and extending from 116 pixels below to 124 pixels above the
midplane (Fig. S2). The graphical display was used to determine
appropriate strip dimensions for the subject cohort.

Regions containing the plane boundary were decomposed into the
periphery of vanishing pixel values defined by Matlab™ and discon-
nected regions. The functions bwlabel. m and regionprops.m enumerated
disconnected and isolated regions and determined their respective sizes.
These regions were then sorted by size and examined for intersection
with the test strips. The regions overlapping the test strips formed the
segmented masked plane.

3D-clustering was performed using bwconncomp.m to label connected
components in the volume of the segmented binary masks. The volumes
of these components were determined using regionprops3.m and sorted
by size. Components intersecting the test strips were considered part of
the lung. Flipping the second largest component around the vertical axis
and calculating its intersection with the largest volume determined
whether the volume comprised one or two lobes, thus excluding
numerous residual volumes. The segmented images derived from the
binary masks were saved in DICOM format, while LVs, thresholds, and
exceptions were saved in Matlab™ format.

The algorithm could not distinguish between lung and parts of the
trachea and certain protuberances. To quantify these artifacts, Veloc-
ity™, a certified oncology imaging informatics system (Varian Medical

Systems, Palo Alto, USA) (https://www.varian.com/oncology/prod-
ucts/software/velocity) was used to contour them using the function-
ality paint and determine their volumes.

2.4. Reproducibility and variability

In addition to validation using the graphical display, the automated
segmentation algorithm was further validated by manual segmentation
of 46 out of the 168 eDIBH-MRIs. Each subject contributed at least one
comparison, most at least two, except one subject with four compari-
sons. Two medical assistants performed the contouring using Velocity™
under the supervision of an experienced radiation oncologist. The al-
gorithm segmentations were then compared to the manual segmenta-
tions using the DSCs. Fractional deviations between the respective lung
volumes (VFD = 2*(Vian-Vauto)/(Vman + Vauto)) served as an additional
similarity measure.

Pairs of subsequent MRIs within a session repeated in all four ses-
sions, provided insight into the reproducibility of lung volume de-
terminations, with intrafractional and interfractional LV variations
providing rough limits of uncertainty. As measure of between-session
variation, the SD of the four session means was calculated for each
subject, yielding 21 SDs. This fractional SD was calculated as the ratio of
SD to mean deviation.

3. Results
3.1. Adaptive Thresholding and Segmentation

The threshold dependence on plane for a single subject was illus-
trated in Fig. 3

The eight segmentations computed for the subject yielded the
average per plane. Typical for all segmentations were the low thresholds
(~5) for the first planes, the highest thresholds (~20) for the middle
planes and a shoulder at (~10) around plane 80. The right panel showed
the distribution of thresholds for the 8 segmentations. For almost all
images the maximum frequencies occurred between 10 and 15-pixel
intensity units (gray values); excursions beyond 25 units were rare.
These plots confirmed the choice of 12 units as the critical intensity for
determining the threshold and 32 units as the maximum search range.
The number of exceptions, i.e., planes in which the threshold was taken
as the minimum closest the distribution maximum regardless of
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Fig. 3. Distribution of average thresholds and related histogram for one subject (8 MRIs). The left panel displays the distribution per plane of average thresholds in
pixel intensity units for the eight acquisitions of one subject. The right panel shows the frequency distribution of thresholds with respect to pixel intensity units.

amplitude, ranged from 2 to 4 for the 8 segmentations, a comparatively
low value. In a subset of 15 subjects, the number of exceptions in a
segmentation ranged from zero to 78 with median 15 and peak
maximum at 2.

In two of the 168 MRIs, segmentations from one subject in one ses-
sion showed algorithmic failure by visual inspection; two segmentations
from the same subject in a subsequent session appeared to be accurate.
The MRI acquisition log files of the failed segmentation showed no
obvious anomalies.

Calculation time for an MRI segmentation was about 10 s on a HP®
Z2 tower G5 workstation with processor intel Core®i7-10700-
CPU@2.90 GHz

3.2. Comparison of Algorithm with Manual Segmentation

All DSCs, except for two outliers, exceeded 0.9 (Fig. 4), median 0.94,
95 %-CL [0.92, 0.97]. Volume fractional deviations were predominantly
positive, exceeding —0.024, median 0.059, 95 %-CL [-0.013, 0.13].
Manual segmentation often yielded slightly larger LVs.

Visual inspection of the segmentation methods revealed: (i) manual
segmentation provided good outer contours but did not account well for

blood vessels and bronchi in inner contours and (ii) the algorithm oc-
casionally produced protuberances from the outer contours, did not
distinguish the trachea nor separate connected right and left lung seg-
ments. However, internal blood vessels and bronchi were often better
represented than in manual segmentation. Visual inspection showed
that manual segmentation overestimated volumes. The algorithm
showed massive protuberances extending from the outer contours in the
computed segmentations of the two outliers while contours for at least
one plane were missing in the manual segmentations. Fig. 5 showed a
sample comparison for a single plane.

3.3. Reproducibility, Variability and Image Artifacts

Table S2 lists the LVs measured in all eDIBH-MRIs. Four pairs of
eDIBH-MRIs performed within sessions for 21 subjects yielded 4 intra-
fractional deviations from each of the 21 subject means. The mean of
these volume fractional deviations was 0.0167 with standard deviation
(SD) 0.058; 68 of the 84 eDIBH-MRI pairs (81 %) were within one SD
(Fig. S3). 17 of 21 determinations yielded variations of less than 7 %
with a median of 3 % (Fig. S4).

The total fractional volume of artifacts, i.e., the ratio of artifact to
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Fig. 4. Distributions of DICE similarity coefficients (DSC) of and fractional volume deviations for comparison of manual and automated segmentation. Indicated in
the middle panel are the 95%-CL boundaries for the joint distributions with (blue dashed) and without (cyan dashed) the two outliers. The red circle denotes the
mean of the distribution excluding the two outliers. The left and right panels show individual distributions of DSCs and volume fractional deviations, respectively.
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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Fig. 5. Comparison of segmentation methods and illustration of artifacts. In the
displayed acquisition of one subject red delineates automatic segmentation,
blue manual segmentation. Green delineates artifacts: generated in the trachea
and on the superior lobe of the right lung. (For interpretation of the references
to colour in this figure legend, the reader is referred to the web version of
this article.)

total lung volume, ranged up to 3.2 % with a median of 0.7 % and,
excluding outliers, less than 2.2 % with 95 %-CL (Fig. 6). Fig. S5 showed
that the trachea was the dominant artifact. In 8 of 46 volumes evaluated,
it was the only artifact; in 34 of 46 volumes, it contributed more than 50
% of the artifact volume.

Artifacts were evaluated for 51 lung volumes, including the 46
selected for manual segmentation. They occurred almost exclusively in
the mid-planes, where lung is largest. The lung was sometimes

10

frequency

0.015 0.02 0025 0.03 0.035 0.04
fractional volume

0
0 0.005 0.01

Fig. 6. Total fractional volumes of artifacts.

Physics and Imaging in Radiation Oncology 29 (2024) 100531

connected to the image boundaries by thin fibrils; trachea and pro-
trusions were also evident.

Volume fractional deviations reflected systemic as well as statistical
deviations. Image artifacts were an important source of systematic
deviations

4. Discussion

We presented an adaptive threshold-based lung segmentation algo-
rithm using standard Matlab™ modules for morphological trans-
formations, regional classification, and 3D- clustering. Developed in the
context of respiratory suppression motion mitigation methods for 4D
proton therapy, the algorithm was applied after 2D-MRI acquisition
under eDIBH conditions, providing accurate and reproducible mea-
surements of total LVs within seconds. The short MRI acquisition time
(~1min) was comparable to the time required to deliver an average
proton fraction field at PSI’s Gantry-2 for a typical lung tumor [21] and
could be achieved by lung patients practicing a variant of eDIBH [29].

The study cohort consisted of healthy middle-aged women and men
with representative weight and height distributions. Analysis of the
MRIs provided empirically derived lung descriptors in the form of
rectangular test strips to facilitate the identification of isolated lung
segments. We would expect them to be suitable for an adult cohort with
much greater age variation, but they could easily be adapted for other
cohorts, such as children.

Accuracy and reproducibility were assessed by an evaluation of
intra- and interfractional LV variability. Intrafractional variability was
below 3 % (68 out of 84 eDIBH-MRI pairs), while interfractional vari-
ability was less than 4 % in 14 of 21 subjects. These variations compared
well with the intersession variability of FVC measurements (2 %) ob-
tained by spirometry [2146].

Comparing manual and automatic segmentation, all DSCs exceeded
0.9, with a median of 0.94 and a 95 % confidence interval (CI) [0.92
0.98], except for two outliers. Additionally, the VFD showed a median of
0.059 with a 95 %-CI [-0.01, 0.13]. Predominantly positive VFD values
indicated that manual segmentation typically yielded slightly larger LVs
than the algorithm. Manual segmentation, unlike automatic segmenta-
tion, often included vessels and airways in the anterior lung (Fig. 5).

Our DSC and VFD values compared favorably with those reported by
[40], who obtained DSCs of 0.93 + 0.01 for the left lung and 0.94 + 0.01
for the right lung when comparing their algorithm with manual seg-
mentations by experienced chest radiologists. These values were slightly
lower than those reported by [41], who used an atlas-based method with
expert manual segmentations performed in two steps, yielding DSCs of
0.981 =+ 0.007 for the left lung and 0.984 =+ 0.006 for the right lung. The
DSCs of neural network segmentations applied to 3D-MRI acquisitions
using fast ultra-short echo time sequences were higher than those of our
algorithm. DSCs of 0.97 with a 95 %-CI [0.96, 0.97] for the right lung
and 0.96 with a 95 %-CI of [0.96, 0.97] for the left lung were found in
[42] using manual segmentations complemented by the region growing
algorithm of [38] as reference. In [44] a total DSC of 0.967 + 0.076 was
observed for lung tissue when using manual segmentation by an expe-
rienced radiologist as a reference.

Analysis of artifacts suggested that our algorithm might overestimate
LVs by up to 2 % (Fig. 5). These artifacts were most pronounced in mid-
planes, where thresholds were highest, with the trachea contributing the
most. Removal of the artifacts could reduce volume fractional deviations
and potentially increase DSCs by at least 0.01. Nevertheless, the LV er-
rors due to image artifacts were smaller than inter- and intrasession
deviations.

In terms of computational time, our algorithm required approxi-
mately 10 s to segment an LV on 100 2D slices. This time was compa-
rable to the 0.087 s per 2D slice plane reported by [44], favorable
compared to the 1 min reported by [40] and [41], and 46 s reported by
[42].

In terms of limitations, testing the algorithm with other MR protocols
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or scanner models was hampered by resource constraints. However, the
flexibility of adaptive thresholding suggested potential application with
parameter adaptations to different 2D-MR acquisition protocols
assuming adequate lung contrast. Pending post-processing might
remove artifacts and separate lung lobes.

When evaluating lung segmentation, both volume-based metrics
such as DSC and distance-based metrics such as Hausdorff distance were
typically used for a thorough comparison (e.g. [47]). In scenarios where
the DSC values were in the range of 0.95, indicating a high degree of
volume overlap, the distance-based metrics typically provided distances
of a few mm which only slightly affects the resulting LV [48]. As our
primary goal was to determine the accuracy of TLC determination,
which is only minimally affected by superficial and internal lung
structures, we did not specifically assess Hausdorff distance in our
analysis.

Although tested exclusively in healthy subjects, experience with
other algorithms [40,41] suggested potential utility for lung tumor pa-
tients in conjunction with eDIBH. Despite these limitations, our algo-
rithm provided analytical, easily-available, fast and accurate automatic
segmentation for 2D-MRIs using standard Matlab™ features. This could
significantly contribute to 4D proton therapy with motion mitigation
techniques such as enhanced DIBH and MR-based radiation oncology
imaging, supporting the optimization of dosimetric irradiation param-
eters for improved therapeutic outcomes in lung patients.

5. Code availability statement

Matlab™ code supporting the conclusions of this article will be
provided by the authors upon reasonable request.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Acknowledgements

We are pleased to acknowledge the support of our former collabo-
rators, Marc Walser, Celina Gmiir, Philipp A. Eichenberger, and Chris-
tina M. Spengler in acquiring and evaluating the underlying original
study. We thank Marco Dominietto for careful reading of the manuscript
and suggestions.

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.phro.2024.100531.

References

[1] Chang JY, Jabbour SK, De Ruysscher D, Schild SE, Simone CB, Rengan R, et al.
Consensus Statement on Proton Therapy in Early-Stage and Locally Advanced Non-
Small Cell Lung Cancer. Int J Radiat Oncol 2016;95:505-16. https://doi.org/
10.1016/J.1JROBP.2016.01.036.

[2] Han Y. Current status of proton therapy techniques for lung cancer. Radiat Oncol J

2019;37:232-48. https://doi.org/10.3857/10j.2019.00633.

Amstutz F, Fabiano S, Marc L, Weber DC, Lomax AJ, Unkelbach J, et al. Combined

proton-photon therapy for non-small cell lung cancer. Med Phys 2022;49(8):

5374-86. https://doi.org/10.1002/mp.15715.

Trnkova P, Kndusl B, Actis O, Bert C, Biegun AK, Boehlen TT, et al. Clinical

implementations of 4D pencil beam scanned particle therapy: Report on the 4D

treatment planning workshop 2016 and 2017. Physica Med 2018;54:121-30.
https://doi.org/10.1016/j.ejmp.2018.10.002.

Czerska K, Emert F, Kopec R, Langen K, McClelland JR, Meijers A, et al. Clinical

practice vs. state-of-the-art research and future visions: Report on the 4D treatment

planning workshop for particle therapy — Edition 2018 and 2019. Phys Medica
2021;82:54-63. https://doi.org/10.1016/J.EJMP.2020.12.013.

[3

—

[4

=

[5

[}

(6]

[71

[8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]
[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

Physics and Imaging in Radiation Oncology 29 (2024) 100531

Li H, Dong L, Bert C, Chang J, Flampouri S, Jee KW, et al. AAPM Task Group Report
290: Respiratory motion management for particle therapy. Med Phys 2022;49:
e50-81. https://doi.org/10.1002/mp.15470.

Ohno Y, Hatabu H, Kauczor H-U, editors. Pulmonary Functional Imaging. Cham:
Springer International Publishing; 2021.

Ohno Y, Seo JB, Parraga G, Lee KS, Gefter WB, Fain SB, et al. Pulmonary functional
imaging: Part 1—state-of-the-art technical and physiologic underpinnings.
Radiology 2021;299:508-23. https://doi.org/10.1148/radiol.2021203711.

Gefter WB, Lee KS, Schiebler ML, Parraga G, Seo JB, Ohno Y, et al. Pulmonary
Functional Imaging: Part 2—State-of-the-Art Clinical Applications and
Opportunities for Improved Patient Care. Radiology 2021;299:524-38. https://doi.
org/10.1148/radiol.2021204033.

Von Siebenthal M, Székely G, Gamper U, Boesiger P, Lomax A, Cattin P. 4D MR
imaging of respiratory organ motion and its variability. Phys Med Biol 2007;52:
1547-64. https://doi.org/10.1088/0031-9155/52/6/001.

Sim AJ, Kaza E, Singer L, Rosenberg SA. A review of the role of MRI in diagnosis
and treatment of early stage lung cancer. Clin Transl Radiat Oncol 2020;24:16-22.
https://doi.org/10.1016/j.ctro.2020.06.002.

Rabe M, Thieke C, Diisberg M, Neppl S, Gerum S, Reiner M, et al. Real-time 4DMRI-
based internal target volume definition for moving lung tumors. Med Phys 2020;47
(4):1431-42. https://doi.org/10.1002/mp.14023.

Kurz C, Buizza G, Landry G, Kamp F, Rabe M, Paganelli C, et al. Medical physics
challenges in clinical MR-guided radiotherapy. Radiat Oncol 2020;15((16pp).):93.
https://doi.org/10.1186/5s13014-020-01524-4.

Paganelli C, Whelan B, Peroni M, Summers P, Fast M, Van De Lindt T, et al. MRI-
guidance for motion management in external beam radiotherapy: Current status
and future challenges. Phys Med Biol 2018; 63; 22TR03 (20pp). https://doi.org/10
.1088/1361-6560/aaebcf.

Lee D, Kim S, Palta J, Lewis B, Keall P, Kim T. A retrospective 4D-MRI based on 2D
diaphragm profiles for lung cancer patients. J Med Imaging Radiat Oncol 2019;63:
360-9. https://doi.org/10.1111/1754-9485.12877.

Terpstra M, Maspero M, Verhoeff J, van den Berg C. Accelerated respiratory-
resolved 4D-MRI with separable spatio-temporal neural networks. MedPhys 2023;
50(9):5331-42. https://doi.org/10.1002/mp.16643.

Bak SH, Kim C, Kim CH, Ohno Y, Lee HY. Magnetic resonance imaging for lung
cancer: a state-of-the-art review. Precis Futur Med 2022;6:49-77. https://doi.org/
10.23838/pfm.2021.00170.

Zhang Y, Trnkova P, Toshito T, Heijmen B, Richter C, Aznar M, et al. A survey of
practice patterns for real-time intrafractional motion-management in particle
therapy. Phys Imaging Radiat Oncol 2023;26:100439. https://doi.org/10.1016/j.
phro.2023.100439.

Pakela JM, Knopf A, Dong L, Rucinski A, Zou W. Management of Motion and
Anatomical Variations in Charged Particle Therapy: Past, Present, and Into the
Future. Front Oncol. 2022;12:806153 (16pp). https://doi.org/10.3389/fonc.20
22.806153.

Boda-Heggemann J, Knopf AC, Simeonova-Chergou A, Wertz H, Stieler F,

Jahnke A, et al. Deep Inspiration Breath Hold - Based Radiation Therapy: A Clinical
Review. Int J Radiat Oncol Biol Phys 2016;94(3):478-92. https://doi.org/
10.1016/j.ijrobp.2015.11.049.

Emert F, Missimer J, Eichenberger PA, Walser M, Gmiir C, Lomax AJ, et al.
Enhanced Deep-Inspiration Breath Hold Superior to High-Frequency Percussive
Ventilation for Respiratory Motion Mitigation: A Physiology-Driven, MRI-Guided
Assessment Toward Optimized Lung Cancer Treatment With Proton Therapy. Front
Oncol 2021; 11: 621350 (17pp). https://doi.org/10.3389/fonc.2021.621350.
Péguret N, Ozsahin M, Zeverino M, Belmondo B, Durham AD, Lovis A, et al. Apnea-
like suppression of respiratory motion: First evaluation in radiotherapy. Radiother
Oncol 2016;118(2):220-6. https://doi.org/10.1016/j.radonc.2015.10.011.

ICRU:. Recording and Reporting Proton-Beam Therapy ICRU Report 78. J ICRU
2007;7:89-91.

Durante M, Paganetti H. Nuclear physics in particle therapy: a review. Reports Prog
Phys 2016;79:096702. https://doi.org/10.1088/0034-4885/79/9/096702.
Engelsman M, Bert C. Precision and Uncertainties in Proton Therapy for Moving
Targets. In: Paganetti H, ed. Prot. Ther. Phys. 1st editio, Boca Raton (FL): 2011, p.
413-34.

Phillips MH, Pedroni E, Blattmann H, Boehringer T, Coray A, Scheib S. Effects of
respiratory motion on dose uniformity with a charged particle scanning method.
Phys Med Biol 1992;37(1):223-34. https://doi.org/10.1088/0031-9155/37/1/
016.

Bert C, Herfarth K. Management of organ motion in scanned ion beam therapy.
Radiat Oncol 2017;12:170 (6pp). https://doi.org/10.1186/s13014-017-0911-z.
Engelsman M, Bert C. Precision and Uncertainties in Proton Therapy for Moving
Targets. In: Paganetti H, editor. Prot. Ther. Phys. 1st editio, Boca Raton (FL): 2011,
p. 413-34.

Peeters STH, Vaassen F, Hazelaar C, Vaniqui A, Rousch E, Tissen D, et al. Visually
guided inspiration breath-hold facilitated with nasal high flow therapy in locally
advanced lung cancer. Acta Oncol 2021;60(5):567-74. https://doi.org/10.1080/
0284186X.2020.1856408.

De Ruysscher D, Sterpin E, Haustermans K, Depuydt T. Tumour movement in
proton therapy: Solutions and remaining questions: A review. Cancers 2015;7(3):
1143-53. https://doi.org/10.3390/cancers7030829.

Lu H-M, Brett R, Sharp G, Safai S, Jiang S, Flanz J, et al. A respiratory-gated
treatment system for proton therapy. Med Phys 2007;34(8):3273-8. https://doi.
org/10.1118/1.2756602.

Kanehira T, Matsuura T, Takao S, Matsuzaki Y, Fujii Y, Fujii T, et al. Impact of Real-
Time Image Gating on Spot Scanning Proton Therapy for Lung Tumors: A


https://doi.org/10.1016/j.phro.2024.100531
https://doi.org/10.1016/j.phro.2024.100531
https://doi.org/10.1016/J.IJROBP.2016.01.036
https://doi.org/10.1016/J.IJROBP.2016.01.036
https://doi.org/10.3857/roj.2019.00633
https://doi.org/10.1002/mp.15715
https://doi.org/10.1016/j.ejmp.2018.10.002
https://doi.org/10.1016/J.EJMP.2020.12.013
https://doi.org/10.1002/mp.15470
https://doi.org/10.1148/radiol.2021203711
https://doi.org/10.1148/radiol.2021204033
https://doi.org/10.1148/radiol.2021204033
https://doi.org/10.1088/0031-9155/52/6/001
https://doi.org/10.1016/j.ctro.2020.06.002
https://doi.org/10.1002/mp.14023
https://doi.org/10.1186/s13014-020-01524-4
https://doi.org/10.1088/1361-6560/aaebcf
https://doi.org/10.1088/1361-6560/aaebcf
https://doi.org/10.1111/1754-9485.12877
https://doi.org/10.1002/mp.16643
https://doi.org/10.23838/pfm.2021.00170
https://doi.org/10.23838/pfm.2021.00170
https://doi.org/10.1016/j.phro.2023.100439
https://doi.org/10.1016/j.phro.2023.100439
https://doi.org/10.3389/fonc.2022.806153
https://doi.org/10.3389/fonc.2022.806153
https://doi.org/10.1016/j.ijrobp.2015.11.049
https://doi.org/10.1016/j.ijrobp.2015.11.049
https://doi.org/10.3389/fonc.2021.621350
https://doi.org/10.1016/j.radonc.2015.10.011
http://refhub.elsevier.com/S2405-6316(24)00001-0/h0115
http://refhub.elsevier.com/S2405-6316(24)00001-0/h0115
https://doi.org/10.1088/0034-4885/79/9/096702
https://doi.org/10.1088/0031-9155/37/1/016
https://doi.org/10.1088/0031-9155/37/1/016
https://doi.org/10.1186/s13014-017-0911-z
https://doi.org/10.1080/0284186X.2020.1856408
https://doi.org/10.1080/0284186X.2020.1856408
https://doi.org/10.3390/cancers7030829
https://doi.org/10.1118/1.2756602
https://doi.org/10.1118/1.2756602

J.H. Missimer et al.

[33]

[34]

[35]

[36]

[371

[38]

[39]

[40]

Simulation Study. Radiat Oncol Biol 2017;97:173-81. https://doi.org/10.1016/j.
ijrobp.2016.09.027.

Riboldi M, Orecchia R, Baroni G. Real-time tumour tracking in particle therapy:
Technological developments and future perspectives. Lancet Oncol 2012;13(9):
€383-91. https://doi.org/10.1016/51470-2045(12)70243-7.

den Otter LA, Kaza E, Kierkels RGJ, Meijers A, Ubbels FJF, Leach MO, et al.
Reproducibility of the lung anatomy under active breathing coordinator control:
Dosimetric consequences for scanned proton treatments. Med Phys 2018;45:
5525-34. https://doi.org/10.1002/mp.13195.

Flume PA, Eldridge FL, Edwards LJ, Mattison LE. Relief of the “air hunger” of
breathholding A role for pulmonary stretch receptors. Respir Physiol 1996;101(3):
221-32. https://doi.org/10.1016/0034-5687(95)00094-1.

Waurick S, Rammelt S, Rassler B, Teller H. Breathing - Homeostatic function and
voluntary motor activity. Pflugers Arch Eur J Physiol 1996;432(3 Suppl):R120-6.
Keall PJ, Mageras GS, Balter JM, Emery RS, Forster KM, Jiang SB, et al. The
management of respiratory motion in radiation oncology report of AAPM Task
Group 76. Med Phys 2006;33:3874-900. https://doi.org/10.1118/1.2349696.
Rabe M, Palacios MA, van Sornsen de Koste JR, Eze C, Hillbrand M, Belka C, et al.
Comparison of MR-guided radiotherapy accumulated doses for central lung tumors
with non-adaptive and online adaptive proton therapy. Med Phys 2023;50:
2625-36. https://doi.org/10.1002/mp.16319.

Lombardo E, Dhont J, Page D, Garibaldi C, Kiinzel LA, Hurkmans C, et al. Real-time
motion management in MRI-guided radiotherapy: Current status and Al-enabled
prospects. Radiother Oncol 2024;190:109970. https://doi.org/10.1016/J.
RADONC.2023.109970.

Kohlmann P, Strehlow J, Jobst B, Krass S, Kuhnigk JM, Anjorin A, et al. Automatic
lung segmentation method for MRI-based lung perfusion studies of patients with
chronic obstructive pulmonary disease. Int J Comput Assist Radiol Surg 2015;10:
403-17. https://doi.org/10.1007/5s11548-014-1090-0.

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

Physics and Imaging in Radiation Oncology 29 (2024) 100531

Tustison NJ, Qing K, Wang C, Altes TA, Mugler JP. Atlas-based estimation of lung
and lobar anatomy in proton MRI. Magn Reson Med 2016;76:315-20. https://doi.
org/10.1002/mrm.25824.

Zha W, Fain SB, Schiebler ML, Evans MD, Nagle SK, Liu F. Deep Convolutional
Neural Networks With Multiplane Consensus Labeling for Lung Function
Quantification Using UTE Proton MRI 2019;50(4):1169-81. https://doi.org/
10.1002/jmri.26734.

Willers C, Bauman G, Andermatt S, Santini F, Sandkiihler R, Ramsey KA, et al. The
impact of segmentation on whole-lung functional MRI quantification: Repeatability
and reproducibility from multiple human observers and an artificial neural
network. Magn Reson Med 2021;85:1079-92. https://doi.org/10.1002/
mrm.28476.

Weng AM, Heidenreich JF, Metz C, Veldhoen S, Bley TA, Wech T. Deep learning-
based segmentation of the lung in MR-images acquired by a stack-of-spirals
trajectory at ultra-short echo-times. BMC Med Imaging 2021;21:1-11. https://doi.
org/10.1186/s12880-021-00608-1.

Dice LR. Measures of the Amount of Ecologic Association Between Species. Ecology
1945;26(3):297-302. https://doi.org/10.2307/1932409.

Miller MR, Hankinson J, Brusasco V, Burgos F, Casaburi R, Coates A, et al.
Standardisation of spirometry. Eur Respir J 2005; 26: 319 LP - 338. https://doi.org
/10.1183/09031936.05.00034805.

Ribeiro MF, Marschner S, Kawula M, Rabe M, Corradini S, Belka C, et al. Deep
learning based automatic segmentation of organs-at-risk for 0.35 T MRgRT of lung
tumors. Radiat Oncol 2023;18:135. https://doi.org/10.1186/513014-023-02330-
4.

Peroni M, Spadea MF, Riboldi M, Falcone S, Vaccaro C, Sharp GC, et al. Validation
of automatic contour propagation for 4D treatment planning using multiple
metrics. Technol Cancer Res Treat 2013;12:501-10. https://doi.org/10.7785/
tert.2012.500347.


https://doi.org/10.1016/j.ijrobp.2016.09.027
https://doi.org/10.1016/j.ijrobp.2016.09.027
https://doi.org/10.1016/S1470-2045(12)70243-7
https://doi.org/10.1002/mp.13195
https://doi.org/10.1016/0034-5687(95)00094-1
http://refhub.elsevier.com/S2405-6316(24)00001-0/h0180
http://refhub.elsevier.com/S2405-6316(24)00001-0/h0180
https://doi.org/10.1118/1.2349696
https://doi.org/10.1002/mp.16319
https://doi.org/10.1016/J.RADONC.2023.109970
https://doi.org/10.1016/J.RADONC.2023.109970
https://doi.org/10.1007/s11548-014-1090-0
https://doi.org/10.1002/mrm.25824
https://doi.org/10.1002/mrm.25824
https://doi.org/10.1002/jmri.26734
https://doi.org/10.1002/jmri.26734
https://doi.org/10.1002/mrm.28476
https://doi.org/10.1002/mrm.28476
https://doi.org/10.1186/s12880-021-00608-1
https://doi.org/10.1186/s12880-021-00608-1
https://doi.org/10.2307/1932409
https://doi.org/10.1183/09031936.05.00034805
https://doi.org/10.1183/09031936.05.00034805
https://doi.org/10.1186/s13014-023-02330-4
https://doi.org/10.1186/s13014-023-02330-4
https://doi.org/10.7785/tcrt.2012.500347
https://doi.org/10.7785/tcrt.2012.500347

	Automatic lung segmentation of magnetic resonance images: A new approach applied to healthy volunteers undergoing enhanced  ...
	1 Introduction
	2 Materials and methods
	2.1 Subject population
	2.2 MRI data acquisition
	2.3 Automated segmentation algorithm
	2.4 Reproducibility and variability

	3 Results
	3.1 Adaptive Thresholding and Segmentation
	3.2 Comparison of Algorithm with Manual Segmentation
	3.3 Reproducibility, Variability and Image Artifacts

	4 Discussion
	5 Code availability statement
	Declaration of competing interest
	Acknowledgements
	Appendix A Supplementary data
	References


