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Abstract

Background Accurate thigh muscle segmentation from magnetic resonance imaging (MRI) enables quantitative assess-
ment of muscle health. Although manual segmentation is the gold standard, it is labor-intensive and variable, and existing
automated/semi-automatic approaches remain limited by segmentation errors/user dependence, restricting scalability.
Defining data requirements for robust automated segmentation therefore remains a critical unmet need.

Purpose To determine the number of annotated lower extremity MRI studies needed to train an accurate deep learning
(DL) model for thigh muscle segmentation and to assess the effect of training size on agreement of downstream quantita-
tive measures.

Materials and methods Lower extremity MR images were obtained from competitive athletes with anterior cruciate liga-
ment injuries and professional-level football athletes scanned at a single site on a 3T GE Premier system. Fourteen thigh
muscles were segmented using semi-automatic propagation followed by manual correction to generate high-quality
ground-truth assisted manual segmentations (Segy). Thirteen DL models (nnU-Net) were trained with Segy on increasing
numbers of training subjects (N ain) ranging from Ny ,in = 5 up to Ni.in = 120, each evaluated on a fixed independent test
set of 41 subjects. Automated segmentation (Seg,) performance was evaluated using standard geometric accuracy metrics
(Dice similarity coefficient [DSC], relative volume difference [RVD], Hausdorff Distance [HD], HD95, and average symmetric
surface distance [ASSD]). To determine whether Seg, would lead to meaningful quantitative MRI results, we also com-
pared fat fraction and diffusion-tensor imaging measures extracted from Seg, to those derived from Segy.

Results DL model training on Ny.,i, = 20 subjects achieved high accuracy on the fixed test set (mean + SD: DSC 0.94 + 0.02;
RVD 4.9% + 5.2%; ASSD 0.8 0.4 mm; HD95 3.2 + 2.8 mm), with modest improvement at 50 subjects.

Conclusion Twenty annotated images were sufficient for clinically acceptable performance, supporting streamlined seg-
mentation and quantitative reporting in athlete care and research.
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Abbreviations

RVD = relative volume difference

Summary

Key Results

120 subjects.

increased to 50.

ACL = anterior cruciate ligament; ASSD = average symmetric surface distance; DL = deep learning; DSC = Dice Similarity
Coefficient; DTI = diffusion tensor imaging; FF = fat fraction; ICC = intraclass correlation coefficient; qMRI = quantitative MRI;

Deep learning-based thigh muscle segmentation on MRI achieved high accuracy with as few as 20 subjects and reduced annota-
tion effort while preserving agreement for volume, fat fraction, and diffusion metrics.

* Annotating 9 fixed axial levels per thigh and propagating to the full stack yields assisted manual labels suitable for training.
* Thirteen deep learning models for thigh muscle segmentation were trained on IDEAL MR water-only images from 5 to

* A training size of 20 subjects met predefined accuracy targets for major muscle groups, with modest improvements when

* The code, propagation tool, and trained model are available publicly for reuse and validation.

Introduction

Accurate segmentation of thigh muscles from magnetic reso-
nance imaging (MRI) is essential in both clinical and research
settings to quantitatively assess muscle health and monitor
recovery trajectories following injury.! Injuries such as anterior
cruciate ligament (ACL) ruptures often result in significant
changes in muscle morphology and composition, including atro-
phy and fatty infiltration, complicating the evaluation of muscle
recovery during the rehabilitation process.” Further, in elite
athletes, precise muscle characterization and identification of
muscle imbalances can inform neuromuscular training optimi-
zation and injury prevention strategies.® Quantitative MRI (qQMRI)
techniques, including fat fraction (FF) mapping and diffusion
tensor imaging (DTI), provide non-invasive biomarkers of muscle
composition and microstructure that are relevant to muscle re-
covery and health. However, extracting meaningful, region-
specific measurements from such images requires accurate
segmentation of individual muscles. Thus, the utility of gMRI in
both clinical and research practice depends on the availability
of reliable segmentation tools that can accommodate anatomi-
cal variability and pathological changes.

Manual muscle segmentation, considered the gold standard,
is labor-intensive, time-consuming,® and subject to inter-rater
variability,> limiting its research utility and clinical scalability.®
Automated segmentation presents a promising solution to over-
come challenges with manual segmentation but is particularly
vulnerable to error given the poor contrast between select adja-
cent muscles and the large variability of muscle shapes. Semi-
automatic segmentation approaches reduce manual effort” but
still require substantial user input and expertise, making them
unsuitable for large-scale studies. Applications of deep learning
(DL)-based methods for medical image segmentation, particularly
convolutional neural networks, have demonstrated the potential
to fully automate segmentation workflows with high accuracy
and consistency.”® However, the success of these fully automatic
methods relies on established ground truth databases for
accurate training. Semi-automatic segmentation, combined with

manual correction, offers a practical approach to generate high-
quality ground truth annotations to further train DL models.
These annotations can be generated by manually segmenting a
subset of 2D slices for propagation across the full 3D volume, or
by refining initial annotations produced by artificial intelligence.’
However, it remains unclear how many images need to be
semi-automatically segmented to obtain an adequate training
set to confidently transition to fully automatic DL-based
segmentation for routine utilization. We used the adaptable
nnU-Net framework™® to train 3D muscle-segmentation models
on lower extremity MR images using incrementally larger training
sets. We evaluated performance using geometric agreement, clini-
cal relevance, and biomarker consistency (FF and DTI metrics) be-
tween manual and automated segmentations. This study aimed
to define dataset-size requirements for reliable automatic thigh
muscle segmentation to guide future clinical and research use.

Materials and methods

Dataset

This study included MRIs from 2 cohorts: athletes without acute
injuries (Athlete) and athletes with an acute ACL rupture (ACL).
Inclusion/exclusion criteria, enrollment, and final included
samples are presented in Figure 1 (additional information in
Supplementary Material). These studies were approved by the
institutional review board of Emory University (American
Professional Football Study [STUDY00003840]; ACL Registry Study
[STUDY00002682]).

MRI acquisition

Scans were performed on a 3.0 T GE SIGNA Premier scanner
(GE Healthcare) using a 30-channel Adaptive Image Receive
Anterior Array coil. Each subject underwent 2 bilateral lower
extremity sequences: (1) IDEAL-Spoiled Gradient-Echo imaging
and (2) MUSE-DTI. Both sequences were acquired axially in 3
overlapping 40-slice stacks (5-slice overlap), spanning from the

920z Ateniga4 £z uo 1senb Aq Z/20¥H8/S006BWN/|/S/o101iE/ApEPRI/WO0D dNO dlWapede//:sdlly WOoJl PaPEOjUMO(]


https://academic.oup.com/radadv/article-lookup/doi/10.1093/radadv/umag005#supplementary-data

Radiology Advances, 2026, Vol, 3, Issue 1

[ Overview of Athlete and ACL Cohorts Included in the MRI Study ]

—

Athlete

]
[@ Uninjured professional American footballers

) &

ACL
Athletes with acute ACL injury

Inclusion: Male professional athletes actively

engaged in the competitive season, aged 218
years, with no contraindications to MRI

112 professional American
football league players enrolled”
|

[ Initial exclusions: 7 athletes did not complete MRI ]

[ 105athletes initially included |
1

Data-related exclusions during December 2023 data
query: muscle masks not quality checked prior to query
(n=6), poor muscle mask quality (n=3), different MRI
acquisition protocol* (n=2)

1
[ 94" male athletes included }

Inclusion: Individuals ages 8-70 years old;
scheduled to undergo ACL reconstruction or
revision, or who had previously undergone ACL
reconstruction; no contraindications for MRI

I
77 adolescents and young adult
athletes enrolled” in ACL registry
I

[ Initial exclusions: None ]

[ 77athletes initially included |
|

Data-related during D ber 2023 data
query: muscle masks not quality checked prior to
data query (n=10)

[ 67 athletes (23 males) included ]

Figure 1 Study cohort overview and inclusion flow. Diagram illustrating the 2 study cohorts and participant inclusion for MRI analyses, including enrollment,
exclusions, and final analytic samples for athletes with and without acute anterior cruciate ligament (ACL) injury. Asterisks denote cohort-specific considerations
detailed in the Supplementary Material, including enrollment timing, MRI acquisition differences, and partial muscle-level data inclusion.

iliac crest to approximately the patella, with a resolution of
1.76 mm X 1.76 mm X 5 mm. Additional acquisition parameters,
DTl preprocessing details, and descriptives are provided in
Supplementary Material.

IDEAL imaging generates separate water and fat images; the
water images, offering high muscle contrast, were used for seg-
mentation, and fat fraction (FF) was calculated using both water
and fat images as the percent fat within each voxel."* MUSE-DTI
was used to assess diffusion-based muscle quality metrics, in-
cluding fractional anisotropy (FA), mean diffusivity (MD), and ra-
dial diffusivity (RD; descriptives in Table S1).

Semi-automatic segmentation for
assisted manual ground truth annotations

The muscles planned for segmentation included the left and
right long head of biceps femoris (BFL), short head of biceps
femoris (BFS), rectus femoris (RF), semimembranosus (SM),
semitendinosus (ST), vastus lateralis (VL), and vastus medialis
(VM). These muscles were selected for their clinical relevance to
sports medicine, as they are key muscles in injuries (eg,
hamstring strain injuries) and are often affected by ACL injuries
(eg, quadriceps atrophy).

A previously validated semi-automatic segmentation ap-
proach'®*? followed by manual correction was chosen to allow
the building of reliable assisted manual annotations as ground
truth for DL model training and testing (full description in
Supplementary Material).

Nine slices were annotated for each muscle and then the
segmentations were 3D-propagated through the remaining MRI
volume (Figure 2) using a combination of diffeomorphic registra-
tion techniques,'®** enabling smooth, non-rigid deformation of
the manually segmented masks across adjacent slices, ensuring
the preservation of anatomical integrity. The propagated
segmentations were then manually refined by expert research-
ers to correct any errors and adjust boundaries as needed.
These refined results, referred to as assisted manual segmentations
(Segw), were used as ground truth for DL model training. Two
experts completed all the annotation refinements, and they were
confirmed by a third expert prior to being used as ground truth.

DL-based fully automatic segmentation

For the DL model, we used the nnU-Net framework,*° which has
proven to be highly effective for volumetric medical image seg-
mentation tasks. We employed the 3D full-resolution configura-
tion, as it provided the best results in preliminary testing
for muscle segmentation. The 3D configuration is particularly
advantageous as it preserves the spatial relationships between
slices and accurately captures the muscle’s 3-dimensional struc-
ture. Training (80%) and validation (20%) sets were created,
stratified equally by group (Athlete and ACL).

A primary aim was to determine the minimum number pre-
annotated images that enabled accurate automatic segmentation
using DL. To address this aim, we trained models on datasets of
varying sizes (Ny.in, defined as the number of subjects in the training
set), ranging from 5 to 120 subjects (Figure 3). These datasets were
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Automatic
propagation

Figure 2 Illustration of the muscle segmentation process in the thighs, where 3D visualizations and corresponding axial and coronal slices
demonstrate the transition from sparse manual annotations to full volumetric segmentation. (Left) Initial segmentation, where each muscle was
manually segmented with 9 slices. The muscles were segmented independently, and the chosen slices varied across muscles based on proximal and
distal slices. (Right) Automatic propagation of the initial segmentations to generate a complete 3D segmentation across the entire region of interest.
The segmented muscles include biceps femoris long head (orange), biceps femoris short head (dark blue), rectus femoris (purple), semimembranosus
(red), semitendinosus (yellow), vastus lateralis (green), and vastus medialis (light blue).
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Figure 3 Training-set composition and evaluation strategy. Training-set size increased across experiments, with balanced contributions from athlete
subjects (male only) and anterior cruciate ligament (ACL) subjects (male and female), while the test set of 41 subjects (34 Athlete, 7 ACL) remained

fixed to ensure fair comparison.

constructed by selecting subjects in a sequential manner, sorted by
acquisition date within each population group while keeping the
contribution from each group similar. This sequential approach mir-
rored the typical enrollment process in clinical or research studies,
allowing us to assess how the size of the training dataset influences
model performance and identify the point at which assisted manual
segmentation of additional subjects no longer significantly improves
the DL-based fully automatic segmentation quality.

For consistency, the model’s performance was evaluated
using a fixed test set composed of 41 subjects—34 Athlete and
7 ACL subjects—selected as the last acquired cases within each
respective group. This test set remained constant throughout
the experiments, ensuring a fair comparison of the model’s

performance across different Ny.in. Demographic characteristics
for each training-set configuration Ny.i, and for the fixed test set
are provided in Table S2.

The automatic segmentations generated by the model were
referred to as Seg, and their accuracy was compared against
the ground truth assisted manual segmentations Segy. Five of
41 test subjects were excluded from DTI analyses due to missing
(n=4) or poor-quality (n=1) diffusion data.

The model was trained using Dice loss, which is well-suited for
medical image segmentation due to its direct optimization of spa-
tial overlap between predicted and ground truth masks. The archi-
tecture, optimization parameters, and training schedule were fixed
according to the default nnU-Net configuration,’® and trainings
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were run on a Linux Xeon Gold Workstation (6248rcpu@3.00 GHz,
96 GB RAM) with an Nvidia RTX A6000 GPU. Due to the potential
confusion of the DL model in distinguishing left from right muscles
in our 2-legged thigh MR images, a fully automatic post-processing
step was implemented to correct misassigned labels on Seg,. The
method applies K-means clustering on non-zero voxel coordinates
to identify the 2 legs, computes an x-axis midpoint between the
clusters, and then reassigns muscle labels based on their spatial po-
sition relative to this threshold. After label reassignment, an addi-
tional post-processing step was applied to retain only the largest
connected component for each segmented muscle.

For reference, the open-source MuscleMap DL model*® was also
applied to the same fixed test set, using the same subsequent post-
processing steps, to provide an external baseline for comparison.

Validation metrics

To evaluate the performance of the trained models, we used several
metrics that are standard in medical image segmentation tasks.’
The Dice similarity coefficient (DSC) was used to measure the over-
lap between Seg, and Segy. The Hausdorff distance (HD) was
employed to quantify the spatial accuracy of the segmentation by
measuring the maximum of the minimum distance between Seg,
and Segy boundaries. To reduce sensitivity to outliers, the 95th per-
centile HD (HD95) was also computed. The average symmetric sur-
face distance (ASSD) was used to calculate the average distance
between the surfaces of Seg, and Segy segmentations, providing a
more comprehensive measure of segmentation accuracy. Lastly,
relative volume difference (RVD) was used to assess how well the
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Figure 4 Learning curves for geometric metrics as a function of training set size (Ny.in) on the fixed test set (n=41). Points show the mean value
across all muscles and all test subjects, with shaded bands indicating 95% confidence intervals. Dotted horizontal lines denote the a priori reliability
thresholds (DSC > 0.90, RVD < 5%, ASSD < 1.0 mm, HD95 < 4.0 mm), and dashed horizontal lines denote the a priori strict thresholds (DSC > 0.95,
RVD < 4%, ASSD < 0.75 mm, HD95 < 3.0 mm). The dotted vertical line at Nyain = 20 marks the Ny, meeting all reliability criteria, and the dashed
vertical line at Ny,in = 50 marks the smallest N4, meeting all strict criteria. Abbreviations: ASSD, average symmetric surface distance; DSC, dice
similarity coefficient; HD95, 95% Hausdorff distance; RVD, relative volume difference.
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model predicted the muscle volume, which is important for clinical
applications involving quantitative analysis of muscle size. The
same set of geometric metrics was used to evaluate the segmenta-
tion performance of the MuscleMap™ baseline model.

To evaluate the consistency of the segmentations in extract-
ing gMRI biomarkers, Segy and Seg, masks were resampled and

superimposed onto the FF and DTl maps. FF values were used to
quantify fatty infiltration, while DTI-derived biomarkers, includ-
ing FA, MD, and RD, were used to characterize muscle integrity.
Agreement between the segmentation approaches was assessed
by comparing the biomarker values extracted from Seg, and
Segy. The intraclass correlation coefficient (ICC) with a 2, 1

Table 1 Results from nnU-Net deep learning model Ny,,;, datasets validated on 41 test subjects.

Parameter Nerain = 5 Nerain = 20 Nerain = 50 Nirain = 120
DSC (—)
Biceps femoris-LH 0.89+0.11 0.94 £ 0.03 0.95+0.02 0.95 +0.02
Biceps femoris-SH 0.89 £ 0.06 0.93+£0.03 0.94 £ 0.02 0.94 £ 0.02
Rectus femoris 0.95 +0.02 0.96 + 0.01 0.96 + 0.01 0.97 £ 0.01
Semimembranosus 0.89 + 0.05 0.94 +0.02 0.94 + 0.02 0.95 + 0.02
Semitendinosus 0.92 + 0.04 0.95 + 0.02 0.95 + 0.02 0.96 +0.01
Vastus lateralis 0.89 +0.11 0.94 +0.02 0.95 + 0.02 0.95 + 0.02
Vastus medialis 0.95 +0.02 0.96 £0.01 0.96 £0.01 0.96 £ 0.01
Grand total 0.91 £ 0.07 0.94 +£0.02 0.95+0.02 0.95+0.02
RVD (%)
Biceps femoris-LH 14.8 +14.7 6.0+6.2 3.6+3.1 29+3.1
Biceps femoris-SH 13.7+11.2 7.0+£7.0 52+48 42+43
Rectus femoris 45+47 34+38 25+2.2 2.1+1.3
Semimembranosus 12.8+8.9 6.0+5.4 3.6+35 3.0+3.3
Semitendinosus 8373 45+46 34132 25+26
Vastus lateralis 145+ 15.1 44+45 3.9+4.0 3.0+28
Vastus medialis 5.5+4.2 3.3+29 23+19 1.8+1.8
Grand total 10.6 +11.0 49+5.2 3.5+35 2.8+3.0
ASSD (mm)
Biceps femoris-LH 20+2.1 1.0+0.5 0.7+0.3 0.7+0.3
Biceps femoris-SH 1.2+1.0 0.7+0.3 0.6 £0.2 0.6 £0.2
Rectus femoris 0.7+0.3 0.6+0.2 0.5+0.2 0.5+0.2
Semimembranosus 19+14 1.0+0.5 0.8+0.4 0.7+0.3
Semitendinosus 1.1+0.7 0.7+0.3 0.7+0.4 0.6+0.2
Vastus lateralis 2.7+4.4 1.1+04 1.0+0.4 0.9+0.3
Vastus medialis 1.1+04 0.8+0.3 0.8+0.3 0.7+0.3
Grand total 15+21 0.8+0.4 0.7+0.4 0.7+0.3
HD (mm)
Biceps femoris-LH 32.2+334 23.7+32.2 18.9 £31.2 174 £31.1
Biceps femoris-SH 19.8 +11.7 13.6+6.9 126 +6.5 112 +6.1
Rectus femoris 13.1+19.1 12.0+19.1 11.8+19.1 11.0 £ 19.0
Semimembranosus 28.5+18.7 13.4+8.7 11.8+8.2 11.0+7.5
Semitendinosus 16.9+11.1 134+73 11.6+7.5 10.3+6.6
Vastus lateralis 32.4+23.1 20.8 £15.9 20.6 +15.8 18.7 £+ 15.8
Vastus medialis 21.6 +10.9 18.3+10.3 17.8 +10.3 17.3+£10.2
Grand total 23.5+20.9 16.5+17.1 15.0 + 16.6 13.8+16.4
HD95 (mm)
Biceps femoris-LH 79+7.9 3.9+26 29+13 28+1.5
Biceps femoris-SH 46+5.2 23+1.4 20+£1.0 19+1.0
Rectus femoris 23+13 1.9+0.6 1.7+£0.7 1.7+0.6
Semimembranosus 8.5+9.5 3.8+21 3.2+1.8 3.0+1.6
Semitendinosus 3.8+3.1 25+1.0 2.6+3.2 2.1+0.7
Vastus lateralis 11.3+15.4 48+2.1 46+2.3 41+1.7
Vastus medialis 3.8+1.8 31+14 29+15 2.8+15
Grand total 6.0+8.4 3.2+2.0 2.8+2.0 2615

Data presented as means + standard deviations. Learning curves for DSC, RVD, ASSD, and HD95 for every Ny..i, dataset are presented in Figure 3. Data for all

Nirain datasets are included in Figure S1.

Abbreviations: ASSD = average symmetric surface distance; DSC = dice similarity coefficient; HD95 = 95% Hausdorff distance; LH = long head; Nyain = training
set size; RVD = relative volume difference; SH = short head.
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formula® and standard error of measurement (SEM) were com-
puted to quantify consistency. Additionally, Bland-Altman analy-
ses were performed to estimate bias and limits of agreement
between Seg, and Segy in the quantification of each biomarker.

Based on previous literature,*”*® we developed cutoffs to deter-
mine the size of a training set needed to result in a reliable DL seg-
mentation model. These cutoffs included: DSC > 0.9, RVD < 5%,
ASSD < 1mm, HD95 <4 mm, and all ICCs > 0.98. These cutoffs
have all been described as excellent agreement between manual
muscle segmentation and DL-based segmentations. To evaluate
the potential for a near-perfect model performance, a stricter crite-
rion was used, which included DSC > 0.95, RVD < 4%, ASSD <
0.75, HD95 < 3mm, and all ICCs > 0.99. Although both HD and
HD95 were reported, only HD95 was used in the cutoff criteria as it
provides a more stable and robust measure less affected by
small outliers.*

Availability

The semi-automatic segmentation tool (SegPropa) and the final
trained deep learning model (SegAl-Thigh) are openly available
for research use under a CC BY-NC-SA 4.0 license. SegPropa is
hosted at https://gitlab.com/augustin-c-ogier/segpropa (release
v1.0), and SegAl-Thigh at https://github.com/EmorySPARC/
SegAl-Thigh (release v1.0).

Source

N, in =5

DSC: 0.91 £ 0.03
RVD: 8.9+54%
HD95: 4.9 = 4.9 mm

train

N, i, =20

DSC: 0.95 £ 0.01
RVD: 3.1 3.1 %
HD95: 2.6 £ 0.7 mm

train

N, .in =120

DSC: 0.95 £ 0.01
RVD: 2.4 +28%
HD95: 2.5 + 0.7 mm

train

Results

The final sample included for the Athlete group was 94 male ath-
letes (Agemean = 25.0 £2.4years, BMlean = 28.1+4.1). The final
ACL group used in the present analyses included 67 athletes
with an ACL injury (males =23 [34%], Agemean = 17.0 £ 3.6 years,
BMIinean = 22.2 £3.1).

Geometric metrics

With just 5 training subjects (Ny.ain = 5), the average DSC across all
muscles exceeded 0.90 (0.91 +0.07). Performance improved rap-
idly with more data (Figure 4), reaching 0.94 + 0.02 with Ny, = 20
and consistently >0.95 with Ny, = 30 or more.

Other metrics also improved (Table 1, Figure S1): HD95 dropped
below 4 mm at Nyain = 20 (3.2+2.0) and < 3 mm by Nyai, = 40; ASSD
fell below 1 mm at N,in = 20 and < 0.75 mm by Ny, = 50. RVD was
~11% at Niin = 5, dropping below 5% by Nipain = 20 (4.9% + 5.2%)
and <4% by Nyain = 50 (3.5% + 3.5%), as shown in Figure 4.

Across all 4 geometric metrics, 2 training-set sizes emerged as
key operating points. As shown in Figure 4, Ni.in = 20 was the
smallest training size at which all reliability thresholds were met
simultaneously (DSC > 0.90, RVD < 5%, ASSD < 1mm,
HD95 < 4 mm). The stricter criteria (DSC > 0.95, RVD < 4%, ASSD
< 0.75mm, HD95 <3 mm) were first reached at Ny, = 50.

Figure 5 Representative distal, mid, and proximal thigh slices for 1 test subject from the athlete cohort, illustrating manual and automatic
segmentations at different training-set sizes (Nyin). The first row shows the source MR images with manual ground-truth boundaries overlaid as thin.
Subsequent rows display the segmentation results for Nain = 5, 20, and 120. For each Ny,in, DSC, RVD, and HD95 are reported as mean + SD across
the 7 muscles. The segmented muscles include biceps femoris long head (orange), biceps femoris short head (dark blue), rectus femoris (purple),
semimembranosus (red), semitendinosus (yellow), vastus lateralis (green), and vastus medialis (light blue). Abbreviations: DSC, dice similarity

coefficient; HD95, 95% Hausdorff distance; RVD, relative volume difference.
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Figure 5 illustrates Segy and Seg results for the smallest
(Ntrain = 5), largest (Nirain = 120), and high-performing models
(Ntrain = 20, Nirain = 50) as muscle cross-sections for a repre-
sentative test subject.

For comparison, the recent open-source MuscleMap
model'® achieved an average DSC of 0.65+0.21, RVD of 36.9+
28.2%, ASSD of 10.7+15.3mm, and HD of 67.3+55.9mm
(Table S3).

Clinical metrics

Volume measurement ICCs were > 0.98 with Ny, = 10 (ICC=0.983)
and > 0.99 with Ny, = 20 (ICC=0.995) (Figure S2). Bland-Altman
analysis showed minimal FF differences between Segy and Sega
without significant bias (Figures S3). FF ICCs were > 0.98 at Nyain =
20 (ICC=0.989) and > 0.99 at Nyain = 50 (ICC=0.991). DTI-derived
metrics—FA, MD, and RD—had consistently high ICCs (> 0.995 at
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Figure 6 Intraclass correlation coefficient (ICC), standard error of measurement (SEM), and Bland-Altman bias and limits of agreement (LoA) for
muscle segmentation-derived metrics across different training dataset sizes (Nyain = 5 to 120). Each row represents comparisons between values
derived from the assisted manual segmentation (SegM) and the automatic segmentation (SegA) for muscle volume, fat fraction (FF), fractional
anisotropy (FA), mean diffusivity (MD), and radial diffusivity (RD), in that order. The columns display ICC values (unitless), SEM values, and Bland-
Altman bias (solid line) with limits of agreement (dashed lines), the latter 2 expressed in the units of the respective metrics. Square markers

represent individual training datasets.
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Nirain = 5), confirming DL segmentation reliably delineates muscle
boundaries to assess muscle tissue characteristics (Figures S4-
S6). ICCs, SEM, and Bland-Altman results for volume, FF, and DTI
metrics are shown in Figure 6.

Discussion

This study presents a practical framework for transitioning from
assisted-manual to fully automatic thigh muscle segmentation
in professional athletes and individuals with ACL injury using
deep learning. Utilizing the nnU-Net model,'® we demonstrated
that reliable performance can be achieved using as few as
20 training datasets and further improvements in accuracy and
robustness are observed with 50. The ability to train on relatively
small datasets is relevant for clinical and sports applications in
which accurate muscle delineation supports recovery monitoring,
muscle composition assessment, and treatment planning.

A key strength is the simulation of real-world conditions in
which data accrue sequentially. A modest number of assisted-
manual cases was sufficient to train models that deliver
accurate results. Our results provide a significant step forward
for developing applications requiring rapid and objective meas-
urements of muscle health, such as rehabilitation following an
ACL injury or athlete performance monitoring. Importantly, the
validation of segmentation outputs through clinically relevant
biomarkers, such as fat fraction (FF) and diffusion tensor imag-
ing (DTI) metrics, confirms the model’s ability to preserve mus-
cle characteristics.

The segmentation performance obtained in this study is con-
sistent with, and in many cases exceeds, previously published
results on automatic segmentation of individual leg athletes
have reported DSCs at 0.85-0.91 + 0.03-0.09,%2%? whereas stud-
ies focused on inclusion of participants with varying levels of fat
infiltration have reported DSCs at 0.88-0.90+0.03-0.09,227%*
which is known to increase segmentation difficulty.® In compar-
ison, our model inclusive of healthy and injured athletes trained
with datasets of Nyain = 120 subjects achieved a mean DSC of
0.95+0.02, having attained 0.94 +0.02 at Nyain = 20, which com-
pares favorably with previously reported methods in terms of
geometric accuracy. For context, the open-source MuscleMap
model achieved a mean DSC of 0.65+0.21 on the same test set,
suggesting that generic models may not yet achieve the same
level of accuracy as dataset-specific training.

The accuracy of the current models is particularly notable
given that our approach relied entirely on the default nnU-Net
configuration,'® without any architectural modification or exten-
sive hyperparameter tuning. In contrast, previously published
methods often required significant implementation effort, in-
volving custom pipelines such as multi-stage networks with sep-
arate localization and segmentation models,® contrastive
pretraining strategies to reduce annotation needs,?® or the de-
sign and comparison of multiple architectures including U-Net,
Deeplab v3+, or PSPNet variants.?! Others introduced architec-
tural complexities such as dense or residual blocks,® additional
boundary-aware modules,** or fine-tuning of pretrained classifica-
tion networks like AlexNet,? often coupled with manual optimiza-
tion of learning schedules, loss functions, and data augmentations.
While prior optimization approaches may provide incremental

improvements, our findings indicate that off-the-shelf solutions
like nnU-Net not only simplify deployment but also deliver state-
of-the-art accuracy.

Our chosen methodological approaches are not without limi-
tations. First, we used a sequential data acquisition strategy for
selecting training subjects, reflecting real-world clinical studies
but lacking the efficiency of active learning, which can improve
dataset quality by prioritizing informative samples and reducing
annotation burden.?” Second, the model’s generalizability may
be limited by the single-site design and the relatively homoge-
neous cohort of generally healthy young individuals, with a sub-
set experiencing an acute injury. However, the objective of this
study was not to develop a universal thigh segmentation model
but to quantify the annotation requirements for achieving reli-
able deep learning-based automation. Future studies should ex-
tend this approach to more heterogeneous populations, such as
individuals with neuromuscular disorders, for which the same
semi-automatic framework has previously enabled accurate DL
segmentation,”® to assess annotation needs under greater ana-
tomical variability.

To facilitate the adoption of DL-based muscle segmentation, we
provide the semi-automatic 3D propagation tool (SegPropa) used
in this study to create the annotated training database. The avail-
ability of pre-trained models for similar MRI protocols can further
simplify implementation, minimizing the need for retraining. Open-
source platforms like Dafne,® which provide lower limb MRI
models and support model refinement and updates, offer promis-
ing paths for shared and continuously improving DL tools. As
such, we have openly provided the final nnU-Net model trained
on Niain = 120 subjects with 1 example dataset (SegAl-Thigh), to
facilitate use and independent external validation by other
groups. This model is currently utilized for ongoing research data
collection and has been successfully applied to > 600 datasets.

In conclusion, this work provides a practical, data-driven
approach to developing DL models for fully automatic thigh
muscle segmentation, demonstrating its feasibility and utility in
developing clinical applications in the care of healthy and in-
jured athlete populations. By balancing annotation effort with
segmentation performance, the study highlights the potential of
DL to streamline muscle health assessment, reduce inter-rater
variability, and enable scalable monitoring of rehabilitation and
training outcomes. Future advancements, including the incorpo-
ration of pre-trained models and active learning strategies, will
further reduce the need for large, annotated datasets, paving
the way for the widespread adoption of automated segmenta-
tion tools in sports medicine clinical practice and research.
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