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Abstract- This paper presents an in-depth study on
low-power, real-time image enhancement techniques
designed specifically for edge devices. By leveraging
lightweight  Generative  Adversarial  Networks
(GANs) and model quantization, we explore methods
to achieve high-quality visual enhancement under
strict computational and memory constraints. The
research evaluates multiple GAN architectures and
quantization strategies in terms of power efficiency,
latency, and perceptual image quality, providing a
comprehensive comparison across embedded Al
platforms. Our analysis extends beyond traditional
benchmarking to include real-world constraints such
as voltage-frequency scaling, thermal throttling, and
on-device inference limitations.

L INTRODUCTION

Edge computing enables Al to operate near the data
source, reducing latency and improving user
experience in real-time applications. However, this
advantage comes at a cost — limited hardware
resources and strict power budgets make deploying
deep learning models a challenge. For image
enhancement, this is particularly difficult since GAN-
based models often require heavy computation. To
address this, we focus on lightweight GAN variants
and quantization-aware methods that reduce
computational intensity while maintaining perceptual
quality.

This paper aims to bridge the gap between theoretical

enhancement  prioritize  high  fidelity = over
computational efficiency. Recent advancements in
lightweight networks such as MobileNetV3 and
EfficientNet demonstrate that model compression can
yield near-identical accuracy with significantly
reduced compute cost. GANs, however, introduce
unique challenges due to the adversarial training
process and their tendency to overfit small datasets.
Our study introduces quantized GAN architectures
that balance adversarial learning and computational
constraints, evaluated through practical deployment
on devices like Raspberry Pi 5, Jetson Nano, and Coral
TPU.

. METHODOLOGY

Three  models—MobileGAN, TinyGAN, and
EfficientGAN—were selected for experimentation.
Each was trained using 10,000 high-resolution images
from the DIV2K dataset, with 90/10 train-test split.
Quantization techniques included both Post-Training
Quantization (PTQ) and Quantization-Aware Training

(QAT).

We evaluated models under identical environmental
conditions, measuring performance through power
monitoring tools and software profiling utilities such
as NVIDIA’s tegrastats. All models were optimized
using TensorRT and TensorFlow Lite frameworks for
deployment efficiency.

IV.  EXPERIMENTAL RESULTS AND

efficiency gains and actual performance on edge ANALYSIS
hardware.
II. BACKGROUND AND MOTIVATION
Traditional convolutional neural networks for image
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Figure: Power Efficiency Across Devices

The power consumption graph illustrates how
quantization significantly lowers energy requirements.
For 8-bit quantization, average power usage across all
devices was between 2.9W and 4.3W, while 4-bit
quantization further reduced it by approximately 20—
25%. The Jetson Nano, being GPU-based, exhibited
the highest power draw, whereas the Coral TPU
demonstrated exceptional efficiency due to its ASIC
architecture. This result underlines that quantization
plays a vital role in minimizing operational costs
without heavily degrading visual quality.

Inference Latency Across Models
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Figure: Inference Latency Across Models

Inference  latency directly affects real-time
applicability. Among the tested models, EfficientGAN
achieved the lowest latency (43ms), followed by
MobileGAN (52ms). TinyGAN, while energy-
efficient, required additional cycles for convergence,
leading to higher latency at 67ms. Latency reduction
correlates strongly with quantization depth, showing
that lower-bit representations reduce data throughput
time and improve inference speed without drastic
accuracy loss.
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Image Quality Comparison (PSNR)
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Figure: Image Quality Comparison (PSNR)

The PSNR analysis demonstrates the balance between
compression and perceptual quality. Although 4-bit
quantization introduces minor degradation, the
reduction in PSNR values remains within an
acceptable range (2629 dB). TinyGAN’s slightly
lower PSNR values stem from its aggressive pruning
structure, while MobileGAN maintained stable
performance due to its residual refinement blocks.
These results confirm that quantized models can
sustain high perceptual quality, suitable for real-time
visual enhancement on edge devices.
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Figure: Structural Similarity (SSIM) Comparison

The SSIM metric, closely aligned with human visual
perception, remains consistently above 0.88 across all
models, indicating strong structural retention.
MobileGAN leads with an SSIM of 0.91, maintaining
superior feature consistency post-enhancement.
Quantization-aware training significantly mitigates
loss of edge and texture details, proving effective for
real-time deployments. This ensures enhanced images
maintain natural appearance even after aggressive
model compression.
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Figure: Power vs Latency Trade-off

The power-latency trade-off plot emphasizes the
nonlinear relationship between energy efficiency and
response time. Devices operating under tighter
voltage-frequency conditions, such as Coral TPU,
achieved optimal balance with only 43ms latency at
2.6W consumption. Conversely, the Jetson Nano
displayed higher power needs but lower variability
under thermal load. This analysis underscores the
necessity of selecting appropriate hardware-software
configurations depending on the target deployment
environment.

V. DISCUSSION

The results collectively indicate that lightweight
GANs, when enhanced with quantization-aware
methods, achieve exceptional trade-offs in power,
latency, and image quality.
Each platform’s architecture influences how
quantization impacts efficiency. While Coral TPU
offers the best energy-to-performance ratio, Jetson
Nano remains a strong candidate for applications
requiring slightly higher visual fidelity. These findings
align with prior literature emphasizing that mixed-
precision operations yield optimal results for
embedded deep learning applications.

CONCLUSION AND FUTURE WORK

This study demonstrates that real-time image
enhancement using lightweight GANs is viable even
under stringent hardware constraints.
Quantization not only reduces computational overhead
but also ensures power savings essential for
continuous edge device operations.
Future research will focus on hybrid quantization and

adaptive precision scaling using reinforcement

IRE 1711962

learning techniques to dynamically balance
performance and energy usage. Integrating hardware-
aware neural architecture search (NAS) could further
optimize the co-design of Al models and edge
processors.
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