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Trends in Al-Based Gait Recognition Technologies
for Security Applications
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ABSTRACT

Artificial intelligence (Al)-driven security systems continue to evolve, with growing demand for
contactless biometric identification, making gait recognition a promising solution. Unlike traditional
biometric methods, such as face or fingerprint recognition, gait recognition enables long-distance
identification without requiring active cooperation from the subject. This paper presents a review
of Al-based gait recognition technologies for security applications. It examines the shift from
traditional handcrafted approaches to modern deep learning models utilizing data modalities like
silhouette, color images (RGB), and skeleton data. The study also explores recent advancements
in multimodal fusion, transformer-based architectures, and large-scale dataset development
for real-world applications. Additionally, we identify key challenges in the field, including privacy
protection, vulnerabilities to adversarial attacks, and the need for computational efficiency in real-
time deployment. By analyzing these factors, the paper provides insightinto the current state of
gait recognition technology and its potential as a viable biometric solution for security. The findings
highlight that although recognition accuracy has significantly improved, addressing security
vulnerabilities and deployment constraints remains critical for its practical implementation in real-
world security systems.

KEYWORDS Al, Biometric Security, Deep Learning, Gait Recognition, Privacy & Ethical Al
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