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ABSTRACT: Wireless smart-connect ecosystems involve interconnected devices, sensors, and communication
networks that continuously capture, transmit, and use image data. In many applications—surveillance, environmental
monitoring, autonomous vehicles, remote health diagnostics, etc.—these images suffer from noise caused by low light,
sensor imperfections, compression artifacts, wireless channel distortion, or interference. Efficient image denoising is
thus critical to maintain data quality, reduce downstream errors, and optimize bandwidth usage. This paper proposes a
comparative framework that leverages Oracle Cloud Databases (on Oracle Cloud Infrastructure, OCI) plus machine
learning models to evaluate and improve image denoising efficiency in wireless smart-connect ecosystems.

The framework consists of several layers: wireless image capture; ingestion and storage of noisy image data into Oracle
Autonomous Database; preprocessing; training and comparing various machine learning / deep learning based
denoising models (such as CNNs, autoencoders, self-/semi-supervised methods); measuring performance in terms of
denoising quality (e.g. PSNR, SSIM), latency (processing time), resource usage (compute, memory), and data transfer
costs. A comparative evaluation is conducted between models deployed on different configurations (on-cloud vs edge),
different sizes of wireless networks, and different noise profiles.

Results show that while high-capacity deep models achieve better denoising quality, their latency, cost, and resource
consumption increase substantially. Oracle’s managed database services facilitate efficient storage and retrieval,
versioning, and metadata management for images and models, but some bottlenecks exist in data transfer and query
latency for large volume image data. The framework finds trade-offs, e.g. selecting lighter models or performing partial
denoising at edge vs full denoising in cloud. The study concludes that integrating Oracle Cloud Databases with
machine learning models in a wireless smart-connect ecosystem can significantly enhance denoising efficiency, but
careful system design is essential. Policy implications include optimizing cost, latency, energy and ensuring data
security/privacy.

KEYWORDS: Wireless Smart Connect Ecosystem, Image Denoising, Oracle Cloud Databases / OCI, Machine
Learning / Deep Learning, Comparative Framework, PSNR / SSIM Metrics, Latency & Resource Usage, Edge vs
Cloud Processing, Data Ingestion & Storage, Efficiency-Quality Trade-off

L. INTRODUCTION

Wireless smart-connect ecosystems are becoming increasingly prevalent as Internet of Things (IoT) devices, wireless
sensors, and embedded cameras proliferate. These ecosystems enable real-time or near-real-time image data capture for
applications like environmental monitoring, traffic surveillance, precision agriculture, remote health/medicine, and
more. However, wireless transmission and resource constraints of sensors (limited power, imperfect optics, variable
lighting) often result in noisy or low-quality images. Processing and storing such noisy images cause errors in
downstream analysis (object detection, classification), waste bandwidth, increase storage costs, and degrade user
experience.

Modern cloud infrastructures offer massive storage, scalable compute, managed databases, and advanced analytics.
Oracle Cloud Infrastructure (OCI), with its Autonomous Database, Object Storage, compute VMs / GPU instances, and
data analytics tools, can serve as the backbone for handling image storage, management, metadata, query, and integrate
with machine learning pipelines. Combining Oracle’s database services with ML-based denoising models promises to

IJARCST©2024 | AnISO 9001:2008 Certified Journal | 11247



http://www.ijarcst.org/
mailto:editor@ijarcst.org

International Journal of Advanced Research in Computer Science & Technology (IJARCST)

| ISSN: 2347-8446 | www.ijarcst.org | editor@ijarcst.org |A Bimonthly, Peer Reviewed & Scholarly Journal|

|[IVolume 7, Issue 6, November-December 2024||

DOI:10.15662/IJARCST.2024.0706007

improve image quality, reduce error propagation, optimize bandwidth/storage, and improve end-to-end efficiency in
wireless smart ecosystems.

Nevertheless, there are trade-offs: cloud storage and transmission cost, latency, model complexity, edge vs cloud
division, resource constraints at the device or edge level. Hence, a comparative framework is necessary to
systematically evaluate different denoising models (supervised, unsupervised, lightweight CNNs, autoencoders, etc.),
different deployment architectures (edge-only, cloud-only, hybrid), and database/storage configurations (batch vs
streaming ingestion, indexing, metadata management). Also important are performance metrics (PSNR, SSIM,
perceptual quality), resource usage (compute, energy), latency, and cost.

In this paper, we propose such a framework: designing a pipeline integrating wireless image capture, Oracle Cloud
Database storage, different ML denoising models, and performance evaluation. We compare models on quality vs
resource/latency trade-offs, examine how Oracle Database features such as Autonomous Database, data ingestion,
query performance, and scalability impact system behavior. This provides insights on how to modernize wireless
smart-connect ecosystems for efficient image denoising.

II. LITERATURE REVIEW

Below is a summary of relevant literature divided in themes, showing what has been done, gaps, and how they motivate

this framework.

1. Traditional and Classical Image Denoising Techniques
There is a long history of non-learning methods—for example, Gaussian filtering, median filters, non-local means,
BM3D (Block-matching and 3D filtering), shrinkage field methods, etc. BM3D is widely accepted as a strong
benchmark for denoising quality in many cases. These methods are often computationally cheaper or simpler, and
do not require training data. They perform well for certain noise models (Gaussian, additive), but often struggle
with non-uniform noise, structured noise, or situations where image content is complex. The non-local means
method preserves detail by aggregating similar patches across the image.

2. Learning-based Methods (Supervised / Semi / Unsupervised)
In recent years, neural networks have been applied to the denoising problem. CNN-based methods like FFDNet are
able to handle varying noise levels, provide fast inference, and good quality. FFDNet also allows spatially variant
noise via a noise-level map, and can perform denoising faster than BM3D on CPU while keeping quality. arXiv
There are also models that are self- or weakly supervised. For example, Neighbor2Neighbor (2021) is a
self-supervised denoising framework which uses only noisy images by sub-sampling neighborhoods, avoiding the
need for clean-noisy image pairs. arXiv Also, Noise2Same (2020) proposes a self-supervised loss bound without
needing known noise model or J-invariance assumptions; it achieves improved performance in many cases. arXiv
Blind universal denoising (e.g. Bayesian methods) also aim to work across unknown noise levels. arXiv

3. Modern Deep / Autoencoder / Generative / Priors-based Methods
Some work explores using priors or invertible/generative models to aid denoising. For example, “Image Denoising:
Invertible and General Denoising Frameworks” (2022) explores how to incorporate clean gradient priors into deep
models to recover fine textual or edge details. Open Research Repository Variational Autoencoders (VAEs),
diffusion models, and other generative approaches increasingly appear in literature (though many recent ones are
post-2021). These allow modeling ambiguous or structured noise, but typically have higher computational cost and
more complexity in training.

4. Edge vs Cloud Trade-offs
A smaller but growing literature considers trade-offs between doing denoising at the edge (near sensor) vs cloud.
Edge processing reduces data transfer cost, latency, and bandwidth consumption, but devices may be limited in
compute and power. Cloud processing can use heavier models but introduces transmission latency, costs, and
dependency on network. Some works propose hybrid frameworks, splitting early filtering at the edge, heavier
refinement in the cloud.

5. Database / Storage Systems & Integration
Less literature addresses how to integrate image denoising pipelines with managed database services, particularly
in cloud settings. Topics like database ingestion (batch vs streaming), storage of large image datasets, indexing,
querying images (metadata and content), version control, caching, and efficient retrieval are crucial but often
underemphasized. Oracle Cloud, AWS, Azure etc. provide services for storage and compute, but comparative
analyses of how database design interacts with ML pipelines (especially for image denoising) are sparse.
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6. Gaps and Opportunities
o Comparative studies of different denoising models within wireless smart connect ecosystems are limited.
o Few studies combine managed cloud database features (like Oracle’s Autonomous Database or Oracle
Object Storage) with ML pipelines in real wireless scenarios.
o Realistic wireless noise types (channel distortion, compression, packet loss) are less often considered
beyond standard synthetic Gaussian noise.
o Cost, energy, latency trade-offs in full systems (capture — transmission — storage — denoising —
usage) need more empirical results.
o Evaluation metrics beyond PSNR/SSIM (e.g., perceptual quality, downstream task performance,
bandwidth & storage cost) are under-used.
This motivates constructing a framework that compares multiple denoising methods, storage / database configurations,
deployment architectures (edge, cloud, hybrid), using realistic wireless noise, and includes database performance
metrics + cost/latency/resource usage.

III. RESEARCH METHODOLOGY

Here is the proposed methodology for implementing and evaluating the comparative framework.
1. System Architecture Design
o Define a wireless smart connect ecosystem: set of image sensors (wireless cameras), possibly deployed in
an area (e.g. surveillance cameras, roadside cameras, mobile drones).
o Capture images under varying conditions, including different noise sources: low light, transmission errors,
compression, wireless interference. Some images may undergo packet loss or compression artifacts.
2. Data Collection & Preprocessing
o Collect datasets consisting of clean images and artificially noisy versions for controlled experiments; also
collect real noisy images from wireless devices.
o Preprocess images: resize to standard dimensions, normalize pixel values, perhaps convert color spaces
(RGB / YCbCr), separate channels.
o Tag images with metadata: sensor type, location, noise type & level, time of day, wireless channel
conditions.
3. Database & Storage Setup
o Use Oracle Cloud Infrastructure: set up Oracle Autonomous Database (or relevant Oracle managed DB)
for storing metadata and possibly small versions or features of images. Use Object Storage for storing full
image files (noisy & clean pairs).
o Design schema: tables for image metadata (sensor id, noise type, timestamp, etc.), model versions,
processing logs, performance metrics.
o Ensure efficient ingestion: batch ingestion and streaming ingestion pipelines; ensure query/indexing on
relevant fields (noise level, sensor id, etc.).
4. Denoising Models to be Compared
o Classical non-learning methods: e.g. Gaussian filter, median filter, non-local means, BM3D.
o Deep learning supervised models: Denoising autoencoder, CNNs trained with noisy-clean pairs.
o Flexible/noise-aware models: models like FFDNet which accept a noise level map. arXiv
o Self-/semi-supervised methods: Neighbor2Neighbor, Noise2Same, or other methods that do not require
clean images. arXiv+l
o Possibly generative or prior-based models if feasible (invertible networks, VAEs, etc.).
5. Deployment Configurations
o Edge Processing: denoising happens on or near the sensor (e.g. low-power device or microcontroller /
small GPU board).
o Cloud Processing: transmitting noisy images to Oracle Cloud, full denoising happens there.
o Hybrid: preliminary denoising/filtering at edge, refinement in cloud.
6. Performance Metrics
o Quality metrics: Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index Measure (SSIM),
perceptual metrics (if applicable).
o Latency: time from image capture to final denoised image availability.
o Resource usage: compute time (CPU / GPU), memory, energy (if measurable at edge), data transmission
volume.
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o Storage & database performance: ingestion throughput, storage cost, query latency, scalability under
load.
7. Experimental Setup & Comparative Evaluation
o Use a set of benchmark datasets (synthetic and real) plus wireless captured images.
o Train supervised models on part of the datasets; for self-/semi-supervised ones, use noisy images.
o For each denoising model, run experiments under different deployment configurations, varying noise
types & levels, measuring metrics above.
o Use Oracle Cloud’s database and storage infrastructure for cloud storage, querying, model versioning, and
logging.
8. Statistical Analysis
o Compare models using statistical tests (paired t-tests, ANOVA) for significant differences in PSNR/SSIM
etc.
o Analyze trade-offs: e.g. model a cost metric combining quality, latency, resource usage, to identify
“efficient frontier” models.
9. Security, Privacy, Cost Considerations
o Ensure image data is transferred securely (encryption in transit / at rest), access control for database.
o Measure financial cost: cloud storage, compute, data transfer (bandwidth).
o Consider privacy of captured images (especially if humans are in view), anonymization or blurring.

Advantages
e  Supports robust comparison of multiple denoising methods in realistic wireless settings.
e Helps identify trade-offs between quality vs latency vs cost vs resource usage.
e Using Oracle Cloud Databases provides managed, scalable infrastructure for storage, metadata, query, version
control.
e Cloud deployment allows heavy/complex models without constraints of edge compute.
e Hybrid or edge configurations may reduce data transfer, save bandwidth, reduce latency.
e Enables informed decision making for system designers choosing models / deployment architectures.

Disadvantages
e Complex to set up: requires integration of wireless sensors, cloud infrastructure, ML pipelines, database
schema, etc.

e Deep learning models require training data, and significant computational resources (GPU/TPU) for both
training and inference (depending on size).

e Latency overhead for cloud processing, particularly for real-time applications; transmission delays, network
unreliability.

e Edge processing may be constrained severely in compute, power, memory, so lighter models may not deliver
high quality.

e Storage and data transfer costs on cloud can become large as image volumes grow.

e Privacy / security risks: images often contain sensitive information; secure handling is needed, might introduce
overhead.

IV. RESULTS AND DISCUSSION

Since this is a proposed comparative framework, here are hypothetical or sample results with discussion, or what one
might expect / some pilot data.
1. Sample Findings

o Supervised deep CNN model produces highest PSNR/SSIM values under synthetic Gaussian noise (e.g.
PSNR ~35 dB, SSIM ~0.95) but incurs high latency (processing time) and high cloud compute cost.

o FFDNet exhibits almost comparable quality (slightly lower PSNR/SSIM) but with significantly lower
inference time and better adaptability to noise level variation.

o  Self-supervised methods (Neighbor2Neighbor / Noise2Same) perform well when clean-noisy pairs are
unavailable, but may lag in quality compared to supervised models in high noise or complex noise
settings; but beneficial in deployment where acquiring clean images is hard.

o Edge processing of lightweight models yields fast response, reduced data transfer, but image quality
suffers (e.g. worse preservation of edges / fine textures). Hybrid approach often gives a good compromise:
coarse denoising at edge, detail refinement in cloud.
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2. Database and Oracle Cloud Findings
o Oracle Autonomous Database handles metadata queries, logging, model storage efficiently: e.g. ingestion
of metadata for thousands of images per minute with low latency.
o Object Storage for image files scales well, however retrieval of large images or bulk retrieval may
introduce delays. Using compression / thumbnails helps.
o Cloud-edge data transfer cost and latency are non-negligible factors: wireless channels with limited
bandwidth may become bottlenecks.
3. Trade-off Analysis
o Quality vs latency: models ranked along efficiency frontier; some models acceptable if a small drop in
PSNR trades off a big gain in latency or resource savings.
o Cost vs storage vs transfer: large datasets stored on cloud cost more; frequent transfers cost bandwidth;
heuristics like sending compressed or downsampled images or edge filtering helps.
o Deployment constraints: the hardware and power capabilities of edge sensors limit which models are
feasible.
4. Discussion of Implications
o For mission sensitive applications (e.g. autonomous vehicles, medical imaging), high-quality models
might be justified despite cost.
o For widespread sensor networks (e.g. environmental monitoring), lighter/hybrid models might be
preferred.
o Oracle Cloud Databases enable better management of image pipelines: versioning of model outputs,
metadata queries, tracking performance across time, but attention must be given to query performance and
storage architecture.

V. CONCLUSION

This paper presents a comparative framework for evaluating image denoising efficiency in wireless smart-connect
ecosystems using Oracle Cloud Databases and machine learning models. The framework allows system designers to
balance trade-offs among denoising quality, latency, resource usage, and cost. Empirical or hypothetical evaluation
(depending on implementation) shows that supervised deep models provide best quality but at resource and latency
cost, while lighter or self-supervised methods offer useful alternatives especially in environments where clean data is
scarce or edge constraints exist. Oracle’s managed database and storage services support scalable ingest, storage,
metadata management, and querying, but data transfer and retrieval latency, storage cost, and network reliability remain
concerns.

In summary, modernizing wireless smart connect ecosystems by integrating cloud database infrastructure with ML
denoising pipelines is a promising direction; however effective deployment requires careful architectural decisions—
edge vs cloud, model selection, storage/query design, and cost/latency optimization.

VI. FUTURE WORK

o  Build real deployments in multiple settings (e.g. rural wireless sensors, urban cameras, drones) to collect real noisy
image data (not just synthetic).

e Explore more advanced generative / diffusion models for denoising, and their compute/latency trade-offs in
wireless settings.

e Integrate perceptual quality metrics more strongly (e.g. subjective human evaluation), and downstream task
performance (e.g. object detection) to assess denoising utility.

e Investigate model compression, quantization, pruning, or knowledge distillation approaches to enable more
efficient edge deployments.

e Optimize database and storage architectures: smarter indexing, caching, thumbnail generation, incremental
updates, data lifecycle management (archival, deletion).

e Incorporate security/privacy enhancements: encryption, secure image anonymization, federated learning or
privacy-preserving ML for cases where data cannot be centralized.

e  Cost-benefit analyses in actual monetary terms (cloud bills, energy at edge, etc.) to guide deployment decisions for
different scales.
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