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Resumen

Titulo: Medicién automadtica del grosor del musculo temporal en tomografias computarizadas de
cabeza*

Autor: Dana Marcela Cotes Cala y Kevin Sebastidan Rueda Muifioz**

Palabras Clave: Espesor del Misculo Temporal, Tomografia Computarizada, Procesamiento de
Imé4genes Médicas, Medicién Automadtica, Biomarcadores de Imagen.

Descripcion:

La evaluacion del estado muscular ha surgido como un biomarcador clinicamente relevante del estado
nutricional, la sarcopenia y el prondstico. Aunque la tomografia computarizada (TC) abdominal y
la resonancia magnética (RM) se utilizan cominmente para la evaluacién muscular, el grosor del
miusculo temporal (TMT) medido en TC craneal ha ganado reconocimiento como marcador sustituto,
particularmente en pacientes neuroldgicos. La medicién manual del TMT requiere tiempo y estd sujeta
a variabilidad interobservador, lo que limita su uso rutinario. Presentamos una pipeline completamente
automatizada para la cuantificacion del TMT a partir de volimenes tridimensionales de TC craneal. El
marco metodoldgico integra una reorientacion craneal basada en andlisis de componentes principales,
la seleccién del corte axial mediante puntos de referencia oculares con un desplazamiento derivado
estadisticamente, la segmentacién determinista del misculo temporal y la estimacién geométrica de
su grosor. A diferencia de los métodos basados en aprendizaje automatico, el enfoque se fundamenta
exclusivamente en restricciones anatémicas y geométricas explicitas, garantizando explicabilidad y
reproducibilidad. Laevaluacion en 103 casos independientes de prueba demostré una alta concordancia
con las mediciones realizadas por expertos, obteniendo un error absoluto mediano de 1.09 mm (RIC:
0.62-1.68 mm) para el TMT y de 1.92 mm (RIC: 1.21-2.73 mm) para la posicién del corte. Estos
resultados se encuentran dentro del rango de variabilidad interobservador reportado para la evaluacién
manual. Por lo tanto, la pipeline propuesta permite una medicion estandarizada, reproducible y
completamente automatizada del TMT, facilitando su integracién como biomarcador cuantitativo de
imagen en los flujos de trabajo clinicos.

* Trabajo de Grado.
** Facultad de Ingenierias Fisicomecdnicas. Escuela de Ingenierias Eléctrica, Electrénica y de Telecomunica-
ciones. Ingenieria Electrénica. Director: Said David Pertuz Arroyo. Doctor en Ingenieria.
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Abstract

Title: Automatic Measurement of Temporalis Muscle Thickness in Computed Tomography Head
Scans*

Author: Dana Marcela Cotes Cala and Kevin Sebastidan Rueda Mufioz**

Keywords: Temporalis Muscle Thickness, Computed Tomography, Medical Image Processing, Auto-
mated Measurement, Imaging Biomarkers.

Description:

Assessment of muscle status has emerged as a clinically relevant biomarker of nutritional condition,
sarcopenia, and prognosis. While abdominal CT and MRI are commonly used for muscle evaluation,
temporalis muscle thickness (TMT) measured on cranial CT has gained recognition as a surrogate
marker, particularly in neurological patients. Manual TMT measurement is time-consuming and sub-
ject to interobserver variability, limiting its routine use. We present a fully automated pipeline for
TMT quantification from three-dimensional cranial CT volumes. The framework integrates principal
component analysis—based cranial reorientation, axial slice selection using ocular landmarks with a
statistically derived offset, deterministic segmentation of the temporalis muscle, and geometric es-
timation of thickness. Unlike learning-based methods, the approach relies exclusively on explicit
anatomical and geometric constraints, ensuring explainability and reproducibility. Evaluation on 103
independent test cases demonstrated close agreement with expert measurements, yielding a median
absolute error of 1.09 mm (IQR: 0.62-1.68 mm) for TMT and 1.92 mm (IQR: 1.21-2.73 mm) for slice
position. These results fall within the range of interobserver variability reported for manual assess-
ment. The proposed pipeline therefore enables standardized, reproducible, and fully automated TMT
measurement, supporting its integration as a quantitative imaging biomarker in clinical workflows.

* Bachelor Thesis.
** School of Physical-Mechanical Engineering. Department of Electrical, Electronics and Telecommunications
Engineering. Electronic Engineering. Advisor: Said David Pertuz Arroyo. Doctor in Engineering.
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Introduction

The temporalis muscle is an anatomical structure located in the lateral region of the skull, whose
primary function is the elevation and retraction of the mandible during mastication (Standring,
2005). Its clinical evaluation is relevant across multiple medical disciplines, including dentistry,
neurology, and intensive care medicine, where alterations in temporalis muscle thickness (TMT)
have been associated with bruxism, temporomandibular disorders, sarcopenia, and neuromuscular
degeneration (Lee et al., 2021; Maskos et al., 2022).

In recent years, TMT has gained increasing attention as a quantitative imaging biomarker of
nutritional status, sarcopenia, and prognosis in many diseases. Several studies have demonstrated
that reduced TMT is correlated with skeletal muscle mass and is associated with poor clinical
outcomes, including increased mortality and functional impairment, particularly in critically ill and
older patients (Maskos et al., 2022; Pesonen et al., 2025). Consequently, reliable and reproducible
measurement of the temporalis muscle could become an important component of clinical assessment
and longitudinal monitoring.

TMT is measured manually on axial computed tomography (CT) head slices, a process that is
time-consuming and prone to interobserver variability. To address these limitations, recent research
has explored automated and semi-automated approaches for temporalis muscle quantification,

including image processing and machine learning-based methods (Zapaishchykova et al., 2023).
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1. Problem Statement

The temporalis muscle plays a key role in mandibular biomechanics and contributes signifi-
cantly to human masticatory force (Korfage et al., 2005; Standring, 2005). Clinically, its assessment
is relevant for the diagnosis and monitoring of temporomandibular disorders, bruxism, and muscle
atrophy conditions in elderly individuals (Okeson, 2019). In oncological and neurological popu-
lations, reduced TMT has been associated with increased risk of malnutrition, frailty, and worse
clinical outcomes (Lee et al., 2021; Muglia et al., 2021). Accurate measurement of temporalis mus-
cle thickness enables quantification of its functional status, detection of lateral muscle asymmetries,
and monitoring of response to therapeutic interventions such as physical therapy or neuromuscular
rehabilitation (Zapaishchykova et al., 2023). In neurological contexts, lower TMT values have been
associated with increased mortality risk and prolonged disability after acute neurological events
(Steindl et al., 2020).

In clinical practice, the temporalis muscle has traditionally been measured through visual
inspection or with the aid of medical imaging techniques such as computed tomography (CT),
magnetic resonance imaging (MRI), or ultrasound (US) (Hides et al., 2007; Nikkuni et al., 2018).
Although these modalities provide valuable anatomical and functional information, most current
approaches are manual and largely dependent on the operator’s expertise, introducing subjectivity,
interobserver variability, and limited reproducibility (Bianchi & Martinoli, 2007; Vieira & Botter,
2021). Segmentation of the temporalis muscle in axial slices is particularly challenging, as it
requires accurate identification of its boundaries within a region containing multiple adjacent
anatomical structures. While MRI offers excellent anatomical resolution, its cost and limited
availability restrict its routine use (Matsubara et al., 2018). Ultrasound is more accessible, but its
accuracy depends heavily on operator experience (Hides et al., 2007). Complementary technologies
such as surface electromyography (sEMG) provide functional information but do not directly

measure muscle morphology (De Luca, 1997).
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In summary, measurement of temporalis muscle thickness remains largely manual, resulting in
variability across professionals and institutions. Although imaging-assisted methods exist, stan-
dardized and automated quantification remains a challenge in terms of accessibility and consistency.
Therefore, a more objective solution is needed to reduce human error and facilitate implementation
across clinical environments.

In response to these limitations, this work proposes the development of a computational solution
based on image processing techniques applied directly to three-dimensional computed tomography
scans. The proposed tool will integrate modules for anatomical reorientation, optimal axial slice
selection, automated tissue segmentation, and quantitative measurement of temporalis muscle

thickness.
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2. Objectives

2.1 General Objective

To develop an automated computational tool for estimating the thickness of the temporal muscle

from three-dimensional computed tomography images of the head.

2.2 Specific Objectives

1. To implement an algorithm to perform anatomical reorientation of the skull and automatic

selection of the optimal axial slice in three-dimensional computed tomography scans.

2. To design an algorithm to automatically segment the temporal muscle and associated bony

structures, including the removal of unwanted artifacts.

3. To develop an automated system to estimate the thickness of the temporal muscle from the

obtained segmentation and visualize the measurement results.

4. To evaluate the performance of the proposed tool using quantitative metrics comparing

muscle thickness measurements obtained by experts.
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3. Theoretical Framework

3.1 Fundamentals of Computed Tomography

Computed Tomography (CT) is a tomographic imaging modality that reconstructs cross-
sectional anatomical representations from multiple X-ray projections acquired around the patient.
Unlike conventional radiography, CT provides quantitative volumetric data in which each voxel
encodes a normalized estimate of the tissue’s linear attenuation coefficient. This quantitative nature
enables objective tissue characterization and morphometric analysis, forming the foundation of the

proposed automated TMT estimation framework.

3.1.1 X-ray Attenuation and Tomographic Reconstruction

CT imaging is based on the interaction of X-ray photons with biological tissues. As photons
traverse matter, their intensity decreases according to the linear attenuation coefficient u, which
depends on tissue composition and photon energy. In the diagnostic energy range, attenuation is
primarily governed by photoelectric absorption and Compton scattering (Bushberg et al., 2012).
According to the Beer—Lambert law, the relationship between the incident intensity /o and the
transmitted intensity / after traversing a thickness x is defined by I = Iye ™.

During acquisition, projections are collected at multiple angular orientations. Each projection
corresponds to a line integral of the attenuation coefficient distribution, mathematically represented
by the Radon transform p (6, t) = / u(x,y) ds (Kak & Slaney, 2001). Image reconstruction consists
of estimating the spatial distribution u(x, y, z) from these projections, typically using Filtered Back
Projection or iterative reconstruction techniques in modern CT systems (Hsieh, 2009).

The resulting reconstructed volume is discretized into voxels, where each voxel intensity repre-
sents the average attenuation coefficient within a finite three-dimensional element. Consequently,
every voxel value serves as a physically meaningful estimate of tissue attenuation, providing the

basis for quantitative anatomical analysis.
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3.1.2 Hounsfield Units and Tissue Characterization

To ensure standardization across scanners and acquisition protocols, attenuation values are
expressed in Hounsfield Units (HU). This normalization allows reproducible tissue characterization
and enables deterministic threshold-based segmentation strategies. The HU scale is defined relative

to water attenuation as shown in Eq. 1 (Bushberg et al., 2012).

HU = 1000 Hwaer (1)

Hwater
By definition, water corresponds to 0 HU and air to approximately —1000 HU. In cranial CT
imaging, adipose tissue typically ranges around —100 HU, skeletal muscle between 30-60 HU,
and cortical bone above 300 HU. Because the proposed segmentation algorithm relies directly on
predefined HU intervals to differentiate bone and temporalis muscle, the HU scale constitutes the

physical basis for automated tissue classification.

3.1.3 Spatial Representation in DICOM

CT volumes are stored using the Digital Imaging and Communications in Medicine (DICOM)
standard, which encodes both voxel intensity data and spatial metadata necessary for geometric
interpretation (Clunie, 2016). Relevant attributes include Pixel Spacing (Ax, Ay), Slice Thickness
(Az), Image Position (Patient), and Image Orientation (Patient), the latter defined through direction
cosines. Voxel space refers to the discrete index-based coordinate system defined by integer indices
(i, j, k), whereas physical space corresponds to real-world millimeter coordinates (x, y, z).

Accurate morphometric measurements require explicit conversion from voxel space to physical
space. This mapping is described by an affine transformation expressed in homogeneous coordinates
as [x,y,z, 117 = M[i,j, k,1]7, where M is a 4 X 4 matrix constructed from voxel spacing,
orientation direction cosines, and the image origin. By integrating these spatial parameters,
the formulation ensures spatial consistency during volume reorientation and precise geometric

measurement.
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3.2 Anatomical Coordinate Systems

Medical images are interpreted within anatomical reference systems that define spatial orienta-
tion relative to the patient. The two most common conventions are the LPS (Left—Posterior—Superior)
and RAS (Right—Anterior—Superior) coordinate systems (Clunie, 2016). Anatomical planes are
defined as sagittal (left-right division), coronal (anterior—posterior division), and axial (supe-
rior—inferior division). Correct identification of these planes is essential for cranial reorientation,

lateralization.

3.3 Spatial Transformations in Medical Imaging

Cranial reorientation requires mathematical transformations that modify the spatial reference
frame while preserving anatomical integrity. These transformations are fundamental for aligning

volumes prior to automated analysis.

3.3.1 Rigid Transformations

Rigid transformations consist of rotations and translations and preserve distances and angles.
In three-dimensional space, rigid motion has six degrees of freedom: three rotational and three
translational parameters. The transformation of a point X under a rigid motion is defined as
x' = Rx + t (Foley et al., 1996), where R is a rotation matrix and t is a translation vector. This

formulation allows for precise cranial alignment without introducing geometric distortion.

3.3.2 Affine Transformations

Affine transformations extend rigid transformations by incorporating scaling and shearing.
They are represented in homogeneous coordinates using a 4 X 4 matrix, enabling composition of
multiple transformations into a single operation (Foley et al., 1996). This representation underlies

the computational implementation of volume reorientation.
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3.3.3 Rotation Matrices

Rotation matrices are orthogonal matrices satisfying RTR = Iand det(R) = 1. These properties
ensure preservation of Euclidean distances and orientation. Rotation matrices can be interpreted
as change-of-basis operators, allowing alignment of anatomical axes with principal geometric

directions.

3.3.4 Principal Component Analysis (PCA)

Principal Component Analysis (PCA) is a statistical method used to identify orthogonal direc-
tions of maximum variance in a dataset (Jolliffe, 2002). Given a set of 3D points representing
cranial bone voxels, the covariance matrix is defined as shown in Eq. 2.

1< _ -
Y = N;(xi—x)(xi—x) 2)

The eigenvectors of X define the principal axes, while the eigenvalues represent variance along

those axes. In this work, PCA provides an automatic, annotation-independent method for cranial

alignment by aligning principal axes of bone distribution with canonical coordinate axes.

3.4 Cranial Reorientation Strategies

Automated cranial reorientation aims to align head CT volumes into a consistent anatomical
reference frame prior to quantitative analysis. Different methodological approaches have been
proposed in the literature. Landmark-based methods rely on manually or automatically identified
anatomical reference points, such as the anterior commissure or orbital landmarks. Although
effective, these methods depend on accurate detection and may be sensitive to anatomical variability
or pathological alterations.

Deep learning approaches learn alignment directly from labeled datasets. While potentially
powerful, they require large annotated datasets, may lack interpretability, and can exhibit re-

duced generalization when imaging protocols vary. Global geometric methods operate directly on
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spatial distributions of anatomical structures, typically bone. These approaches are annotation-
independent, reproducible, and computationally efficient. In this work, Principal Component
Analysis (PCA) is selected because it aligns the volume according to intrinsic geometric variance,

does not require manual annotation, and provides an interpretable mathematical solution.

3.5 Automatic Axial Slice Selection

Accurate temporalis muscle thickness measurement requires identification of a clinically stan-
dardized axial plane. The automated selection of this slice must therefore be anatomically grounded

and geometrically robust.

3.5.1 Anatomical Basis for TMT Measurement

Clinically, temporalis muscle thickness is measured at a standardized axial level commonly
corresponding to the orbital roof or superior orbital region, depending on institutional protocols.
This level provides reproducible visualization of the temporalis muscle belly while minimizing
variability due to cranial tilt or inferior anatomical structures. The automated approach must

replicate this anatomical reference to ensure comparability with manual radiological measurements.

3.5.2 Circular Structure Detection

The orbital cavities exhibit approximately circular cross-sectional geometry in axial CT slices.
Automatic identification of these structures can be formulated as a circle detection problem. The
Hough Transform provides a parametric method for detecting circular shapes by mapping edge
points into a parameter space defined by center coordinates and radius (Duda & Hart, 1972). In
Cartesian coordinates, a circle is defined by the expression (x — a)? + (y — b)? = r2, where (a, b)
represents the center and r the radius. Detection of these bilateral orbital structures enables precise

anatomical localization of the axial reference plane.
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3.5.3 Statistical Offset Modeling

Because anatomical variability exists between patients, the final axial measurement plane may
require a controlled offset relative to detected orbital landmarks. Statistical modeling using sample
mean and standard deviation provides a robust estimation of this displacement. Given a set of
slice indices z;, the mean axial level and its variability are defined as shown in Eq. 3 and Eq. 4,

respectively:

1 & 1 &
I L D) CRt
N 2Ll 3) N . (zi—2° @
i=1 i=1
This statistical framework improves robustness against inter-patient anatomical variability and

imaging differences.

3.6 CT-Based Muscle Segmentation

Accurate measurement of temporalis muscle thickness requires reliable isolation of the mus-
cle region from surrounding tissues. Segmentation in CT leverages intensity-based and spatial

connectivity properties.

3.6.1 Threshold-Based Segmentation

Threshold-based segmentation classifies voxels according to intensity ranges derived from
Hounsfield Units. Since skeletal muscle exhibits characteristic HU values between approximately
30-60 HU, binarization is defined as B(x) = 1 if HUpin < HU(x) < HUpax, and O otherwise.

This deterministic approach directly exploits the physical interpretation of voxel intensity to isolate

specific tissue types based on their attenuation properties.

3.6.2 Connected Component Analysis

Binary segmentation may include multiple disjoint regions. Connected component analysis
identifies spatially contiguous voxel clusters using defined neighborhood connectivity (4- or 8-

connectivity in 2D; 6-, 18-, or 26-connectivity in 3D) (Gonzalez & Woods, 2018). The labeling
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process assigns a unique identifier to each connected region, enabling selection of anatomically
relevant components based on size and location.
3.7 Geometric Estimation of Muscle Thickness

Quantitative thickness measurement requires formal geometric definition in continuous physical
space.
3.7.1 Euclidean Distance in Physical Space

The Euclidean distance between two points in three-dimensional space is defined as d =

\/ (x2 =x1)2 + (y2 = y1)? + (22 — z1)?. To ensure geometrically accurate morphometric measure-
ments, all computations are performed in millimeter coordinates obtained from DICOM spatial
metadata. This conversion from pixel indices to physical space is essential for maintaining the scale

and orientation consistency required in clinical analysis.

3.7.2 Orthogonal Thickness Computation

Muscle thickness is defined as the minimum perpendicular distance between two opposing
boundary surfaces. Given a boundary curve parameterized as r(s), the tangent vector is t(s) = %,
and the normal vector n(s) is orthogonal to t(s). Thickness is computed as the minimal projection
of boundary points along n(s), where the formal condition of orthogonality is defined by the inner
product t - n = 0. This geometric formulation ensures that the thickness measurement remains

independent of any orientation bias.

3.8 Statistical Evaluation Metrics

Quantitative validation of the automated method requires statistical comparison with the clinical
reference. The absolute error between automated and manual measurements is defined as £ =
|Tauto — Tinanual|, Where Mean Absolute Error (MAE), median error, and interquartile range (IQR)

provide measures of central tendency and dispersion. Furthermore, correlation strength is assessed
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using Pearson’s correlation coeflicient r, defined by the ratio of the covariance of the variables to

the product of their standard deviations (Altman, 1991).

b 2= D0 )
VI = %)2 3 (yi - 9)2

Agreement analysis may be further evaluated using Bland—Altman methodology and intraclass

®)

correlation coefficient (ICC), which quantify bias and reproducibility in paired measurement studies

(Bland & Altman, 1986).
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4. Previous related work

The automatic measurement of temporal muscle thickness in CT images has gained increasing
relevance as a biomarker of sarcopenia, frailty, and nutritional status (Muglia et al., 2021). This

section presents a structured review of the main technical and clinical approaches.

4.1 Clinical Application of TMT as a Biomarker

TMT has been widely explored as a clinical marker of functional status and prognosis in various
contexts. Pesonen et al. (Pesonen et al., 2025) established statistical reference values for TMT in
CT, considering the influence of sex and age, by analyzing over 9,000 patients. These reference
values are essential for establishing clinically interpretable thresholds in daily practice. In intensive
care settings, Maskos et al. (Maskos et al., 2022) compared TMT measurements using CT and
ultrasound in critically ill patients, finding an intraclass correlation coefficient (ICC) of 0.90 for
CT measurements. Their study validated TMT as a tool for longitudinal monitoring, particularly
useful in patients with fluctuating health conditions. Similarly, Mohajerani et al. (Mohajerani et al.,
2025) investigated the prognostic value of TMT in patients with subarachnoid hemorrhage, finding
that reduced muscle thickness after the neurological event was significantly associated with higher
mortality and worse functional outcomes. These studies support the utility of TMT as a transversal

indicator applicable to multiple clinical domains.

4.2 Manual and Semi-Automated Measurement

Early studies were based on manual measurement of TMT in CT or MRI images. Lee et al. (Lee
etal., 2021) demonstrated that manual TMT measurement in CT predicts progression-free survival
in head and neck cancer, showing high interobserver correlation (ICC ~ 0.89). These findings
early validated the potential of TMT as a relevant clinical marker. Cronin et al. (Cronin et al.,
2020), on the other hand, proposed a semi-automated alternative in the context of ultrasound by

developing a deep learning—based system capable of identifying aponeuroses and muscle fascicles.
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The system achieved errors below 0.2 mm compared to human measurements, marking significant
progress toward greater objectivity and reproducibility. Despite these advances, both approaches
still present important limitations related to operator dependency, interobserver variability, and

scalability in high-volume clinical environments.

4.3 Automatic Segmentation with Deep Learning

With the rise of deep learning, automatic solutions have been developed to overcome the
constraints of manual and semi-automatic methods. Zapaishchykova et al. (Zapaishchykova et
al., 2023) presented a pipeline for automatic TMT measurement in MRI using a population-based
approach on over 23,876 subjects. The system enabled the generation of normalized growth curves,
representing a step toward standardizing muscle morphological analysis in large cohorts. Kanavati
et al. (Kanavati et al., 2020) implemented a fully convolutional neural network (FCNN) for muscle
segmentation in axial CT abdominal slices, achieving Dice coeflicients above 0.95, demonstrating
high precision in soft tissue identification. Chen et al. (Chen et al., 2025) complemented these
efforts by designing a system for the joint segmentation of muscle and adipose tissue in full-
body CT scans. Their approach achieved Dice coefficients above 0.89, consolidating its utility
for comprehensive body composition analysis. Finally, Soufi et al. (Soufi et al., 2024) proposed
a model for the segmentation of musculoskeletal structures from hip to knee. A notable feature
of their work was the integration of uncertainty estimation, a relevant metric for real clinical
environments, achieving AUROC values above 0.95 and validating the tool’s robustness. Although
all these developments show great potential, their widespread adoption remains limited by the need
for large volumes of annotated data, the architectural complexity of the models, and the associated
computational demands. However, to the best of our knowledge, no previous works have addressed

the problem of estimating TMT in head CT images, which is our main goal.
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4.4 Geometric Reconstruction and 3D Visualization

Three-dimensional anatomical reconstruction is essential for intuitive and accurate visualization
and quantification of muscle structures. The Marching Cubes algorithm, introduced by Lorensen
and Cline (Lorensen & Cline, 1987), has been foundational for generating triangulated surfaces from
segmented CT volumes. This technique has been adopted by clinical software such as 3DSlicer,
facilitating high-resolution anatomical exploration. In an applied context, Soufi et al. (Soufi et al.,
2024) demonstrated the validity of using automated volumetric segmentation combined with 3D
reconstruction to measure musculoskeletal structures in CT scans from hip to knee. Their approach
allowed not only accurate identification of relevant surfaces but also visualization of the entire
muscle geometry in an interactive environment. These advances suggest that integrating geometric
methods with reliable segmentations can be an effective path to standardizing and scaling TMT

measurement in clinical practice.

4.5 Current Challenges

Automatic measurement of temporal muscle thickness faces several challenges that have limited
its systematic integration into clinical environments. One of the main issues is the lack of public
datasets containing validated manual segmentations of the temporal muscle in cranial CT scans.
While initiatives like TotalSegmentator have made progress in multistructure segmentation in CT,
they do not specifically include the temporal muscle or suitable slices for its analysis (Wasserthal
et al., 2023). This gap hinders the training of robust supervised models, especially for small and
anatomically variable structures. Additionally, the cranial region often presents artifacts such as
dental implants or prostheses that interfere with image quality and affect precise automatic muscle
segmentation (Barrett & Keat, 2004). The high interpatient variability in skull orientation and
morphology also poses a major challenge for standardizing measurements.

On the other hand, current deep learning—based solutions, although promising, typically require
large data volumes, complex architectures, and advanced computing resources, making implemen-

tation difficult in institutions with limited infrastructure (Bonaldi et al., 2023). Moreover, the
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integration of these tools into real clinical workflows remains limited due to poor compatibility
with PACS systems and standard DICOM protocols (Bonaldi et al., 2023). Additionally, while some
recent approaches incorporate uncertainty estimation to enhance result reliability, their application

to temporal muscle analysis remains incipient.

4.6 Contribution to the Proposed Work

The studies reviewed in the literature have been essential in guiding both the technical design
and the clinical rationale of the proposed tool. For instance, the works by Pesonen et al. (Pesonen
et al., 2025) and Maskos et al. (Maskos et al., 2022) highlight the clinical relevance of TMT as
a reliable biomarker, reinforcing the motivation to develop automated methods for its assessment
in hospital environments. Similarly, the findings of Mohajerani et al. (Mohajerani et al., 2025)
on the association between reduced TMT and adverse neurological outcomes justify the need for
objective, efficient, and accessible measurement approaches.

From a technical perspective, the manual and semi-automated methods described by Lee
et al. (Lee et al., 2021) and Cronin et al. (Cronin et al., 2020) demonstrate the challenges of
operator dependency and scalability, emphasizing the importance of automation. Building on these
approaches, this work adopts their anatomical logic—such as the use of well-defined regions of
interest and geometric principles—and translates them into computational methods for estimating
muscle thickness.

Furthermore, studies employing deep learning and advanced segmentation techniques, such as
those by Kanavati et al. (Kanavati et al., 2020), Chen et al. (Chen et al., 2025), and Zapaishchykova
et al. (Zapaishchykova et al., 2023), demonstrate the strong potential of machine learning models
for improving accuracy and robustness in musculoskeletal image analysis. These methods represent
valuable tools that could be integrated into the project if the data, computational resources, and
performance requirements make their implementation feasible. Therefore, this work remains open
to leveraging both classical image processing and machine learning-based strategies to achieve

reliable and adaptable automation.
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In summary, inspired by proposals such as that of Soufi et al. (Soufi et al., 2024), which
combine anatomical segmentation and geometric analysis for quantitative muscle assessment, this
work plan aims to develop an adaptable and efficient approach for TMT estimation using CT
images. The proposed methodology prioritizes clinical feasibility and computational efficiency
while maintaining flexibility to incorporate advanced learning-based components as the project

evolves.
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5. Methodology

This study presents the development and evaluation of a fully automated pipeline for the
measurement of temporalis muscle thickness (TMT) from head computed tomography (CT) scans
using publicly available data. The proposed methodology is designed to operate without manual
intervention, enabling reproducible, objective, and scalable TMT assessment across heterogeneous

imaging datasets.

5.1 Dataset and Image Acquisition

This study was conducted using cranial computed tomography scans obtained from the publicly
available CQ500 dataset (Qure.ai, 2018). This dataset consists of head CT scans acquired in
routine clinical settings from patients presenting heterogeneous neurological findings. The data
were collected across six radiology centers within a single metropolitan area, providing substantial
variability in scanner models, acquisition protocols, patient anatomy, and imaging conditions.

No pathology-based exclusion criteria were applied. Consequently, the dataset comprises a
broad spectrum of clinical conditions, ensuring a realistic representation of clinical scenarios. A
total of 148 patients were included in this study, of whom 45 were assigned to the development
cohort and 103 to an independent test cohort. The development cohort was employed to derive
the anatomical parameters required by the proposed pipeline, whereas the test cohort was reserved
exclusively for unbiased performance evaluation.

Although the proposed methodology does not rely on learning-based models, this data parti-
tioning strategy was adopted to prevent bias in the estimation of data-driven anatomical parameters
and to ensure objective evaluation of the deterministic pipeline. All images were provided in Digital
Imaging and Communications in Medicine (DICOM) format and consisted of complete volumetric
series suitable for three-dimensional processing. The scans exhibit variations in spatial resolution,
slice thickness, and patient head positioning, accurately reflecting real-world clinical acquisition

conditions.
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5.2 Overview of the Proposed Pipeline

The automated pipeline for TMT measurement is structured into four main stages, as shown
in Figure 1. First, a head reorientation is performed using Principal Component Analysis (PCA)-
based position estimation to standardize the volume alignment. Second, the slice selection stage
identifies the target axial plane by detecting the eye centers and applying a predefined vertical
Z-offset. Third, the tissue segmentation stage generates masks for the skull and temporalis muscle.
Finally, the TMT measurement is calculated by determining the maximum perpendicular distance
from a tangential baseline within the segmented regions.

Figure 1

System overview

Input Raw
DICOM Volume Slice Selection
Raw DICOM data is Eye center
loaded detection and Tangential-
offset are used perpendicular
optimization is
applied

Head
Reorientation )
PCA-based Tissue
alignment is Segmentation
performed Skull and muscle Output TMT
masks are Measurement
extracted Final measurement
is presented

Note. System overview of the proposed automated TMT measurement workflow.

5.2.1 Head Reorientation

To reduce acquisition-dependent variability in head positioning, an automatic cranial reorien-
tation step was applied to all CT volumes prior to axial slice selection.

High-density voxels corresponding to cranial bone were first isolated using a fixed Hounsfield
unit (HU) threshold greater than 600, providing a robust representation of skull geometry. Based

on the spatial distribution of these voxels, principal component analysis (PCA) was then applied
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to estimate the dominant orientation of the head, from which the principal anatomical axes were
derived. These axes were subsequently used to compute a global rotational transformation that was
applied to the CT volume in order to standardize its anatomical alignment. This reorientation step
establishes a consistent spatial reference frame across subjects, thereby improving the robustness
of subsequent anatomical slice selection and temporalis muscle analysis. A representative example
of the reorientation process is shown in Figure 2.

Figure 2

Automatic anatomical reorientation

Note. Automatic anatomical reorientation applied to a head CT volume. Left: original image
orientation influenced by patient positioning during acquisition. Right: standardized cranial align-

ment obtained after the proposed reorientation algorithm.

5.2.2 Automatic Axial Slice Selection

Accurate axial slice selection is critical for reliable temporalis muscle thickness (TMT) mea-
surement, as small deviations along the craniocaudal axis may introduce variability in thickness
estimates. To ensure anatomical consistency and reproducibility, an automatic slice selection
strategy was developed based on ocular landmark detection combined with a fixed superior offset
derived from experts-defined measurements.

Following anatomical reorientation, each CT volume is represented within a standardized
coordinate system. Bilateral orbital cavities are automatically detected in the coronal plane and used

as anatomical reference landmarks due to their high contrast and consistent anatomical appearance
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in cranial CT imaging. Detection is performed using a circular shape—based approach. The centers
of the left and right orbits are identified and geometrically validated, and their average vertical
coordinate defines a single ocular reference level (see Figure 3b).

To determine the anatomical location typically selected for TMT assessment, axial slices man-
ually chosen by expert readers from the 45 subjects included in the development cohort were
retrospectively analyzed. For each subject, the physical distance between the reader-selected slice
and the ocular reference level was computed along the craniocaudal axis. This analysis revealed
a consistent anatomical preference, characterized by a mean superior displacement of 20.4 mm
relative to the ocular reference level.

Based on this observation, automatic slice selection is performed by applying a fixed superior
offset of 20.4 mm from the ocular reference level. The axial slice whose physical location is closest
to this target position is then selected for subsequent temporalis muscle segmentation and thickness
measurement. Figure 3 illustrates the two principal stages of the proposed axial slice selection
strategy: automatic detection of bilateral orbital landmarks in the coronal plane and the spatial
relationship between the resulting ocular reference level and the axial slice manually selected by

expert readers.

5.2.3 Temporalis Muscle Segmentation

Following automatic axial slice selection, the temporalis muscle is segmented to delineate its
anatomical boundaries for subsequent thickness estimation.

Segmentation is performed on the selected axial slice using fixed Hounsfield unit (HU) thresh-
olds ranging from 20 to 200 HU in order to isolate soft tissue while suppressing air and high-density
cranial bone. The resulting binary mask is then refined by connected component analysis, in which
artifacts and irrelevant components are removed. Only lateral components consistent with the
expected anatomical location of the bilateral temporalis muscles are retained.

In parallel, a higher HU threshold exceeding 500 HU is applied to extract a cranial bone mask

from the same axial slice. This skull mask is preserved as an independent anatomical reference and
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Figure 3

Automatic axial slice selection

(a) (b)
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Note. Automatic axial slice selection based on ocular landmarks. (a) CT volume windowed
between —20 and 20 Hounsfield units (HU) to enhance orbital cavity visualization, with detected
orbital centers shown in blue and yellow. The overlay indicating the orbital cavities is rendered in
green. (b) Coronal view showing the ocular reference level (magenta dashed line) and the axial

slice manually selected by expert readers (solid white line).

is later used to define geometric constraints during the thickness measurement stage.
The output of this segmentation stage consists of two masks: (i) bilateral temporalis muscle
masks and (ii) a cranial bone mask. Representative results of the segmentation process are presented

in Figure 4.

5.2.4 Temporalis Muscle Thickness Measurement

After temporalis muscle segmentation, a deterministic geometric strategy was applied to es-
timate the TMT on the selected axial slice. The measurement procedure consists of three main
steps: detection of cranial landmark points, construction of tangential reference lines, and esti-
mation of muscle thickness using perpendicular probing. This strategy is designed to emulate a
standard manual measurement procedure (Pesonen et al., 2025), while ensuring reproducibility and

independence from manual landmark placement.
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Figure 4

Temporalis muscle segmentation

(a) (b)

Note. Automated temporalis muscle segmentation on the selected axial CT slice. (a) Original
CT image. (b) Overlay of the segmented temporalis muscle for visual validation. (c¢) Segmented
cranial bone structures used for anatomical reference.

First, superior cranial landmark points were automatically detected on both sides of the skull
contour by analyzing changes in the curvature of the superior cranial boundary. Starting from the
most superior region of the cranial bone mask, the outer skull contour was scanned laterally and
downward. The landmark on each side was defined as the first corner point where a pronounced
downward deviation of the contour was observed, corresponding to the transition from the convex
cranial surface to an inward cavity. An equivalent scanning procedure was applied in the opposite
direction for the contralateral side. These points represent the most superior and lateral cranial
boundaries and serve as anatomical anchors for the subsequent construction of reference geometry.
Examples of the automatically detected cranial landmarks are shown in Figure 5(a).

Second, tangential reference lines were constructed for each side of the skull using the detected
cranial landmarks. For each landmark, multiple candidate lines were generated by pairing the land-
mark with points sampled along the outer contour of the inferior cranial region. The candidate line
that exhibited the minimal number of intersections with the cranial bone mask—corresponding to a
near-tangential configuration—was selected. This procedure results in a tangential line that closely

follows the external contour of the skull and provides a stable anatomical reference, analogous to
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the orientation implicitly chosen by the reader during manual TMT assessment. The final tangential
configurations for both sides are illustrated in Figure 5(b).

Finally, TMT was estimated by projecting multiple perpendicular line segments from uniformly
sampled points along each tangential reference line toward the interior of the temporalis muscle
region. Along each perpendicular direction, the superior and inferior muscle boundaries were
detected by identifying continuous intersections with the segmented muscle mask. For each
side, TMT was defined as the maximum Euclidean distance between these boundaries across all
perpendicular samples. This definition mirrors clinical practice, where readers measure TMT at the
location of the greatest muscle thickness. An example of boundary detection along a perpendicular
probing line is shown in Figure 5(c).

Figure 5

Geometric thickness measurement procedure

(a) (b) (o)

Note. Geometric procedure for automated temporalis muscle thickness estimation (right side shown
for visualization clarity). (a) Automatic detection of the superior cranial landmark on the axial slice
based on contour curvature analysis. (b) Construction of a tangential reference line aligned with
the external skull contour. (c) Thickness estimation through perpendicular probing and muscle
boundary detection.
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6. Experimental Results

The pipeline was evaluated on an independent test set of cranial CT scans after all anatomical

parameters had been defined using the separate development subset.

6.1 Head Reorientation

For each subject, the absolute craniocaudal (Z-axis) distance between the axial plane selected
by the proposed method and the plane selected by an expert reader was computed in millimeters.
Specifically, the Z-coordinate difference was calculated at all corresponding in-plane locations
between both axial planes, and the resulting absolute distances were averaged to obtain a single
representative misalignment value per subject, as illustrated schematically in Figure 6. This
metric quantifies global axial plane misalignment and reflects the degree of anatomical consistency
achieved through reorientation.

Table 1 summarizes the axial alignment discrepancies before and after automatic cranial reori-
entation, both measured with respect to volumes manually reoriented by expert readers.

Table 1

Axial plane distance before and after reorientation

Comparison Median [IQR] (mm)
Original vs. Reader 12.10 [9.84 — 14.72]
Reoriented vs. Reader  9.45[6.32 — 11.98]

Note. Absolute Z-axis distance between the reader-selected axial plane and the corresponding planes
before and after automatic cranial reorientation. Values are reported as median and interquartile
range (IQR).

As shown in Table 1, automatic reorientation reduces large position-induced misalignments and
yields a more consistent spatial reference frame across subjects.

A qualitative visual assessment was performed to evaluate the effectiveness of the proposed
cranial reorientation procedure. Figure 7 presents a representative subject with overlays in the
axial, coronal, and sagittal anatomical planes.

The observed alignment of the skull contours and intracranial structures indicates that the
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Figure 6

Cranial reorientation evaluation

(a) (b)

Note. Evaluation of cranial reorientation using axial plane overlays. Symbols denote plane
orientation: + original acquisition, * expert reader correction, and * automated correction. (a)
Overlay between the original CT volume and the volume manually reoriented by the expert reader.
(b) Overlay between the reader-reoriented volume and the volume reoriented using the proposed
method, demonstrating improved anatomical alignment and reduced positioning variability.

proposed reorientation strategy reproduces the anatomical position established by the reader.

6.2 Automatic Axial Slice Selection

The performance of the automatic axial slice selection stage was quantitatively evaluated by
comparing the craniocaudal position of the slice selected by the proposed method with the slice
manually selected by an expert reader. For each subject, the physical Z-coordinate of both slices
was computed in millimeters using the image spatial metadata. This metric directly reflects the
accuracy of the proposed slice selection strategy in reproducing the anatomical level typically used

in expert-driven TMT assessment.
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Figure 7

Qualitative cranial reorientation comparison

(a)

(b)

Note. Qualitative comparison of cranial reorientation for a representative subject. (a) Overlay
between the original CT volume (green) and the volume manually reoriented by the expert reader
(pink). (b) Overlay between the reader-reoriented volume (green) and the volume reoriented using
the proposed automated method (pink).

Table 2 summarizes the axial slice position errors across the dataset. The proposed method
achieved a median absolute error of 1.92 mm with an interquartile range of 1.21-2.73 mm, indicating
close agreement with expert-selected slices. A qualitative visual evaluation was conducted to
assess the performance of the proposed automatic axial slice selection method. Figure 8 presents a
representative coronal view in which both the automatically and manually selected slices are shown.

The proposed method, based on ocular landmark detection and a statistically derived superior offset,

identifies a slice that closely matches the selection by the reader.
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Table 2

Axial slice selection error

Metric Median [IQR] (mm)

Axial slice position error 1.92 [1.21 - 2.73]
Note. Absolute Z-axis difference between the automatically selected axial slice and the slice
selected by the expert reader. Values are reported as median and interquartile range (IQR).

Figure 8

Manual vs automated axial slice selection

Note. Coronal view illustrating the superposition of the axial slice manually selected by the
expert reader (blue) and the slice automatically selected by the proposed method (magenta) for a
representative subject.

6.3 Temporalis Muscle Thickness Measurement

The accuracy of the proposed automatic TMT measurement was evaluated by comparison with
manual measurements performed by an expert reader on the manually defined axial slices. Absolute
TMT errors were computed separately for the left and right sides for each subject.

The proposed method achieved a median absolute error of 1.09 mm with an interquartile range
of 0.62—1.68 mm across both sides, indicating close agreement with expert manual measurements.

Similar performance was observed for the left and right temporalis muscles individually.



AUTOMATIC TMT IN HEAD CT 36

Table 3

Absolute error of automated TMT measurements

Measurement Median [IQR] (mm)

Left TMT 1.20 [0.65 — 1.75]
Right TMT 1.25[0.70 — 1.85]
Overall 1.09 [0.62 — 1.68]

Note. Absolute error of automated temporalis muscle thickness (TMT) measurements relative to
the expert reader reference. Values are reported as median and interquartile range (IQR).

A qualitative visual evaluation was conducted to assess the anatomical consistency of the
proposed TMT measurement strategy. Figure 9 shows a representative axial slice with manual
reader measurements (green) overlaid with the automatic measurements obtained by the proposed
method (red).

The visual agreement in measurement location, orientation, and extent indicates that the pro-
posed geometry-based approach closely reproduces expert-driven TMT assessment, supporting the
quantitative results reported previously.

Figure 9

Qualitative comparison of TMT measurements

Note. Qualitative comparison of temporalis muscle thickness (TMT) measurements on representa-
tive axial CT slices. Manual measurements performed by the expert reader are shown in fluorescent
green, whereas automated measurements obtained using the proposed method are shown in red.
The overlays demonstrate agreement in anatomical location, measurement orientation, and extent
of the temporalis muscle region.
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7. Discussion

This work presents a fully automated and deterministic framework for the measurement of
temporalis muscle thickness (TMT) from cranial CT volumes, addressing key sources of variability
that limit the reliability and reproducibility of manual assessment in clinical practice. Experiments
with a dataset of 103 head CT scans demonstrate that the proposed pipeline achieves close agreement
with expert reader measurements, with an overall median absolute TMT error of 1.09 mm (IQR:
0.62-1.68 mm) (Table 3), while consistently reproducing the axial slice location typically selected
by experts, with a median slice position error of 1.92 mm (Table 2). The observed spatial overlap
between automatically selected and expert-selected axial slices along the craniocaudal axis indicates
that the proposed approach effectively reproduces expert reader slice selection, supporting its
suitability for consistent and fully automated TMT analysis.

When placed in the context of existing literature, the obtained accuracy is comparable to
previously reported automated and semi-automated approaches for temporalis muscle analysis.
Zapaishchykova et al. proposed an automated temporalis muscle quantification framework in MRI,
reporting mean absolute errors in the range of 1-2 mm, depending on the age group and acquisition
conditions (Zapaishchykova et al., 2023).

More recently, a fully automated volumetric approach for temporalis muscle analysis on head
CT was proposed in (Wasserthal et al., 2023). That work demonstrated good agreement with
expert measurements and highlighted the potential of three-dimensional muscle characterization
for automated TMT assessment. Compared to the proposed method, the volumetric approach offers
the advantage of capturing the full three-dimensional extent of the temporalis muscle. However,
in routine clinical head CT scans, the inferior origin of the temporalis muscle is rarely included in
the field of view, with only the superior two-thirds being consistently available for analysis. As a
consequence, volumetric measurements may be incomplete unless this limited anatomical coverage
is explicitly considered, which was not addressed in the cited work. In addition, the method does not

incorporate an explicit cranial reorientation step to address acquisition-dependent head positioning
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variability, and the algorithm is not publicly available.

Learning-based approaches for muscle quantification in CT images, such as those reported by
Kanavati er al. (Kanavati et al., 2020) and Chen et al. (Chen et al., 2025), have demonstrated high
segmentation accuracy and strong agreement with expert annotations. Nevertheless, these methods
typically rely on large annotated datasets and computationally intensive training procedures, and
they are primarily designed for abdominal or whole-body muscle analysis rather than cranial CT
or TMT assessment. In contrast, the proposed method relies exclusively on explicit anatomical
and geometric constraints, avoiding the need for training data and offering full transparency and
interpretability. Our algorithm and the manual annotations by expert readers used in the validation
and test sets will be made publicly available.

Our design choice aligns closely with clinical practice, where TMT is measured on a stan-
dardized axial slice at the point of maximal muscle thickness rather than through volumetric
segmentation. The explicit modeling of anatomical landmarks, slice selection criteria, and geo-
metric measurement rules contribute to the robustness observed across heterogeneous acquisition
conditions, including variations in head position, slice thickness, and scanner settings. In addition,
the landmark-driven and geometry-based nature of the proposed algorithm provides a high degree of
interpretability, allowing clinical specialists to visually inspect intermediate steps, verify measure-
ment locations, and identify potential sources of error. This level of explainability is fundamental
for clinical trust and facilitates the adoption of automated TMT assessment in routine practice.

The deterministic nature of the proposed pipeline facilitates reproducible measurements across
subjects and time points, which is essential for integrating TMT as a quantitative imaging biomarker
in workflows such as nutritional assessment, frailty evaluation, and prognostic stratification. Unlike
learning-based approaches, the proposed framework is not expected to be greatly affected by dataset
shifts or retraining requirements when applied to new cohorts, further enhancing its potential for
real-world clinical deployment.

From a clinical perspective, the reported measurement error is within the range of interobserver

variability described for manual TMT assessment. Previous studies have reported interobserver
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differences or absolute measurement uncertainties that typically range from approximately 1.0
to 2.0 mm for manual CT-based TMT measurements (Lee et al., 2021; Maskos et al., 2022;
Pesonen et al., 2025). For example, Lee et al. reported high interobserver agreement when
manually measuring TMT on head and neck CT images but also noted millimeter-scale differences
attributable to subjective choices in slice selection and boundary delineation (Lee et al., 2021).
Similarly, Pesonen et al. highlighted that small axial deviations and observer-dependent landmark
selection introduce measurable variability in manual TMT measurements (Pesonen et al., 2025).
The fact that the proposed method achieves errors within this range suggests that its accuracy is
comparable to expert-level manual assessment, supporting its suitability for routine clinical use and
longitudinal monitoring.

The main strengths of this study include the fully automated end-to-end design, the use of
real-world clinical CT data, and the explicit incorporation of reader-guided anatomical knowledge
into both slice selection and measurement. Additionally, the geometry-based formulation ensures
interpretability and computational efficiency.

This study has the following limitations. First, the cranial reorientation stage shows limited
quantitative improvement when evaluated using absolute axial plane distance (Table 1). While
the reduction in median Z-distance after reorientation is moderate, the decreased dispersion of
errors indicates improved robustness against extreme acquisition-dependent head orientations. This
finding is expected, as the global PCA-based alignment primarily corrects large-scale rotational
deviations of the head rather than fine-grained anatomical positioning at the local level. Importantly,
this normalization step establishes a consistent spatial reference frame that benefits downstream
axial slice selection and TMT measurement, even if it does not fully eliminate residual anatomical
offsets. Second, the segmentation strategy relies on fixed intensity thresholds and spatial heuristics,
which may be sensitive to severe artifacts or uncommon anatomical variations (Barrett & Keat,
2004).

Future work will focus on improving the anatomical reorientation stage by incorporating more

localized or landmark-driven alignment strategies, potentially reducing residual axial discrepancies.
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8. Conclusion

In this work, we presented a fully automatic and deterministic method for the measurement of
temporalis muscle thickness (TMT) from cranial computed tomography (CT) scans. The proposed
approach integrates automatic cranial reorientation, anatomically guided axial slice selection, de-
terministic tissue segmentation, and a geometry-based thickness estimation strategy that emulates
standard measurement practice.

The method was evaluated in a dataset of 148 clinical head CT volumes and demonstrated
close agreement with expert reader measurements. A median absolute error of 1.09 mm with an
interquartile range of 0.62—1.68 mm was obtained for TMT estimation, while the automatically
selected axial slices differed from expert-selected slices by a median of 1.92 mm. These results
indicate that the proposed pipeline achieves expert-level accuracy while ensuring full reproducibility
and independence from annotated training data.

By relying exclusively on explicit anatomical and geometric constraints, the proposed frame-
work offers a transparent and computationally efficient alternative to learning-based approaches,
particularly suited for clinical scenarios where interpretability and robustness are vital. The method
enables standardized and scalable TMT assessment and supports the integration of TMT as a quan-
titative imaging biomarker in both clinical and research workflows.

Future work will focus on improving anatomical reorientation through landmark-based or
hybrid alignment strategies, enhancing robustness to imaging artifacts and anatomical variability,
validating performance across multi-center datasets, and extending the framework toward three-

dimensional temporalis muscle analysis and population-level normative modeling.
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