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Abstract

This study addresses the need for accurate 3D segmentation of the human eye and orbit from MRI to improve
ophthalmic diagnostics. Past efforts focused on small sample sizes and varied imaging methods. Here, two
techniques (atlas-based registration and supervised deep learning) are tested for automated segmentation on
a large T1-weighted MRI dataset. Results show accurate segmentations of the lens, globe, optic nerve, rectus
muscles, and fat. Additionally, the study automates the estimation of axial length, a key biomarker.
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1. Introduction

MRI of the eye (MR-Eye) [1, 2, 3, 4, 5] is raising interest for comprehensive understanding and early
disease interception due to its non-invasive and penetration characteristics, able to provide 3D images of
the complete eye [6, 7, 8, 9]. MR-Eye can provide key ophthalmic biomarkers: axial length (AL), useful
for refractive errors, myopia, hyperopia, glaucoma, and retinal detachment; and volumetry, useful for
eye growth abnormalities, glaucoma, macular degeneration, and orbital tumors. It can also advance the
development of 3D anatomical models which are helpful for patient-specific treatment planning [9]. To
that end, robust and accurate methods for delineation of the eye structures (e.g. lens, vitreous humor,
and optic nerve) play a central role.

Pioneer semiautomated methods relied on parametric shape models (spheres and ellipsoids) [10, 11, 12].
However, these deterministic methods based on pre-defined geometry lacked stochastic modelling (e.g.
from image intensity, or shape variations) thus capturing anatomical variability. To tackle this, machine
learning active shape models (ASM) optimized a robust solution to fit each shape to structures via
statistically driven deformations both on healthy eye structures and tumors [13, 14]. Deep learning
methods recently appeared in MR-Eye segmentation as well, using a 2D/3D U-Net architectures [15, 16,
17]. Other approaches were combinations of ASM and U-Net [18, 19] and clustering techniques [20]. All
these methods are though generally focused on the segmentation of few eye (non-orbit) structures (lens,
globe, sclera, cornea, and not so common, optic nerve, only in [14, 15]). Thus, important orbit structures
such as rectus muscles or fat, are yet unexplored, jeopardizing the construction of a comprehensive
model of the eye and orbit. Moreover, despite methodological efforts (e.g. cross-validation), previous
works did not count on a big cohort of manually annotated healthy subjects (sample sizes were limited
to 24 to 30 subjects) that would gather properly their anatomical variability for the validation of the
results. Finally, most of them (except for [13, 14]) relied on the availability of multi-contrast MRI setting.

In this work we present a comprehensive 3D segmentation of the healthy adult human eye and
orbit, including lens, globe (vitreous humor), optic nerve, rectus muscles, and fat. We evaluate two
different techniques, namely atlas-based segmentation and supervised deep learning (nnU-Net [21]).
We quantitatively assess the two methods using a cohort of manually segmented 74 subjects on T1-
weighted (T1w). We further explore the application of the two methods on a large-scale cohort of
1157 non-labeled subjects, analyzing eye biometry through automated AL measurement, and provide
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large-scale automated extraction benchmarks on this ocular MR-Eye biomarker for the first time.

2. Materials and Methods
2.1. Dataset

Our cohort was originally acquired within the Study of Health in Pomerania (SHIP) [22] and reused in
the context of this study. We took 1192/1926 (after quality control) healthy subjects (56+13 y.o., age
range 28-89) that underwent whole-body MRI on a 1.5T scanner Magnetom Avanto (Siemens Medical
Solutions, Erlangen, Germany) without contrast agent. T1w images of the head were acquired using
a 12-channel head coil, voxel dimension 1 mm3 , TR=1900 ms, TI=1100 ms, TE=3.37 ms. During the
MRI examination, subjects rested their eyes naturally without specific guidelines for viewing or eyelid
position. All participants gave informed written consent. The study was approved by the Medical
Ethics Committee of the University of Greifswald and followed the Declaration of Helsinki. All data of
the study participants were accessed from an anonymized database.

Manual segmentations on a total of 74/1192 subjects were done, using I'TK Snap software [23], by
two readers independently: one senior (20 years of experience) and one junior (1y). The senior one
double checked the annotation by the junior and corrected them if needed. These manual annotations
included 9 region-of-interest (ROIs) for the right eye: lens, globe, optic nerve, intraconal and extraconal
fats, and the four rectus muscles (lateral, medial, inferior, and superior), see Figure 1B.
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Figure 1: Visual comparison of the different segmentation methods. (A) Original T1w image. (B) Manual
segmentation on 9 ROI: lens (red), globe (green), optic nerve (dark blue), intraconal fat (yellow), extraconal fat
(cyan), lateral rectus muscle (pink), medial rectus muscle (ivory), inferior rectus muscle (blue), and superior
rectus muscle (brown). (C) Atlas-based segmentation. (D) nnU-Net segmentation. We provide preliminary DSC
for both automated segmentation methods compared to the manual segmentation (ground truth).

2.2. Automated Segmentation Methods

Atlas-based segmentation. To the best of our knowledge, atlas-based segmentation was not yet
explored in MR-Eye segmentation. However, it is a well established segmentation technique in medical
image analysis in general and brain imaging [24, 25]. Atlas-based segmentation relies on voxel-wise
image registration of a custom template into the T1w image of the subjects. We used ANTs [26]
tool for image registration. Custom template construction: among the manually annotated subjects
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N=35/74) (i), the five with highest cross-correlation score after nonlinear registration onto Colin27
27] were selected (2 females and 3 males); (ii) we then generated a group-wise template T1w map;
iii) we projected label maps of each subject onto the template space using the nonlinear transform in
ii); (iv) we generated the atlas labels by voxel-wise majority voting. Segmentation: (i) first three-stage
registration (rigid, affine, and deformable SyN) to determine the bounding box containing the eye (see
Figure 1A); (ii) second three-stage registration (rigid, affine, and deformable SyN) within the bounding
box; (iii) the atlas’ labels are projected back into the individuals’ spaces. We used a 11th Gen Intel®
Core™ i9-11900K x 16 processor with 64GB of RAM. The time spent constructing the template with
5 subjects was about 2.5h, the time of segmentation per subject (considering the whole process) was
around 45s, counting a total of around 15h 07m 30s for the "non-trained” cohort of 1157 subjects.
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Supervised Deep Learning segmentation (nnU-Net). NnU-Net [21] is the state-of-the-art supervised
deep learning-based segmentation approach in which data augmentation is extensively used and the
hyperparameters are automatically optimized. It has never been evaluated for MR-Eye, but with Optical
Coherence Tomography (OCT) [28]). We split the manual annotated dataset (N=74) into 35 for training
(with 4 for evaluation) and 39 for testing (43 in total). Default nnU-Net hyperparameters used: initial
learning rate 0.001 with no scheduler; batch size 2; optimizer SGD with momentum 0.99, weight decay
3e-05; dice loss function; data augmentation such as elastic deformation, scaling, rotation; patch size
[128, 160, 112]; random parameters initialization; validation strategy cross validation (5 folds); no
postprocessing after inference; maximum number of epochs 1000, with an elapsed time of around 140s
to 170s per epoch; number of classes 10 (9 ROIs plus background); GPU RTX2080 and RTX3090 (the
first available in the cluster), 10 CPUs per task (fold), RAM 64GB, ran in HPC (High Power Computing)
SLURM-based cluster, through Docker accessed by Singularity; PyTorch, Python 3.8. The total training
time for the five folds was around 208h 20m. The inference process for one image takes about 1 minute
and for the whole non-trained dataset (1157 subjects), 66185.53s (18h 23m 05s) with GPU RTX 3060Ti.

2.3. Automated Axial Length Extraction from MR-Eye

We developed an algorithm to automatically extract the AL (as defined in [22] and illustrated in Figure
3A). The method inputs both the automated segmented labels and T1w images. First, we computed the
centroid of the lens and an orthogonal line to the globe in the 2D axial view, measuring the distance
between the extreme intersection points of this line with the lens and the globe. Additionally, we
calculated two extra distances: from the globe to the intraconal fat boundary, and from the lens boundary
to the cornea. To address the lack of cornea segmentation, we determined the second distance by
detecting low-intensity voxels (as the cornea appears black in T1w images) and identifying a significant
intensity increase with the help of Sobel filter. This process was applied to multiple slices from the
same subject where required segmented structures to compute the measurement were present (lens,
globe, optic nerve and intraconal fat). If that was not the case, the AL would be saved as 0 mm. The
final AL for a subject was determined by selecting the slice with the highest lens-to-optic nerve ratio
(and whose AL was different from 0), indicating the best alignment of these structures to compute the
measurement.

2.4. Evaluation

Segmentation Quality Metrics. To adequately assess the performance of the two segmentation
methods, we computed similarity and error metrics between the ground truth (manual segmentations)
and the methods’ outputs. Based on [29] we chose Dice Similarity Coefficient (DSC), Hausdorff distance
(HD), and volume difference (VD), as they are appropriate metrics to evaluate semantic segmentation of
biomedical images.

Statistical Analysis. We assessed the significance and effect of differences between methods for each
structure and similarity metric. Following the structure in [30], we first tested normality using the



Shapiro-Wilk test. Depending on normality, we conducted pair-wise comparisons using either the
Wilcoxon test or Student’s t test. A p < 0.05 was considered significant after adjusting for multiple
comparisons with the Benjamini-Hochberg’s FDR (q = 0.05). We reported Cohen’s d values to measure
effect sizes, with d < 0.5, d > 0.5, and d > 0.8 indicating low, medium, and strong effects, respectively.
Mean and confidence intervals (a = 0.95) for Cohen’s d were computed over 5,000 bootstrap samples,
selecting 80% of subjects randomly in each iteration.
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Figure 2: Similarity metrics boxplots computed for both automated segmentation methods on 43 subjects. On
the y-axis we have the similarity metric scale (three plots, from top to bottom DSC, HD, VD), and on the x-axis
we have the eye-structure (in the following order: all, lens, globe, optic nerve, int. fat, ext. fat, lateral RM, medial
RM, inferior RM, and superior RM) per method (light blue for atlas-based, and dark blue for nnU-Net).
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Figure 3: Axial length (posterior surface of the cornea to the posterior pole of the ocular bulb, at the boundary
with orbital fat) per method grouped by sex. (A) Example of AL extraction in MRI: on the left, manual extraction
from [22]; in the middle, automatic extraction using the segmented structures and the T1w image; on the right,
Sobel-filtered image visual aid. (B) Correlation curves and coefficient on N=41 with respect to the subject-wise
manual annotations, which serve as ground truth.



3. Results

Figure 1 presents an example of visual 3D segmented results from the atlas-based and the nnU-Net,
as well as the manual reference one.

Nn-UNet [21] surpassed atlas-based for MR-Eye segmentation tasks. Figure 2 presents boxplots
of the results on the 43 pure testing subjects for both methods, and median values with their standard
deviations of these results are presented in Table 1. Nn-UNet overall produced better results for the three
similarity metrics as compared to the ground truth. Despite the remarkable differences between both
methods for DSC and HD, they obtain similar results in terms of VD. For both methods, worse values
were encountered in areas more anatomically variable, like the extraconal fat, and smaller structures,
i.e. the lens.

Overlap and surface distance metrics from both methods are statistically significantly
different. In Table 2, we present the significance and effect (magnitude) of the differences between
both methods. They are statistically different specially in DSC, having strong and medium effect across
structures. In HD, while having low and medium effects, the p values showed a significant difference
(p<0.05), whereas in VD, p values showed no significant difference except for lens and fat, with strong
effects.

Automated measurements of axial length from MRI are in line with the reference manual
measures for both methods, but closer to nnU-Net. Figure 3B shows the correlation plots of
the extracted values per method, grouped by sex, as in [22], on the manually annotated cohort of 43
testing subjects, resulting in 41 after removing zero values. The mean AL from nnU-Net segmentation
was closer to the ground truth values which were extracted using the same extraction method on
the manual segmentations. For the large-scale cohort of 1157 subjects, the mean values and standard
deviations, after removing zero values for both methods, show closer values to the manual reference for
the nnU-Net case as well:

« nnU-Net: 23.8+1.7 mm (519 M) and 22.9£1.6 mm (522 F)
« Atlas-based: 22.3+1.2 mm (519 M) and 21.7+1.3 mm (522 F)
« Previous studies [22]: 23.4+0.8 mm (1059 M) and 22.8+0.9 mm (867 F)

4. Discussion

In this work, we have introduced an evaluation of two known automated 3D segmentation methods,
atlas-based and nnU-Net, in the new application field of eye and orbit structures in MRI. These techniques
enabled us to analyze eye anatomy by extracting axial length measurements from a large-scale cohort,
thereby establishing benchmarks for automated AL measurements.

Supervised deep learning segmentation (nnU-Net) of eye structures surpassed atlas-based method
in 43 pure testing subjects, based on three complementary evaluation metrics (DSC, HD, VD) and
axial length extractions. Based on these quantitative results, nnU-Net should be preferred for MR-Eye
segmentation tasks. However, our work is still preliminary, evaluated only in-domain and further
analysis in out-of-domain testing would be required.

Further developments will include the automated extraction of other important ophthalmic biomark-
ers and explore their possible correlation with other biomarkers like body mass index [22]. In the
context of large-scale segmentation, it would also be important to include uncertainty quantification
of automated predictions [31]. Also, it would be very relevant to have a comprehensive qualitative
evaluation of the resulting segmentations and biomarkers by clinicians. Finally, our large-scale study
builds towards a ready-to-use solution to promote the adoption of accurate MR-Eye segmentation and
its further applications by clinicians and researchers, boosting clinical dissemination and translation of
MR-Eye.
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A. Appendix: tables

Table 1
Similarity metrics’ median and standard deviation values for both methods per structure.

Structure DSC(nnU-Net, atlas) HD (nhnU-Net, atlas) VD (nnU-Net, atlas)
Average 0.81+0.07, 0.68+0.05 0.38+1.3, 0.53£0.26 0.15£0.14, 0.01+0.13
Lens 0.86+0.11, 0.60+0.16 0.13£3.56, 0.43+£0.87  0.16+0.24, -0.59£0.26
Globe 0.94+0.03, 0.91+0.03 0.07+0.05, 0.10+0.09 0.06+0.08, 0.06%0.1
Optic nerve 0.80+0.07, 0.69+0.08 0.44+0.26, 0.49+0.22  -0.02+0.28, 0.13+0.28

Intraconal fat
Extraconal fat
Lateral RM
Medial RM
Inferior RM
Superior RM

0.76+0.11, 0.71£0.06
0.70+0.17, 0.58+0.09
0.82+0.14, 0.70+0.1
0.85+0.09, 0.72+0.07
0.85+0.08, 0.73+£0.06
0.77£0.15, 0.59+0.1

0.40+0.36, 0.43+0.28
0.62+2.78, 0.93+0.72
0.25+0.22, 0.39+0.26
0.19+0.17, 0.40+0.18
0.21+0.28, 0.38+0.22
0.41£6.97, 0.68+0.64

0.32+0.27, 0.21£0.26
0.40+0.32, 0.03+£0.33
0.17+0.25, 0.03+0.27
0.09+0.2, 0.08+0.22
0.07+0.19, 0.10+0.2
0.18+0.31, 0.21+£0.34



http://arxiv.org/abs/2206.01653
http://dx.doi.org/10.48550/arXiv.2206.01653
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7469814/
http://dx.doi.org/10.1002/hbm.25108
https://www.sciencedirect.com/science/article/pii/S0933365724000721
https://www.sciencedirect.com/science/article/pii/S0933365724000721
http://dx.doi.org/10.1016/j.artmed.2024.102830

Table 2

Significance and effect of the differences in atlas-based and nnU-Net methods regarding similarity
metrics per eye structure. The most impactful difference is in DSC, having strong and medium effect
across structures. In HD, while having low and medium effects, the p values showed a significant
difference (p<0.05, marked with *), whereas in VD, p values showed no significant difference except for

lens and fat, with strong effects.

Sim. metric Structure t-value p-value  Cohen’sd Cllower bound Cl upper bound Effect
Average 7 1.83E-08"  -1.80654 -1.81571 -1.79737 strong
Lens 7 1.83E-08* -1.92035 -1.92915 -1.91154 strong
Globe 49 3.06E-07*  -1.20749 -1.22021 -1.19477 strong
Optic nerve 3 1.39E-08* -1.80805 -1.81499 -1.8011 strong
DSC Intraconal fat 223 0.002538"  -0.60405 -0.61185 -0.59624 medium
Extraconal fat 161 0.000165"  -0.68754 -0.69524 -0.67985 medium
Lateral RM 54 4.21E-07% -0.83547 -0.8435 -0.82745 strong
Medial RM 6 1.71E-08* -1.55803 -1.56938 -1.54668 strong
Inferior RM 0 1.12E-08* -1.7518 -1.76214 -1.74146 strong
Superior RM 45 2.37E-07"  -1.24585 -1.25866 -1.23304 strong
Average 276 0.017371* -0.06553 -0.07353 -0.05753 low
Lens 127 2.94E-05" -0.05065 -0.06401 -0.0373 low
Globe 67 9.47E-07* 0.722677 0.709995 0.735358 medium
Optic nerve 233 0.003756* 0.479857 0.472864 0.486849 low
HD Intraconal fat 287 0.024708* 0.230294 0.222729 0.237858 low
Extraconal fat 319 0.06295 -0.3221 -0.32799 -0.3162 low
Lateral RM 50 3.26E-07" 0.628693 0.621947 0.635439 medium
Medial RM 14 2.98E-08" 1.120139 1.110881 1.129397 strong
Inferior RM 35 1.23E-07* 0.774851 0.764219 0.785483 medium
Superior RM 261 0.010471* 0.043144 0.032966 0.053322 low
Average -4.01498  0.00024* -1.22835 -1.23564 -1.22106 strong
Lens -11.913 4.7E-15% -3.18584 -3.19471 -3.17697 strong
Globe 436 0.655039 -0.16697 -0.17372 -0.16023 low
Optic nerve 0.829085  0.411744 0.25035 0.243575 0.257124 low
vD Intraconal fat 326 0.075895 -0.57906 -0.5855 -0.57263 medium
Extraconal fat  -5.32006  3.75E-06* -1.54811 -1.55486 -1.54136 strong
Lateral RM -1.57574  0.122589 -0.48288 -0.48971 -0.47605 low
Medial RM 456 0.837358 -0.25785 -0.26421 -0.25149 low
Inferior RM 0.38944 0.698918 0.127382 0.120511 0.134252 low
Superior RM 0.38944 0.698918 0.127382 0.120511 0.134252 low
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