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Abstract

Accurate MRI-based quantification of abdominal adipose tissue is critical for metabolic risk assessment but is limited by
labor-intensive manual segmentation and the extensive labeled-data dependency of deep learning models. We introduce
Dynamic Fuzzy-Gaussian Modeling (DynFGM), a fully automated, unsupervised framework for adipose tissue segmenta-
tion designed to operate without requiring training data, expert annotations, or anatomical priors. DynFGM was developed
and validated on 776 abdominal MRI scans, using a benchmark cohort (n=20) with expert ground truth segmentations and
a large validation cohort (n=756). The pipeline dynamically adapts its complexity for each MRI slice by using image inten-
sity kurtosis to select the optimal number of tissue clusters. A fuzzy C-means (FCM) algorithm then initializes a Gaussian
mixture model (GMM) for segmentation, providing a mathematically interpretable alternative to black-box neural networks.
Finally, a radial distance transform with an adaptive cutoff differentiates subcutaneous (SAT) from visceral adipose tissue
(VAT). Performance was evaluated against the ground truth using dice similarity coefficient (DSC) and intraclass correlation
coefficient (ICC). DynFGM achieved strong spatial agreement with expert annotations (mean DSC: 0.94) and high volu-
metric reliability (ICC: 0.82-0.97), comparable to reported inter-expert variability. The framework reduced mean absolute
volumetric error by 92.6% compared to standard FCM (482.2 cm® vs. 6547.5 cm®). On the large validation cohort (n=756),
the method demonstrated operational stability, producing physiologically plausible adipose distributions with a low techni-
cal failure rate (3.0%). Furthermore, the computational throughput averaged 13.6 s per participant on standard CPU (Intel®
Core™ 19, 3.0 GHz) hardware. DynFGM provides an interpretable and data-efficient approach for abdominal adipose tissue
phenotyping, offering an alternative to supervised deep learning in settings where labeled data are limited or unavailable. By
bridging the gap between manual segmentation and labeled-data-dependent Al this unsupervised framework offers a scal-
able tool for population-level research and may serve as an automated labeling tool to facilitate future model development.
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Introduction

Excess visceral adipose tissue (VAT) is a primary driver
of metabolic disease and cardiovascular risk [1, 2]. Ele-
vated VAT volume and visceral to subcutaneous fat ratios
have a substantial correlation with insulin resistance,
dyslipidemia, and systemic inflammation [3-5]. Mag-
netic resonance imaging (MRI) is widely recognized as
the gold standard for the non-invasive quantification of
these depots, providing high-contrast, three-dimensional
biomarkers of obesity-related health [4, 6, 7]. However,
routine extraction of volumetric data from abdominal MRI
is frequently bottlenecked by the manual segmentation
process, which is labor-intensive and prone to observer
variability [8]. These limitations hinder the integration
of MRI-based adipose phenotyping into large-scale clini-
cal and epidemiological studies, underscoring the need
for accurate, automated, and reproducible segmentation
frameworks that can operate robustly across heterogene-
ous datasets.

A variety of automated approaches have been devel-
oped to address this challenge, each offering advantages
in specific research contexts. Traditional threshold-based
and atlas-guided methods provide computational efficiency
and can provide anatomically consistent segmentations in
standardized settings. Nevertheless, their performance often
degrades in the presence of protocol variation, intensity
inhomogeneity, or atypical body habitus [7, 9]. Unsuper-
vised clustering techniques, such as fuzzy C-means (FCM),
represented an important advance by enabling label-free tis-
sue separation. However, these methods typically rely on a
fixed number of tissue clusters (K), and this inherent rigidity
can lead to segmentation inaccuracies when image contrast
or anatomical composition varies across slices or partici-
pant cohorts [10, 11]. Spatially constrained and hybrid FCM
variants have improved robustness in some scenarios [8, 10,
12], but they often require extensive parameter tuning and
remain sensitive to scanner- and site-specific differences,
limiting widespread deployment in multi-center studies.

In recent years, deep learning (DL) architectures, such
as U-Net and nnU-Net, have achieved state-of-the-art seg-
mentation performance, often reaching human-level accu-
racy [13, 14]. These models perform exceptionally well
in data-rich environments where large, expertly annotated
training datasets are available [15]. However, their broader
clinical adoption is constrained by the high cost of gen-
erating pixel-level annotations, their dependence on large
training corpora, and their limited interpretability com-
pared with transparent statistical methods [2, 6, 16]. Con-
sequently, there remains a clear need for segmentation
methods that are accurate, fully automated, interpretable,
and capable of operating without labeled training data.
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Abdominal fat—-water MRI further amplifies these tech-
nical challenges, as images are frequently affected by bias
field artifacts, partial-volume effects, and intrinsic biological
heterogeneity that induce slice-to-slice intensity fluctuations
[2, 17]. Fixed-complexity segmentation strategies, whether
conventional FCM or pre-trained neural networks, may fail
to adapt to these variations, particularly in anatomically
complex regions such as the diaphragm, abdominal wall,
and pelvic inlet [18, 19]. This issue is especially problem-
atic in large-scale or multi-site studies, where acquisition
parameters, body shapes, and depot morphology can vary
substantially. A key methodological gap, therefore, lies
between conventional unsupervised clustering methods,
which lack the flexibility to adapt segmentation complex-
ity to local anatomy, and supervised DL approaches, which
require extensive annotated data and often lack transparency.

To address these limitations, the present study intro-
duces a Dynamic Fuzzy-Gaussian Modeling (DynFGM),
a fully automated and interpretable unsupervised frame-
work for abdominal MRI segmentation that dynamically
adapts segmentation complexity according to slice-wise
image characteristics. The core innovation of the method is
a kurtosis-adaptive mechanism that adjusts the number of
tissue clusters on a per-slice basis. By using image intensity
kurtosis, a statistical measure of distribution tailedness, as
a heuristic for local anatomical complexity, DynFGM auto-
matically selects the appropriate segmentation granularity
for each slice. Although kurtosis is well established in diffu-
sion-weighted MRI and other quantitative imaging contexts
[20, 21], its use here to drive dynamic clustering complexity
provides a novel strategy for tailoring unsupervised segmen-
tation to heterogeneous anatomy.

By integrating fuzzy C-means (FCM) with probabilis-
tic Gaussian mixture refinement, the proposed framework
combines uncertainty-aware boundary modeling with
robust statistical classification while avoiding depend-
ence on labeled training data or atlas-based anatomical
priors. FCM is employed to generate soft tissue mem-
berships that capture boundary uncertainty and provide
a robust initialization of cluster means and covariances.
These parameters are then refined using an Expecta-
tion—Maximization (EM) algorithm to estimate a GMM
that is resilient to noise and intensity inhomogeneity,
while preserving mathematical interpretability. Finally,
a radial distance transform with an adaptive cutoff is
applied to separate SAT from VAT, leveraging geometric
relationships to derive anatomically plausible compart-
ment labels without reliance on atlas priors or training
data. The main contributions of this study are threefold.
First, it introduces a kurtosis-driven, dynamically adap-
tive clustering framework for abdominal MRI that oper-
ates fully unsupervised, eliminating the need for expert
annotations, atlas registration, or site-specific calibration.
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Second, it proposes a hybrid FCM-GMM segmentation
pipeline that explicitly models uncertainty and intensity
distributions, providing a transparent alternative to black-
box neural networks while achieving high agreement with
expert segmentations. Third, it demonstrates, in a large
MRI cohort, that DynFGM produces physiologically
plausible segmentation and quantification with low fail-
ure rates and clinically feasible processing times, thereby
offering a practical solution for population-scale adipose
phenotyping.

By bridging the gap between rigid conventional clus-
tering and data-hungry deep learning, DynFGM provides
a statistically interpretable and computationally efficient
tool that can function both as a standalone segmentation
framework for novel datasets and as an automated labeling
engine to support future DL model development.

Methods
Study Design and Cohorts

This methodological study was validated using 776
participant scans, with participants aged 20-72 years
who met Asian-specific criteria for overweight (body
mass index >23) and central obesity (waist circumfer-
ence > 90 cm for men and > 80 cm for women) [22]. All
participants underwent abdominal MRI for body composi-
tion assessment between 2021 and 2024. The MRI datasets
analyzed herein were derived as secondary data from a
previously conducted clinical trial (ClinicalTrials.gov ID:
NCTO04887454) [23]. All data were fully anonymized prior
to analysis. In accordance with institutional and local regu-
latory guidelines, the reuse of anonymized secondary data
for methodological development did not require additional
ethical approval.

We employed a two-tier validation design. (1) Bench-
mark cohort (n=20): A randomly selected subset of par-
ticipants was used for quantitative accuracy assessment.
For these cases, VAT and SAT were manually segmented
on 24 axial slices centered at the L3-L5 vertebral levels—
an established anatomical landmark for abdominal adipos-
ity quantification [24]. Segmentations were independently
performed by two experienced researchers using 3D Slicer
software [25], under the supervision of a certified radi-
ologist. Discrepancies were resolved through consensus,
and the resulting annotations served as the ground truth
reference. (2) Validation cohort (n=756): The remaining
participants, each contributing 24 axial slices, were used
to evaluate the operational stability, result plausibility,
and processing throughput of the unsupervised framework
across a large and heterogeneous population.

MRI Acquisition and Reconstruction

All abdominal MRI scans were acquired using a 3.0 Tesla
GE Discovery 750 W system (GE HealthCare, USA),
with the IDEAL IQ sequence (Iterative Decomposition
of water and fat with Echo Asymmetry and Least squares
estimation) implemented as a gradient-echo fat—water
separation method optimized for adipose-tissue quanti-
fication. The imaging protocol included a repetition time
(TR) of 160 ms (ms), dual echo times (TE; =2.1 ms,
TE, =3.15 ms), flip angle of 85°, and spectral fat sup-
pression using Spectral Adiabatic Inversion Recovery
(SPAIR). Axial slices of 10-mm (mm) thickness were
acquired in an interleaved manner, with an in-plane field of
view of 420 x 380 mm?, matrix size 256 X 160, and voxel
size of 1.6 x 2.4 x 10 mm?>. The reconstruction yielded four
co-registered volumes: water-only, fat-only, in-phase, and
out-of-phase images. Participants fasted for >4 h prior
to scanning to minimize metabolic variability in the fat
signal.

Image Preprocessing

DICOM images were converted to 16-bit grayscale arrays
and preprocessed slice-by-slice. The Rudin—Osher—Fatemi
(ROF) total variation (TV) denoising model [26] was
applied to suppress Rician noise while preserving anatomi-
cal boundaries, minimizing the energy function, with a regu-
larization weight of 1=0.01 (empirically chosen for optimal
denoising).

. 1 2
m;n/l/ I Vul|dx + 3 it = Lgigy 115
where u denotes the denoised image, I, represents the
observed noisy image, Vu is the image gradient, and A
controls the balance between edge preservation and noise
suppression.

Subsequently, intensity nonuniformity was corrected
using N4 bias field correction [27]. Finally, Contrast-Limited
Adaptive Histogram Equalization (CLAHE; clip-limit=2.0,
tile grid size =8 X 8) was applied, ensuring only approxi-
mately 1% of pixel values were saturated, thereby enhancing
local tissue contrast for subsequent clustering [28].

Abdominal Body Mask Generation

To exclude background regions and focus analysis on the
anatomical volume, a binary body mask was computed for
each axial slice. Otsu’s thresholding was selected for its
robustness and O(N) histogram-based computation, provid-
ing a statistically optimal foreground—background separation
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that is computationally efficient for high-throughput, full-
volume MRI analysis [29].

The resulting mask was refined using morphological
closing with a disk-shaped structuring element (radius =2
pixels) to bridge narrow gaps, followed by hole filling to
generate a continuous body region. To retain only the largest
contiguous object and exclude air-filled regions and periph-
eral artifacts, connected-component labeling was applied.

Dynamic Fuzzy-Gaussian Modeling (DynFGM)

The DynFGM framework integrates slice-wise kurtosis-
guided cluster selection, fuzzy C-means (FCM) initializa-
tion, and Expectation—Maximization (EM)-based Gaussian
mixture model (GMM) refinement. This method leverages
fuzzy logic to handle voxel assignment uncertainty and
probabilistic modeling for statistical robustness, addressing
key challenges in MRI segmentation such as noise, inten-
sity heterogeneity, and partial-volume effects, particularly
relevant for Al-driven biomedical image analysis.

Automated Cluster-Number Selection

For each body-masked slice, the Pearson kurtosis (x) of the
voxel intensity distribution was computed as a measure of
distributional tailedness:

Ly <1,._ }>4
(=)

where J; is the intensity of voxel i, I} is the mean intensity,
and N is the total number of voxels in the body mask. We
utilized excess kurtosis (k — 3) as a quantitative proxy for
anatomical complexity (tissue heterogeneity and image con-
trast), where a positive value indicates a leptokurtic (peaked)
distribution and a negative value indicates a platykurtic (flat)
distribution.

The number of tissue clusters (K) for the segmentation
model was then dynamically assigned using the following
rule:

K =

2, if k —3 > 0.5 (strongly leptokurtic (homogeneous)
K =43, if —0.5 <k —-3<0.5 (mesokurtic (normal complexity)
4, if k — 3 < =0.5 strongly platykurtic (heterogeneous)

This rule encodes the adaptive logic of the proposed frame-
work. The thresholds of — 0.5 and 4+ 0.5 were selected because
they effectively partitioned the kurtosis distribution into three
distinct modes, corresponding to slices with low (homogene-
ous, e.g., mid-abdomen), intermediate (e.g., involving multiple
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organ boundaries), and high (e.g., at the diaphragm or iliac
crest) anatomical complexity.

Slices with high positive excess kurtosis (>0.5) exhibited
simple, bimodal intensity distributions, for which a two-clus-
ter model (K = 2; fat and non-fat) was sufficient. Near-zero
excess kurtosis (—0.5 <k — 3<0.5) indicates a more normally
distributed yet complex intensity profile, warranting a three-
cluster model (K = 3) to potentially separate SAT, VAT, and
background/muscle. Conversely, low negative excess kurto-
sis (< —0.5) signifies a flat, highly heterogeneous distribution
with overlapping tissue intensities, commonly observed at
the diaphragm or iliac crest. For these challenging slices, a
four-cluster model (K = 4) provides the granularity needed to
resolve SAT, VAT, muscle, and background/organs.

This adaptive approach matches model complexity to the
inherent data complexity on a slice-by-slice basis. The stability
of the final segmentation results with respect to these threshold
choices is demonstrated in our sensitivity analysis.

FCM-Initialized GMM Clustering

Phase A: FCM Initialization FCM clustering was applied with
the sele%]tecll{ K, minimizing the objective function:
J=Y X ulllx—clf
i=1 k=1
where u;, is the membership degree of voxel i in cluster

k, x; denotes the intensity value of voxel i, ¢; is the cluster
center, and m = 2 is the fuzzifier.

Iterative updates proceeded until convergence:

-1
2/(m—1 N m

Uy = zK (llxi—ck||> fm=1) c, = s Ui

! =1\ = k= sy

i=1"ik

This step manages boundary uncertainty and partial-vol-
ume effects, providing a robust starting point for probabilistic
refinement.

Phase B: GMM Refinement To refine the membership assign-
ments generated by FCM, a one-dimensional GMM was fit-
ted to the voxel intensities within the body mask. GMMs
provide a statistically rigorous framework for MRI segmen-
tation by modeling intensity heterogeneity as a linear com-
bination of Gaussian distributions [30]. The initial param-
eters for the GMM, means (y, ), variances (o-f), and mixing
proportions (), were seeded using the cluster centers (¢,
) derived from the FCM stage, with 7, = 1/K for all k.

The intensity distribution of the image was modeled as
follows:

p) = Yo mMN(xlpy. 62) subjectto ¥ 7, = 1
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where p(x) represents the probability density function
of voxel intensity x, 7, are the mixture weights satisfying
Zizlnkzl, and N(-) denotes the gaussian distribution for
the k™ component.

Parameter estimation was performed using the Expecta-
tion—Maximization (EM) algorithm:

E-step: Compute posterior probabilities (w;) of voxel i
belonging to component k

ﬂk.N(xi|Mk,6§)

- E\I;”\-N<xi|ﬂ|’°'|2)

W)

M-step: Update parameters using posterior-weighted
statistics

2 _ Zwallom)”

_ Zivald; _ 1
STy 2i Wi Of = >

M= i Wik ’

Iterations proceeded until the log-likelihood convergence
threshold (107®) was reached. Each voxel was then assigned
to the component with the maximum posterior probability,
yielding a refined hard classification map.

Fat-Mask Extraction and Morphological Refinement

Following GMM classification, the component representing
adipose tissue was identified by selecting the cluster with
the second-highest mean intensity (to account for potential
high-intensity artifacts or noise in the brightest cluster).
All other clusters were labeled as non-adipose (muscle,
organs, or background). The resulting binary mask was
refined through a series of morphological operations: (1)
hole filling to account for intra-tissue intensity variations;
(2) connected-component labeling to retain only the largest
contiguous object, effectively removing spurious speckles
(<2 pxz); and (3) closing and dilation (1-2 voxel radius) to
recover boundary voxels potentially lost during thresholding.

SAT/VAT Separation and Volume Estimation

To differentiate SAT from VAT without anatomical priors,
we utilized a radial distance transform D(x, y). First, a dis-
tance map was computed from the outer boundary of the
convex-hull-filled body mask. Then, to account for inter-
individual variability, the separation depth was not fixed but
was determined by an adaptive percentile (P) calculated for
each slice:

P = clamp| 35 Mf“” 45.80
= clamp) +m, ,

Here, [M|y,, is the total number of fat voxels in the slice
and clamp (...) constrains the output value within the

specified lower and upper bounds. The final separation
threshold ([,;,) was set to the P-th percentile of the distance
values for all fat voxels and defined as follows:

[, = percentile({ D, |peMy, } . P)

Voxels where D(x, y) < d,, were classified as SAT, while
those where D(x, y) >d,, were classified as VAT. A fixed-per-
centile cutoff is unreliable across diverse body compositions.
This formula was therefore developed as an empirical model
to approximate the anatomical location of the abdominal
wall fascia.

Volumes were calculated using DICOM metadata for
pixel spacing (dx, dy) and slice thickness (dz(inmm)). The
voxel volume (v,,, = dx.dy.dz) was multiplied by the total
voxel count for each compartment:

VSAT = Vyox 2 MSAT(x)’ VVAT = Vyox 2 MVAT(x)
x x

Comparative Baseline Models

To isolate the performance gains of kurtosis-adaptive clus-
tering and hybrid initialization, two conventional unsuper-
vised models were implemented using the same preprocess-
ing and body-masking pipeline:

1. Fixed-cluster FCM: applied independently to each slice
with k=4 clusters, using a standard Euclidean distance
metric and a fuzziness exponent m=2.

2. Standard GMM: utilized four Gaussian components
initialized via k-means and trained using the Expecta-
tion—Maximization (EM) algorithm until log-likelihood
convergence.

The complete methodology including image acquisition,
image preprocessing, unsupervised model execution, and
final quantitative segmentation outputs is schematically
outlined in Fig. 1.

Evaluation Metrics and Statistical Analysis

Performance was rigorously evaluated on the benchmark
cohort by comparing DynFGM and baseline outputs against
expert-consensus segmentations (ground truth). Quantita-
tive agreement was assessed using multiple complementary
metrics: (1) the dice similarity coefficient (DSC) quanti-
fied voxel-wise segmentation accuracy; (2) mean absolute
error (MAE) and mean squared error (MSE) characterized
absolute and squared volume deviations across adipose com-
partments. (3) Spearman’s rank correlation coefficient (p)
assessed monotonic agreement, and intraclass correlation
coefficients (ICC, ;) using a two-way random-effects model

@ Springer
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Fig.1 Workflow of the proposed Dynamic Fuzzy-Gaussian Mod-
eling (DynFGM) framework for automated abdominal adipose tissue
segmentation and quantification in MRI. The workflow consists of
five major stages: (1) MRI acquisition, where raw axial MRI slices
containing intensity heterogeneity and partial volume effects are
obtained; (2) image preprocessing, including ROF-TV denoising,
N4 bias field correction, and CLAHE-based contrast enhancement;
(3) body mask extraction using Otsu thresholding, morphological
closing, hole filling, and connected-component labeling; (4) Dyn-
FGM modeling, comprising three phases: kurtosis-adaptive cluster

assessed absolute agreement. (4) Bland—Altman analysis
was used to estimate systematic bias and 95% limits of
agreement (LoA).

Statistical significance was defined a priori as p < 0.05.
Correlation strength was interpreted as follows: Ipl>0.70
(strong), 0.40-0.69 (moderate), and 0.10-0.39 (weak). In
the validation cohort (n=756), clinical plausibility was
assessed by examining volume distributions and SAT: VAT
ratios against physiologically plausible ranges.

Computational Performance and Reproducibility

All experiments were conducted on a standard CPU (Intel®
Core™ 19, 3.0 GHz) with 64 GB DDR5 RAM (Windows 11,
v24H2). Runtime was measured from image ingestion to
final segmentation output.

The DynFGM framework and baseline models were imple-
mented in Python 3.11 utilizing the following libraries: NumPy,
SciPy, scikit-learn, scikit-image, SimpleITK, and fcmeans.

@ Springer

mapping for adaptive cluster selection, hybrid fuzzy—Gaussian opti-
mization using fuzzy C-means (FCM) and Gaussian mixture model—
expectation maximization (GMM-EM) refinement, and adipose/fat
mask extraction; and (5) segmentation and quantitative analysis of
total adipose tissue (TAT), subcutaneous adipose tissue (SAT), and
visceral adipose tissue (VAT), followed by volumetric quantification
and statistical comparison metrics. Spatial separation between SAT
and VAT is achieved using adaptive percentile thresholding based on
radial distance transformation

Results
Volumetric Accuracy and Spatial Agreement

In the benchmark cohort (n =20), the DynFGM frame-
work demonstrated high spatial agreement with expert
consensus segmentations for total adipose tissue (TAT),
achieving a DSC of 0.94 +0.03. DynFGM substan-
tially outperformed conventional unsupervised meth-
ods in volumetric accuracy across all adipose compart-
ments (Table 1). For TAT, DynFGM achieved a MAE of
482.2 cm?, representing a 92.6% representing a 92.6% and
87.2% reduction compared to FCM and a standard GMM,
respectively. For the clinically critical VAT depot, Dyn-
FGM achieved a MAE of 539.7 cm?, significantly lower
than both FCM (MAE =3509.9 cm?; p <0.01) and GMM
(MAE=1127.3 cm?; p <0.01). While the error reduction
in the SAT was also significant compared to baselines, the
absolute MAE remained higher (778.4 cm?) than that of
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Table 1 Quantitative performance comparison of adipose tissue seg-
mentation methods

Tissue Method MAE (cm®) MSE (cm®)
TAT FCM 6547.45 4.48 x 107
GMM 3758.94 1.49 x 107
DynFGM 482.24 3.97 x 10°
SAT FCM 3036.70 9.44 % 10°
GMM 2630.81 7.39 x 10°
DynFGM 778.42° 8.17 x 10°
VAT FCM 3509.95 1.35 % 107
GMM 1127.33 1.96 x 10°
DynFGM 539.73% 4.59 x 10°

Volumetric accuracy of the proposed DynFGM against baseline FCM
and GMM models across three primary adipose compartments. Per-
formance is quantified using mean absolute error (MAE) and mean
squared error (MSE), representing the average volumetric deviation
from expert-consensus ground truth

4Significant reduction in error compared to baseline FCM and GMM
models (p <0.05). The DynFGM framework achieves a 92.6% reduc-
tion in volumetric error compared to standard clustering techniques
for total adipose tissue

the visceral depot, reflecting the increased complexity of
subcutaneous boundary delineation.

Agreement and Reliability

DynFGM volume estimates demonstrated strong monotonic
agreement with expert-defined rankings. Spearman’s corre-
lation (p) was 0.99 for TAT, outperforming FCM (p =0.70)
and GMM (p =0.79). For VAT, DynFGM achieved p=0.90,
compared to 0.41 (FCM) and 0.76 (GMM). These results
confirmed that DynFGM reliably preserves volumetric rank-
ing consistent with expert assessment (Fig. 2).

Inter-rater agreement between the two independ-
ent experts was excellent (ICC>0.94). The DynFGM
framework achieved similarly high level of agreement
with the experts for TAT (ICC=0.92-0.97) and VAT
(ICC=0.82-0.90), approaching the level of inter-expert
consensus. However, SAT agreement was notably more vari-
able, falling within the moderate-to-good range (0.63-0.77).
This suggests that while the framework accurately captures
overall adipose trends, localized discrepancies remain at the
subcutaneous boundaries where partial volume effects and
expert extrapolation are most prevalent (Table 2).

Error Distribution and Bland-Altman Analysis

Volumetric error distributions for FCM and GMM were
broad and skewed, whereas DynFGM errors were tightly
distributed around zero (Fig. 3). Wilcoxon signed-rank tests
confirmed that DynFGM errors were significantly lower than
both baselines across all compartments (p <0.01).

Bland—Altman analysis revealed minimal systematic
bias, with limits of agreement (LoA) within < 10% of
mean compartment volumes (Fig. 4). For TAT and SAT,
the mean difference was near zero, with most cases falling
within the 95% LoA. For the VAT compartment, a mean
bias of —331.78 cm? was observed, but the LoA remained
within clinically acceptable bounds for large-scale analysis.
These findings support the framework’s reliability for use
in clinical research settings where manual segmentation is
infeasible.

Physiological Plausibility in the Validation Cohort

In the large validation cohort (n=756), DynFGM produced
physiologically plausible adipose distributions (Table 3).
Mean TAT volume was 11,457 +3192 cm?®, with SAT
comprising 71.5+9.3% and VAT 28.5+9.3% of the total,
respectively. Distributions remained symmetric (skewness:
0.23-0.34) with near-normal kurtosis (—0.41 to—0.04), sug-
gesting consistent population-level characteristics across a
heterogeneous population.

Parameter Stability and Sensitivity Analysis

The stability of the kurtosis-guided cluster selection was
assessed by analyzing the distribution of excess kurtosis
values across 343 slices. This analysis revealed that the
majority of slices (67.1%, n=230) possessed complex
intensity distributions, requiring the higher granularity of a
four-cluster model (K'=4) to resolve anatomical interfaces,
while the K=2 and K=3 models were assigned to 12.5%
and 20.4% of slices, respectively. Crucially, the empirical
thresholds (— 0.5 and 0.5) used for this adaptive selection
were found to be strategically positioned in low-density
regions of the kurtosis distribution. Only a small fraction
of slices fell within a+0.15 perturbation margin of the high
(3.5%) or low (9.6%) thresholds, indicating that for much of
the volume (86.9%), the cluster assignment was decisive and
inherently stable (Fig. 5).

To quantify the impact of these empirical choices on
the final volumetric output, we conducted a perturbation
analysis on a representative subset of participants (n=35).
The SAT/VAT separation logic demonstrated exceptional
stability, with a mean VAT volume change of only 1.48%
(range 0.00-4.91%) even when its core divisor was varied
three-fold. The framework was also robust to changes in the
model selection logic; perturbing the high and low kurtosis
thresholds across a wide range resulted in only moderate
volumetric shifts of 7.65% and 8.30%, respectively. This
analysis confirms that the framework’s quantitative outputs
are not sensitive to the precise values of its parameters,
validating the methodological robustness of the DynFGM
approach (Fig. 6).
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Fig.2 Comparative correlation analysis of automated segmentation
methods. Scatter plots illustrating the agreement between expert-con-
sensus annotations (Expert Avg) and predictions generated by three
unsupervised methods: fuzzy C-means (FCM), Gaussian mixture
models (GMM), and the proposed Dynamic Fuzzy-Gaussian Mod-
eling (DynFGM). Each plot includes a linear regression line (red) and

Computational Performance and Failure Analysis

DynFGM completed fully automated segmentation in
13.6 + 1.3 s per participant on a standard CPU (Intel®
Core™ 19, 3.0 GHz). This remains orders of magni-
tude faster than manual delineation (= 30 min). Seg-
mentation anomalies were observed in 23 of 756 scans
(3.0%) during visual review (consistent with the n =756
cohort). These cases typically involved body mask leak-
age or ambiguous VAT boundaries in low-contrast slices
(Fig. S1). Importantly, all anomalies fell within the 95%
Bland—Altman LoA, indicating minimal impact on aggre-
gate quantitative metrics.

@ Springer
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a 95% confidence interval. Spearman’s rank correlation coefficients
(p) are provided for total adipose tissue (TAT), subcutaneous adipose
tissue (SAT), and visceral adipose tissue (VAT). DynFGM demon-
strates the highest orrelation across all compartments, specifically
achieving p=0.99 for TAT and significantly outperforming baseline
methods in the challenging VAT compartment (p =0.90)

Discussion

The findings of this study establish DynFGM as a statisti-
cally principled advancement in unsupervised abdominal
adipose tissue segmentation. In the expert-annotated bench-
mark cohort, the framework reduced volumetric error by over
90% compared to fixed-parameter baselines, achieving spatial
agreement (DSC=0.94) and inter-rater reliability (ICC up to
0.97). By integrating slice-adaptive, kurtosis-driven cluster
selection with a hybrid FCM-GMM architecture, DynFGM
addresses the structural rigidity inherent to classical clustering
methods while avoiding the dependence on large, annotated
training sets and limited interpretability of contemporary deep
learning (DL) approaches [2, 31].
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Table 2 Reliability of adipose tissue segmentation: inter-expert
agreement and DynFGM performance (ICC,, ;)

Comparison TAT SAT VAT
Expert 1 vs Expert 2 0.95 0.94 0.96

DynFGM vs Expert 1 0.92° 0.63° 0.90°
DynFGM vs Expert 2 0.97 0.77° 0.82°

This table presents the intraclass correlation coefficients (ICC,, )
evaluating the reliability and reproducibility of the DynFGM frame-
work compared to manual rater consensus. Reliability interpretation
based on standard clinical benchmarks: <0.50 (poor), 0.50-0.75
(moderate), 0.75-0.90 (good), and > 0.90 (excellent)

ICC intraclass correlation coefficient (Model 2,1: two-way random
effects, absolute agreement, and single rater/measurement); 7AT total
adipose tissue; SAT subcutaneous adipose tissue; VAT visceral adi-
pose tissue

Strong to excellent reliability in automated quantification for total
and visceral compartments

®Moderate to good reliability observed in SAT separation, reflecting
inherent variability in subcutaneous boundary definitions

The central methodological contribution of DynFGM
lies in its dynamic adaptivity. Conventional unsupervised
methods, including standard FCM and GMM, rely on a static
number of clusters (K), rendering them sensitive to the pro-
nounced intensity heterogeneity characteristic of multi-slice
abdominal MRI [2, 11]. Our sensitivity analysis confirmed
that the kurtosis-based logic for dynamically selecting the
cluster number is robust. The empirical thresholds are stra-
tegically positioned in low-density regions of the data’s dis-
tribution, ensuring a decisive cluster assignment for over
86.9% of slices. This intrinsic calibration of segmentation
granularity prevents over-segmentation in homogeneous
regions while introducing additional degrees of freedom

A. TAT B. SAT
0.0008
0.0007
0.0007
0.0006 0-0006
0.0005 0.0005
2 2
& 0.0004 @ 0.0004
I 3
a a
0.0003 0.0003
0.0002 0.0002
0.0001 \ 0.0001 j
0.0000 0.0000
~10000-8000 ~6000 —4000 —2000 0 2000 ~4000

Error (cm?)

Fig. 3 Error distribution density for unsupervised segmentation meth-
ods. Kernel density estimation plots illustrate the distribution of volu-
metric errors (cm?) for each method across the adipose depots. Panel
A shows that for TAT, the proposed DynFGM method produces a
narrow peak centered at zero, indicating minimal systematic bias and
high precision. Panel B and C depict the error distributions for SAT

(K=4) to resolve anatomically complex interfaces. As such,
DynFGM represents a mathematically transparent alterna-
tive to the heuristic cluster-selection rules employed in ear-
lier algorithmic frameworks [32, 33].

Positioning DynFGM within the broader medical image
analysis landscape requires both supervised deep learn-
ing pipelines and conventional unsupervised segmentation
approaches. Supervised convolutional neural network (CNN)
architectures, including FatSegNet, fully convolutional net-
works, and nnU-Net variants, have demonstrated state-of-
the-art spatial overlap metrics for abdominal adipose tissue
segmentation [2, 15, 34-36]. However, these methods gener-
ally depend on large expertly annotated datasets, substantial
computational infrastructure, and protocol-specific training
conditions. Previous studies have also reported reduced gen-
eralizability when applied to anatomically or technically het-
erogeneous datasets [13, 37]. In contrast, DynFGM operates
in a fully unsupervised and label-free manner, requiring no
annotated training data while maintaining high spatial agree-
ment and volumetric reliability. Although supervised CNNs
may achieve higher Dice coefficients under optimized train-
ing conditions, DynFGM offers several practical advantages,
including computational efficiency, interpretability, reduced
infrastructure dependence, and robustness in settings where
annotated datasets are unavailable.

Traditional unsupervised and algorithmic segmentation
methods provide greater transparency than DL approaches
but often lack sufficient adaptability to local anatomical vari-
ation. Spatial FCM approaches improve robustness to noise
through neighborhood constraints but retain a globally fixed
cluster number and remain sensitive to intensity inhomoge-
neity and initialization parameters [37]. Similarly, Expecta-
tion—Maximization Gaussian mixture models (EM-GMM)

C. VAT
Method

0.0005 FCM

GMM
= DynFGM
0.0004

ity

0.0003

Dens;

0.0002

0.0001

0.0000

—2000 0 2000 —6000 —4000 —2000 0 2000
Error (cm?)

Error (cm?3)

and VAT, respectively. The DynFGM consistently exhibits the lowest
error variance within the unsupervised domain. These distributions
demonstrate that the proposed kurtosis-adaptive approach effectively
mitigates the underestimation and overestimation errors observed in
the baseline FCM and GMM models
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Fig.4 Bland-Altman analysis comparing DynFGM with expert con-
sensus. Bland—Altman plots were used to assess absolute agreement
and potential systematic bias between the automated DynFGM frame-
work and expert-consensus ground truth. A, B Agreement for total
adipose tissue (TAT) and subcutaneous adipose tissue (SAT), respec-
tively, showing that most data points fall within the 95% limits of
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agreement (+ 1.96 SD), with no evidence of proportional bias across
the volumetric range. C Agreement for visceral adipose tissue (VAT),
with a mean difference of —331.78 cm®. Although minor outliers are
observed at the extreme ends of the volume distribution, the results
confirm the overall reliability of the framework for population-level
adipose tissue quantification

Table 3 Volumetric distribution

e . Adipose tissue Mean+SD (cm®  Median [IQR] (cm®) Range (cm®) Skewness Kurtosis
and statistical characteristics of
abdominal adipose tissue in the TAT 11,457.3£3192.3  11,390.2 [9057.8-13,495.9] 573.4-23,827.4 0.30 -0.04
validation cohort (n=756) SAT 8168.542433.5  8237.4 [6092.2-9884.9] 429.6-16,530.6 0.23 —041
VAT 3288.8+1422.4 3214.6 [2251.3-4233.9] 143.8-7766.9  0.34 —-0.27
SAT%* 715493 70.9 [63.9-78.9] 52.5-95.3
VAT%* 28.5+9.3 29.1 [21.1-36.1] 47-475

The inclusion of skewness and kurtosis values characterizes the morphological distribution of these depots,
while percentage values (SAT% and VAT%) illustrate the relative body composition profile of the cohort.
Normal distribution benchmarks: skewness near 0 and kurtosis near 0 (excess kurtosis) indicate a relatively
symmetric distribution of adipose volumes across the 756 participants

SD standard deviation, IQR interquartile range (25th—75th percentile), TAT total adipose tissue, SAT subcu-
taneous adipose tissue, VAT visceral adipose tissue

“Percentage calculated relative to the total adipose tissue (TAT) volume

provide an interpretable probabilistic framework for tissue
classification but are susceptible to local minima and bias
field distortions [38]. DynFGM addresses these limitations
through slice-wise kurtosis-adaptive clustering, allowing
the number of clusters (K=2-4) to vary according to local
image characteristics. The integration of ROF-TV denois-
ing, N4 bias field correction, spatially constrained FCM ini-
tialization, and EM-GMM refinement enables robust tissue
separation while preserving mathematical interpretability
and eliminating dependence on labeled training data. To
systematically outline the methodological and operational
trade-offs, Table 4 evaluates the proposed work against lead-
ing automated pipelines across eight technical dimensions.

Moderate agreement was observed in the SAT compart-
ment (ICC: 0.63-0.77), a finding attributable primarily to
partial volume effects at high-contrast tissue boundaries,

@ Springer

such as the dermal and fascial interfaces [18, 19]. Voxels
in these regions contain mixed adipose and non-adipose
signals. Whereas human raters frequently smooth these
boundaries through spatial interpolation and anatomical
judgment, DynFGM assigns boundary voxels strictly based
on their statistical intensity profile. This fundamental dis-
tinction between subjective manual delineation and objec-
tive, intensity-driven clustering explains the comparatively
lower inter-rater reliability observed for SAT. Nevertheless,
Bland-Altman analysis demonstrated that the observed
variability remained within clinically acceptable agreement
limits, supporting the framework’s reliability for large-scale
adiposity quantification.

The practical utility of DynFGM is further underscored
by its performance in the large validation cohort (n=756),
where the framework generated physiologically plausible
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Fig.5 Kurtosis distribution and adaptive cluster selection. A Global
distribution of excess kurtosis (k—3) across 343 slices. Dashed ver-
tical lines denote the empirical decision thresholds used for model
selection (K = 2,3,4). The shaded bands represent a+0.15 perturba-
tion margin employed in the sensitivity analysis; only a small minor-
ity of slices (3.5% and 9.6%) reside within these transition zones,
indicating high algorithmic stability. B Relationship between excess

A: Kurtosis high threshold

B: Kurtosis low threshold

Number of clusters (K)

kurtosis and the selected number of clusters. Boxplots demonstrate
that the adaptive framework effectively partitions slices into statis-
tically distinct groups. The majority of slices (n=230) require the
higher granularity of a four-cluster model (K = 4) to resolve anatomi-
cal complexity, while more homogeneous slices are correctly simpli-
fied to a two-cluster model (K = 2), thereby preventing over-segmen-
tation
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Fig.6 Sensitivity analysis of empirical parameters. This figure illus-
trates the stability of volumetric outputs of adipose tissue under a
wide range of parameter variations across a representative subset
(n=5). A, B Shifting the high and low kurtosis thresholds, which
govern cluster number selection, results in minimal volumetric fluc-
tuation, confirming that the model-selection logic is robust to thresh-

adiposity distributions with high computational efficiency
(~ 14 s per scan on a standard CPU). This throughput sub-
stantially exceeds the feasibility of manual delineation and
supports potential integration into large-scale metabolic imag-
ing studies and routine research workflows without requiring
specialized Al hardware. Furthermore, the low segmentation
anomaly rate (3.0%), combined with stable sensitivity analysis
results, indicates that the framework is robust to moderate
variations in anatomical complexity and image heterogeneity.

Threshold value

Divisor value

old placement. C The SAT/VAT separation divisor demonstrates
near-perfect stability across a threefold range (1000-3000), justifying
the use of the empirical rule for anatomical delineation. Solid lines
represent mean volumes, and shaded regions indicate the standard
deviation across participants. The dashed vertical lines represent the
baseline values used in the final DynFGM implementation

Limitations and Future Directions

Several limitations delineate the scope of this study.
Quantitative benchmarking against expert annotations
was performed on a relatively small manually labeled
cohort (n=20). Although robustness and scalability were
demonstrated in a larger validation cohort (n=756), we
deliberately moderate claims of interchangeability with
manual segmentation, and further validation across larger,
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independently annotated datasets is required to establish
clinical-grade reliability. Additionally, all participants
were overweight Asian adults; evaluation across popula-
tions with differing body compositions and ethnic back-
grounds is necessary to confirm global generalizability.
Future investigations will also explore integration of spa-
tial regularization or hybrid statistical-learning strategies
to further minimize boundary leakage.

Conclusions

DynFGM bridges the methodological gap between classi-
cal unsupervised clustering and modern deep learning by
combining statistical adaptivity with probabilistic rigor. By
dynamically calibrating segmentation granularity via slice-
wise kurtosis, the framework achieved strong agreement
with expert annotations, including high spatial overlap (DSC
0.94; ICC 0.82-0.97) and robust volumetric reliability (ICC
up to 0.97), while substantially reducing volumetric error
by over 90% compared with conventional FCM and GMM
approaches. The framework further demonstrated stable per-
formance and physiologically plausible adipose tissue distri-
butions across a large validation cohort (n=756), with low
technical failure rates and efficient CPU-based processing,
supporting its suitability for large-scale population imaging
studies without reliance on specialized Al infrastructure.

Compared with conventional unsupervised clustering
methods that rely on fixed cluster assumptions, DynFGM
dynamically adapts segmentation complexity according to
slice-specific anatomical heterogeneity while preserving
mathematical interpretability and eliminating depend-
ence on labeled training data. Although supervised deep
learning frameworks may achieve higher Dice similarity
metrics under optimized training conditions, DynFGM
provides a transparent, computationally efficient, and
label-free alternative for settings where annotated datasets
are limited or unavailable.

Overall, the combination of interpretability, adaptive
statistical modeling, computational efficiency, and label-
free operation positions DynFGM as a scalable framework
for automated adipose tissue quantification and metabolic
phenotyping. Future work should focus on external valida-
tion across multi-center and multi-ethnic cohorts, evalua-
tion under heterogeneous MRI acquisition protocols, and
incorporation of spatial regularization or anatomical priors
to further improve boundary delineation in anatomically
complex regions. In addition, the proposed kurtosis-adap-
tive framework may be extended to other biomedical image
segmentation applications characterized by tissue heteroge-
neity and limited labeled training data.

@ Springer
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