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Abstract

Reliable personal identification remains a major challenge in forensic medicine, particularly
in cases involving decomposition, thermal injury, or absence of DNA and dental records.
In this context, anatomically protected and morphologically unique structures such as the
sphenoid sinus may serve as valuable biometric markers. The aim of this study was to
evaluate the forensic applicability of sphenoid sinus morphology using computed tomog-
raphy (CT), automated segmentation, and three-dimensional (3D) computational analysis.
The proposed framework integrates CT-based image preprocessing, automated 3D segmen-
tation using nnU-Net architecture, and geometric comparison of reconstructed sphenoid
sinus models through point cloud analysis and deep learning approaches. Morphologi-
cal variability, spatial configuration, and structural stability of the sphenoid sinus were
analyzed as discriminative biometric features. The GSA-Net-based identification model
demonstrated high recognition performance, achieving Top-1 accuracies exceeding 97.8%
and Top-3 accuracies up to 100% in controlled datasets. The results support the concept that
the sphenoid sinus possesses sufficient individuality and anatomical preservation to enable
reliable ante-mortem and post-mortem identification. The study highlights the potential of
integrating automated segmentation and Al-driven 3D analysis into forensic workflows
and emphasizes the importance of standardized imaging protocols and larger annotated

R) Check for updates datasets for future clinical and forensic implementation.
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in cases involving advanced decomposition, severe thermal damage, or the absence of
antemortem reference data. Under these conditions, increasing attention has been directed
toward anatomical structures that are resistant to external influences while exhibiting
sufficient individual variability to support forensic identification [2].

Among the anatomical structures investigated for this purpose, the paranasal sinuses
have attracted considerable interest, with the frontal sinus being the most extensively stud-
ied [3]. Previous investigations by Uthman et al. [4], Belaldavar et al. [5], and Souza et al. [6]
demonstrated that frontal sinus morphology provides reliable individualization because
of its high anatomical variability. However, the forensic applicability of the frontal sinus
is limited by its absence in a proportion of individuals and by morphological alterations
resulting from trauma or surgical interventions.

In contrast, the sphenoid sinus offers several advantages as a potential anatomical
biometric while remaining comparatively understudied. Located within the central skull
base, it is relatively protected from environmental influences and mechanical damage [7]. At
the same time, it exhibits substantial interindividual variability in volume, shape, internal
septation, pneumatization, and overall morphology [8,9]. These anatomical characteristics
remain largely stable after skeletal maturation, making the sphenoid sinus a promising
individualized marker for forensic identification [10].

Computed tomography (CT) plays a central role in the evaluation of paranasal sinus
anatomy in forensic practice [11]. Multidetector CT (MDCT) remains the reference imaging
modality because it provides high-resolution isotropic volumetric datasets suitable for
accurate morphometric analysis and three-dimensional reconstruction of osseous struc-
tures [12]. Cone-beam CT (CBCT) is widely used in dental and maxillofacial imaging
because of its lower radiation dose and high spatial resolution for bone; however, increased
image noise and reduced soft-tissue contrast may limit segmentation accuracy [13]. In spe-
cialized forensic applications, postmortem CT (PMCT) and micro-computed tomography
provide highly detailed visualization of anatomical structures, particularly in cadaveric
investigations [14]. Magnetic resonance imaging (MRI) can complement CT by provid-
ing superior soft-tissue contrast for evaluating surrounding anatomical relationships and
pathological changes, although it is less suitable for cortical bone assessment [15]. Nev-
ertheless, differences in voxel size, reconstruction algorithms, and intensity calibration
among imaging systems introduce variability across datasets, highlighting the need for
standardized preprocessing procedures.

Various methods have been proposed for sphenoid sinus segmentation and morpho-
metric analysis. Manual segmentation remains the anatomical reference standard because
of its high accuracy but is labor-intensive and strongly dependent on expert experience [16].
Semi-automated software platforms, including Materialise Mimics [17] and 3D Slicer [18],
accelerate segmentation using region-growing and threshold-based algorithms, although
manual refinement is frequently required in anatomically complex regions.

Recent advances in artificial intelligence have substantially improved automated sphe-
noid sinus segmentation and identification. Bilous et al. [19] presented an automated
CT-based identification approach using sphenoid sinus geometry as an anatomical biomet-
ric. Compared with two-dimensional slice-based analysis, three-dimensional approaches
preserve the complete anatomical complexity of the sphenoid sinus, including its spatial
configuration, depth, curvature, and internal structures, thereby providing more discrimi-
native features for person identification. Fully automated reconstruction methods based
on fuzzy c-means clustering, mathematical morphology, and stacked convolutional au-
toencoders have further advanced this field [20]. Deep learning architectures, including
U-Net [16] and nnU-Net [21], have demonstrated high segmentation accuracy. In addi-
tion, our previous work explored the potential of Al-based approaches for sphenoid sinus
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identification [22] and nnU-Net [23,24], enabling highly accurate automated segmentation,
commonly evaluated using the Dice similarity coefficient [25]. Furthermore, attention-
based neural networks operating on three-dimensional point clouds have demonstrated
excellent identification performance under controlled conditions [26]. However, the per-
formance of these methods remains highly dependent on the availability of high-quality
annotated datasets and standardized imaging protocols.

Although previous studies have demonstrated the feasibility of sphenoid sinus—based
identification, several important limitations remain. These include the lack of large publicly
available annotated datasets, variability in imaging protocols between scanners, insufficient
validation using postmortem or degraded datasets, and the tendency of existing studies to
address isolated stages of the workflow rather than integrated end-to-end forensic identifi-
cation systems. Addressing these challenges is essential for the reliable implementation of
automated sphenoid sinus-based identification in routine forensic practice.

The present study aims to overcome these limitations by developing a unified frame-
work for identification based on sphenoid sinus morphology derived from CT imaging.
The proposed pipeline integrates automated 3D segmentation using nnU-Net with point
cloud-based comparison of geometrical structures to enable robust ante-mortem to post-
mortem person identification based on the stable and highly individualized morphology of
the sphenoid sinus.

By integrating anatomical analysis with modern computational techniques, this work
aims to establish a foundation for scalable and objective forensic identification systems
based on deep cranial structures.

2. Materials and Methods

To enable the identification of a person using the sphenoid sinus structure, the follow-
ing pipeline (Figure 1) was designed:

Al MODULE
> S .“ . hoﬂ > >
v} » s
1. CT Data 2. Data 3. 3D Model 4.3D 5. Identification 6. Decision
Acquisition Preprocessing Reconstruction Segmentation Making

Raw CT scans Denoising, normalization, 3D surface/mesh Automatic anatomical Patient/anatomical Clinical decision
resampling (STL format) segmentation identification support

Figure 1. Forensic Identification Pipeline.

2.1. Study Design and Ethical Considerations

This study was conducted as a retrospective analysis of anonymized cranial computed
tomography (CT) datasets. All procedures involving human data were performed in
accordance with the ethical standards of the institutional and national research committees
and with the principles of the Declaration of Helsinki (2013 revision).

The study was approved by the Bioethics Committee of Kharkiv National Medical
University (Committee Protocol No. 5, 11 November 2018) and by the Academic Council of
Kharkiv National Medical University (Protocol No. 3, 25 January 2019). The study involved
a retrospective analysis of existing CT scans, with no additional interventions, and all data
were fully anonymized.

Due to the retrospective nature of the study and the use of fully anonymized imaging
data, the requirement for individual informed consent was waived where applicable. For
datasets obtained from collaborating institutions (Municipal Non-profit Enterprise “City
Clinical Hospital for Emergency Medical Services named after prof. O.1. Meschaninov” of
Kharkiv City Council and Merefian Region Hospital), data usage agreements were estab-
lished, ensuring compliance with local data protection regulations and ethical standards.
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All CT scans were irreversibly anonymized prior to analysis, and no personally
identifiable information was accessible to the researchers at any stage of the study.

2.2. Dataset Composition

The study population consisted of 477 adult subjects (238 males and 239 females)
aged 18-95 years who underwent clinically indicated imaging of the paranasal sinuses at
Kharkiv National Medical University and affiliated clinical institutions. Participants were
distributed across the following age groups: 18-44 years (n = 138), 45-59 years (n = 147),
60-74 years (n = 117), 75-89 years (n = 45), and >90 years (n = 30). For the MDCT exami-
nations of the paranasal sinuses, a standardized protocol was used with a slice thickness
of 0.5-2.0 mm, tube voltage of 120 kVp, and automatic tube current modulation (approx-
imately 100-250 mA), reconstructed using a high-resolution bone algorithm with tube
current modulation (approximately 100-250 mA), reconstructed using a high-resolution
bone algorithm with a standard 512 x 512 matrix size. For the CBCT examinations, the
field of view was 13 x 16 cm with isotropic voxels (approximately 0.2-0.4 mm, depending
on the acquisition protocol), optimized for high-resolution visualization of the paranasal
sinuses and craniofacial skeleton.

The resulting masks were stored as binary volumes (foreground = 1, background = 0)
and exported in NIfTT (.nii.gz) format while strictly preserving the original spacing, origin,
and orientation metadata of the CT images. Consequently, the spatial resolution of each
generated mask was completely identical (1:1) to the native resolution of its corresponding
CT scan (e.g., isotropic voxels of 0.2-0.4 mm for CBCT and slice thickness of 0.5-2.0 mm
for MDCT). This exact spatial alignment enabled direct compatibility and full-resolution
processing within downstream deep learning frameworks such as nnU-Net.

All examinations included complete visualization of the sphenoid sinus and met
the predefined image quality criteria. The datasets used for segmentation, identification,
validation, and testing are summarized in Table 1.

Table 1. Dataset distribution across experimental tasks.

Task Dataset Number of Cases
Overall dataset Cranial CT scans 477
Total curated dataset 384
Training 224
Segmentation (nnU-Net) Validation 56
Internal test 68
Independent held-out test 36
e Training 428 models
Identification (GSA-Net) Test 45 models from 42 individuals
Temporal stability assessment Repeated CT examinations 2 patients (4 CT scans) *

* Note: In addition to the primary identification experiments, repeated CT examinations from
two patients (two scans per patient, acquired approximately two years apart) were analyzed to
provide a preliminary assessment of intra-individual temporal stability.

Both imaging protocols were routinely used for clinical assessment of the paranasal
sinuses, providing sufficient spatial resolution for accurate three-dimensional segmentation
and biometric analysis of the sphenoid sinus.

The example of CT is presented in Figure 2. The scans were characterized by heteroge-
neous acquisition parameters, including differences in slice thickness, image resolution,
scanner type, and patient positioning.
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Figure 2. Example of a CT from the dataset.

Therefore, the dataset included CT scans of 473 individuals, representing a wide range
of anatomical variability, imaging conditions, and image acquisition geometry, ensuring the
reliability and generalizability of the developed methodology. In addition, the following
inclusion and exclusion criteria were applied.

Inclusion Criteria: CT scans of the paranasal sinuses; CBCT scans including the sinus
region; Scans acquired from both modern and older-generation CT systems; images with
varying spatial resolution and reconstruction parameters. Exclusion Criteria: Significant
structural alteration of the sinuses, including extensive destruction of sinus walls; Severe
postoperative changes or large surgical defects; Tumors or mass lesions deforming sinus
anatomy; Complete or near-complete obliteration of the sinus cavity; Mycetoma or other
space-occupying lesions; Extreme inflammatory changes with loss of anatomical landmarks;
Mild to moderate mucosal thickening affecting anatomical assessment.

2.3. Data Harmonization and Preprocessing

One of the key technical challenges was the variability of CT data. Differences in
acquisition settings lead to inconsistencies in image intensity and spatial resolution, which
could adversely affect both segmentation and downstream analysis. To ensure comparabil-
ity across heterogeneous CT datasets, as well as compatibility with deep learning-based
segmentation models, a standardized preprocessing pipeline was developed. Slices lacking
valid spatial position information (ImagePositionPatient) or showing inconsistent slice
thickness were excluded from further processing. These slices typically corresponded
to cranial regions outside the anatomical area of interest, and their removal prevented
geometric inconsistencies during volumetric reconstruction. Intensity normalization was
performed using Otsu-based foreground detection to exclude surrounding air from the
intensity statistics. Subsequently, voxel intensities were normalized using percentile clip-
ping (2nd-98th percentile of the foreground voxels), reducing scanner-dependent grayscale
variability while limiting the influence of extreme intensity values and preserving relevant
anatomical structures. In addition, all datasets were spatially standardized by harmonizing
image origin and orientation, ensuring consistency between CT volumes and corresponding
segmentation masks. Voxel spacing in the z-direction was recalculated from the ImagePosi-
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tionPatient coordinates rather than relying solely on the SliceThickness attribute, thereby
preserving the true spatial relationship between adjacent slices. Finally, the processed data
were exported in both DICOM and NIfTI formats [27,28], enabling clinical compatibility
and efficient use in deep learning frameworks such as nnU-Net.

To reduce scanner-dependent variability arising from the use of different CT plat-
forms, all image volumes were subjected to a unified preprocessing workflow, including
voxel spacing harmonization, image orientation standardization, intensity normalization,
and conversion to a common NIfTT representation before training and evaluation. This
preprocessing minimized technical differences between MDCT and CBCT datasets while
preserving anatomically relevant information required for automated segmentation.

2.3.1. Segmentation and 3D Modelling Workflow

Semi-automatic segmentation of the sphenoid sinus was evaluated using two software
environments, 3D Slicer v.5.8.1 and Mimics (Materialise) v.27.0, Leuven, Belgium [17,18], to
generate reference ground truth data for model training. Both platforms were capable of
producing anatomically plausible segmentations; however, notable differences in workflow
efficiency, usability, and practical segmentation quality were observed. While 3D Slicer
required more manual initialization and iterative refinement, Mimics enabled a faster
and more robust workflow through its Dynamic Region Growing functionality, allowing
more consistent separation of the sphenoid sinus from adjacent anatomical structures. In
contrast, it should also be noted that Mimics is commercial software, whereas 3D Slicer is
open-source, making it more widely available for public use.

Based on this comparative evaluation, Mimics was selected as the primary annotation
tool for dataset generation, as it proved more suitable for efficient large-scale creation of
training data. Reference segmentations were generated following a standardized workflow
in Mimics. The annotation process involved an experienced physician and a biomedical
engineer, while challenging cases were reviewed together with the supervising physician
and manually refined where necessary. Accordingly, the final reference masks used in this
study were generated in Mimics by importing the DICOM datasets and applying Dynamic
Region Growing with image-dependent sensitivity settings, shown in Figure 3. Initial
segmentations were subsequently reviewed slice-by-slice in the axial, coronal, and sagittal
planes. Whenever leakage into adjacent anatomical structures or incomplete delineation of
the sphenoid sinus was observed, manual corrections were performed using the editing
and mask-splitting tools. Additional functions such as cavity filling were applied where
appropriate to improve mask completeness while preserving the anatomical boundaries
of the sphenoid sinus. After manual refinement, the binary segmentation masks were
converted into three-dimensional surface models using the standard surface reconstruction
functionality provided by Mimics and subsequently exported as STL files for further
processing. No additional mesh smoothing, remeshing, or geometric post-processing was
applied prior to STL export. Following segmentation, every case underwent a final quality-
control procedure consisting of visual inspection in axial, coronal, and sagittal views as
well as the corresponding 3D reconstruction. Segmentations were assessed for anatomical
plausibility, continuity of the sphenoid sinus cavity, exclusion of adjacent anatomical
structures, and complete coverage of the sinus. Masks showing leakage, discontinuities,
or missing regions were manually corrected before export for downstream processing.
Additional options such as cavity filling were used to improve mask completeness. Where
leakage into adjacent regions occurred, manual refinement and mask-splitting tools were
applied (Figure 4). Final segmentations were visually verified in multiplanar views and 3D
rendering before export for downstream processing.
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Figure 3. Exemplary presentation of the Dynamic Region Grow function in Mimics (Materialise).
Several seed points are used to initially label the sphenoid sinus (and surrounding structures) and
then refine the selection. Grayscale sensitivity at 72%; fill cavities and multiple layer labeling are active.
L (left), R (right), A (anterior), P (posterior), segmented anatomical structure (green), 12 (CT-scan
slice number).
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Figure 4. Exemplary presentation of the Split Mask function in Mimics (Materialise). In some slices,
the sphenoid sinus (blue) and the cut-off (red) are marked, especially in connected parts, and then
the process is automatically completed by Mimics.

2.3.2. Voxelization and Mask Generation

To enable the use of the created segmentations for deep learning, the exported STL
surface meshes were converted into voxel-based binary masks aligned with the correspond-
ing CT volumes. Since the preceding preprocessing steps ensured a consistent spatial
coordinate system between the CT data and STL models, no additional registration or
geometric transformation was required. This ensured voxel-wise correspondence between
CT images and reference masks for supervised deep learning.

Voxelization was performed using a ray-casting approach implemented in Python
with the trimesh library. Rays were cast along the axial direction through the STL surface,
and ordered ray-surface intersections were used to identify voxel intervals located inside
the segmented object. To improve computational efficiency, ray casting was restricted to
the bounding box of each STL model and processed in parallel blocks. Small boundary
corrections were applied at the superior and inferior mesh limits when the STL surface coin-
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cided with the first or last CT slice. These corrections compensated for discretization effects
introduced during surface mesh generation and prevented small gaps at the boundaries of
the voxelized masks.

The resulting masks were stored as binary volumes (foreground = 1, background = 0)
and exported in NIfTI (.nii.gz) format while preserving the original spacing, origin, and
orientation metadata of the CT images. This enabled direct compatibility with downstream
deep learning frameworks such as nnU-Net.

2.4. 3D Segmentation

This is crucial in forensic contexts to ensure absolute certainty regarding the anatom-
ical structure used as a biometric marker. In this respect, CNNs, especially the U-Net
architecture, enable anatomical isolation and consistency of the geometry of the sphenoid
sinus region, and all comparisons refer to the same anatomical entity.

2.4.1. U-Net Architecture and Its Limitations

Initially, a standard 3D U-Net architecture [29] was considered for the volumetric
segmentation task. While the 3D U-Net is a well-established baseline in medical image
segmentation, it requires manual tuning of hyperparameters, network topology, and pre-
processing pipelines tailored to the specific dataset. In our preliminary experiments [30,31],
the standard 3D U-Net struggled with the high anatomical variance in the sinus cavities,
leading to suboptimal geometric precision and training instability. Furthermore, adapting
the architecture to fully utilize the available high-end hardware (e.g., maximizing batch
sizes across multiple GPUs) required complex manual engineering, making it less robust
for generating consistent results.

2.4.2. nnU-Net Framework

To overcome these limitations, we employed the nnU-Net (no-new-Net) frame-
work [32], a self-configuring method for deep learning-based biomedical image segmen-
tation. The nnU-Net automatically adapts its architecture, preprocessing, and training
scheme to the provided dataset, establishing a highly robust and reproducible pipeline. For
our experiments, we utilized the 3d_fullres configuration, which processes the CT volumes
at their original resolution to preserve fine anatomical details of the sinus structures.

Preparing the Dataset

While the overall project dataset continued to expand, a strictly controlled subset
of 384 CT scans was maintained for these specific segmentation experiments. Utilizing
this fixed dataset size was essential to establish a consistent baseline, ensuring fair and
reliable comparisons across the different training configurations during the hyperparameter
optimization phase:

- Phase 1 (No Clean): The initial raw datasets (DS003/DS004) containing original,
partially faulty training images and masks.

- Phase 2 (Clean Baseline): A strictly curated dataset resulting from systematic data
cleaning, where all defective masks were manually removed to eliminate label noise.

- Phase 3 & Final (DS006): The final curated dataset used for advanced hyperparameter
optimization.

To ensure a robust and unbiased evaluation, the 384 scans were strictly divided prior
to any model training. Two distinct testing sets were isolated:

- Internal Testing Set (68 cases): Separated to evaluate the baseline generalization and
parameter tuning during the development phase.
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- Independent Held-out Set/“External” Test (36 cases): A strictly isolated subset re-
moved from the general dataset pool at the very beginning. The network was com-
pletely blinded to this data, serving as an ultimate stress test to verify the final model’s
generalization capabilities on unseen cases.

The remaining 280 scans were utilized for model development and were randomly split
into a training set (80%) and a validation set (20%) to continuously monitor convergence
and prevent overfitting.

To sum up, the dataset underwent several curation stages, reflected in internal dataset
identifiers. DS003 contains newly created expert reference masks; DS004 is a merged
dataset combining masks from multiple sources (an 85/15 train/test split was used at this
stage). During quality review, cases with defective segmentation masks, where the refer-
ence annotation was unreliable or unusable, were identified and removed from the pool,
yielding the cleaned dataset DS006, which was used for all hyperparameter-optimization
experiments reported here. nnU-Net’s built-in 5-fold cross-validation on DS006 partitions
the dataset into five approximately equal folds, each serving once as the validation set. For
hyperparameter optimization, a single fold (fold 0, the default nnU-Net partition) was used,
yielding 240 training and 61 validation cases. The final reported configuration (foreground
oversampling raised to 50%, trained on cleaned DS006) corresponds to Run 7 in internal
experiment tracking.

Optimization of Hyperparameters

Throughout the experimentation phase, we optimized key hyperparameters to maxi-
mize geometric accuracy and stability. As a result, the final optimized configuration (Run 7)
incorporates the following adjustments:

- Foreground oversampling (OS50): To address the class imbalance between the back-
ground and the fine sinus structures, the foreground oversampling was increased
from the nnU-Net default (33%) to 50%. This forced the model to focus on the target
sinus structures in half of the training batches.

- The batch size equals 2, which corresponds to the default configuration.

All segmentation models were trained with nnU-Net v2 (PyTorch 2.8.0+cul28, cuDNN
9.10.2) in the 3d_fullres configuration on a single NVIDIA A100-SXM4 (80 GB) GPU. The
self-configured network was a 7-stage PlainConvUNet (feature maps 32-320) with instance
normalization, leaky-ReLU, and deep supervision, operating on 12 x 384 x 384 patches at
a spacing of 3.0 x 0.386 x 0.386 mm. Optimization used SGD with Nesterov momentum
(0.99) and weight decay 3 x 10> for 1000 epochs of 250 iterations each (batch size 2), with
a polynomial learning-rate schedule (initial Ir 0.01). The loss was the sum of soft Dice
and cross-entropy, applied with deep supervision. Intensities were normalized with nnU-
Net’s CT normalization, on top of our preprocessing (Otsu masking, 2nd /98th-percentile
normalization, 16-bit rescaling); the unmodified nnU-Net default augmentation pipeline
was used. For the best configuration (Run 7), foreground oversampling was raised from
the nnU-Net default of 33% to 50% via a custom trainer (nnUNetTrainer_Oversample50).

Multi-GPU Deployment

To facilitate the massive increase in batch size, a distributed training setup across four
NVIDIA A100 (80 GB) GPUs was deployed. The increased batch size exposed the model
to higher anatomical variance per update step, significantly stabilizing the gradients and
reducing outliers.
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2.5. Person Identification

Segmentation serves to isolate the sphenoid sinus as the anatomically relevant struc-
ture, but it is the subsequent identification step, based on registration and similarity analysis,
that determines whether two sets of scans correspond to the same individual. Without this
step, the evaluation would remain limited to structural extraction, whereas meaningful
forensic interpretation depends on quantifying anatomical correspondence rather than
merely aligning surrounding cranial geometry.

Point cloud-based methods have gained attention for comparing three-dimensional
anatomical structures, using registration algorithms like Iterative Closest Point or learning-
based approaches (e.g., PointNet) [33] to quantify geometric similarity.

GSA-Net-Based Identification

GSA-Net (Geometric Self-Attention Network), introduced by Li et al. [26], was devel-
oped for human identification from CT-derived 3D point clouds of the sphenoid sinus. Its
geometric feature-extraction module combines local and non-local information represented
in Euclidean and eigenvalue spaces, while the neighborhood self-attention module incor-
porates positional information to capture long-range contextual relationships. ArcFace loss
is used to promote intra-class compactness and inter-class separation.

GSA-Net was selected as the identification architecture for the present pipeline because
the original task-specific benchmark directly compared it with PointNet, PointNet++,
DGCNN, GS-Net, PointPN, PointNeXt, CurveNet, Point Transformer, and manual visual
assessment. GSA-Net achieved 99.55% Top-1 and 100% Top-3 accuracy among 220 test
individuals and outperformed the evaluated point-cloud baselines by approximately 3% in
Top-1 accuracy [26]. For additional task-specific context, previous studies reported Rank-1
accuracy of 96.24% for ICP-based matching [34] and 93.94% for MVSS-Net [23], while
geometric 3D-3D superimposition was evaluated using RMS-based separation of matching
and non-matching pairs [35]. Because these studies used different cohorts, acquisition
settings, gallery sizes, and evaluation protocols, their results provide contextual evidence
rather than direct baselines for the present cohort.

In our work, GSA-Net was implemented in PyTorch, Python 3.11, PyTorch 2.11 [36],
and Nvidia A100. Adam was used as the optimizer for 2000 epochs with f; = 0.9 and
32 =0.99, a learning rate of 0.001 with a decay rate of 0.7 every 40 epochs. The minimum
learning rate was set to 1 x 107°. A batch size of 8 was chosen. For all individuals ex-
cept two, only a single CT examination was available. Two individuals had repeated CT
examinations (two scans per individual acquired approximately 5 months apart), which
were used exclusively for the temporal stability assessment. These repeated scans were
not included in the training or testing process and were used solely as a proof-of-concept
validation of the identification approach. No CT scans from the same individual were
distributed across different dataset partitions. Each query was therefore generated by
applying a random rigid rotation to the same CT-derived surface as its unrotated gallery
entry; five rotations were evaluated per model. These rotated point clouds are technical
transformations of the same reconstruction, not independent CT examinations. Conse-
quently, this experiment assesses orientation robustness and same-acquisition closed-set
retrieval rather than identification across independently acquired repeat CT scans. As
proposed in [26] we calculated the cosine similarity distance with the baseline, which is
the query to be identified. The top 3 scores were listed as Top-1, Top-2, and Top-3. A Top-1
match was achieved when the patient’s highest score was the correct point cloud. A Top-3
match was achieved when the patient’s correct match was either the best, second-best, or
third-best score. For the two patients with two CT-Scans and thus two point clouds, a match
was achieved if one of the two correct point clouds was a top-1 or top-3 score, respectively.
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As an outlook, future work will explore an automated shape-similarity pipeline for
sphenoid sinus comparison. Each segmented 3D model is centered at its centroid, and a
fixed number of approximately evenly spaced points are sampled across the surface using
a uniform surface sampling method. The radial distance from the centroid to each sample
point yields a one-dimensional shape signature that is invariant to rigid transformations
and can be compared across models of differing resolution. This approach is conceptually
related to the shape distributions framework of Osada et al. [37], in which surface point
statistics—most notably the distribution of pairwise distances (D2)—are used as compact,
robust signatures for 3D shape retrieval. We plan to evaluate both centroid-based (D1) and
pairwise (D2) variants on our sphenoid dataset and report classification performance in a
follow-up study.

3. Results

This section is structured around three complementary results: the segmentation
accuracy of the nnU-Net model on the primary dataset (Section 3.1) and the identification
of the sphenoid sinus under standard conditions (Section 3.2). Together, these analyses
characterize both the baseline performance of the pipeline and its behavior under conditions
representative of real-world CT data variability.

3.1. Description of the Evaluation Results for nnlU-Net

The segmentation performance of the nnU-Net was evaluated across different dataset
phases and hyperparameter configurations. Performance was quantified using the Dice
Similarity Coefficient (DSC) for volumetric overlap, together with distance-based metrics,
including the 95th percentile Hausdorff Distance (HD95) and the Average Symmetric
Surface Distance (ASSD), to assess boundary accuracy and contour agreement.

The Dice Similarity Coefficient (DSC) is an overlap-based metric used to measure
the volumetric similarity between the predicted segmentation and the reference manual
segmentation. The DSC ranges from 0 (no overlap) to 1 (perfect agreement) and was
calculated as follows: 21Xy

DSC(X,Y) XY (1)
where X represents the set of voxels corresponding to the ground truth (manual segmenta-
tion), Y represents the set of voxels corresponding to the predicted segmentation, | X | and
| Y | denote the total number of voxels in each segmentation mask, and | X NY | indicates
the number of overlapping voxels shared between both masks.

The 95th percentile Hausdorff Distance (HD95) was used to evaluate boundary pre-
cision between the segmented surfaces. Unlike the conventional Hausdorff Distance, the
HD95 uses the 95th percentile of distances, thereby reducing sensitivity to isolated outliers
and noise. The metric was defined as follows:

HD95 = max(dn(S(X),5(Y)),du(S(Y),5(X))), (2)

where S(X) and S(Y) denote the sets of surface points extracted from the ground truth and
predicted segmentations, respectively, and d (A, B) represents the 95th percentile of the
shortest Euclidean distances from all points on surface A to surface B.

The Average Symmetric Surface Distance (ASSD) was used to quantify the mean spa-
tial discrepancy between segmentation boundaries. ASSD computes the average distance
from each surface point of the predicted segmentation to the nearest point on the ground
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truth surface and vice versa, thereby providing a symmetric measure of contour accuracy.
The ASSD was calculated as follows:

ASSD(X,Y) = IS(X)I}LlS(Y)I( Yo d(xs(Y)+ ), d(y,S(X))), 3)

xeS(X) yes(y)

where S(X) and S(Y) represent the extracted surface point sets of the ground truth and

predicted segmentations, respectively; | S(X) | and | S(Y) | denote the total number

of surface points in each segmentation; x and y are individual surface coordinates; and

d(x,S(Y)) represents the shortest Euclidean distance from a point x to the surface S(Y).
The full quantitative results are summarized in Table 2 and Figure 5.

Table 2. Quantitative evaluation of the segmentation models on internal and independent held-out
test datasets across different optimization phases. Values are presented as Mean (Median) + Standard

Deviation.

Test Scenario (Data) Dice Coefficient [%]

HD95 [mm]

ASSD [mm]

Internal Test Data (68 Cases)

Phase 1: Baseline (DS004, No Clean)

Phase 2: Baseline (DS004, Clean)

Phase 3: Intermediate (DS006, Clean + OS50)
Final: Optimized (DS006, OS50, Batch 8)

93.71 (96.37) + 8.03
94.46 (96.62) + 8.30
94.99 (96.77) £ 7.13
94.90 (96.65) + 6.77

2.45 (0.45) + 6.18
1.29 (0.42) + 2.00
1.71 (0.42) 4 5.45
1.36 (0.49) & 1.82

0.42 (0.13) & 0.91
0.25 (0.09) & 0.49
0.35 (0.09) & 1.29
0.24 (0.13) % 0.40

Independent Held-out Set (36 Cases)

Phase 1: Baseline (DS003, No Clean)

Phase 2: Baseline (DS003, Clean)

Phase 3: Intermediate (DS006, Clean + OS50)
Final: Optimized (DS006, OS50, Batch 8)

94.63 (96.29) + 4.63
95.16 (96.73) + 7.15
96.28 (96.73) + 1.97
95.84 (96.34) =+ 2.06

1.51 (0.82) & 2.05
1.14 (0.42) + 1.78
0.71 (0.43) + 0.66
0.97 (0.69) % 0.82

0.25 (0.13) & 0.29
0.21 (0.09) & 0.42
0.14 (0.10) & 0.15
0.17 (0.13) £ 0.15
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Figure 5. Training and validation loss curves. Pseudo dice and pseudo dice moving average curves.

The optimization process yielded the following key observations:

- Impact of data cleaning: Training with the raw, uncleaned datasets (Phase 1) yielded
an internal mean DSC of 93.71%. However, geometric precision was severely compro-
mised by label noise, reflected in a high internal mean HD95 of 2.45 mm. Removing the
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defective masks (Phase 2) immediately stabilized the network, reducing the internal
HD95 error drastically to 1.29 mm.

- Impact of oversampling (peak performance): Applying 50% foreground oversampling
(Phase 3) led to the highest absolute peak performance on the independent held-out
set, achieving a DSC of 96.28% and a precise HD95 of 0.71 mm. However, this ag-
gressive oversampling caused a localized false positive on a single internal image
(SINUS_1620). This temporarily increased the internal mean HD95 to 1.71 mm, indi-
cating a susceptibility to severe boundary outliers, even though the median remained
completely stable at 0.42 mm.

- Final optimization (trade-off for stability): In medical image segmentation, worst-case
outliers are often more critical than marginal gains in average overlap. To counteract
the internal instability observed in Phase 3, the final model combined the cleaned
dataset with 50% oversampling and a batch size of 8. This successfully mitigated
the outlier problem. Internal geometric stability improved significantly (mean HD95
dropped from 1.51 (0.82) £ 2.05 to 0.97 (0.69) =+ 0.82).

3.2. Identification of Sphenoid Sinus
3.2.1. Identification of the Sphenoid Sinus Under Standard Conditions

GSA-Net was trained on 428 3D sphenoid sinus models and evaluated on an indepen-
dent validation set comprising 45 3D models representing 43 individuals; two individuals
contributed two CT examinations each, originating from a total cohort of 473 patients.

For biometric identification under standard conditions, the 3D sphenoid sinus models
were evaluated in a closed-set, multi-candidate matching configuration. Each probe model
was compared against the candidate models in the evaluation gallery, and the resulting
GSA-Net similarity scores were ranked according to their similarity to the probe. The rank
of the correct identity was subsequently used to assess identification performance. The
system achieved a Top-1 identification accuracy of 97.8% and a Top-3 accuracy of 100% (see
Supplementary Material, Results_GSA-Net_identification). Additionally, the Cumulative
Matching Characteristic (CMC) was calculated to further evaluate the identification perfor-
mance and support the previously reported Top-1 and Top-3 accuracies. The CMC results
confirmed the high identification performance, with a Rank-1 identification rate of 97.8%
and a Rank-3 rate of 100%. The CMC remained at 100% for all subsequent ranks, further
supporting the previously obtained Top-1 and Top-3 results.

In our work, GSA-Net was implemented in PyTorch, Python 3.11, PyTorch 2.11 [36],
and trained on an Nvidia A100 GPU. Hyperparameters and training procedure strictly
follow the recommendations of Li et al. [26], the developers of the original GSA-Net. Adam
was used as the optimizer for 2000 epochs with 81 = 0.9 and £2 = 0.99, a learning rate
of 0.001 with a decay rate of 0.7 every 40 epochs. The minimum learning rate was set to
1 x 107°. A batch size of 8 was chosen. The dropout rate was set to 0.5, and 428 individual
3D models of the sphenoid sinus were used to train GSA-Net. 45 additional 3D models
were left out for evaluation purposes.

Figures 6 and 7 illustrate representative genuine and competing candidate compar-
isons. For patient 1112, comparison with the corresponding sphenoid sinus model yielded
a GSA-Net similarity score of approximately 0.8021. Among the remaining gallery can-
didates, the second-highest similarity score was obtained for patient 1193. This example
illustrates the multi-candidate ranking principle, in which the similarity of a probe to
the corresponding identity is evaluated in relation to competing candidate identities in
the gallery.
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Y4
Figure 6. Point Cloud projections for the 3D models of the sphenoid sinus of patient 1112 in blue and
rotated in red. Score provided by GSA-Net~0.8021.
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Figure 7. Point Cloud projections for the 3D models of the sphenoid sinus of patient 1112 in blue and
patient 1193 rotated in red. Score provided by GSA-Net~0.4572.
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Although the obtained identification performance is promising, the biometric eval-
uation comprises only 42 independent subjects and should therefore be interpreted as a
preliminary proof-of-concept rather than as a definitive estimate of population-level foren-
sic identification performance. Furthermore, a fully independent forensic gallery—probe
evaluation would ideally require separately acquired CT examinations of the same individ-
uals, with one examination serving as the gallery sample and an independently acquired
examination serving as the probe. As repeated CT examinations were not systematically
available for the subjects included in the present dataset, this constitutes a limitation of the
current study. Future work will therefore focus on validation using a substantially larger
independent cohort and, where available, longitudinal or repeated CT acquisitions of the
same individuals.

3.2.2. Identification of the Sphenoid Sinus Under Controlled Geometric Perturbation

The resulting transformed 3D models were used exclusively for robustness and sen-
sitivity analysis. Since these perturbed models were derived from the same underlying
3D sphenoid sinus meshes, they were not considered independent biometric samples and
were not interpreted as an increase in the effective size of the biometric evaluation set.
Accordingly, the experiments presented in this section assess the robustness of the identifi-
cation approach to controlled geometric perturbations rather than representing additional
independent forensic identification experiments.

This distinction is particularly relevant to the forensic interpretation of the results.
A fully independent forensic gallery—probe evaluation would ideally require separately
acquired CT examinations of the same individuals, with one examination serving as the
gallery sample and another independently acquired examination serving as the probe.
The controlled perturbations investigated here instead address a complementary ques-
tion: whether the identity-related information encoded by the sphenoid sinus repre-
sentation remains sufficiently stable when the same underlying anatomical structure is
affected by defined variations in segmentation, mesh processing, image resolution, or
centroid localization.

All perturbations were generated in mesh space from 43 post-segmentation STL sur-
faces representing 41 individuals and were applied independently to each original mesh
rather than cumulatively, yielding 43 x 4 x 4 = 688 perturbed queries. Four perturbation
families were evaluated: (i) surface-normal noise, defined as v/; = v; + ¢;n;, where v; and n;
denote the original vertex position and corresponding unit surface normal, respectively, and
e; ~ N (0,02), with o € {0.01,0.04,0.08,0.12} mm; (ii) quadric decimation retaining a frac-
tion g € {0.95,0.90,0.80,0.75} of the original mesh faces; (iii) isotropic mesh voxelization
at pitch p € {0.3,0.4,0.5,0.8} mm, followed by solid-grid filling, marching-cubes recon-
struction, and transformation from voxel-index space to the original physical coordinate
system; and (iv) global translation, defined as v/; = v; 4 t, where t = mu, u ~ Unif (Sz),
and m ~ U(0,r), with r € {0.5, 1.0, 1.5, 2.0} mm. One realization was generated for
each mesh-parameter combination; randomized operations used fixed level-specific seeds.
These operations are synthetic mesh-level stress tests: voxelization does not reproduce
an independent CT acquisition, while global translation assesses positional invariance
rather than error in an internally estimated centroid. Identification performance for each
perturbation family and parameter level is reported in Tables 2 and 3.
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Table 3. Identification accuracy under geometric perturbation.

Mean Top-1 Mean Score Change

Condition n Top-1 Accuracy  Top-3 Accuracy Score vs. Original
Unperturbed source queries 43 100.0% 100.0% 0.887 0.000
All perturbed meshes 688 79.4% 86.8% 0.811 —0.076
Segmentation noise 172 99.4% 100.0% 0.873 —0.014
Mesh resolution reduction 172 95.3% 100.0% 0.833 —0.054
Voxel-size resampling 172 23.3% 47.7% 0.657 —0.230
Centroid localization error 172 99.4% 99.4% 0.883 —0.004

To assess whether the identification model preserves the identity signal after con-
trolled geometric distortion, 43 unperturbed source meshes representing 41 individuals
were evaluated together with 688 perturbed variants. All queries were matched against
the complete gallery of 45 models representing 43 individuals. Each original mesh was
processed through four perturbation families, with four parameter levels per family. Identi-
fication performance was reported as top-1 and top-3 accuracy, following the ranking-based
evaluation strategy used in comparable 3D biometric identification studies.

Because perturbation suffixes were appended to the query identifiers in the re-
sult file, correctness was recomputed by mapping each distorted file back to the iden-
tity label of its corresponding unperturbed mesh. Thus, for example, a query named
1112_noise_0.08mm.stl was treated as a correct identification when one of the returned
candidates had identity 1112.

Under baseline conditions, the 43 unperturbed source queries were identified with
100.0% top-1 accuracy and 100.0% top-3 accuracy (43/43 cases), with a mean top-1 similarity
score of 0.887.

Across all distorted variants combined, top-1 accuracy decreased to 79.4% (546/688),
while top-3 accuracy remained higher at 86.8% (597 /688). The mean top-1 score decreased
from 0.887 for unperturbed meshes to 0.811 under distortion, corresponding to an average
score reduction of 0.076 (see Table 3).

The model remained highly stable under three of the four tested distortion types.
Segmentation noise had almost no effect on the rank ordering of candidates: 171/172
distorted meshes were correctly identified at top-1, and all cases were recovered within the
top-3 candidates. Mesh resolution reduction produced a larger but still limited decrease
in top-1 performance (164/172, 95.3%); however, every mesh was still correctly included
in the top-3 candidate list (see Table 4). Centroid localization error also showed minimal
influence within the tested range, with only one failure at the maximum 2.0 mm offset.

Voxel-size resampling was the dominant source of performance degradation. In
contrast to the other perturbation types, which together retained 98.1% top-1 accuracy
and 99.8% top-3 accuracy, voxel reconstruction reduced top-1 accuracy to 23.3% and top-3
accuracy to 47.7%. This indicates that the descriptor is much more sensitive to surface
changes introduced by voxelization and marching-cubes reconstruction than to small
surface-normal noise, moderate mesh decimation, or global centroid displacement.

The top-3 metric provides additional practical value for a forensic identification work-
flow. Across all perturbed meshes, 51 cases were not ranked first but were still present
within the first three returned candidates. This behavior is relevant because forensic iden-
tification is rarely interpreted in isolation from case context. If external information is
available, such as the set of missing persons or whether a higher-ranked candidate is
already known to be alive or otherwise accounted for, a top-3 candidate list can still support
a targeted and defensible identification workflow.
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Table 4. Top-1 and Top-3 identification accuracy according to perturbation level.

Perturbation Level Top-1 Accuracy Top-3 Accuracy Mean Top-1 Score
Segmentation noise 0.01 mm 100.0% 100.0% 0.871
Segmentation noise 0.04 mm 100.0% 100.0% 0.881
Segmentation noise 0.08 mm 97.7% 100.0% 0.879
Segmentation noise 0.12 mm 100.0% 100.0% 0.860
Mesh resolution 0.95 95.3% 100.0% 0.847
Mesh resolution 0.90 97.7% 100.0% 0.847
Mesh resolution 0.80 93.0% 100.0% 0.818
Mesh resolution 0.75 95.3% 100.0% 0.819
Voxel resampling 0.3 mm 25.6% 60.5% 0.669
Voxel resampling 0.4 mm 18.6% 51.2% 0.640
Voxel resampling 0.5 mm 27.9% 46.5% 0.677
Voxel resampling 0.8 mm 20.9% 32.6% 0.642
Centroid error 0.5 mm 100.0% 100.0% 0.885
Centroid error 1.0 mm 100.0% 100.0% 0.885
Centroid error 1.5 mm 100.0% 100.0% 0.897
Centroid error 2.0 mm 97.7% 97.7% 0.866

At the end of the identification pipeline, a qualified physician performs the final eval-
uation and makes a decision. To support these functionalities and enable the identification
workflow, a web application is currently under development. At present, a database and
APl infrastructure have been implemented for data management and integration of the Al
models developed in this work.

4. Discussion

The combination of CT data preprocessing, accurate and fast creation of 3D models of
the sphenoid sinus, deep learning segmentation, and point cloud-based identification using
GSA-Net enables a robust identification pipeline for person recognition. In practical foren-
sic workflows, the proposed Al framework is intended to function as a decision-support
tool rather than a replacement for forensic experts. Following CT image acquisition, the
automated segmentation model can rapidly delineate the sphenoid sinus and generate
a standardized three-dimensional model. The identification module can then compare
the extracted anatomical features with reference datasets and provide similarity scores or
ranked candidate matches. The final identification decision, however, remains the responsi-
bility of the forensic expert, who integrates the Al results with other available evidence,
including dental records, anthropological findings, DNA analysis, fingerprints, and con-
textual case information. By automating the time-consuming segmentation process and
providing objective quantitative analysis, the proposed system has the potential to improve
workflow efficiency, reduce observer variability, and support more consistent forensic
decision-making, particularly in mass disaster victim identification and humanitarian
forensic investigations.

Moreover, the results achieved in the work at all phases of the pipeline ensure a reliable
identification process.

The training curves and quantitative results in Table 2 demonstrate that the nnU-Net
framework achieved stable and high-quality segmentation performance across all experi-
mental phases, with consistent convergence behavior and no evidence of overfitting. The
progressive improvement from Phase 1 to the final optimized configuration highlights
the critical impact of data quality and training strategy: in particular, data cleaning sub-
stantially reduced geometric errors, as reflected by the marked decrease in HD95, while
foreground oversampling improved sensitivity to fine sinus structures. However, the inter-
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mediate configuration also revealed that aggressive optimization can introduce instability
in the form of outliers, emphasizing the importance of balancing peak performance with
robustness. The final model represents this trade-off effectively, achieving strong Dice
scores alongside improved geometric consistency (HD95 and ASSD), which is particularly
relevant for downstream tasks such as shape-based identification. Overall, the results
confirm that nnU-Net provides a reliable and adaptable framework for segmenting anatom-
ically complex structures like the sphenoid sinus, while also underlining the importance of
dataset curation and balanced training configurations for robust real-world performance.

The results achieved in this study using GSA-net to identify the correct sphenoid
sinus confirm the results shown in Li et al. and thus show that, with proper 3D models of
the sphenoid sinus, an identification is possible. Achieving a Top-1 accuracy of 97.8% is
an impressive result, but it still highlights that there can be mismatches and thus wrong
identifications. The Top-3 accuracy achieved of 100% shows that even when the top match
is wrong, the correct person is still in the top 3 scores. When providing the matching
scores to the proper authorities, additional information about the whereabouts of the other
matches can provide the insights needed to identify the correct match. Accordingly, the
observed 97.8% Top-1 and 100% Top-3 accuracy should not be interpreted as identifica-
tion performance between independently acquired ante-mortem /post-mortem or repeat
CT examinations.

Creating one single 3D model of a sphenoid sinus from a CT scan took about 24 min
for our team. The automated generation takes seconds, thus significantly improving the
time required by a factor of 10, to build a large database for identification purposes and,
finally, the time required for a human to identify the correct person.

A central aspect of the robustness evaluation was the definition of a realistic distortion
envelope, representing the range of variability expected in clinical CT acquisition and
processing. All perturbations were limited to values consistent with imaging standards
and expert assessment of segmentation variability, ensuring that the results reflect practical,
real-world conditions. Within this envelope, the pipeline demonstrated stable identification
performance, indicating suitability for deployment under typical operating scenarios.

This general robustness statement does not extend to the mesh-revoxelization con-
dition, which reduced Top-1 and Top-3 accuracy to 23.3% and 47.7%, respectively. This
finding should not be interpreted as evidence that GSA-Net is intrinsically unsuitable
for CT data acquired at different voxel sizes. The present operation was performed after
segmentation in mesh space: voxelization, solid-grid filling, and marching-cubes recon-
struction replaced the native tessellation with a lattice-derived surface and changed local
geometry, topology, vertex density, and the neighborhoods used for point-cloud feature
extraction. Because GSA-Net relies on local Euclidean and eigenvalue-space features, the
current implementation appears sensitive to this representation shift, even though global
translation and scale are removed by centering and unit-sphere normalization. The result
therefore demonstrates a limitation of the current mesh-based input representation rather
than calibrated cross-scanner or cross-protocol performance. Future work will evaluate
voxel-size robustness at the image level by resampling the original CT volumes to prede-
fined spacings, re-running the same nnU-Net segmentation, reconstructing new meshes,
and then testing GSA-Net with a fixed gallery and deterministic point sampling. This
additional re-segmentation step will distinguish CT-resolution effects from sensitivity to
mesh reconstruction itself.

Among the investigated perturbations, centroid localization error was expected to be
critical due to its role in defining the radial distance-based shape fingerprint. However,
only minimal performance degradation was observed, with nearly all cases correctly
identified even at maximum displacement. This result should be interpreted carefully,
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as the current implementation models centroid error as a global translation, potentially
testing invariance to spatial shifts rather than true sensitivity of the descriptor. Future
experiments should therefore directly perturb the reference point used for feature extraction
to isolate this effect. Although the point clouds are already centered and unit-sphere-
normalized before inference, the present perturbations operate only at the mesh level and
do not capture upstream imaging variability, including reconstruction kernels, intensity
differences, motion artifacts, or repeat CT acquisition. Robustness may be further improved
by standardizing mesh resolution and surface-sampling density, training across multiple
voxel and mesh resolutions, and incorporating geometric descriptors invariant to rotation,
scale, and sampling density. Future work will evaluate these strategies under stronger
stress tests and independent repeat CT examinations. A pre-specified confidence-gated
hybrid could retain GSA-Net as the primary model above a validated confidence threshold
and otherwise fuse or defer to an alternative descriptor or architecture; thresholds and
fusion rules would be fixed on validation data before independent testing.

A detailed analysis of the 2.2% of cases that failed to achieve a Top-1 match revealed
a distinct anatomical pattern of confusion. These failed cases predominantly featured
sphenoid sinuses with relatively small volumes, smooth internal walls, and a lack of
complex septation (typically presenting only a single, simple septum or incomplete septa),
as illustrated in Figure 8. Because GSA-Net relies on geometric features extracted from the
point cloud, sinuses with such simplified morphology yield less distinct spatial signatures,
making them harder to isolate from anatomically similar “neighbors” (see Figure 8).

Figure 8. Example of anatomically similar “neighbors”.

Conversely, geometric perturbations (such as spatial noise and minor centroid shifts)
had a negligible impact on identification accuracy. The only substantial processing limita-
tion was voxel-size resampling. Figure 9 demonstrates the progressive loss of geometric
detail following voxelization at different voxel sizes. Notably, the mechanism of this pro-
cessing failure inherently aligns with the anatomical findings: re-voxelization acts as a
morphological smoothing filter. It erases high-frequency topological details and artificially
simplifies the sinus structure, effectively creating the same geometric similarities observed
in naturally smooth, unseptated sinuses.

In a real forensic workflow, the proposed Al-based pipeline should be considered
a decision-support system rather than an autonomous identification tool. Following CT
acquisition, the sphenoid sinus can be automatically segmented, converted into a 3D point-
cloud representation, and compared with available reference data to generate a ranked list
of potential identity matches together with their similarity scores. This ranking can support
forensic experts by rapidly narrowing the set of candidate identities, particularly when
conventional identification characteristics are unavailable or compromised. Importantly, the
final identification decision should remain with a qualified forensic expert, who evaluates
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the Al-generated candidates in combination with visual assessment of the anatomical
structures, image and segmentation quality, available ante- and post-mortem information,
and other established forensic evidence. Cases characterized by low similarity scores, small
differences between the highest-ranked candidates, or uncertain segmentation should be
explicitly flagged for additional expert review rather than automatically classified.

Original surface Voxel 0.8 mm Voxel 0.3 mm
(continuous) (lower resolution) (higher resolution)

Figure 9. Comparison of the original surface model and its voxelized representations using 0.8 mm
and 0.3 mm voxel sizes.

Future work will focus on validating the proposed approach using multicenter datasets
acquired from different institutions and imaging systems.

It is also important to highlight the lack of external validation in this study. All CT
data were collected from a single institution using 2 CT scanners. Consequently, although
an independent held-out test set was used for internal evaluation, the generalizability of the
proposed framework across different institutions, scanner types, acquisition protocols, and
patient populations has not yet been established. Future studies will focus on multicenter
validation using datasets acquired from diverse clinical settings.

Thus, the proposed system is intended to complement established forensic identifica-
tion procedures by providing standardized, reproducible, and quantitative decision support
while maintaining expert oversight and human responsibility for the final conclusion.

5. Conclusions

This study presented an integrated pipeline for forensic human identification based
on the morphology of the sphenoid sinus extracted from cranial CT imaging. The frame-
work combines a preprocessing stage, semi-automatic reference segmentation in Mimics,
automated 3D segmentation with nnU-Net, and point-cloud-based identification using
GSA-Net. By bringing these components together within a single workflow, the present
work addresses a gap in the existing studies, in which segmentation and identification have
most often been investigated in isolation.

The segmentation experiments, carried out on a curated subset of 384 CT volumes
drawn from a broader cohort of 473 anonymized scans, indicated that the proposed config-
uration of nnU-Net combining systematic data cleaning, 50% foreground oversampling,
and an increased batch size enabled by multi-GPU training produced anatomically plau-
sible and geometrically stable delineations of the sphenoid sinus. On the independent
held-out set, the model reached a Dice similarity coefficient of 96.28% and a 95th percentile
Hausdorff distance of 0.71 mm, suggesting that the approach can cope reasonably well with
the variability of clinical CT acquisitions, although some sensitivity to localized boundary
outliers was still observed.

Using the resulting 3D representations, the GSA-Net-based identification stage
achieved a Top-1 accuracy of 97.8% and a Top-3 accuracy of 100% across 45 models rep-
resenting 43 individuals, evaluated under multiple rotations. These results are consistent
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with previously reported findings and support the view that the sphenoid sinus carries
sufficient individualizing information to be considered a useful anatomical marker in
forensic identification. In addition, replacing manual 3D model creation, which required
approximately 24 min per case, with automated segmentation reduced processing time to
a few seconds, indicating that the pipeline may offer a practical basis for building larger
reference databases under controlled conditions.
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Al Artificial Intelligence

ANN Artificial Neural Network

ASSD Average Symmetric Surface Distance

CNN Convolutional Neural Network

CT Computed Tomography

DSC Dice Similarity Coefficient

GSA-Net  Geometric Structure Analysis Network

HD95 95th Percentile Hausdorff Distance

ML Machine Learning

MRI Magnetic Resonance Imaging

nnU-Net  no-new-Net (self-configuring U-Net framework)
0S50 Oversampling factor 50

PMCT Post-Mortem Computed Tomography

STL Standard Tessellation Language

U-Net Convolutional Neural Network for Biomedical Image Segmentation
3D Three-Dimensional
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