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Abstract—One of the main activities of forensic anthropologists
consists of identifying living or deceased individuals from the
analysis of physiological characteristics. In this context, recent
studies evaluated the possibility of using novel physiological traits.
Furthermore, recent works aim at realizing decision support tools
for forensic scientists based on artificial intelligence techniques.
In our previous work, computer scientists and forensic anthro-
pologists collaborated to design a novel biometric recognition ap-
proach based on non-metric cranial traits, resulting in a 35-digit
representation of these features (referred to as SkullCode). In
this paper, we take a step towards the automated detection of
SkullCode features. Specifically, we explore the possibility of
classifying one of its traits by using deep neural networks. Our
approach involves the extraction of two-dimensional slices from
the skull’s region of interest, followed by a deep neural network
that classifies the presence or absence of the trait. To validate
our method, in collaboration with Italian hospitals, we created
a dataset of 952 annotated samples from 84 individuals. The
best obtained accuracy is equal to 88.87%. This promising result
highlights the potential of our method for real-world applications
and brings us closer to developing a fully automated identification
system based on SkullCode features.

Index Terms—Skull, identification, non-metric cranial traits,
automatic extraction

I. INTRODUCTION

In forensic anthropology, personal identification has fre-
quently relied on qualitative and metric comparisons of
skeletal traits between antemortem and postmortem records,
typically performed by human experts. The human cranium
contains a wide array of anatomical variants known as non-
metric traits [1], such as accessory foramina, bipartite bones,
and sutural variations. Non-metric cranial traits have often
been considered too variable to be used as reliable biometric
features for individual recognition [2]. Nevertheless, recent
advancements in forensic science suggest that, when analyzed

collectively, these traits hold significant potential for biometric
identification [1].

In our previous work [3], we introduced SkullCode, a binary
encoding system for representing the presence of non-metric
cranial traits. SkullCode encodes these traits as a 35-bit binary
string, with each bit corresponding to a specific trait (1 for
present, 0 for absent). This binary string serves as a dis-
criminative feature vector suitable for biometric recognition.
Specifically, a dissimilarity score between two SkullCodes can
be computed using the Hamming distance. In our previous
study, the feature extraction process was performed by forensic
anthropologists through a visual analysis of Computed Tomog-
raphy (CT) scans. This process is therefore time-consuming
and subjective.

Recent studies have demonstrated that artificial intelli-
gence technologies can be effectively used to analyze skeletal
data [4] and to design decision-support systems for forensic
applications [5]. However, to the best of our knowledge, no
studies have yet explored artificial intelligence approaches to
analyze non-metric cranial traits.

In this paper, we propose an automated method for ex-
tracting SkullCode features from CT scans. As a preliminary
study, this paper focuses on a single trait within the SkullCode:
Pneumatization of the crista galli. First, we present a method
for generating labeled datasets using images obtained from
CT scans. Then, we demonstrate how deep neural networks
can effectively be trained to detect the presence of non-
metric cranial traits. Our approach can be extended to classify
additional features, advancing the automation of SkullCode
extraction for forensic identification.

Our contribution is twofold:

1) We propose the first method in the literature for detecting
the presence of non-metric cranial traits from CT scans.
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a)

Fig. 1. Selection of the Region of Interest (ROI): (a) Cropping the area around the feature without considering the surrounding anatomical context may lead to
confusion. (b) Cropping the feature along with key surrounding anatomical structures provides the necessary contextual information for accurate identification.

In our study, we apply the approach (b). Image courtesy of IMAIOS [6].

2) We created a labeled dataset of 952 images extracted
from 84 CT scans by a team of computer scientists and
anthropologists.

This paper is structured as follows. Section II summarizes
the related work. Section III explains the materials and meth-
ods. Section IV details the experiments performed. Section V
concludes the work.

II. RELATED WORK

In the literature, there are relatively few studies on the
automatic identification of global characteristics of the skull.
Among the most commonly studied features are biological sex
and ethnicity, typically derived from three-dimensional (3D)
representations of cranial data. These methods may rely on
projections from different skull views [7], depth estimations
from 3D data [8], or the direct application of 3D neural
networks [9]. Other studies have used craniometric datasets
as input for estimating biological sex [10].

Research on the analysis of local skull regions is also lim-
ited. Some studies have focused on brain tumor detection using
two-dimensional (2D) image slices, primarily obtained from
Magnetic Resonance Imaging (MRI) scans [11]. These studies
frequently employ 2D Convolutional Neural Networks (CNNs)
for classification tasks [12], [13]. In addition, spatio-temporal
models have been explored to track the evolution of features

over time, enabling dynamic and context-rich detection [14].
Other segmentation-focused studies utilize single or multiple
views of regions of interest to improve the segmentation
accuracy, as demonstrated in [13], [15], [16].

Some studies have also addressed skull fracture detection
using 2D slices from CT scans [17], [18]. As an example,
the study presented in [19] employs a slice-based approach to
isolate the skull from surrounding tissues for further analysis.

To the best of our knowledge, no prior work has specifically
addressed the identification of non-metric cranial traits from
2D slices.

III. MATERIALS AND METHODS

We propose a novel automatic method for classifying CT
scan slices of the skull into two categories based on the
presence of a non-metric cranial trait: present (class 1) and
absent (class 0). The method is based on a binary classifier
implemented using deep neural networks, which takes as input
local regions extracted from CT scan slices.

To validate our approach, we created a labeled dataset.
Specifically, an expert anthropologist manually annotated the
CT scans using our custom software, which then extracted
local regions centered on the annotated coordinates.



A. Collection of the CT scans dataset

For the dataset collection, we collaborated with Italian
hospitals to gather a total of 84 CT scans from 84 individuals,
including 44 males and 40 females of unknown ethnicity. The
scans have been performed between 2015 and 2020 [20].

B. Dataset Annotation

The annotation task was performed by anthropologists using
a custom Python-based tool. Each trait was identified within
the scan from a specific view (axial, sagittal, or coronal)
by examining the skull from the appropriate angle. The tool
allows users to load patient data, interactively switch between
views, scroll through slices, zoom in and out, and annotate the
center and bounding box of the trait.

The following traits were annotated:

o Pneumatization of the crista galli,
o Pneumatization of the clinoid processes,
e Pneumatization of the greater wings.

For this preliminary study, only one trait was selected for
classification: pneumatization of the crista galli, as it was the
only feature consistently present in a sufficient number of
patients. Future studies based on a larger dataset are expected
to allow for the inclusion and evaluation of additional non-
metric cranial traits.

The trait pneumatization of the crista galli appears as a
3D cavity in a specific region of the skull located between
the eyes. When CT scans are sliced into 2D images, the trait
presents as a circular-like structure that varies in size and shape
across different slices. However, the skull contains numerous
similar cavities, making it challenging to correctly identify the
trait based solely on appearance.

To distinguish pneumatization of the crista galli from other
cavities, we rely on the consistent wing-shaped bone structure
that surrounds the feature. This anatomical configuration re-
mains constant across slices and provides a reliable reference
for localization.

Because the traits appeared in multiple slices, annotating
each slice individually would have been time-consuming.
Instead, only the first and last slices in which the trait was
visible were annotated. Assuming a roughly spherical shape
for the region surrounding a non-metric cranial trait, it is
reasonable to infer that the trait would also be present in
the intermediate slices. Therefore, we estimated the center of
the region of interest in each intermediate slice by linearly
interpolating between the manually annotated centers of the
first and last slices.

Out of a total of 84 patients, 7 exhibited the trait pneuma-
tization of the crista galli.

C. Creation of the samples

The input samples for the classifier consist of local image
regions automatically cropped from CT slices. These image
crops include contextual information from the surrounding
anatomy to ensure accurate identification of the non-metric
cranial trait. As illustrated in Fig. 1, regions that are too small

TABLE I
SLICES DISTRIBUTION FOR THE CLASS | INDIVIDUALS

Patient ID  Number of slices

2 19
29 11
35 32
40 20
53 11
69 11
70 12

Total 116

do not allow for proper differentiation of the target trait from
other skull cavities of similar shape.

Different procedures were used to obtain samples for class 1
and class 0.

For class 1, we cropped square local regions from the
annotated slices. The center of each crop corresponds to the
annotated center coordinates of the trait. Since the CT scans
were acquired using different equipment and settings, the
crop size was defined as a percentage of the skull width.
Specifically, for the pneumatization of the crista galli, we
extracted square crops with side lengths equal to 35% of the
skull’s width. This percentage was empirically determined to
ensure that both the non-metric cranial trait and its anatomical
context were adequately captured. The complete data acquisi-
tion pipeline for class 1 is illustrated in Fig. 2.

For class 0, we empirically identified a set of skull slices
where the trait could potentially appear if present. To ensure
consistency, we first reoriented the scans, removed black
margins, and extracted slices corresponding to 40% to 65%
of the skull’s depth. The crop dimensions matched those of
class 1, with side lengths equal to 35% of the skull’s width.

Class 1 includes 116 samples obtained from 7 patients,
while class 0 includes 836 samples obtained from 77 patients.
Table I summarizes the number of annotated slices per patient.

Data loading, orientation, and extraction were performed
using the 3D Slicer Python framework [21].

Since the CT scans were acquired using different machines,
the extracted crops for both classes were resized to 224 x 224
pixels.

D. Deep neural networks

The proposed cranial trait detection method employs a
binary classifier that takes a single input image from the
dataset and classifies it as belonging to either class 1 or class 0.
We evaluated different deep neural network architectures, each
pre-trained on large-scale image datasets. The selected models
are designed to accept input images with a resolution of
224 x 224 pixels, which aligns with the dimensions of our
processed data. These networks were originally trained on the
ImageNet dataset [22], which comprises 14,197,122 labeled
images across a wide range of categories.

The considered deep neural network architectures are
AlexNet [9], Vggl6 [23], MobileNetV2 [24], ResNetlS§,
ResNet34, and ResNet50 [25].
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Fig. 2. Overview of the data acquisition pipeline for the class 1 (trait present) samples. (a) Annotation of slices using our custom Python tool, under the
supervision of a forensic anthropologist. (b) Annotation of the feature’s center for each slice in which the feature is visible. (c) Automatic extraction of the

local trait region.

o AlexNet: A pioneering deep CNN with 5 convolutional
layers and 3 fully connected layers, known for winning
the ImageNet competition in 2012.

e VGGI6: A deep CNN with 16 layers, using 3x3 convo-
lution filters and 2x2 max-pooling layers, known for its
simple architecture and high accuracy.

o MobileNetV2: A lightweight CNN that uses depthwise
separable convolutions and inverted residual blocks, de-
signed for efficient mobile and edge device deployment
while maintaining high accuracy.

e ResNetl8: A residual network with 18 layers that utilizes
skip connections to mitigate the vanishing gradient prob-
lem, enabling deeper and more efficient training.

e ResNet34: A deeper version of ResNet18, with 34 layers,
utilizing residual connections to combat the vanishing
gradient problem, allowing for deeper models while
maintaining high training efficiency.

e ResNet50: A deeper residual network with 50 layers,
featuring bottleneck architecture for improved perfor-
mance, enabling very deep networks without degrading
performance due to vanishing gradients.

We chose these networks due to their proven effectiveness
in image classification tasks and their generalization ability
across different datasets.

IV. EXPERIMENTAL RESULTS

This preliminary study aims at assessing whether the pro-
posed method is capable of learning effective feature repre-
sentations. In this section, we present the validation strategy,
training procedure, and obtained results.

A. Validation strategy

A key challenge arises from the spatial proximity of CT
slices from the same patient’s skull. As a result, images from
a single individual tend to be highly similar, which could lead
to overly optimistic performance estimates if such samples are
included in both the training and test sets.

To mitigate this issue, we partitioned the dataset at the
patient level, ensuring that all slices from a given individual
were assigned exclusively to either the training or test set.

Additionally, to address class imbalance and ensure a
representative distribution of samples, we applied stratified
sampling based on class proportions. This approach preserved
the overall ratio of class O and class 1 in each subset.

To evaluate the model’s generalization capability across the
dataset, we employed 7-fold cross-validation. Given that the
dataset includes 7 individuals of class 1, each fold contained
slices from 1 individual of class 1 and slices from 11 individ-
uals of class 0.

B. Training procedure

During the training process, the deep neural networks have
been optimized using the Adam Optimizer, with a learning rate
set to 1x 10~* and a batch size of 512. We experimented with
two versions of the loss function. The first version uses the
standard Binary Cross Entropy, which treats all classes equally
and does not account for class imbalance. In this case, the loss
function calculates the error based on the predictions without
modifying the weights of different classes.

To address the issue of class imbalance, we also explored a
second version of the loss function, where we introduced class
weights. These weights are designed to adjust the importance
given to each class during the training process. Specifically,
we calculated the weights using the following formula:

N
we= T (1)
where w, is the class weight for class ¢, IV is the total
number of samples, K is the number of classes, and N, is the
number of samples in class c.

We evaluated different data augmentation techniques to
enhance the model performance, including histogram equaliza-
tion, Gaussian noise, and horizontal flipping. However, none
of these augmentations led to significant improvements in the
model’s performance, so they were excluded from the final
testing phase.



TABLE II
PERFORMANCE COMPARISON WITHOUT APPLYING CLASS WEIGHTS TO
THE LOSS FUNCTION

Model Accuracy (%) TPR TNR
AlexNet 85.40 0.086  0.961
VGG16 87.71 0.052  0.992
MobileNetV2 86.24 0.017  0.980
ResNet18 84.77 0.147  0.945
ResNet34 88.87 0.121  0.995
ResNet50 87.82 0.086  0.988
C. Results

We evaluated the performance of our method using the fol-
lowing figures of merit: Accuracy, True Positive Rate (TPR),
and True Negative Rate (TNR).

N TP + TN .
ccuracy =
Y T TP+ TN+ FP+FN ’
TP
TPR=—— 3
TP + FN )
TN
TNR= ———— . €]
TN + EP

Where:

e TP (True Positive) is the number of instances where the
model correctly predicts a positive class.

o TN (True Negative) is the number of instances where the
model correctly predicts a negative class.

o FP (False Positive) is the number of instances where the
model incorrectly predicts a positive class when the actual
class is negative.

o FN (False Negative) is the number of instances where
the model incorrectly predicts a negative class when the
actual class is positive.

Table II summarizes the results obtained without applying
class weights to the loss function, while Table III presents the
results with class weights applied.

The comparison between Table II and Table III shows
that applying class weights improves the classifier’s ability to
detect the minority class (class 1), as indicated by an increase
in the TPR across all models. Without class weighting, models
tend to achieve higher overall accuracy and TNR, but at the
cost of significantly reduced performance in identifying class 1
samples. In the absence of class weights, ResNet34 achieved
the highest overall accuracy (88.87%) and TNR (0.995). Using
class weights, models such as MobileNetV2 demonstrated
a significant improvement in TPR (0.910), while achieving
inferior accuracy (74.26%) and TNR (0.720).

These results are encouraging and highlight the importance
of selecting the loss function based on the specific objectives
of the classification task. In scenarios where detecting the mi-
nority class is critical, applying class weights can significantly
enhance model sensitivity at the expense of other performance
metrics.

TABLE III
PERFORMANCE COMPARISON APPLYING CLASS WEIGHTS TO THE LOSS

FUNCTION

Model Accuracy (%) TPR TNR

AlexNet 70.69 0.780  0.700

VGGI16 76.68 0.800  0.760

MobileNetV2 74.26 0910 0.720

ResNet18 82.14 0.410  0.880

ResNet34 71.85 0.530  0.750

ResNet50 86.76 0.390  0.930

V. CONCLUSIONS

This paper presents the first study in the literature focused
on the automatic detection of non-metric cranial traits from
Computed Tomography (CT) scans. Our method represents an
initial step toward the automatic extraction of a feature vector,
termed SkullCode, designed for identity recognition in forensic
applications.

We constructed a dataset of annotated CT scans from 84
individuals. We evaluated our method using 7-fold cross-
validation and compared its performance under two different
loss functions. The best-performing model in terms of overall
accuracy was ResNet34, achieving an accuracy of 88.87%.
Using class weights, MobileNetv2 demonstrated a notable
improvement in True Positive Rate (TPR = 0.910), indicating
enhanced sensitivity to the minority class. These promising
results support the feasibility of automatic detection of Skull-
Code traits from medical imaging.

Future work will focus on expanding the dataset, improving
model architectures, and incorporating additional features to
increase the robustness and generalizability of the SkullCode
framework across diverse populations and imaging conditions.
Furthermore, ongoing research will aim to include data from
various imaging modalities and to annotate and classify a
broader range of non-metric cranial traits.
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