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Abstract: The accelerated development of the generative Al has greatly changed the environment of the
biometric identity systems. In the last ten years, Generative Adversarial Networks (GANs), Recurrent
Neural Networks (RNNs), diffusion models, and transformers have made it possible to synthesize very
realistic biometric identifiers, such as face, fingerprint, voice, and handwritten signatures. The
developments present effective ways to address the long-term issues of the lack of data, demographic
disequilibrium, and the weak regulation around sensitive identity data. Meanwhile, they also present new
threats, such as deep fake-based spoofing, template inversion, adversarial manipulation, and systemic
amplification of bias. This general survey discusses the history of synthetic biometric generation, threat
models, forensic detection tools, as well as privacy-sensitive models. It brings together the insights of
biometric security, forensic analysis and privacy-conscious Al systems, mentioning methods to perform
reversible de-identification, detect deepfakes in the frequency domain, multimodal authentication, and
optimisation-based model improvement. The review also compares new methods such as fairness-
conscious evaluation procedures, decentralized identity systems, and machine unlearning in identity
revocation and regulatory adherence. On the basis of this synthesis, an enhanced research agenda has
been stated to inform the safe, fair, and confidential creation of the next-generation synthetic biometric
identity systems.
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Introduction

The rapid advancement of artificial intelligence has fundamentally transformed digital media creation and
manipulation. The recent deep learning models including Generative Adversarial Networks (GANs),
diffusion models, and transformer-based models, are now capable of generating highly realistic synthetic
images, audio and video that are progressively indistinguishable to the original data. Although early
applications of generative models were limited to the domain of creativity and entertainment, their
integration into security-critical systems has introduced significant implications for digital identity.

Biometric authentication involves the use of unique physiological and behavioral characteristics like facial
features, fingerprints, irises, voice patterns and handwritten signatures to identify the identity with high
level of certainty [1][2]. These modalities form the basis of authentication in financial transactions, border
control, healthcare systems, and online governance platforms. However, with the advent of synthetic
biometric generation, biometric permanence and uniqueness assumptions have been challenged.
Deepfake-enabled manipulation introduces new challenges related to trust, authenticity, and system
resilience, particularly in adversarial and high-stakes environments. [3], [4]
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Growing body of literature has delved into the application of generative models in the synthesis of
biometric features across modalities. These studies shows a significant enhancement in the realism, the
controllability and data augmentation capabilities. Meanwhile, synthetic biometrics represent a
complicated set of vulnerabilities, such as the presentation attacks, morphing, template inversion,
adversarial manipulation, and the amplification of bias. Through the accelerated verge of technical
advancement, research is still divided among modalities and mostly focused on the quality of generative
results rather than systemic issues like fairness auditing, privacy concerns, lifecycle management, and the
unitary benchmarking [5].

The current paper is a synthesis of the up-to-date research in synthetic biometrics, which includes but is
not limited to generative architectures, security threat model, forensic detection, fairness-conscious
evaluation, privacy-conscious identity mechanisms, and newer methods, like machine unlearning in
identity revocation. The paper aims to establish a systematic basis to the secure, fair, and responsible
development of next-generation biometric identity systems by connecting these dimensions.

Related work

The intersection of biometric technology and deepfakes is an emerging research area, as it represents a
double-edged sword. GANs are capable of creating highly realistic artificial biometric data, and they also
pose severe threats to security and privacy. Conventionally, authentication and verification are highly
reliant on biometrics for their uniqueness and permanence of human traits such as fingerprints, facial
features, voice, or handwritten signatures. The recent advances in GANs have disturbed this perception
heavily by generating synthetic biometric traits that are indistinguishable from the real ones. Due to this,
new possibilities of data manipulation, training, and testing are available. Especially where large and
diverse datasets cannot be collected, a synthetic dataset can be a savior. Although it is proving to be
threatening to the security systems, too, through deepfake-based spoofing attacks.[6], [7].
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The literature review shows that the field of generative modeling towards biometric systems as a use of

GANs, diffusion-based models, and hybrid deep learning has made significant evolutionary strides on

facial, fingerprint, signature, iris, and voice data representations. In spite of the considerable

achievements in the context of the improvement of perceptual realism and diversity, the majority of the

studies are specific to the modality and limited by the datasets. There is limited cross-domain

generalizability and integrated multimodal synthesis frameworks that exudes the need to have more

systematic integration in architecture and evaluation.

Synthetic biometric Security assessments in the literature verify that synthetic biometric systems create

severe vulnerabilities, such as presentation attacks, morphing, deep fake-based spoofing, template

inversion, and adversarial manipulation. Though detection techniques including liveness detection, GAN-

conscious classifiers and multi-modal fusion approaches have been presented, there is still fragmentation
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in terms of comprehensive threat modelling and adversarial stress-testing procedures. Also, fairness
issues are not represented to a great extent. Seldom are such factors as demographic imbalance,
accessibility limitations, and amplification of bias in generative models evaluated based on structured
evaluation metrics. Privacy-preserving statements are often talked about but rarely implemented in
regulatory standards like identity ecosystems in accordance with GDPR. Equally, identity lifecycle
management, especially the revocation and the right-to-be-forgotten compliance, has been given little
consideration in biometric pipelines. Lastly, the unavailability of standardized benchmarking suites,
harmonized datasets, and single evaluation protocols restricts reproducibility and comparability of
studies. In light of these identified gaps, the companion study will focus on the following objectives:

1. To develop and evaluate advanced generative models for high-fidelity synthesis of multimodal
biometric traits (e.g., signatures, fingerprints, face, voice) with emphasis on realism, diversity, and
cross-domain generalizability.

2. To analyse the security vulnerabilities of synthetic biometric systems by designing and testing
adversarial, spoofing, and deepfake-based attack scenarios, and by proposing robust
countermeasures for secure authentication.

3. To design fairness-aware evaluation metrics and protocols that identify and mitigate
demographic, accessibility, and dataset imbalance biases in synthetic biometric generation and
verification.

4. To develop privacy-preserving frameworks for biometric authentication using synthetic identities
in centralized and decentralized digital ecosystems, ensuring compliance with data-protection
mandates.

5. To integrate machine unlearning into biometric pipelines for dynamic identity control, enabling
revocation, right-to-be-forgotten compliance, and removal of user influence from trained models
without full retraining.

6. To build a comprehensive benchmarking suite—including datasets, threat models, evaluation
metrics, and protocols—to guide the secure, fair, and ethical deployment of next-generation
synthetic biometric identity systems.

Discussion

The literature portrays that synthetic biometrics are both a technological breakthrough and a structural
vulnerability of the contemporary identity structures. Recent innovations in generative models and
especially GANs, diffusion models, and hybrid ones have enabled a greater level of realism, diversity, and
controllability of synthetic biometric features in a variety of modalities, including face, fingerprint, iris,
voice, and signature. These advancements are actual advantages. Synthetic data has the ability to
overcome scarcity of datasets, minimize demographic imbalance, allow controlled experimentation, and
facilitate privacy-sensitive model development without necessarily exposing personal biometric data.
Synthetic generation offers a possible route of research and system-development in regulated areas
where data gathering is limited.

Nonetheless, systemic risk is enhanced by the same characteristics that make synthetic biometrics useful.

The high-fidelity generative models reduce the identity spoofing, attack presentation, morphing, and
template reconstruction barriers. ldentity-specific forgeries are made possible by controllable
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architectures and gradually more stable models contain fewer artifacts that can be detected and used by
traditional verification systems. The attack area grows along with the biometric authentication in the
financial, legal, healthcare, and governmental systems. It is no longer a question of whether synthetic
biometrics can be used to fool automated systems, but the key issue is how robust those systems are in
the face of adaptive adversarial pressure.

The other vital observation that comes out of the review is the lack of balance between the generative
innovation and responsible deployment. The majority of research emphasizes realism and performance
indicators like FID, EER, or accuracy but relatively less study adds information on fairness auditing,
mitigation of demographic biases, and inclusion of accessibility and compliance with regulations. The
amplification of bias due to synthetic-based datasets is not well studied, especially in non-Western culture
and biometric situations. In the same manner, preservation of privacy is usually presented as an
advantage of synthetic data, but its formal implementation with decentralized identity architectures, data
minimization principles, as well as right-to-be-forgotten mechanisms is not underdeveloped.

Lack of standardized benchmarking protocols also makes evaluation more difficult. There is difference in
demographic composition of datasets, imprecise definition of threat models and inconsistency in attack
simulations of varying sophistication. The lack of harmonized assessment systems limits the comparability
of cross studies. This fragmentation highlights the importance of holistic suites of benchmarking that
combine generative quality, adversarial robustness, fairness measures, and privacy assurances into one
evaluative framework. Technical constraints of the existing body of research exist as well. Most research
is centered on individual modalities in controlled conditions and cannot be generalized. Video-based
biometrics temporal consistency, multimodal systems cross-modal coherence, and resistance against the
changing generative architecture are open problems. In addition, biometric pipelines have not
systematically been embedded with lifecycle management, specifically identity revocation and machine
unlearning.

Finally, biometrics created artificially challenge the line between true and false identity. Their long-term
feasibility will be based not only on the sophistication in models, but also on the concerted progress in
security engineering, fairness auditing, privacy preserving design, regulation compliance, and
interdisciplinary governance. The field is at a transitional point: now it is no longer about proving what
generative models can create, but how these systems can be implemented in a responsible manner in
adversarial and socially sensitive settings.

Conclusion & Future Scope

Discuss The article has discussed the dynamic nature of synthetic biometrics in the future of identity
systems that use next-generation methods, but it has also summarized the progress in generative
modelling, security assessment, fairness assessment, privacy preservation, and identity lifecycle
management. It has been shown in the literature that generative architectures, such as GANs, diffusion
models, and hybrid frameworks, have attained significant progress in realism, controllability, and
scalability across a variety of biometric modalities. Such abilities make synthetic data a useful resource in
solving the problem of data sets being scarce, allowing controlled experimentation, and facilitating
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privacy-conscious development in controlled settings. Synthetic biometrics have high-fidelity that makes
them more prone to spoofing, morphing, template reconstruction, and adversarial manipulation. The
blistering development of generative models remains to put the traditional authentication pipelines under
the challenge, which highlights the necessity of adaptable defensive measures. Of the same importance
is unresolved issues on demographic bias, exclusion in access to services, regulatory compliance and no
standard benchmarking protocols.

Future studies should not concentrate on the performance of the isolated models but on the system
design. It should focus on multimodal generative models based on cross-domain generalizability, cross-
domain adversarial stress testing, fairness-conscience evaluation measures and privacy-preserving
authentication systems in accordance with the emerging data-protection requirements. The
incorporation of machine unlearning into biometric pipelines presents a positive trend to dynamic identity
revocation and the right-to-be-forgotten compliance. Also, the creation of full benchmarking suites
through which datasets, threat models and evaluation metrics are in harmony will be essential to
reproducibility and responsible deployment. Synthetic biometrics is transforming the digital identity
architecture. Their long-term sustainability will not only rely on the generative sophistication, but also the
intentional convergence between the security engineering, fairness auditing, privacy directing and
interdisciplinary control.
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