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Abstract

Understanding the dynamics of the abdominal wall is essential in both physiology and
surgery. To study the mechanical functionality of the abdominal wall, segmentation of the
abdominal muscles could be useful but is a manual, tedious and time-consuming process.
In this study, we assessed the capability of Deep Learning to automatically segment the
abdominal muscles from the axial plane of a unique dynamic abdominal MRI (2D+t)
dataset. The 2D slices were acquired while the subject performed various exercises. The
State-of-the-Art segmentation model, nnUNet was trained on 5,492 images from fifteen
healthy subjects and tested it on 1,801 images from five different subjects. We assessed
the segmentation accuracy using DICE similarity coefficient, Hausdorff distance, as well as
motion of the abdominal muscles. The ground truth and nnUNet segmentation showed high
concordance, with a DICE over 0.87 for all exercises and muscles, and minimal differences in
abdominal muscles motion. nnUNet effectively automates abdominal muscle segmentation,
offering efficiency and new clinical applications in abdominal physiology.
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1. Introduction

Abdominal wall pathologies present a clinical challenge due to the high prevalence of hernia
recurrence, which can reach up to 30% after repair (Romain et al., 2020). Hernias are a
frequent medical condition that occurs when abdominal contents protrude through a de-
fect in the abdominal wall. Imaging techniques with precise segmentation of structures are
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often necessary to understand and treat this condition, as they allow for in-depth analysis
of the anatomy, physiological and pathological response of the abdominal wall. At present,
researchers manually segment each abdominal muscle to quantify their mechanical function-
ality. Given that over 300 slices is acquired per subject, this is a tedious and costly process.
To the best of our knowledge, this is the first study to explore the automatic segmentation
of abdominal muscles from MRI images. We leverage the State of the Art nnUNet due to
its superior performance for biomedical image segmentation (Isensee et al., 2021).

2. Methods
2.1. Dataset

The dataset is composed of 60 dynamic MRI volumes (2D+T), consisting of a 2D slice of the
abdominal region (Figure 1-a) acquired on a 3T MRI scanner in the supine position at L3-L4
disc level over time. Twenty healthy subjects performed three exercises with and without
abdominal contraction: breathing, coughing and the Valsalva maneuver, with an average of
157, 107 and 108 images per subject and per exercise, respectively. Approximately 8% of the
total number of slices were manually segmented by a single expert using FSLeyes software.
The resulting segmented masks were then propagated to the remaining slices using an
automatic label propagation algorithm based on image registration (Ogier et al., 2017). This
set of 7,293 axial images was segmented with four distinct labels corresponding to left and
right rectus abdominis (RA) and lateral muscles (LM, which include transverse abdominis,
internal and external obliques), as shown Figure 1-b. This segmentation technique has
already been validated (Jourdan et al., 2021), and the resulting masks serve as the ground
truth for evaluating the quality of the segmentation performed by the nnUNet network.
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Figure 1: 2D axial abdominal MRI a) Without annotation b) Segmentation mask of the
rectus abdominis (RA) and lateral muscles (LM) c¢) Motion quantification of the
muscles

2.2. Neural network

nnUNet! (V2) for deep learning segmentation with automatic learning hyperparameter
selection was used. Parameters such as batch size and network depth were determined
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based on GPU size and input image size. Additional parameters were selected through
5-fold cross-validation (Isensee et al., 2021). Traditional data augmentation methods were
applied, excluding horizontal flip as this caused issues due to the symmetrical nature of the
abdominal muscles. The data was decomposed into 416 x416 frames, resampled to 256 x 256,
and randomly split into a 15-subject training set (5,492 images) and a 5-subject test set
(1,801 images). Training was conducted with PyTorch 1.2 on an NVIDIA GeForce RTX
2080 Ti GPU, with a training time of approximately 55 hours per fold.

To evaluate nnUNet’s ability to segment abdominal wall muscles, DICE coefficient and
Haussdorf distance were calculated between the ground truth masks and the nnUNet seg-
mented masks. Additionally, the motion of the muscles (Jourdan et al., 2021), as shown in
Figure 1-c, from both the ground truth and nnUNet segmentation masks were compared.

3. Results

Figure 2 shows the DICE coefficient and Haussdorf distance of each label. The nnUNet
performs better on the LM muscles than the RA muscles, likely due to the increased motion
of the RA muscles during the exercises. The DICE is quite similar throughout the different
exercises. The Haussdorf distance is higher for LM, this muscle being bigger than RA.
The difference of motion between the ground truth and nnUNet masks is lower than 0.8
mm for both LM and RA, for the three exercises.
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Figure 2: DICE and Haussdorf distance results depending on the label

4. Discussion and conclusion

In conclusion, this study demonstrates the effectiveness of nnUNet in segmenting dynamic
axial MRI images of healthy subjects, which could significantly reduces researchers’ man-
ual workload and accelerates research progress. Moving forward, enhancing the network’s
performance will involve diversifying the training set with additional axial planes, thereby
reducing dependence on body location. Increasing the number of subjects will add anatomi-
cal variability, while incorporating more exercises will capture greater dynamics and motion,
ultimately enhancing the network’s robustness and applicability. It’s worth noting that this
study represents ongoing work, with the ultimate goal of applying these advancements to
segment patients’ images. The MRI dataset presented in this study will be made available
upon request on a public repository.



JOPPIN BELTON HOSTIN BELLEMARE LAWLOR CURRAN BEGE MASSON BENDAHAN

References

Fabian Isensee et al. nnU-Net: a self-configuring method for deep learning-based biomed-
ical image segmentation. Nature Methods, 18(2):203-211, February 2021. ISSN 1548-
7105. doi: 10.1038/s41592-020-01008-z. URL https://www.nature.com/articles/
s41592-020-01008-z. Number: 2 Publisher: Nature Publishing Group.

Arthur Jourdan et al. Semiautomatic quantification of abdominal wall mus-
cles deformations based on dynamic MRI image registration. NMR in
Biomedicine, 34(4):e4470, 2021. ISSN  1099-1492. doi:  10.1002/nbm.4470.
URL https://onlinelibrary.wiley.com/doi/abs/10.1002/nbm.4470. _eprint:

https://onlinelibrary.wiley.com/doi/pdf/10.1002/nbm.4470.

Augustin Ogier et al. Individual muscle segmentation in MR images: A 3D propagation
through 2D non-linear registration approaches. In 2017 39th Annual International Con-
ference of the IEEE Engineering in Medicine and Biology Society (EMBC), pages 317—
320, July 2017. doi: 10.1109/EMBC.2017.8036826. URL https://ieeexplore.ieee.
org/abstract/document/8036826. ISSN: 1558-4615.

Benoit Romain et al. Recurrence after elective incisional hernia repair is more frequent
than you think: An international prospective cohort from the French Society of Surgery.
Surgery, 168(1):125-134, July 2020. ISSN 0039-6060. doi: 10.1016/j.surg.2020.02.016.
URL https://www.sciencedirect.com/science/article/pii/S003960602030101X.


https://www.nature.com/articles/s41592-020-01008-z
https://www.nature.com/articles/s41592-020-01008-z
https://onlinelibrary.wiley.com/doi/abs/10.1002/nbm.4470
https://ieeexplore.ieee.org/abstract/document/8036826
https://ieeexplore.ieee.org/abstract/document/8036826
https://www.sciencedirect.com/science/article/pii/S003960602030101X

	Introduction
	Methods
	Dataset
	Neural network

	Results
	Discussion and conclusion

