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Abstract

This study explores enhancing facial recognition performance in low-light environments using deep

learning-based low-light enhancement techniques. Facial recognition technology is widely used in edge devices like

smartphones, smart home devices, and security systems, but low-light conditions reduce accuracy due to degraded

image quality and increased noise. We reviewed the latest techniques, including Zero-DCE, Zero-DCE++, and SCI

(Self-Calibrated Hlumination), and applied them as preprocessing steps in facial recognition on edge devices. Using the

K-face dataset, experiments on the Qualcomm QRB5165 platform showed significant improvements in F1 SCORE from
057 to 0.833 with SCI. Processing times were 0.1oms for SCI, 0.4ms for Zero-DCE, and 0.7ms for Zero-DCE++, all

much shorter than the facial recognition model MobileFaceNet's 5ms. These results indicate that these techniques can

be effectively used in resource-limited edge devices, enhancing facial recognition in low-light conditions for various

applications.,
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Fig. 5. Comparison of Images Using Zero-DCE and
Zero-DCE+ + [2]
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Table 1. Specifications of Qualcomm QRB5165

=Q Afot

Specifications of Qualcomm QRB5165
124 x 127mm LP4, 124 x 14mm
Package
LP5 MEP
CPU Kryo 585 CPU, 64-bit, up to 2.84 GHz
ISP Qualcomm Spectra 480 ISP with Dual 14-bit
image signal processing
GPU Adreno 650 GPU w/ support for Open GL ES &
Open CL
LPDDR5 up to 2750 MHz, LPDDR4X up to 2133 MHz
Memory .
Memory Density: up to 16 GB
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