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PSR-FL-based Learning Method for Enhancing CCTV
Surveillance System Performance in Non-IID Data

VO VAN PHAP#, Hyokyung Changs+t

Non-TID dlo]E] Aol A A= A9 nde] A5 A3 @ Feo|dE 3+ AT A FAE 437
A8, & =FolAE g4k 2d 7N 54 g5 A A8 AFS 2#E PSR-FL 7HES AQte &
3] k-sparse Aok =3 UF 24 2GS Aoz 2L AN Folu gy AN E R}
Atk ob&d A AFol = dlolg Ao AAH o Hgsly] Wi, F7HH T4l eHF= glo]
ZdloldE 7+ A BFY EAZ ¢33t RAPv2 2 PETA dolEjAlS &-83F 49 A} Aok o}7| el
= 7€ A el vE A9 FFre} A S tE I dEHoz A7e HeolH By
ZAFPAME 58 A 908 Aes AT e, B8 CCTV Al Ao o] w2 A84d7
IS BT

Abstract

To tackle global model degradation and inter—client disparities under Non-IID data environments, we
introduce PSR-FL, a novel federated learning method integrating a sparse representation-based feature
learning structure with a lightweight personalization layer. By incorporating a k-sparse constraint to cap
internal feature activations, our approach eliminates redundant computational loads while maintaining
training stability. Furthermore, the personalization layer adapts directly to unique local data characteristics,
minimizing performance variance without incurring additional communication overhead. Benchmarked on
the RAPvZ2 and PETA datasets across diverse non-uniform settings, PSR-FL consistently outperforms
conventional federated learning frameworks in both global accuracy and client stability. These empirical
results prove its robust convergence and scalability, validating its readiness for distributed CCTV
surveillance infrastructures.
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