ISSN: 2249-863X (Online)
ISSN: 2321-4244 (Print)

Power Electronics & Power Systems Volume 15, s, 2025

September—December

Journal of

STM JOURNALS DOI (Journal): 10.37591/JoPEPS

https://journals.stmjournals.com/jopeps

Energy Efficiency and Awareness in Edge Computing:
A Critical Review of Challenges, Strategies, and
Future Directions

Manpreet Singh Gill"*, Rajesh Kumar Bawa’

Abstract

Edge computing enhances distributed systems by processing data near its source, yet its rapid growth,
driven by IoT, 5G, and smart applications, escalates energy consumption across billions of devices.
This study critically analyzes energy-saving techniques across hardware, software, and network layers,
highlighting the role of Al tools and user education in promoting energy awareness. It explores trade-
offs between energy efficiency and system performance, identifies scalability challenges in large-scale
deployments, and emphasizes the need for standardized frameworks. Through a comprehensive
evaluation, the study aims to guide sustainable computing practices while balancing performance and
energy goals, offering insights for future research and development in energy-efficient system design.
Case studies in smart grids, autonomous vehicles, smart cities, traffic management, and healthcare
provide valuable practical insights. Additionally, future directions emphasize the integration of
quantum computing, renewable energy solutions, and supportive policy incentives to advance
innovation and efficiency across sectors.
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INTRODUCTION

Edge computing has transformed distributed systems by decentralizing computation from cloud data
centers to the network’s edge, enabling low-latency applications in the Internet of Things (IoT), 5G
networks, smart cities, and vehicular systems. This shift reduces bandwidth usage and enhances real-
time processing but amplifies energy demands as edge devices such as, sensors, gateways, and micro-
servers, proliferate [1]. With IoT deployments projected to surpass 75 billion by 2025, the aggregate
energy footprint of edge systems poses environmental and economic challenges [2]. Optimizing energy
use and raising awareness among users and designers are thus pivotal to achieving sustainability without
sacrificing performance.

Energy consumption in edge computing spans
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gateways, micro-servers), and optional cloud backups. Unlike cloud computing’s centralized model,
edge systems distribute workloads to minimize latency, processing data locally or at intermediate nodes
[4]. Energy consumption is modeled as:

Etotal :Ecomp +Ecomm +Eidle

Where, E.omp (computational energy) follows P.¢ (power X time), Ecomm (cOmmunication energy)
depends on bandwidth and distance, and E4. reflects standby power [S5]. For example, a smart city
sensor might consume 0.5 W continuously, trivial individually but significant across millions of units.
Compared to cloud computing, edge systems trade centralized efficiency for distributed flexibility.
Cloud data centers leverage advanced cooling and economies of scale, while edge nodes face battery
constraints, environmental variability, and scale-related complexity [2]. A vehicular edge node
processing traffic data, for instance, must balance real-time demands with limited power, underscoring
the need for tailored energy strategies.

ENERGY SAVING TECHNIQUES IN EDGE COMPUTING ENERGY EFFICIENCY
OPERATES AT MULTIPLE LEVELS
Hardware-Level Optimizations

Low-power processors (e.g., ARM Cortex-M) and sleep modes reduce Eige. Dynamic Voltage and
Frequency Scaling (DVFS) adjusts power via P=C.V7f, where C is capacitance, V is voltage, and f'is
frequency [6]. In a smart city sensor, DVFS might cut power from 1 to 0.3 W during low activity, though
it delays peak performance for tasks like traffic analysis [7]. Critics note that manufacturing low-power
hardware increases environmental costs, offsetting gains [8].

Recent advancements in hardware, demonstrate significant power savings for Al-driven tasks. A
2024 study highlights how these chips enable sophisticated inference on compact devices, reducing Ejae
by up to 50% in smart city deployments compared to traditional processors [9]. However, the
environmental cost of producing such specialized hardware remains a concern, as noted earlier [8].

Software-Level Strategies

Task offloading delegates computation to nearby nodes or the cloud, minimizing local energy. For a
task 7 with computation cost C (joules) and transmission cost D (joules), offloading is efficient if
C>D+Eemore [3]. A scheduling algorithm like Least-Energy-First prioritizes low-power nodes,
achieving 40% savings in simulations, though network latency disrupts real-world gains.

Network-Level Approaches

Data compression reduces Ecomm by shrinking packet size, modeled as Ecomn=B.d.e, where B is
bandwidth, d is distance, and e is energy per bit [1]. Edge caching stores frequent data locally, cutting
transmission by 30% in smart city pilots, but compression overhead negates benefits for small datasets.
Routing protocols like RPL optimize low-power networks, though deployment costs limit scalability.

Innovations in 2024, such as adaptive data compression techniques tailored for 5G edge networks,
reduced Ecomm by 35% in smart city pilots by optimizing packet sizes dynamically based on traffic load
[10].

These techniques excel in isolation but struggle with integration. Hardware compromises speed,
software relies on connectivity, and network solutions demand infrastructure, necessitating hybrid
approaches tailored to applications like traffic management.

AWARENESS MECHANISMS IN EDGE COMPUTING
Awareness drives conservation through human and system interventions:
o User Awareness: Educating users to adjust device settings (e.g., reducing sensor sampling in
smart homes) cuts waste. A study reported 20% savings via training, though behavioral change
stalls without rewards.
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Automated Monitoring: Energy dashboards track FE. in real time, alerting operators to
inefficiencies. Edge servers with power sensors reduced waste by 15% in industrial trials, but
consumer-scale adoption lags due to cost [5].

AI-Driven Tools: Machine learning predicts demand, optimizing offloading and scheduling. A
neural network cuts energy by 30% in edge networks by forecasting workloads, though training
consumes 50—-100 kWh initially [6]. Critics argue Al’s overhead outweighs benefits in small
deployments like traffic sensors [11]. A 2024 implementation of federated learning in edge
networks cuts energy use by 28% by decentralizing Al model training, avoiding the high initial
overhead (50—100 kWh) of traditional neural networks [12]. This addresses earlier criticisms of
AlD’s energy demands in small-scale setups like traffic sensors [11], though scalability across
diverse devices remains untested.

CHALLENGES IN ENERGY EFFICIENCY AND AWARENESS

Scalability: Managing heterogeneous devices at scale, requires adaptive algorithms, yet most
studies use small testbeds [2]. Real-world variability (e.g., weather affecting solar-powered
nodes) complicates deployment.

Performance Trade-Offs: Reducing fin DVFS or offloading tasks delays execution, critical for
latency-sensitive applications like traffic management [7]. Balancing QoS and energy is a
persistent trade-off.

Lack of Standards: No unified metrics (e.g., Joules per task) exist, hindering benchmarking and
policy [4]. Smart city initiatives suffer from vendor-specific solutions, stalling interoperability.

These challenges demand interdisciplinary solutions, merging technical innovation with regulatory
frameworks.

CASE STUDIES AND PRACTICAL IMPLEMENTATIONS
Edge Computing’s ability to enhance energy efficiency shines through its practical applications
across diverse sectors. These are:

Smart Grids: Edge computing optimizes energy distribution in smart grids by processing data
locally in real time. In a pilot project with 100 edge nodes, predictive analytics slashed energy
losses by 15%, handling about 1 GB of data per hour to dynamically balance loads and detect
faults. Scaling this to urban grids with over 10,000 nodes, however, demands robust
communication networks and uniform protocols to manage device diversity [10].

Autonomous Vehicles: By offloading tasks like real-time navigation and obstacle detection to
edge servers, autonomous vehicles reduce on board energy use. A trial involving 50 vehicles
offloaded 500 MB of data daily, cutting energy consumption by 20% [3]. Maintaining
connectivity in high-speed scenarios also raises energy costs, posing a persistent challenge [13].
Smart Cities: In smart cities, edge computing drives applications like adaptive lighting and waste
management. Barcelona’s deployment of 2,000 edge-enabled sensors adjusted streetlights based
on pedestrian and vehicle activity, saving 25% in energy (roughly 50 MWh/year). Local data
aggregation reduced communication energy by 30%, but the $ 1 million installation cost and
maintenance of varied devices highlight scalability hurdles [14]. Expanding to larger cities
requires modular designs and interoperable standards to ensure seamless operation.

Vehicular Traffic Management: Edge nodes at intersections process sensor and camera data to
streamline traffic flow. Offloading computation to edge servers reduced energy use by 35%,
though latency spikes during rush hours revealed a trade-off between efficiency and service
quality [15]. Adding vehicle-to-everything (V2X) communication could boost efficiency but
introduces new energy and security concerns [16].

Healthcare: Wearable edge devices offload patient data to nearby hubs, easing energy demands.
A trial with 100 devices saved 25% in energy (5 kWh/month), extending battery life [17].
However, continuous monitoring for critical care is limited by battery capacity and constant data
transmission needs. Emerging energy harvesting techniques, like capturing power from body
motion, show promise but remain experimental [18].
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o [ndustrial IoT (New Case Study): In industrial settings, edge computing enhances energy
efficiency by monitoring and controlling machinery in real time. A German steel plant used edge
nodes to process 2 TB of daily sensor data, cutting energy use by 18% through predictive
maintenance and optimized scheduling [19]. This prevented equipment downtime and reduced
idle power consumption.

These examples underscore edge computing’s energy-saving potential while exposing recurring
issues like scalability, cost, and standardization, which must be tackled for widespread success.

FUTURE DIRECTIONS

The evolution of edge computing offers exciting opportunities to boost energy efficiency and

awareness in the following domains:

e  Quantum Edge Computing: Quantum computing at the edge could revolutionize energy
efficiency for complex tasks. Early tests suggest quantum processors might use 100 times less
energy than traditional systems for applications like grid optimization or traffic routing.
However, their high cost and size make them impractical for widespread edge use currently,
positioning this as a future goal [20].

e Renewable-Powered Edge Nodes: Pairing edge nodes with solar or wind power reduces grid
dependency, especially in remote areas. In rural India, solar-powered nodes cut energy costs by
40% for crop monitoring. Yet, renewable energy’s inconsistency necessitates better storage and
adaptive scheduling to ensure uninterrupted service.

e Policy Incentives: Governments could promote energy-efficient edge systems through subsidies
or tax breaks, mirroring solar energy policies. Requiring standardized energy metrics, like Joules
per task, would also improve system comparisons and drive innovation.

o Adaptive Al for Dynamic Workloads: Al tools that adjust to workload changes can optimize
energy use. Simulations show reinforcement learning reducing consumption by 30% through
smart task allocation [21]. However, the energy needed to train these models must be minimized
to avoid offsetting benefits, especially in small-scale setups.

o Sustainable Smart Agriculture (New Direction): Edge computing can enhance sustainable
farming by processing sensor data for precision irrigation and fertilization. Trials show a 25%
reduction in water and energy use, driven by real-time recommendations from edge nodes [22].

o Disaster Management and Resilience (New Direction): During disasters, edge computing can
sustain critical services like early warnings or communication when power fails. Renewable or
energy-harvesting nodes could operate off-grid, but developing ultra-low-power protocols and
self-sustaining systems remains a research priority [23].

These directions call for collaboration across technology, policy, and research to build sustainable
edge systems, addressing scalability, cost, and standardization challenges.

CONCLUSION

In sum, Edge Computing’s transformative potential for distributed systems is undeniable, but its
energy demands pose a formidable challenge that demands a holistic response. Hardware, software, and
network optimizations offer tangible energy savings, yet their implementation must carefully weigh
performance trade-offs and integration complexities. Awareness mechanisms, though underutilized,
hold immense promise for reducing waste through user engagement and intelligent automation,
provided adoption hurdles are addressed. The case studies validate these approaches in real-world
settings but underscore the pressing need for scalable, affordable, and standardized frameworks to move
beyond isolated successes. As edge computing continues to grow, its sustainability will hinge on
concerted efforts across technology, policy, and research domains. By embracing innovations like
quantum computing and renewable energy, and fostering collaboration to refine standards and
incentives, the field can minimize its environmental and economic footprint while delivering on its
promise of a smarter, faster, and more connected world.
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