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ABSTRACT: This study presents an advanced method for post-mortem person identification using the segmentation
of skeletal structures from chest X-ray images. The proposed approach employs the Attention U-Net architecture,
enhanced with gated attention mechanisms, to refine segmentation by emphasizing spatially relevant anatomical
features while suppressing irrelevant details. By isolating skeletal structures which remain stable over time compared
to soft tissues, this method leverages bones as reliable biometric markers for identity verification. The model integrates
custom-designed encoder and decoder blocks with attention gates, achieving high segmentation precision. To evaluate
the impact of architectural choices, we conducted an ablation study comparing Attention U-Net with and without
attention mechanisms, alongside an analysis of data augmentation effects. Training and evaluation were performed on a
curated chest X-ray dataset, with segmentation performance measured using Dice score, precision, and loss functions,
achieving over 98% precision and 94% Dice score. The extracted bone structures were further processed to derive
unique biometric patterns, enabling robust and privacy-preserving person identification. Our findings highlight the
effectiveness of attention mechanisms in improving segmentation accuracy and underscore the potential of chest bone-
based biometrics in forensic and medical imaging. This work paves the way for integrating artificial intelligence into
real-world forensic workflows, offering a non-invasive and reliable solution for post-mortem identification.

KEYWORDS: Bone extraction; segmentation of skeletal structures; chest X-ray images; person identification;
deep learning; attention mechanisms; U-Net

1 Introduction

Biometric identification has become a cornerstone in forensic science, enabling the recognition of
individuals in complex and challenging conditions [1]. Traditional modalities, including fingerprints, facial
recognition, and DNA profiling, have demonstrated high accuracy. However, their reliability diminishes in
cases involving advanced decomposition, trauma, or environmental degradation [2]. When the human body
is subjected to severe damage, prolonged decomposition, or exposure to extreme environmental conditions,
many of these modalities fail to provide accurate results [3,4]. For instance, fingerprint recognition becomes
unreliable when the skin is burned or decayed, and facial recognition is ineffective when the face has been
disfigured due to trauma [5,6]. Similarly, DNA analysis is often hindered by contamination or the degradation
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of biological samples [7]. Moreover, methods such as iris or vein pattern recognition are impractical when
the eyes or limbs have sustained irreversible damage. These limitations not only complicate the identification
process but also introduce delays in forensic investigations, particularly when time-sensitive results are
required. In many cases, forensic experts are compelled to rely on multiple biometric modalities to ensure
a more reliable identification, but even this approach may not be sufficient under extreme conditions.
Compounding these challenges is the surge in large-scale fatalities caused by ongoing conflicts, particularly
in war-torn regions such as Gaza, Ukraine, and other countries. The sheer number of casualties, combined
with the catastrophic injuries sustained in these environments, underscores the pressing need for alternative
and more robust identification methods. Given the inadequacies of conventional biometric techniques
in such contexts, researchers have turned their attention to the use of chest X-ray images as a viable
solution for post-mortem identification [8-12]. Chest X-ray imaging has gained increasing attention due
to the structural durability of skeletal features, which remain intact even when soft tissues deteriorate.
Capitalizing on this resilience, researchers have begun exploring computational methods to extract and
analyse skeletal structures for biometric identification. Chest X-ray imaging has gained increasing attention
due to the structural durability of skeletal features, which remain intact even when soft tissues deteriorate.
This makes the use of skeletal features particularly effective in cases of body decomposition, as the soft
tissue is often decomposed or significantly altered, while the skeletal structure remains relatively stable
and provides reliable diagnostic or biometrics information [13-16]. This study presents a novel framework
utilizing the Attention U-Net architecture to achieve precise skeletal segmentation from chest X-ray images,
with the aim of advancing person identification techniques. The Attention U-Net model employs gated
attention mechanisms to selectively highlight anatomically relevant regions while suppressing irrelevant
details, enhancing segmentation accuracy and ensuring the extracted skeletal structures are well-defined
and consistent. By focusing on the stability of bones as biometric markers, especially in post-mortem
scenarios, this approach addresses key challenges faced by traditional methods, offering a reliable and
scalable alternative for identity verification. The proposed framework integrates specialized encoder-decoder
structures with attention gates to refine feature extraction, enabling adaptation to varying image qualities
and anatomical differences. To further evaluate the effectiveness of the proposed approach, we conducted
an ablation study assessing the impact of different architectural choices. Specifically, we compared the
performance of the Attention U-Net with and without attention mechanisms, as well as the influence of data
augmentation on segmentation accuracy. This analysis provides deeper insights into the contributions of
attention-based feature selection and data variability in enhancing model robustness. Extensive evaluations
on curated datasets of chest X-rays demonstrated over 90% precision in segmentation tasks, underscoring
the model’s ability to isolate skeletal structures effectively.

This paper makes the following contributions.

« Introduces a novel framework using the Attention U-Net architecture for precise skeletal segmentation
from chest X-ray images, enhancing the accuracy of isolating skeletal structures.

« Utilizes gated attention mechanisms to selectively highlight anatomically relevant regions while sup-
pressing irrelevant details, improving segmentation precision and consistency.

o Addresses the limitations of traditional biometric modalities (e.g., fingerprints, facial recognition,
DNA) in cases of decomposition, trauma, or environmental degradation by leveraging the durability of
skeletal features.

« Conducts an ablation study to assess the impact of architectural choices, including the role of attention
mechanisms and data augmentation, providing insights into the model’s robustness and performance.

While this study primarily focuses on skeletal segmentation, the extracted bone structures will serve
as a foundation for future research aimed at developing advanced algorithms for person identification
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specially in body and soft tissue decomposition. By combining state-of-the-art deep learning techniques
with medical imaging, this work lays the groundwork for a scalable and privacy-preserving identification
framework, bridging the gap between modern AI applications and practical forensic challenges. The
remainder of this paper is structured as follows: Section 2 presents a review of related works, highlighting
recent advancements in deep learning-based medical image segmentation and biometric identification using
skeletal structures. Section 3 details the materials and methodology, describing the dataset, preprocessing
techniques, model architecture, and evaluation metrics used for bone segmentation. Section 4 discusses the
results and analysis, comparing our proposed attention-enhanced U-Net with conventional segmentation
methods, alongside a detailed performance evaluation. Finally, Section 5 concludes the study by summa-
rizing key findings, discussing potential applications in forensic identification, and outlining directions for
future research.

2 Related Works

Accurate bone segmentation from chest X-ray images is crucial for various medical and forensic
applications. This section reviews existing studies on segmentation techniques, categorizing them into three
primary areas: (1) Classical and Alternative Segmentation Techniques, (2) U-Net-Based Approaches, and
(3) Hybrid and Multitask Models. The objective is to highlight the evolution of segmentation methods, from
traditional approaches to deep learning-based innovations, emphasizing their strengths and limitations.

2.1 Classical and Alternative Segmentation Techniques

Several studies have attempted rib and clavicle segmentation using classical computer vision techniques.
Template-matching methods were employed in [17-19] for rib detection, while a Hybrid Dynamic Program-
ming, Active Shape Model, and Pixel Classification (HDAP) algorithm was proposed in [20] for clavicle
segmentation. Despite their contributions, these approaches struggled with low accuracy and robustness
in complex anatomical structures. To improve posterior rib segmentation, Reference [21] proposed a
fully automated algorithm integrating the Generalized Hough Transform (GHT) and a Bilateral Dynamic
Programming Algorithm. This method improved rib localization and lesion visibility, enhancing computer-
aided detection (CAD) systems for lung nodules. The study reported over 90% of segmented ribs rated as
high quality, demonstrating clinical utility in radiological assessments.

2.2 U-Net-Based Approaches

U-Net and its variants have been extensively used for bone segmentation due to their effectiveness in
capturing fine anatomical details. In [22], a U-Net-based deep learning model was employed to automate the
extraction of bone features from chest radiographs. The model demonstrated strong performance, achieving
an IoU of 0.834, a Dice coefficient of 0.909, a sensitivity of 0.944, and a specificity of 0.895. By improving
segmentation accuracy in forensic applications, this work highlighted the feasibility of using deep learning for
analyzing skeletal structures in post-mortem scenarios. An enhanced approach was introduced in [23], where
a modified U-Net with attention mechanisms was proposed for precise bone segmentation in both X-ray and
DEXA images. The method achieved Dice scores of 0.94 and 0.92 on two different datasets and successfully
classified bone mineral density (BMD) levels into osteopenia, osteoporosis, and normal categories. These
results reinforce the potential of integrating attention-based enhancements in deep learning architectures to
refine bone segmentation accuracy. Else in [24] proposes a novel multiclass teeth segmentation architecture
combining an M-Net-like structure, Swin Transformers, and a Teeth Attention Block (TAB). The Swin
Transformer captures long-range dependencies through self-attention, while the TAB refines segmentation
by focusing on tooth boundaries. The U-Net-like framework, with encoder-decoder skip connections
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and multiscale supervision, preserves spatial information and enhances feature representation. A squared
Dice loss mitigates class imbalance, ensuring robust segmentation. Evaluated on a panoramic teeth X-ray
dataset, the method achieves a Dice Coeflicient of 0.9102, outperforming state-of-the-art approaches and
demonstrating significant potential for improving dental image analysis and applications.

2.3 Hybrid and Multitask Models

To address segmentation challenges such as artifacts and overlapping soft tissues, hybrid deep learning
architectures have been explored. The MDU-Net model introduced in [25] combines multiscale feature
fusion, DenseNets dense connections, and a multitasking mechanism to enhance segmentation perfor-
mance. Evaluated on 88 chest X-ray images using fourfold cross-validation, the model achieved Dice
similarity coeflicients (DSC) of 93.78% for clavicle segmentation, 80.95% for anterior ribs, 89.06% for
posterior ribs, and 88.38% for all bones. However, the study emphasized that the relatively small dataset
size posed a challenge for generalizability. Another hybrid approach was presented in [26], where U-Net
was combined with DeepLab v3+ for segmenting bones in severely unhealthy cases. The model utilized
ResNet50 with an Atrous Spatial Pyramid Pooling (ASPP) block, improving feature extraction and boundary
preservation. Trained on an in-house dataset including healthy and pulmonary disease cases, the model
achieved a Dice coeflicient of 92.68% for clavicle segmentation, setting a new benchmark for abnormal
chest X-ray analysis. Across the reviewed studies, U-Net-based models and hybrid architectures with
attention mechanisms consistently outperformed classical approaches in bone segmentation tasks. However,
challenges such as dataset limitations, overfitting, and segmentation artifacts remain key issues requiring
further investigation. Our study builds on these findings by introducing an Attention U-Net model optimized
for forensic applications, leveraging gated attention mechanisms to improve segmentation precision and
biometric feature extraction from skeletal structures. Additionally, Table 1 provides a comparative overview
of the reviewed segmentation techniques, summarizing their key contributions and performance metrics.

Table 1: State of the art
Studies Year Application Modality used Method Data set Dice
[22] 2024 Skeletal bone Chest X-ray U-Net Data collected from 90.9%
segmentation (ECLOS; Hitachi Medical
Co., Tokyo, Japan)
consisted of 110 PMCT
images
[25] 2020  Skeletal bone Chest X-ray U-Net, DenseNet’s Chest radiograph datasets 88.38%
segmentation dense connections, and labeled by the team,
a multitasking contains 88 cases
mechanism
[21] 2016 Ribs Chest X-ray Database consisted of 93 -

segmentation DR images, collected from

Shanghai United-Imaging

Healthcare Co. (Shanghai,

China) and from GE
Healthcare Co. (Chicago,
1L, USA).
[26] 2021  Claviclesbone  Chest and head U-Net JSRT dataset 93%

segmentation X-ray

(Continued)
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Table 1 (continued)

Studies Year Application Modality used Method Data set Dice
[23] 2022 Ribs Chest X-ray U-Net and DeepLab House Indian dataset of 92.68%
segmentation v3+ healthy and pulmonary

disease cases

(27] 2020 Femur bone X-rays images ~ U-Net with attention DEXSIT and XSITRAY 94%
segmentation

(27] 2020 Lung Chest X-ray U-Net with attention JSRT dataset 97%
segmentation

3 Material and Method

Our study introduces a deep learning-driven approach for bone segmentation in chest radiographs,
leveraging a U-Net architecture augmented with attention mechanisms. The subsequent sections elaborate
on the data preparation strategy, architectural design, training methodology, and dataset specifications. Our
approach is designed to enhance segmentation accuracy and robustness, offering valuable support in forensic
and clinical applications, particularly in postmortem identification scenarios.

3.1 Dataset

Following the methodology outlined in [23], the dataset used for this study was derived from the LIDC-
IDRI dataset. Specifically, an approach based on Hounsfield Unit (HU)-based segmentation was employed
to extract bone structures from CT scans. Bone voxels were identified as those within the HU range of
[300, 700], while non-bone voxels (e.g., soft tissues and air) were assigned a value of —1024 HU, representing
air in CT imaging. From these segmented bone voxels, synthetic 2D “bone X-ray” images were generated,
serving as the target masks for training our model. This technique enabled the creation of a robust set of
synthetic training data consisting of paired synthetic X-ray images (Digitally Reconstructed Radiographs, or
DRRs) and corresponding bone masks, facilitating the effective training of our deep learning model for bone
extraction and enhancement tasks. The dataset comprises 386 images with their corresponding masks. Fig. 1
illustrates a sample chest X-ray image alongside its corresponding mask. The Fig. 1 illustrates a sample of
DRR dataset.

Figure 1: Sample of chest X-ray with mask

3.2 Data Preprocessing

In the preprocessing step of our bone segmentation process from chest X-ray images, we first analyze
the Digitally Reconstructed Radiograph (DRR) dataset to ensure consistency and quality in the input data.
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We then utilize the masks generated by the method in [23] to accurately delineate the bone structures. To
further enhance the quality of these masks, we apply histogram equalization, which improves contrast and
highlights important structural details as shown in Fig. 2. This preprocessing step is crucial as it optimizes the
input data before feeding it into our segmentation architecture, ultimately contributing to a more effective
training process and improved segmentation performance.

Figure 2: Preprocessing results

3.3 Bone Segmentation

In this work, we introduce a deep learning framework for bone segmentation that leverages an attention-
enhanced U-Net architecture. This approach is specifically designed to address the challenges inherent in
segmenting bone structures from X-ray images. X-ray imaging is particularly challenging due to low contrast
between bone and surrounding soft tissue, imaging noise, and complex anatomical variability. Moreover,
precise delineation of cortical and trabecular structures is critical for accurate diagnosis and treatment
planning [28,29]. Our framework overcomes these limitations through a symmetric encoder-decoder
design with skip connections, augmented by attention mechanisms that selectively emphasize relevant
bone features. The encoder systematically extracts hierarchical features while progressively reducing spatial
resolution, thereby capturing both global context and fine structural details. Although skip connections
ensure the preservation of essential spatial information, not all transmitted features are equally informative
for bone delineation. To resolve this, attention gates are integrated into the skip connections. These gates
compute spatial attention masks by fusing contextual cues from deeper layers with the original encoder
features. The resulting masks selectively amplify salient bone structures and attenuate irrelevant background
noise, enhancing the network’ ability to delineate intricate bone boundaries accurately. This attention-gate
mechanism is particularly advantageous in clinical scenarios, where the accurate segmentation of bone
is crucial for orthopaedic surgery, trauma assessment, and diagnostic applications [30]. Furthermore, the
robust extraction of skeletal features enables potential use in biometric applications, where bone structure
can serve as a unique identifier for identity verification. In summary, our attention-enhanced U-Net
framework offers a powerful and resilient solution for bone segmentation in X-ray imaging, facilitating
reliable automated analysis and improved clinical outcomes.

3.3.1 Network Architecture

The proposed architecture comprises three primary components Encoder Blocks, Decoder Blocks, and
Attention Gates as illustrated in Fig. 3.
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Figure 3: The proposed architecture

A. Encoder Blocks

Each encoder block is designed to progressively extract hierarchical features while reducing the spatial
dimensions of the input image. In practice, an encoder block consists of two successive convolutional layers
with a 3 x 3 kernel and ReLU activations, with a dropout layer inserted between them to help mitigate
overfitting. Optionally, a max pooling operation is applied after these convolutions to further reduce the
spatial resolution. The block outputs both the downsampled feature map, used for subsequent encoding, and
the pre-pooled feature map, which serves as a skip connection.

B. Decoder Blocks

The decoder path reconstructs the segmentation map from the compressed representation generated
by the encoder. Each decoder block starts with an upsampling operation that restores the spatial resolution.
The upsampled feature map is then concatenated with the corresponding refined skip connection from the
encoder. This combined feature set is processed through a convolutional block similar to an encoder block
but without the pooling operation to yield a refined output. The upsampling factor is chosen to match the
resolution of the corresponding encoder feature map.

C. Attention Gates

To further improve the quality of the skip connections, attention gates are integrated into the network.
These gates selectively emphasize regions of interest namely, the bone structures while suppressing extrane-
ous background information. Each attention gate receives two inputs: a gating signal from deeper layers of
the network and a skip connection from the encoder. The gating signal is processed using a convolutional
layer with ReLU activation, while the skip connection is downsampled using a similar convolution with a
stride of 2. The outputs of these operations are fused and passed through an additional convolutional layer
with a sigmoid activation function to generate an attention mask. This mask is then up sampled to the
spatial dimensions of the original skip connection and used to filter the skip connection via element-wise
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multiplication. Optionally, batch normalization can be applied to stabilize the refined features. Attention
Gate illustrated in Fig. 4.

Feature map from the
previous decoder layer

Conv2D(3*3, Relu)

Skip connection feature
map from the encoder

—(® °z:::::‘.::‘uu U X

Conv2D(3*3, Relu
Stride =2)

Final Feature Map
Attention Output.

Figure 4: Attention gate architecture

3.3.2 Overall Pipeline

The complete network begins by encoding the input X-ray image through a series of encoder blocks,
which progressively reduce spatial dimensions and extract multi-scale features. The deepest encoder block,
which does not apply pooling, forms a bottleneck that serves as a comprehensive representation of the
input. In the decoding phase, upsampling operations restore the original image resolution, and attention
gates refine the skip connections by filtering out irrelevant features. The refined features are concatenated
with the upsampled decoder features and further processed by decoder blocks, culminating in a final 1 x 1
convolution with a sigmoid activation that produces the bone segmentation mask. This attention-guided
U-Net architecture is ideally suited for bone segmentation in X-ray imaging, where the precise delineation
of fine bone structures is critical for clinical diagnosis and treatment planning. Furthermore, its robust
extraction of skeletal features extends its utility to biometric applications, such as identity verification.
Future work will focus on benchmarking this method against conventional U-Net models and exploring the
integration of additional imaging modalities to further enhance segmentation performance.

4 Experiments & Results
4.1 Experimental Setup and Evaluation

To thoroughly evaluate our proposed U-Net model with an attention mechanism for bone segmentation,
we designed a structured experimental framework. The model was implemented using the Keras library in
Python and executed on Google Colab. The dataset, derived from LIDC-IDRI, consists of 386 X-ray images
paired with corresponding bone masks. The dataset was split into 80% training and 20% validation to ensure
a balanced and reproducible evaluation.

To assess the contributions of the attention mechanism and data augmentation, we conducted a com-
prehensive ablation study with four experimental configurations. The first experiment involved a standard
U-Net trained on the original dataset without the attention mechanism or data augmentation, serving as a
benchmark to evaluate the model’s baseline performance. The second experiment integrated the attention
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mechanism into the U-Net while maintaining the original dataset, allowing us to isolate the effect of attention
on segmentation accuracy. The third experiment applied data augmentation techniques, including rotation,
scaling, contrast adjustment, and horizontal flipping, to expand the dataset from 386 to 3088 images while
excluding the attention mechanism. This setup provided insight into the impact of data augmentation on
the model’s ability to generalize. The final experiment combined both the attention mechanism and data
augmentation, forming our proposed model, to evaluate the potential synergy between these enhancements.
In addition to quantitative evaluation, qualitative comparisons were conducted by overlaying predicted
bone masks on the original X-ray images. This visual assessment highlighted segmentation accuracy and
anatomical consistency, further demonstrating the effects of each experimental variation. Through this
structured ablation study, we systematically analyzed the contributions of the attention mechanism and data
augmentation, ensuring a robust evaluation of our proposed approach.

4.2 Performance Evaluation Metrics

To rigorously assess the performance of our proposed bone segmentation system, we employ a
comprehensive set of evaluation metrics specifically designed for segmentation tasks. These include loss, Dice
coefficient (Dice), and precision, each providing unique insights into model effectiveness. The loss function,
typically binary cross-entropy or Dice loss, quantifies the discrepancy between the predicted segmentation
and the ground truth, serving as a crucial optimization guide during training. While loss tracks model
convergence, it does not fully capture segmentation quality, necessitating additional evaluation metrics. The
Dice coeflicient, defined in Eq. (1), measures the overlap between predicted and ground truth regions. This
metric is particularly valuable in medical imaging due to its robustness against class imbalance. The Dice
score ranges from 0 to 1, where higher values indicate greater alignment between predictions and actual
annotations.

dice = (2> | X Y[)/([x] +]y]) ey

where X represents the set of predicted pixels, Y represents the ground truth pixels, and |X n Y| denotes
their intersection. Additionally, precision, defined in Eq. (2), evaluates the model’s ability to minimize false
positives by quantifying the proportion of correctly predicted positive pixels relative to all predicted positives.
This metric is particularly crucial in medical applications, where false positives can lead to misdiagnoses or
unnecessary interventions.

precision = (TruePositives (TP))/(TruePositives (TP) + FalsePositives (FP)) (2)

To provide a holistic evaluation of the model’s performance, we analyze loss, Dice coefficient, and
precision across multiple iterations. The graphical representations of evaluation loss and precision coefficient
over training iterations are presented in Figs. 3, and 4, respectively. By leveraging these metrics, we ensure
a rigorous assessment of our approach, validating its capability to achieve accurate and reliable bone
segmentation in chest radiographs.

4.3 Results and Discussion

The effectiveness of our approach was assessed through multiple experimental configurations, eval-
uating the impact of both attention gates (AG) and data augmentation (DA) on bone segmentation
performance. Table 2 presents the segmentation results, demonstrating the contribution of each component
to model accuracy and robustness. The baseline U-Net, without any modifications, achieved a Dice similarity
coefficient of 83% and a precision of 87%. While this performance aligns with traditional segmentation
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approaches, the introduction of data augmentation significantly improved generalization, leading to an
increase in Dice score to 89% and a reduction in segmentation loss from 0.21 to 0.19. The integration of
attention gates, without augmentation, resulted in a Dice score of 92%, underscoring the effectiveness of AG
in refining feature selection by suppressing irrelevant regions. The best performance was achieved when com-
bining both AG and DA, reaching a Dice score of 94%, the highest among all configurations. Additionally, this
setup achieved the highest precision (98%) and the lowest segmentation loss (0.06), highlighting its capability
to generate well-defined and accurate segmentation maps. These results demonstrate the complementary
effect of AG and DA. Attention gates dynamically refine feature extraction, enhancing the model’s ability
to focus on relevant structures, while data augmentation further improves generalization and robustness
against variations in image acquisition conditions.

Table 2: Segmentation performance across experimental configurations

Experiment U-Net U-Net + AG
Without DA +DA  Without DA  +DA
Dice 83% 89% 92% 94%
Precision 87% 92% 97% 98%
Loss 0.21 0.19 0.1 0.06

A deeper analysis of the segmentation maps reveals that models incorporating AG exhibit superior
boundary delineation, particularly in complex anatomical regions where bones overlap with soft tissues. The
baseline U-Net struggles with such regions, often leading to over-segmentation or fragmented contours.
In contrast, AG enhances spatial awareness by prioritizing bone structures and suppressing background
noise, contributing to more reliable segmentation. Furthermore, the significant drop in Dice score (from
94% to 83%) when neither AG nor DA is used underscores the necessity of these enhancements for robust
segmentation performance. The high precision achieved with AG also indicates a substantial reduction
in false-positive detections, which is crucial for medical imaging applications where misclassification can
impact clinical decision-making.

Figs. 3 and 4 illustrate the loss and precision curves, respectively. The loss curve demonstrates a
steady decrease during training, converging at lower values for the attention-based U-Net. The precision
curve further highlights the stability and improved performance of the proposed approach, where the
validation precision remains consistently high across epochs. A qualitative assessment is presented in Fig. 5,
showing the predicted segmentation masks compared to the ground truth. The results confirm that AG
enhances the segmentation quality by reducing noise and refining structural boundaries, particularly in
challenging regions of the ribcage. To further contextualize our results, we compare the performance of
our proposed method against state-of-the-art approaches for bone segmentation in chest X-rays. Table 3
provides a summary of related works, highlighting differences in methodologies, datasets, and performance.
Our approach achieves the highest Dice score among the compared methods, outperforming previous
U-Net-based implementations. The DenseNet-based multitasking approach proposed in [18] achieved
88.38%, demonstrating the effectiveness of hybrid architectures, but still falling short of our AG-based
refinement. Similarly, the standard U-Net in [17] attained 90.9% Dice score, but without explicit attention
mechanisms, it lacked the ability to dynamically suppress background artifacts. The best-performing prior
method [24] achieved 93% Dice score, using the JSRT dataset, which is smaller than the DRR dataset used
in our study.
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Figure 5: Training and validation loss curve
Table 3: Comparative analysis with state-of-the-art methods
Studies Year Application Modality Method Dataset Dice
[17] 2024 Bone Chest X-ray U-Net Private (consisted of  90.9%
segmentation 110 PMCT images)
[18] 2020 Bone Chest X-ray  U-Net, DenseNet’s Private (contains 88  88.38%
segmentation dense connections, cases)
and a multitasking
mechanism
[24] 2021 Bone Chest and U-Net JSRT dataset 93%
segmentation  head X-ray
OUR Bone Chest X-ray U-Net with AG DRR dataset 94%
segmentation

Note: The bold highlights the best performance results in the table.

Our results indicate that incorporating attention gates effectively enhances segmentation precision
and structural awareness beyond conventional U-Net implementations. The DRR dataset, characterized
by synthetic yet anatomically accurate representations of bone structure, provides a robust training envi-
ronment, allowing the model to learn fine-grained spatial relationships within chest X-ray images. This
dataset advantage, coupled with the attention-driven feature selection mechanism, enables our approach

to achieve state-of-the-art performance. While these results are promising, certain challenges remain. The
computational complexity of AG-based architectures is higher than standard U-Net models, requiring
additional optimization for real-time clinical deployment. Future research should focus on reducing infer-
ence time while preserving segmentation accuracy, possibly by integrating lightweight attention modules
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or transformer-based mechanisms. Furthermore, while the DRR dataset has been instrumental in train-
ing the model, evaluating the approach on real-world clinical datasets will be essential for assessing its
generalizability across different imaging conditions. In summary, our method advances the field of bone
segmentation in chest X-rays by integrating attention gates, significantly improving segmentation precision
and generalization. These findings pave the way for the development of more robust and interpretable deep
learning models for medical image analysis, with potential applications in automated diagnosis and forensic
identification. The findings of this study have several important implications for both medical image analysis
and future biometric systems. From a clinical perspective, our attention-enhanced U-Net architecture offers
a robust and accurate tool for automated bone segmentation in chest X-ray images, which can assist
radiologists in diagnostics, preoperative planning, or post-mortem analysis. The high precision and reliability
of our model reduce the need for manual annotation and support scalable processing of large medical
datasets. Additionally, the successful extraction of detailed skeletal structures lays the foundation for future
research in skeletal-based person identification, offering a potential path toward non-invasive, privacy-aware
biometric systems. This is particularly relevant in scenarios such as patient re-identification in medical
databases, forensic investigations, or identity identification in cases where traditional biometric modalities
are not applicable. By providing a strong segmentation backbone, our work contributes to advancing both
medical imaging tools and secure, anatomy-based identification technologies.

5 Conclusion

In this study, we proposed an attention-enhanced U-Net for bone segmentation from chest X-ray
images, achieving a Dice score of 94% and a precision of 98%, surpassing conventional U-Net architectures.
By integrating attention gate mechanisms, our approach enhances feature extraction, enabling more precise
localization of bone structures while effectively suppressing irrelevant regions. Compared to standard deep
learning models, our method demonstrates superior segmentation accuracy and interpretability, addressing
key challenges such as anatomical overlap and false-positive detections. Beyond medical imaging, our
findings open new avenues for biometric identification, particularly in postmortem human recognition. The
skeletal structures of the ribs and clavicles, which remain intact even after significant soft tissue degradation,
could serve as unique anatomical markers for identifying individuals in forensic investigations, disaster
victim identification, and missing person cases. This research represents the first stage of a broader effort
to explore the feasibility of using automated bone-based identification in postmortem forensic applications.
Future work will focus on extending this approach by integrating advanced deep learning architectures,
including hybrid models that combine transformers or self-supervised learning techniques to enhance
segmentation performance. Cross-validation on diverse datasets will be critical to ensuring model robustness
across varied clinical and forensic settings. Further investigations will also explore 3D reconstruction
techniques from 2D X-rays to enhance the accuracy of postmortem identification. Moreover, implementing
federated learning frameworks will be explored to facilitate collaborative model training across multiple
institutions while preserving patient privacy and data security. This approach can leverage distributed
datasets without centralizing sensitive medical data, thereby improving model generalization and applica-
bility in real-world clinical and forensic environments. Overall, this study contributes to the advancement of
attention-based deep learning for medical image segmentation, offering a high-performance, interpretable,
and scalable solution with promising applications in both healthcare and forensic biometrics.
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