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Abstract- On-device image restoration must remove noise 

and blur while respecting tight energy budgets. We 

benchmark three compact restoration GANs under mixed-

precision quantization, where weights are held at INT8 and 

the most sensitive activations remain in FP16. Across 

denoising and deblurring benchmarks, the mixed-

precision scheme recovers nearly full-precision fidelity 

while lowering per-frame energy to as little as 96 mJ, 

establishing a favourable accuracy-per-joule frontier for 

embedded vision. 

 

I. INTRODUCTION 

 

Embedded cameras in drones, wearables, and 

inspection robots capture imagery corrupted by sensor 

noise and motion blur, and correcting it locally avoids 

costly transmission. Restoration generators, however, 

are dominated by memory-bound operations that make 

naive INT4 quantization collapse fine detail. This 

work asks whether a mixed-precision policy, rather 

than a single global bit-width, offers a better trade-off 

between restoration quality and the joules spent per 

frame. 

 

II. RELATED WORK 

 

Classical restoration relied on BM3D and total-

variation priors, later surpassed by DnCNN and 

MPRNet, none of which were designed for milliwatt 

budgets. Uniform quantization work tends to report 

accuracy but not energy, and mixed-precision search 

has largely targeted classification. We adapt 

sensitivity-guided precision assignment to restoration 

generators and, crucially, measure energy directly on 

hardware rather than estimating it from FLOPs. 

 

III. METHODOLOGY 

 

We profile each layer's quantization sensitivity using 

a Hessian-trace proxy and keep the top 20% most 

sensitive activation tensors in FP16 while quantizing 

all weights to INT8. The models are calibrated on 

SIDD (real noise) and GoPro (blur) patches and 

exported through ONNX to each device runtime. A 

short calibration-only pass, without full retraining, 

keeps the deployment pipeline lightweight. 

 

IV. EXPERIMENTAL SETUP 

 

Restoration quality is measured on the SIDD 

validation set for denoising and the GoPro test set for 

deblurring, reported as PSNR and SSIM. Latency is 

the median over 200 frames at 720p, and energy per 

frame is derived from board-level power integrated 

over inference time. Thermal headroom is monitored 

to ensure sustained rather than burst performance. 

 

V. RESULTS AND ANALYSIS 

 

Mixed precision keeps latency low without the fidelity 

penalty of full INT4. MixPrecGAN restores a frame in 

38 ms at INT8 and 29 ms when its non-sensitive layers 

drop to INT4, while the heavier RestoreMobileGAN 

trails at 51 ms. The consistent gap between the two 

precision bars highlights the cost of over-quantizing 

sensitive layers. 
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Figure 1. Per-frame restoration latency at INT8 and aggressive INT4 for the three generators. 

 

Fidelity curves confirm the value of protecting 

sensitive activations: MixPrecGAN loses only 0.3 dB 

from FP32 to INT8 and stays above 30 dB even when 

non-critical layers use INT4. The steeper decline of 

RestoreMobileGAN illustrates how a smaller 

backbone has less redundancy to absorb quantization 

error. 

 

 

 
Figure 2. PSNR versus weight precision across the restoration generators. 

 

Energy per frame is where the accelerator choice 

dominates. The Coral USB module completes a 

restoration for 96 mJ, roughly 2.2x more efficient than 

the Jetson Orin Nano, making it the preferred target for 

battery-powered deployments. 
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Figure 3. Energy consumed per restored frame on each evaluation device. 

 

Table 1. INT8 fidelity, latency, and size of the three 

mixed-precision restoration models. 

Model PSN

R 

SSI

M 

Latenc

y (ms) 

Para

ms 

(M) 

RestoreMobileG

AN 

30.4 0.88

9 

51 3.4 

CompactUNet-

GAN 

31.0 0.90

1 

44 4.1 

MixPrecGAN 31.9 0.91

5 

38 4.8 

 

VI. DISCUSSION 

 

The findings argue against a one-size-fits-all bit-

width: a handful of sensitive activation tensors account 

for most of the quality loss under aggressive 

quantization, and shielding them in FP16 is far cheaper 

than raising global precision. The remaining limitation 

is runtime support, since not every accelerator 

executes mixed-precision graphs natively. 

 

VII. CONCLUSION AND FUTURE WORK 

 

Mixed-precision quantization lets compact restoration 

GANs approach full-precision quality at a fraction of 

the energy on edge accelerators. We plan to automate 

the precision search with reinforcement learning and 

to extend the study to video restoration where 

temporal consistency adds new constraints. 
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