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 A B S T R A C T

Forensic person identification is critical in accidents and criminal investigations. Existing methods based on 
soft tissue or DNA can be unavailable if the body is skeletonized or charred. Fortunately, bones persist for a 
long time, raising a natural question: can we identify a person using bone data? To address this, we consider 
two fundamental questions: First, which skeletal data should be utilized? Second, what features should be 
extracted for identification, and how? We propose Neural Boneprint (𝖭𝖡𝖯), a novel biometric-like identifier 
fused from cross-modality medical skeletal data, for personal identification. Specifically, we exploit the thoracic 
skeletal data, including chest radiographs (CXRs) and volume-rendered CT (VRT), as an example to explore 
the viability of the 𝖭𝖡𝖯. We present two complementary fusion paradigms grounded in generative contrastive 
learning: (i) an explicit fusion approach that translates between modalities and fuses real/synthetic pairs 
via a dual-reconstruction contrastive network; and (ii) an implicit fusion approach that integrates CXR and 
VRT directly within a diffusion-based generative process, where cross-modal contrastive constraints enforce 
identity consistency without explicit translation or feature concatenation. Both yield a modality-invariant latent 
embedding, the 𝖭𝖡𝖯, which captures person-specific skeletal information while suppressing modality-specific 
artifacts. Evaluated on real clinical data, our framework achieves 90.49% Rank-50 accuracy, substantially 
outperforming prior art. Further experiments with up to 10,000 distractors demonstrate robustness and 
scalability. By unifying explicit and implicit fusion under a common generative contrastive framework, this 
work advances the theory and practice of cross-modality information fusion in medical identity verification. 
The code is available at Neural-Boneprint .
. Introduction

Person identification is critical in forensic investigations involving 
ccidents, disasters, or criminal cases. Historically, scholars have delved 
nto examining diverse forms of biological evidence to facilitate per-
onal identification and authentication. This exploration encompasses a 
ange of biometric indicators, such as deoxyribonucleic acid (DNA) [1], 
aces [2], fingerprints [3], etc.
Nevertheless, in forensics, the identification of a body or corpse 

hat has undergone extensive decomposition, intentional mutilation, 
r incineration presents significant challenges. Soft tissue markers, 
uch as facial features and fingerprints, frequently become non-viable 
r unobtainable for identification under such conditions. Moreover, 

I This article is part of a Special issue entitled: ‘PR_Evolving Multi-View Learning’ published in Pattern Recognition.
∗ Corresponding author.
E-mail address: lvjiancheng@scu.edu.cn (J. Lv).

the extraction of DNA from these compromised remains is markedly 
difficult due to the progressive degradation of genetic material over 
time [4]. Beyond the inherent technical complexities, the identification 
process is further constrained by financial considerations, temporal 
requirements, and the comprehensiveness of existing DNA databases. 
The efficacy of DNA analysis is contingent upon the presence of the in-
dividual’s DNA sequence, or that of close relatives, within the relevant 
databases. Absent prior sequencing and archiving, the identification 
process encounters substantial impediments, illustrating the limitations 
of current forensic methodologies in certain scenarios.

Forensic studies have demonstrated the feasibility of manually iden-
tifying individuals by comparing ante- and post-mortem skeletal imag-
ing materials [5,6]. However, these analyses typically rely on the 
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data mining, AI training, and similar technologies. 
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Fig. 1. When a corpse is deeply skeletonized (highly decomposed, burned, or deliberately destroyed), biological evidence involving soft tissue or DNA is often 
unavailable. We present Neural Boneprints for person identification by taking the thoracic skeleton as an example.
 

expertise of forensic professionals. This naturally raises the question: Is 
it possible to develop methodologies for direct identification of indi-
viduals based solely on skeletal data? To achieve this, two fundamen-
tal questions must be addressed. First, which skeletal data should be 
utilized? Second, what features should be extracted for identification, 
and how?

Modern hospitals routinely archive diverse skeletal imaging data, 
such as low-cost, widely available chest X-rays (CXRs) and high-fidelity 
volume-rendered CT (VRT) scans, creating a rich but heterogeneous 
repository. The core challenge lies not merely in extracting features, 
but in fusing information across these disparate modalities to form 
a coherent identity representation. Unlike standard multimodal tasks 
where sensors capture aligned views [7], CXR and VRT differ drastically 
in anatomy visibility (soft tissue overlap vs. pure bone), acquisition pos-
ture (standing vs. supine), and imaging physics—rendering pixel-level 
or early-feature fusion ineffective.

To this end, we advocate a fusion-centric perspective on medical 
person identification and formulate this task as a latent-level fusion 
problem via generative contrastive learning, where heterogeneous med-
ical observations are projected into a unified identity-consistent repre-
sentation space. We introduce the Neural Boneprint (𝖭𝖡𝖯), a learned 
identity embedding derived through cross-modality information fu-
sion, and present two novel instantiations within a unified Generative 
Contrastive Fusion (GCF) framework: (i) an explicit fusion pipeline 
combining modality translation with latent alignment, and (ii) an im-
plicit fusion approach achieved through joint generative contrastive 
modeling, as illustrated in Fig.  1. Experimental results on clinical data 
demonstrate the effectiveness of 𝖭𝖡𝖯 for forensic person identification. 
In summary, this work makes the following contributions:

(i) We propose a novel perspective on person identification with 
medical image data by introducing 𝖭𝖡𝖯, a learned identifier 
derived from skeletal images. 𝖭𝖡𝖯 serves as a biometric-like 
representation that enables effective cross-modality person iden-
tification, constituting the first solution to medical person re-
identification across imaging modalities, to our knowledge.

(ii) A novel generative contrastive deep learning framework with 
two fusion-centric implementation approaches (explicit and im-
plicit fusion) is presented to extract 𝖭𝖡𝖯s from CXR and VRT 
images of the thoracic skeleton. 𝖭𝖡𝖯 is architecture agnostic, 
allowing its extraction using different networks.

(iii) Experimental results on real clinical data demonstrate the effec-
tiveness of 𝖭𝖡𝖯 in identifying people, achieving a Rank-50 iden-
tification accuracy of 90.49%, significantly surpassing existing 
methods.

Extension Statement. A preliminary version of this work was 
published in ACM MM [8]. The journal extension substantially expands 
upon the original conference paper in several key aspects.
2 
(i) New Method. We propose a novel diffusion-based generative 
contrastive learning approach that performs implicit fusion within
a unified generative process, eliminating the need for explicit 
modality translation. This one-stage method is conceptually 
simpler and still highly effective, improving Rank-50 accuracy 
from 84.79% (conference version) to 86.69%.

(ii) Theoretical Consistency and Framework Generalization. The 
journal version provides a more complete formulation of our 
proposed GCF paradigm, demonstrating how both the explicit 
and implicit approaches serve as theoretically unified instantia-
tions of the same fusion principle for solving this interesting but 
challenging task.

(iii) Enhanced Explicit Fusion Performance. The explicit fusion 
pipeline is significantly improved through refined loss balancing, 
architectural tuning, and extensive experiments. The updated 
version achieves a Rank-50 accuracy of 90.49%, far surpassing 
the conference results.

(iv) Large-Scale Robustness Evaluation. We introduce a new ro-
bustness benchmark using up to 10,000 distractor CXRs from 
the ChestX-ray8 [9], representing a substantially more realistic 
and scalable evaluation setting than the small-scale distractor 
setup in the conference paper. Our method demonstrates strong 
scalability under this challenging evaluation.

(v) Additional Analyses, Visualizations, and Baselines. We pro-
vide deeper discussions of human expert criteria in forensic 
skeletal comparison, introduce several new baselines, and supply 
extensive qualitative visualizations, confirming alignment with 
forensic expert practices and providing deeper interpretability.

2. Related work

Clinical imaging is frequently utilized to retrieve target categories 
or verify patient identity [10,11] for robust medical data archiving. Ad-
ditionally, comparing antemortem and postmortem imaging is widely 
applied in the identification of human remains [12].

Traditionally, forensic identification relies heavily on the manual 
comparison of antemortem and postmortem records. This includes 
analyzing dental radiographs [13], utilizing head and neck CT/MRI 
scans [6], and visually assessing full CT images [12], though the 
requisite number of concordant traits lacks consensus. Other man-
ual approaches examine specific skeletal structures like clavicles and 
vertebrae [14] or fuse postmortem CTs with antemortem chest ra-
diographs (CXRs) [15]. Ultimately, these manual methods are labor-
intensive, require extensive domain expertise, and are challenging to 
deploy on a large scale. Recent automatic methods attempt to address 
these limitations but remain inadequate. Early cross-modal matching 
between antemortem CXRs and postmortem CTs using hand-crafted 
features [16] or Discrete Fourier Transform [17] yields unsatisfactory 
performance and relies on extremely small datasets.
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Concurrently, CXR re-identification has gained traction for pa-
tient archival purposes [10,11,18]. While identifying individuals solely 
through CXRs appears straightforward, existing methods rely heavily 
on the presence of soft tissues and internal organs, rendering them 
unsuitable for skeletal matching. In forensic scenarios, postmortem 
organ decomposition severely disrupts visual comparisons, and for fully 
skeletonized remains, organ-based features become entirely invalid and 
misleading.

3. Motivation

In this paper, we aim to explore a seldom-exploited yet fundamental 
observation: bones typically endure for an extended period, either within 
corpses or skeletons. We assume that there is an implicit feature 𝑏𝑜𝑛𝑒𝑝𝑟𝑖𝑛𝑡
in bones, similar to palmprints and fingerprints, which encodes identity 
information and is widely present in skeletons and skeletal data.

3.1. Which bones? Thoracic skeleton

It is worth noting that not all bones on the skeleton can be a suitable 
candidate for large-scale person identification. Those available bones, 
such as vertebrae and skulls [14,19], contain identifiable boundaries 
and rich morphology that varies from person to person. In brief, effi-
cient skeleton-based person identification requires the skeletal data (i) 
to contain identifiable boundaries and distinct morphology, and (ii) to 
be easily collected and organized in a large-scale matching pool.

While it is commonly acknowledged that human faces and skulls 
contain identifiable features [19], we seek to investigate overlooked 
aspects of the skeletal structure that may also hold valuable identity 
information, and the thoracic skeleton serves as an apt example for 
this purpose. Thoracic skeletons, comprising ribs, vertebrae, and ster-
nums [20,21], have been employed as manual comparison materials 
to estimate sex and age due to complex morphology and distinct 
visual individual differences. Consequently, this paper will explore the 
thoracic skeleton data to learn thoracic boneprints, thereby expanding 
the toolkit available for forensic identification.

3.2. Which thoracic skeletal data? VRT & CXR

Forensic pathologists are often required to preprocess computed 
tomography (CT) images by volume rendering technology (VRT) [22] 
to obtain VRT images for analytical studies. For the corpse, chest VRT 
enables the generation of a clear thoracic skeleton, thus avoiding the 
potential confounding effects of soft tissue and organ decomposition 
on skeletal observation. However, it is impractical to construct an 
adequate pool from VRT images. That is, not everyone has had a CT 
scan because the use of CT increases the risk of radiation-induced 
cancer [23], resulting in a paucity of VRT images. As a result, it is 
unlikely that there is a pre-stored CT image to compare with a query 
VRT image of an unnamed corpse.

Fortunately, the chest X-ray (CXR) is a routine and cost-effective 
component of the physical examination. For example, in industrialized 
countries, about 238 CXRs are acquired annually per 1000 people [24,
25]; in the U.S. alone, 129 million CXRs were taken in 2006 [26]. The 
CXR is often the initial imaging study acquired and remains pivotal 
to the screening, diagnosis, and management of a broad range of 
conditions, with numbers likely higher post-COVID-19.

More importantly, CXR images typically contain all the skeletal 
elements [27] of the chest and their identities. This illustrates that 
CXRs can constitute a substantial repository for the identification of 
thoracic skeletons. Simply using CXRs or synthetic CXRs of corpses 
may be proposed. However, for corpses that are not fully decom-
posed, the decomposition and expansion of organs and soft tissues 
can significantly impact observation and comparison. Furthermore, for 
skeletonized corpses, the simulated soft tissues and organs in synthetic 
CXRs can be misleading and thus unsuitable for analysis. The question 
then becomes: How to exploit the vast amount of CXR data and intro-
duce its rich identification information into the small VRT data? Can 
we learn boneprint from CXR and VRT images, and how?
3 
3.3. Where do forensic experts focus on the CXR and VRT images? Mor-
phology & boundary

CXRs contain more anatomical structure overlaps, while VRT im-
ages only contain skeletons. Manual methods comparing these imaging 
materials from antemortem and postmortem [5,12,14] are usually fo-
cused on the overall skeletal morphology and boundaries, as labeled in 
Fig.  2(a).

For the same person, some skeletal details are strikingly similar: the 
boundaries and curvatures of each rib in the VRT image are almost 
identical to those in the CXR. However, the whole structure is slightly 
different. This is because the VRT image and the CXR not only belong 
to different domains but are also taken in different postures and at 
different times.

When patients take the CXR, they stand up and hold their arms flat 
with normal breathing. During the VRT image, they lie flat on the plate 
and raise their arms upward with deep breathing. The different states 
lead to the deformation of the whole structure of the thoracic skeletons, 
as shown in Fig.  2(b), which makes the thoracic skeletons in CXRs and 
VRT images not strictly pixel-level mapping but potentially non-linear 
stochastic mapping.

Furthermore, VRT images and CXRs from two individuals with 
similar overall thoracic skeletal morphology are presented in Fig.  3. 
Although this resemblance may initially obscure contrasts, a closer ex-
amination reveals subtle variations in chest contours and rib boundary 
details. Notably, even within skeletons exhibiting overall similarity, 
these minute distinctions are present. The disparities can be expected 
to be more prominent in the thoracic skeletons displaying significant 
morphological differences.

3.4. Challenges

To answer these questions, several challenges related to skeletal 
data (VRT, CXR) need to be addressed. The main challenges can be 
categorized as follows:

(i) Single Shot. There is a notable imbalance in the availabil-
ity of image types, with VRT images being relatively scarce 
and sparsely distributed compared to the abundant and densely 
available CXRs. This disparity poses significant challenges for 
data handling and analysis [28]. Furthermore, our dataset con-
tains only 2 images per category (a single CXR-VRT image 
pair per individual, single shot), which limits the extraction of 
reliable boneprint features.

(ii) Large Intra-Class Variation. The considerable modality gap 
between VRT images and CXRs results in significant intra-class 
variation. CXRs, in particular, exhibit complex overlaps of var-
ious anatomical structures, unlike VRT images that predomi-
nantly display skeletal features. Additionally, the varied postures 
during imaging lead to bone deformation, further complicating 
the analysis.

(iii) Small Inter-Class Difference. The subtlety of thoracic skeletal 
differences between individuals poses a formidable challenge. 
Unlike other identification tasks where inter-class features are 
more distinct, the skeletal features in our case are less con-
spicuous, sometimes barely discernible to the human eye. Com-
pounding by the physiological similarities in rib numbers and 
orientations shared among humans makes differentiation based 
on these features challenging.

Overcoming the aforementioned challenges requires sophisticated 
approaches to image processing, data analysis, and feature extraction. 
The next section will introduce novel generative contrastive deep-
learning approaches to solve these challenges and learn 𝖭𝖡𝖯s for iden-
tification.
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(a) 

  
(b) 

 

Fig. 2. (a) When comparing the CXR with the VRT image from the same individual, we focus on the overall skeletal morphology (red), the boundaries (orange 
and blue), the width of ribs (orange and blue bidirectional arrows), and the inter-rib space (orange to blue gradient bidirectional arrows). (b) The different 
respiratory states lead to the deformation of the thoracic skeletons.
Fig. 3. VRT images and CXRs from two individuals with similar thoracic skeletal morphology. In Individual #1, the fourth left rib (blue solid line) aligns with 
its VRT counterpart (orange solid line) through rotation alone, consistent with a rigid transformation between CXR and VRT. In contrast, the thoracic skeletons 
as a whole do not achieve alignment under rigid transformations, exhibiting clear non-rigid discrepancies between the two imaging modalities.
Fig. 4. The VRT images (blue dot) are sparsely distributed (𝑃VRT, gray dashed line) while the CXRs (orange dot) are densely available (𝑃CXR, orange solid line). 
An explicit generative contrastive approach learns identity-based cross-modal mappings, enabling data complement [29] to obtain the modality-invariant 𝖭𝖡𝖯. 
The VRT2NBP module extracts 𝖭𝖡𝖯s from VRT images.
Source: Adapted from [8].
4. 𝗡𝗕𝗣 learning via generative contrastive fusion

We formulate person identification from skeletal images as a cross-
modality information fusion problem, where the goal is to integrate 
complementary identity cues from CXR and VRT into a single, discrim-
inative representation, the 𝖭𝖡𝖯. Recognizing that fusion can occur at 
different levels of abstraction, we propose two strategies:

(i) Explicit Fusion: A two-stage pipeline that bridges the modality 
gap via bidirectional translation, and fuses real and synthetic 
views in a shared latent space.

(ii) Implicit Fusion: A one-stage end-to-end approach that performs 
fusion not through architectural modules, but through a uni-
fied generative-contrastive objective, where identity consistency 
across modalities is enforced during diffusion-based synthesis.

Both approaches instantiate the broader principle of GCF: using 
generation to model modality variation and contrastive learning to 
distill invariant identity signals. In this paper, let 𝑥 and 𝑦 be the VRT 
image and CXR image.
4 
4.1. Explicit fusion pipeline (two stage method)

In medical examinations and data collection, the number of CXRs 
is more than that of VRT images due to less radiation and a lower 
price, which makes a dense CXR distribution and the VRT images being 
sparsely distributed. Hence, in our two-stage method, we treat those 
individuals with only one modality as incomplete data [30] and aim 
to achieve cross-modality identifiable completion. Then, obtain a fused 
unique feature which unifies identity consistency of both modalities, 
similar to biometrics but data-driven, named 𝖭𝖡𝖯, as illustrated in Fig. 
4.

Therefore, in the following sections, we will provide a comprehen-
sive description of our explicit fusion 𝖭𝖡𝖯 algorithm, as shown in Fig. 
5.

It contains three modules: (1) Cross-modality Translation. Images 
are translated into each other’s modality to bridge the modality gap 
and enhance data completeness. (2) Cross-modality Fusion. A dual 
reconstruction network with contrastive learning fuses fine-grained 
representations and optimizes inter- and intra-class distances to extract 
𝖭𝖡𝖯s. (3) 𝖭𝖡𝖯-Bank construction. An 𝖭𝖡𝖯 Bank is constructed from 
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Fig. 5. Explicit fusion pipeline. Top: Query phase. For a query skeletal corpse, we obtain the query 𝖭𝖡𝖯 from the query skeletal data (VRT image) in the 𝖵𝖱𝖳𝟤𝖭𝖡𝖯
process. Then match the query 𝖭𝖡𝖯 with the nearest one in the 𝖭𝖡𝖯 bank. Bottom: Training phase of the cross-modality translation and cross-modality fusion 
modules, and construction of the 𝖭𝖡𝖯 bank via the 𝖢𝖷𝖱𝟤𝖭𝖡𝖯 process. Translated CXR/VRT denotes synthetic images generated from VRT/CXR, respectively.
Source: Adapted from the conference version [8].
 

Fig. 6. Model the processes of 𝑝(𝖢𝖷𝖱|𝖵𝖱𝖳) and 𝑝(𝖵𝖱𝖳|𝖢𝖷𝖱) to build the shared 
latent space.

CXR data. Query VRT images are matched against 𝖭𝖡𝖯s in the bank 
for identification. Two domain translators are denoted as 𝖳𝑥𝑦 ∶ 𝑥 → 𝑦
and 𝖳𝑦𝑥 ∶ 𝑦 → 𝑥. The algorithm ultimately outputs a 𝖭𝖡𝖯 through a 
fusion network 𝖥, represented as 𝖥 = 𝖭𝖡𝖯(𝑥, 𝑦).

4.1.1. Cross-modality translation
The primary obstacle in converting between VRT images and CXRs 

is the notable differences in anatomical structures and the distortion 
of the thoracic skeleton. This creates a significant gap between the 
two modalities that cannot be effectively bridged by straightforward 
unidirectional translation methods [31].

From a probabilistic view, unidirectional methods focus solely on 
𝑝(𝖢𝖷𝖱|𝖵𝖱𝖳) or 𝑝(𝖵𝖱𝖳|𝖢𝖷𝖱), preventing exploration of the intricate 
semantic relationships between VRT images and CXRs. To address this, 
we propose a bidirectional process, simultaneously learning from VRT 
to CXRs and vice versa. By deliberately aligning their intermediate 
latent variables in terms of distribution, we establish a preliminary joint 
latent space between VRT and CXRs, denoted as 𝑝(𝖵𝖱𝖳,𝖢𝖷𝖱), as shown 
in Fig.  6.

Specifically, we employ two transformation networks to model the 
processes of 𝑝(𝖢𝖷𝖱|𝖵𝖱𝖳) and 𝑝(𝖵𝖱𝖳|𝖢𝖷𝖱) separately. Furthermore, an 
extra 𝓁2 loss penalty is adopted to maintain fine-grained personally 
identifiable information. The real VRT image is paired by identity with 
the CXR image at the semantic level, so the translated VRT image 
should be identical to the original VRT image due to the individual 
identity. In this manner, translated images can be ensured to hold the 
same identity information as the original. It can also be viewed as 
sampling in the vicinity of the true image in manifold space.

4.1.2. Cross-modality fusion
Following the translation, we obtain an image pair (real, translated) 

for each individual. Given the design of preserving identity, the trans-
lated distribution is already close enough to the real in the identity 
manifold, allowing us to treat them as equivalent.
5 
We employ a dual-input reconstruction network based on con-
trastive learning to fuse distinguishable skeletal representations to the 
latent embedding layer 𝖥. It maps each VRT-CXR image pair to a 
joint latent embedding in a manifold space where identity informa-
tion is the primary constraint [2]. It contains a VRT encoder–decoder 
module, a CXR encoder–decoder module, and a latent fusion module. 
Each encoder–decoder module reconstructs real or translated images 
to learn latent fine-grained skeletal representations, which are then 
fused into 𝖭𝖡𝖯s. We compute the mean squared error (MSE) between 
reconstructed and original images in the pixel space to refine better 
learning of fine-grained identical latent features. We apply contrastive 
loss [32,33] on the fused embeddings of real, translated, and the other’s 
real image pairs to minimize intra-class distance while maximizing 
inter-class distance. During training, the encoder–decoder and latent 
fusion modules are jointly optimized. In the application phase, we 
retain only encoders and the latent fusion module with weights frozen, 
discarding the decoders.

4.1.3. 𝖭𝖡𝖯-Bank construction
The main idea is that CXRs are widely available and identity-rich, 

while VRT images are common for skeletal remains. This process aims 
to develop an identification function 𝖨𝖣(𝑥) for efficient identification 
using CXR databases. Given a CXR database, we process the following 
3 steps:

(i) Modality Unification: All CXRs {𝑦𝑖} are first translated into VRT 
images {𝖳𝑦𝑥(𝑦𝑖)} using a translator 𝖳𝑦𝑥.

(ii) Joint Embedding Generation: CXR-VRT image pairs {(𝖳𝑦𝑥(𝑦), 𝑦)}
are mapped via 𝖥 to joint latent embeddings (𝖭𝖡𝖯𝗌) that capture 
cross-modal relationships, incorporating identity information.

(iii) 𝖭𝖡𝖯-Bank Creation: The 𝖭𝖡𝖯-Bank, denoted as , is constructed 
as a searchable table with embeddings as keys and identities as 
values: 
 ≜ {(𝖪𝖾𝗒 = 𝖥(𝖳𝑦𝑥(𝑦𝑖), 𝑦𝑖),𝖵𝖺𝗅𝗎𝖾 = 𝖨𝖣(𝑦𝑖))}. (1)

4.2. Implicit fusion approach (one-stage method)

Unlike explicit fusion with translation modules, our one-stage method
implicitly integrates modalities via diffusion-based generation and con-
trastive learning. It trains a diffusion model conditioned on identity 
to produce modality-consistent samples, while a contrastive loss aligns 
embeddings of the same person across CXR and VRT in the latent 
space. Fusion emerges from joint optimization, no explicit translation 
or concatenation, learning a unified identity manifold that preserves 
skeletal signatures despite modality-specific distortions.

We thus interpret this approach as implicit cross-modality fusion, 
where information integration is achieved through shared generative 
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Fig. 7. Leveraging the consistency of skeletal identity information, we model all images of an individual within a single modality, which can be potentially 
influenced by time 𝑡 and noise 𝜖, as samples from a Gaussian distribution centered at the observed image. Contrastive learning is then applied to optimize feature 
distances, encouraging maximal similarity among intra-individual samples and minimal similarity across inter-individual ones.
dynamics and contrastive alignment, rather than handcrafted fusion 
layers.

Ideally, each individual could possess multiple original scans across 
both modalities. The skeletal biometric identity information, i.e., NBP, 
involved in these images enables them to follow an individual-specific 
distribution 𝑝. Specifically, while an individual may undergo numer-
ous CXRs, the skeletal identity features remain invariant across these 
images. If pathological conditions are absent, these images will gener-
ally maintain high consistency, with thoracic skeletons exhibiting only 
minor deformations constrained within the developmental homeostasis 
and biomechanical constraints.

Therefore, for those individuals who have only one image, if we 
let 𝑦𝑖 represent the collected single CXR of the 𝑖th individual, their 
multiple-shot CXR distribution can be denoted as: 
𝑝(𝑦̂𝑖|𝑦𝑖) =  (𝝁(𝑦𝑖),𝝈2(𝑦𝑖)), (2)

where 𝑦̂𝑖 represents the other CXRs that have been taken or are po-
tentially not taken. Similarly, for the VRT modality, the distribution 
is 𝑝(𝑥̂𝑖|𝑥𝑖) =  (𝝁(𝑥𝑖),𝝈2(𝑥𝑖)). Due to the consistency of identity in-
formation contained in the images, the image distributions of the 
same individual across different modalities should be more similar. 
In contrast, image distributions of different individuals should show 
greater disparity, even within the same modality. Consequently, the 
optimization objective should be as follows: 

min
𝑚∈
∑

𝑖≠𝑗
[𝐾𝐿(𝑝(𝑦̂𝑖|𝑦𝑖)‖𝑝(𝑥̂𝑖|𝑥𝑖)) −𝐾𝐿(𝑝(𝑚̂𝑖|𝑚𝑖)‖𝑝(𝑚̂𝑗 |𝑚𝑗 ))], (3)

where  = {𝑥, 𝑦}, 𝑖, 𝑗 for different individuals. However, the distribu-
tions 𝑝(𝑦̂𝑖|𝑦𝑖) and 𝑝(𝑥̂𝑖|𝑥𝑖) with their variances are intractable, although 
we can simply regard 𝑦𝑖, 𝑥𝑖 as their means, respectively.

Hence, as illustrated in Fig.  7, we design a one-stage method in-
spired by the diffusion models [34]. In the diffusion process, each 
noisy CXR image of step 𝑡 with added noise 𝜖 can be regarded as a 
sampling from the distribution 𝑝 derived from clean images, which can 
be formulated as follows: 
𝑦̂𝑡𝑖 = 𝝁(𝑦𝑖) + 𝜖(𝑡)𝝈2(𝑦𝑖), 𝜖 ∼  (0, 𝐼). (4)

Similarly, for noisy VRT images, it can be formulated as 𝑥̂𝑡𝑖 = 𝝁(𝑥𝑖) +
𝜖(𝑡)𝝈2(𝑥𝑖), 𝜖 ∼  (0, 𝐼). Since both clean and sampled images contain 
unique identity information, when the encoder–decoder in the diffusion 
model predicts the noise added at step 𝑡, the features output by the 
encoder 𝖤 should also encapsulate this unique identity information to 
form the proposed NBP, i.e., 𝖭𝖡𝖯 = 𝖤(𝑚̂𝑡

𝑖, 𝑡), 𝑚 ∈ . In this way, besides 
the original MSE loss of the noise in the diffusion model, we can adopt 
the contrastive loss of NBPs from the VRT image, CXR, and others’ 
CXRs to optimize the intra- and inter-class distances as a surrogate 
objective for maximizing distributional similarity within individuals 
and disparity across different individuals.

For the construction of NBP Bank , we employ only the trained 
encoder 𝖤 to obtain NBPs from clean CXR images: 
 ≜ {(𝖪𝖾𝗒 = 𝖤(𝑦𝑖, 𝑡),𝖵𝖺𝗅𝗎𝖾 = 𝖨𝖣(𝑦𝑖))}, (5)

where 𝑡 is discretionary, and the experiments show that 𝑡 is not signif-
icantly correlated with performance.
6 
4.3. Query inference: Identification of persons with NBP

For both fusion approaches, the NBP can be derived from either a 
CXR or a VRT image, enabling bidirectional retrieval. In the explicit 
method, we use the appropriate translator to obtain a paired represen-
tation; in the implicit method, the encoder directly processes the input 
regardless of modality. In particular, given a query VRT image 𝑥, we 
proceed as follows.

For the two-stage method:

(i) Modality Translation: Translate the query VRT image 𝑥 into its 
corresponding CXR representation, denoted as 𝖳𝑥𝑦(𝑥).

(ii) Joint Embedding Generation: Map the image pair (𝑥,𝖳𝑥𝑦(𝑥)) to a 
joint latent embedding, i.e., 𝑧 = 𝖭𝖡𝖯 = 𝖥(𝑥𝑖,𝖳𝑥𝑦(𝑥𝑖)).

For the one-stage method:

(i) Embedding Generation: Map the query VRT image 𝑥 to a latent 
embedding, i.e., 𝑧 = 𝖭𝖡𝖯 = 𝖤(𝑥, 𝑡), where 𝑡 is the same as the 
constructed NBP Bank .

Finally, we can identify the individual associated with 𝑥 by per-
forming a nearest neighbor search in the reference NBP bank . This 
involves determining the 𝖭𝖡𝖯 ∀𝑧𝑖 ∈  with the minimum distance 𝑑 to 
𝑧, i.e. 
ID(𝑥) = argmin

𝑖
𝑑(𝑧, 𝑧𝑖). (6)

4.4. Unified perspective of obtaining 𝖭𝖡𝖯 via GCF

To consolidate the two fusion strategies introduced above, we pro-
vide a concise information-theoretic view [35] that unifies both imple-
mentations under the same conceptual objective. Recall that our goal 
is to estimate a modality-invariant identity representation, 𝖭𝖡𝖯, from 
paired skeletal input VRT 𝑥 and soft-tissue input CXR 𝑦. Ideally, 𝖭𝖡𝖯
should (i) retain identity information shared across both modalities, 
while (ii) suppressing modality-specific cues.

It can be expressed as following: 
max
𝖭𝖡𝖯

𝐼(𝖭𝖡𝖯; 𝑥, 𝑦) − 𝛼
(

𝐼(𝖭𝖡𝖯; 𝑥 ∣ 𝑦) + 𝐼(𝖭𝖡𝖯; 𝑦 ∣ 𝑥)
)

. (7)

where 𝐼(𝖭𝖡𝖯; 𝑥, 𝑦) measures how much identity-relevant information 
the fused representation retains from both modalities, while 𝐼(𝖭𝖡𝖯; 𝑥 ∣
𝑦) and 𝐼(𝖭𝖡𝖯; 𝑦 ∣ 𝑥) quantify modality-specific residual information 
that remains in 𝖭𝖡𝖯 when conditioning on the other modality. Maxi-
mizing expression (7) therefore promotes a fused representation that 
emphasizes shared identity cues while minimizing modality-dependent 
bias.

In practice, we instantiate the above principle with two tractable 
components:

• A generative consistency term gen, implemented either through 
explicit generation and reconstruction in the two-stage pipeline or 
diffusion denoising in the one-stage approach, ensuring that 𝖭𝖡𝖯
captures information explainable by both inputs.
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• A contrastive alignment term con, which aligns 𝖭𝖡𝖯 across 
modalities by maximizing a contrastive lower bound on the 
shared information.

The resulting composite training objective is 
 = 𝜆gengen + 𝜆concon + 𝜆modmod, (8)

where mod suppresses modality-specific residual signals that may 
leak into 𝖭𝖡𝖯. With this formulation, inference of the fused identity 
representation becomes 
𝖭𝖡𝖯⋆ = argmax

𝖭𝖡𝖯

[

gen(𝖭𝖡𝖯 ∣ 𝑥, 𝑦) + con(𝖭𝖡𝖯; 𝑥, 𝑦)
]

. (9)

Importantly, the two-stage explicit fusion network 𝖥(𝖳, ⋅) and the 
one-stage diffusion encoder 𝖤(⋅) are simply two parameterizations that 
instantiate the same underlying objective as expression (7). The former 
realizes gen through explicit translation and reconstruction, whereas 
the latter implements it implicitly via the denoising process within 
a generative diffusion model. Despite their architectural differences, 
both pathways optimize the same information-theoretic principle and 
therefore produce consistent 𝖭𝖡𝖯 representations. This unified formu-
lation also suggests future extensions—for instance, explicitly model-
ing aleatoric uncertainty [36] could further improve robustness when 
dealing with degraded or partially occluded skeletal inputs.

5. Evaluation

5.1. Datasets setup

5.1.1. Dataset
All VRT-CXR image pairs used in this work are real clinical data 

collected from West China Hospital of Sichuan University. The dataset 
consists of VRT-CXR image pairs collected from 1315 healthy indi-
viduals without pulmonary diseases or thoracic skeletal lesions. We 
randomly split it into training and test sets. The training set contains 
VRT-CXR image pairs from 1052 individuals, representing 80%. The 
remaining 263 VRT-CXR image pairs, representing 20% of the total, 
constitute the test set. In addition, we employ a large-scale CXR dataset 
provided by the National Institutes of Health Clinical Center, ChestX-
ray8 [9], as a distractor database. As VRT-CXR image pairs are from 
healthy people, we only select CXRs with the ‘‘No Finding’’ label 
(without any apparent abnormalities) from ChestX-ray8 for distraction.

This study was performed with the approval of the ethics committee 
of the West China Hospital of Sichuan University. The requirement for 
informed consent was waived since this study was retrospective and did 
not involve the direct participation of patients.

5.1.2. Preliminary
Since this is a new task, we annotate some of our data and obtain 

the localization of thoracic skeletons in original VRT images and CXRs 
benefiting from the YOLOv8 [37]. The region of interest (ROI) criteria: 
The area surrounded by the horizontal tangent line of the upper edge 
of the first thoracic vertebra, the horizontal tangent line of the lower 
edge of the 12th thoracic vertebra, and the horizontal tangent line of 
the most lateral edge of the left and right ribs.

5.1.3. Data augmentation
To enhance the generalization and robustness of the model, we 

preprocess all of the input images for data augmentation. All images 
are resized to 256 × 256 with the bilinear interpolation. Color jittering 
involves changing the contrast of the image with a parameter set to 
1.8. The probability of color inversion was 0.2. The image is flipped 
horizontally with a random probability of 0.5. To simulate the different 
rotation postures of the chest, it is randomly rotated (−20, +20) degrees 
with a random probability of 0.3. In addition, VRT and translated VRT 
images are normalized with a mean of 0.3817 and a standard deviation 
of 0.3180; real and translated CXRs are normalized with a mean of 
0.6425 and a standard deviation of 0.1613.
7 
5.2. Metrics

Mean Average Precision (mAP) is a widely used metric in per-
son re-identification when multiple gallery samples per identity exist. 
However, in our dataset, each identity is represented by a single CXR 
image in the gallery, making mAP degenerate (AP becomes binary). 
Therefore, we adopt Rank-k accuracy and Percentile Ranking Rate 
(PRR) to comprehensively evaluate retrieval performance [8].

5.3. Qualitative analysis

The VRT images and CXRs in the test set are organized as queries 
and the 𝖭𝖡𝖯 bank, respectively. Then CXRs in ChestX-ray8 are gradu-
ally introduced into the bank to evaluate the robustness as distractors.

5.3.1. Alternative comparison
Given that this is the first comprehensive work on the thoracic skele-

ton identification task, there are no comparable specialized networks 
available. Therefore, we employ several classical identification models 
as baselines.

To begin with, since this is a person identification task that can 
be considered a biometric classification, much like face classification, 
directly adopting existing face recognition methods is a straightforward 
solution. In this manner, we compare our approach with some classical 
face identification frameworks, as shown in Fig.  8(a). Specifically, we 
employ various models as feature extractors and utilize a classical face 
classification loss, ArcFace [2], for comparison.

Another straightforward idea is to view this task as a cross-modal 
representation task, which could generally employ models based on 
contrastive triplet architecture with ResNet-18 as the backbone. To be 
specific, as shown in Fig.  8(b), we adopt two encoders to extract fine-
grained modality-specific skeletal representations and use contrastive 
learning loss to optimize the representation process. Here, the VRT 
image serves as the anchor, the CXR of the same individual acts as 
the positive sample, and the CXR of another individual serves as the 
negative sample.

Considering these baselines only use real samples while CMT results 
may achieve better performance, as illustrated in Figs.  9(a)–9(b), we 
introduce the CMT results and extract features from each image for 
identifiable representations. The real CXR (VRT) image acts as the 
anchor, the CXR (VRT) image translated from the real VRT (CXR) of 
the same person acts as the positive sample, and the others’ real CXR 
(VRT) images serve as the negatives.

These baselines cover appearance-based biometric identification, 
cross-modality contrastive learning, and generative augmentation strate
gies. Together, they represent all feasible fusion-free or weak-fusion 
paradigms applicable to this new task.

To validate the efficacy of both fusion strategies, we compare 
them against fusion-free baselines (CXR-only or VRT-only) in Table  1. 
Both explicit and implicit fusion substantially outperform their non-
fused counterparts, confirming that cross-modality integration is es-
sential for robust identification. The implicit variant achieves competi-
tive performance with greater simplicity, highlighting its potential for 
resource-constrained forensic settings.

Explicit fusion outperforms implicit fusion due to several factors. 
The translation module directly reduces the severe domain gap by 
generating synthetic images that mimic the target modality [43], pro-
viding the fusion network with well-aligned input pairs. The pixel-level 
reconstruction loss further preserves fine-grained anatomical details 
critical for distinguishing individuals with similar thoracic skeletons. In 
contrast, the implicit method integrates modality alignment and iden-
tity preservation within a single diffusion process. While conceptually 
elegant, the diffusion model is primarily optimized for denoising rather 
than extracting discriminative features, and the contrastive constraint 
alone may not fully retain subtle morphological cues. Nevertheless, 
the implicit approach offers a simpler end-to-end alternative that still 
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Table 1
The performance of Ours and other alternatives on learning neural features of bones for identification. The queries are VRT 
images, and the matching pool is 𝖭𝖡𝖯 bank constructed from the CXR database. A higher value is better.
 Distractors Rank-𝒌 Rate (%) ↑
 |𝖭𝖡𝖯 − 𝐵𝑎𝑛𝑘| = 263 (+0) +1k +10k

 Methods 𝒌 = 1 𝒌 = 10 𝒌 = 50 𝒌 = 10 𝒌 = 50 𝒌 = 10 𝒌 = 50 
 Triplet [38] 0.38 4.94 27.76 4.18 20.53 3.80 17.11  
 IResNet-18 [39] 3.04 8.75 36.50 2.66 9.13 1.90 4.18  
 IResNet-50 [39] 2.28 10.27 29.66 3.42 12.17 1.14 3.80  
 LbA [40] 0.76 4.94 24.33 4.18 23.57 4.18 24.33  
 MobileFaceNet [41] 3.42 19.39 44.49 10.65 30.04 7.22 14.07  
 DiVE [42] 2.28 7.98 39.54 4.56 14.45 1.52 4.56  
 Niu et al. [8] 13.69 54.75 84.79 27.76 55.13 13.31 29.28  
 Implicit (Ours) 10.27 44.87 86.69 27.76 52.85 13.31 28.52  
 Explicit (Ours) 21.29 64.64 90.49 36.50 63.88 21.67 39.92  
 
(a) 

  
(b) 

 

Fig. 8. (a) Leveraging the angular margin loss inspired by face classification. (b) Directly leveraging VRT images and CXRs for identification.
 
(a) 

  
(b) 

 

Fig. 9. (a) Solely identify in the CXR modality based on the translated CXR and the real ones. (b) Solely identify in the VRT modality leveraging the translated 
VRT images from the real CXRs.
Fig. 10. Cumulative match characteristic curve.

outperforms all fusion-free baselines, improving Rank-50 accuracy from 
84.79% [8] to 86.69%.

Additional experiments further contextualize these results. Com-
parisons between IResNet-18 and IResNet-50 [39] show that deeper 
networks do not necessarily yield significant performance gains, sug-
gesting that model complexity is not the primary driver of accuracy in 
this task. We also compare our method with LbA [40] and DiVE [42], 
classic cross-modality person re-identification approaches.
8 
5.3.2. Cumulative match characteristic curve
We select some with the best performance from all methods and 

plot the cumulative match characteristic (CMC) curve, as shown in 
Fig.  10. It illustrates the retrieval performance across increasing ranks. 
Our two-stage method consistently outperforms all baselines, achieving 
90.49% at Rank-50. Notably, the one-stage method also maintains a 
high matching rate, indicating robust identity preservation through 
implicit fusion.

5.3.3. Ablation studies
We present an ablation study on the CMT module in Table  2. 

The results show that using CMT with only one modality (CXR or 
VRT) yields limited gains under large distractor sets, whereas the full 
two-modality injection achieves substantially higher robustness.

We also conduct the ablation study of the positive sample strategies 
for contrastive learning during the 𝖭𝖡𝖯 extraction step, as shown in 
Table  3. Both present significant effectiveness of the CMT module. The 
augmented one uses the SimCLR [33] strategy without introducing 
cross-modality translation results. Additionally, we explore different 
weights for the contrastive and reconstructive loss, as shown in Table  4.

5.3.4. Related work comparison
We compared ours with some studies [16,17] based on CT images 

and CXRs for person identification in Table  5. Due to missing im-
plementation details, our re-implementation exhibits minor deviations 
from the published numbers. To ensure fairness, we additionally report 
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Table 2
Ablation study on the impact of the CMT module under varying numbers 
of distractors. Results show Rank-50 identification rates (%) with default 
|𝖭𝖡𝖯 − 𝐵𝑎𝑛𝑘| = 263. 
 Methods +0 +1k +5k +10k  
 Triplet [38] 27.76 20.53 17.87 17.11 
 Triplet [38] + CMT (VRT) 62.36 27.00 9.51 6.46  
 Triplet [38] + CMT (CXR) 52.85 11.79 3.80 1.52  
 MobileFaceNet [41] 44.49 30.04 18.63 14.07 
 MobileFaceNet [41] + CMT 68.06 40.68 26.24 20.91 
 Explicit, CMF + CMT (Ours) 90.49 63.88 46.39 39.92 

Table 3
Ablation study on the strategy of determining the positive samples for con-
trastive learning in the CMF step of the two-stage method under varying 
numbers of distractors. The augmented one in the second line introduces the 
augmentation strategy of SimCLR. Results show Rank-50 identification rates 
(%) with default |𝖭𝖡𝖯 − 𝐵𝑎𝑛𝑘| = 263.
 Positive samples +0 +1k +5k +10k  
 Real CXR, translated VRT 19.39 0.00 0.00 0.00  
 Real Augmented [33] 49.05 11.03 4.18 2.28  
 Translated CXR, translated VRT 90.49 63.88 46.39 39.92 

Table 4
Ablation study on the weights for the reconstruction loss and the contrastive 
learning loss of the two-stage method under varying numbers of distractors. 
𝜆𝑟𝑒 denotes the weight for the reconstruction loss and 𝜆𝑐𝑙 denotes the weight 
for the contrastive learning loss. Results show Rank-50 identification rates (%) 
with default |𝖭𝖡𝖯 − 𝐵𝑎𝑛𝑘| = 263.
 Settings +0 +1k +5k +10k  
 𝜆𝑟𝑒 𝜆𝑐𝑙  
 1 0 33.08 0.00 0.00 0.00  
 0 1 90.11 63.50 46.01 37.26 
 1 1 89.73 60.84 39.92 34.60 
 1 3 90.49 63.88 46.39 39.92 
 1 5 90.11 61.22 43.35 36.12 

Table 5
Our method was experimented with in a larger searchable bank and demon-
strated superior performance. A lower 𝑝 with a higher accuracy is better.
 Method |𝑄𝑢𝑒𝑟𝑦| |𝐵𝑎𝑛𝑘| PRR, 𝑝%  
 [16] (Steady MFV + BoW) 27 27 𝑝 = 37.04, 63.00% 
 [17] (CLAHE + DFT + Euclidean) 27 27 𝑝 = 55.56, 74.07% 
 
Implicit (Ours)

263 1263 𝑝 = 10, 72.62%  
 263 5263 𝑝 = 10, 72.24%  
 263 10263 𝑝 = 10, 71.86%  
 
Explicit (Ours)

263 1263 𝑝 = 10, 77.19%  
 263 5263 𝑝 = 10, 76.05%  
 263 10263 𝑝 = 10, 76.43%  

the original results as provided in the papers. It demonstrates that 
our approach achieves superior performance even when handling more 
queries and a larger searchable bank.

5.3.5. Partial missing skeleton simulation & age analysis
The skeleton may be partially missing in some scenarios. To simu-

late this condition and validate robustness, query images were divided 
into 16 × 16 patches and randomly masked at varying ratios to mimic 
partial bone loss, as detailed in Fig.  11(a) and Table  6. Besides, we 
analyzed the performance across gender and various age groups, with 
results presented in Table  7 and Fig.  11(b), respectively.
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Table 6
Rank-𝟓𝟎 Rate (%) with various mask ratios.
 Mask ratio Explicit Implicit 
 0 90.49 86.69  
 0.10 88.97 83.65  
 0.15 83.65 77.57  

Table 7
Results of genders.
 Male Female 
 Total Num. 116 147  
 Hit Num. (Implicit) 101 127  
 Hit Num. (Explicit) 104 134  
 Rank-𝟓𝟎 Rate (Implicit, %) 87.07 86.39  
 Rank-𝟓𝟎 Rate (Explicit, %) 89.66 91.16  

5.4. Quantitative analysis

We visualize the feature map of the best-performing experiment 
in Fig.  12. This visualization focuses on the same content as high-
lighted in Fig.  2(a) and confirms the consistency with human empirical 
assumptions.

We then visualize the top 5 samples and the last 5 samples of the 
identification results after introducing distractors, as shown in Fig.  13. 
The top five matches exhibit high anatomical similarity to the query, 
while the last five show low similarity, confirming the discriminative 
power of our method. Despite the deformations of thoracic skeletons 
and complex overlaps between VRT images and CXRs, which pose 
significant challenges for human identification, our proposed approach 
effectively performs the identification. This visualization underscores 
the robustness and accuracy of our method in handling challenging 
cases that are difficult for human observers to discern.

Failure analysis. We analyze the failure cases from our experi-
ments, particularly those where the correct identity was ranked beyond 
Rank-50, and identify two common failure patterns: (i) Image quality 
degradation, where soft tissue shadows severely interfere with skele-
tal boundaries; (ii) Extreme anatomical similarity, where the thoracic 
skeletons of different individuals exhibit high similarity in overall 
morphology and key curvatures, even challenging forensic experts. This 
analysis clarifies the current limitations of the method, and future work 
should introduce an image quality assessment module or mine deeper 
fine-grained features.

6. Discussion

We have demonstrated that generative contrastive learning pro-
vides an effective paradigm for extracting this cross-modality identity 
representation from skeletal data. Our findings open new avenues for 
forensic identification and contribute to the growing intersection of 
medical imaging and machine learning.

While our framework achieves strong performance, several promis-
ing directions remain for enhancing the quality and utility of NBPs. 
First, the fidelity of the extracted features is fundamentally tied to 
the quality of the input images. Beyond improving bone imaging tech-
niques [44], integrating more sophisticated backbones for skeletal fea-
ture extraction could yield finer-grained representations. For instance, 
architectures designed to assemble perceptual body parts [45] or to 
model dynamic skeletal structures [46] could be adapted to better 
capture the subtle morphological cues present in static medical scans. 
Second, the fusion process itself could be enriched. While we cur-
rently fuse VRT and CXR, incorporating additional modalities like 
MRI or PET could provide complementary textural or metabolic in-
formation. Recent advances in multi-modal interactive attention [47,
48] and vision-language models [49,50] offer promising frameworks 
for learning more robust, semantically grounded joint representations. 
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(a) 

  
(b) 

 

Fig. 11. (a) Masked VRT image. (b) Age fairness.
Fig. 12. Feature visualization.
Fig. 13. Visualization of robust identification. The query pair consists of the real VRT image and its translated CXR. The candidate pairs consist of real CXRs 
with their translated VRT images. The orange rectangle represents the ground truth. The red and blue lines describe the rib boundary and the overall skeletal 
morphology, respectively. The top 5 identification results are similar to the query one, while the last are not.
Such approaches could help the model focus on key forensic land-
marks, aligning its internal representations more closely with expert 
anatomical knowledge.

Beyond improving the core methodology, deploying such a system 
in real-world forensic contexts raises important practical considera-
tions. Real cases often involve skeletal anomalies such as fractures or 
surgical implants. These irregularities can serve as powerful discrimina-
tive features, which our fine-grained model is well-suited to leverage. 
However, they also introduce challenges, such as increased intra-class 
variability due to bone healing over time. To this end, future work 
must evaluate model robustness on datasets with annotated anomalies 
and explore techniques like temporal modeling [46] to handle pre- 
and post-operative states. For time-sensitive scenarios like disaster 
10 
response, computational efficiency is paramount. Our framework is 
inherently efficient at inference, requiring only the lightweight NBP 
encoder; the heavy generative components are discarded after train-
ing. To further enable edge deployment, we plan to explore model 
compression and lightweight architecture design. At the database level, 
our method is not limited to the single-sample-per-identity setup used 
in this study. It can naturally accommodate multiple gallery samples 
per person by either storing independent entries for voting or ag-
gregating [51] NBPs into a robust prototype, enhancing its utility in 
real-world forensic databases. Ultimately, as we advance these techni-
cal capabilities, stringent privacy protection [52] and ethical oversight 
remain paramount, ensuring that any application upholds the rights 
and interests of individuals.
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