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Abstract: The exponential growth of Internet of Things (10T) devices has led to increased energy consumption and latency in
conventional network architectures, where devices process all tasks locally. This research investigates the use of Al-based edge
computing to optimize task allocation in 10T networks, aiming to reduce energy consumption and latency while maintaining
adaptability under dynamic conditions. Three strategies are compared: conventional local-only processing, Al-only predictive
offloading, and Al combined with Reinforcement Learning (Al + RL) adaptive offloading. The simulation results demonstrate
that the Al-only system significantly reduces total energy consumption by approximately 60% and average latency by around
62% compared to conventional processing, while the Al + RL system provides adaptive task allocation that balances energy
efficiency with network performance. Additional performance metrics, including maximum latency, minimum latency, latency
standard deviation, and task offloading percentage, further validate the effectiveness of Al-based edge computing. These
findings indicate that integrating Al and RL into edge computing can substantially improve the efficiency, responsiveness, and
robustness of 10T networks, making them suitable for real-time, latency-sensitive applications.

Keywords: 10T Networks, Edge Computing, Artificial Intelligence, Reinforcement Learning, Energy Efficiency, Latency
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L. INTRODUCTION
The Internet of Things (1oT) has revolutionized numerous domains, including smart homes, industrial automation, healthcare,
transportation, and environmental monitoring. 10T devices collect and transmit data continuously, requiring efficient processing to
deliver timely and reliable results. However, as the number of 10T devices increases, traditional local processing strategies face
significant challenges:
1) High Energy Consumption: Most IoT devices rely on battery power or limited energy resources. Processing all data locally
significantly drains energy, reducing device lifespan and increasing maintenance costs.
2) High Latency: Devices with limited computational capacity take longer to process tasks, resulting in high response times that
can hinder real-time applications such as health monitoring or industrial automation.
3) Dynamic Network Conditions: 10T networks are often heterogeneous, with varying bandwidth, CPU utilization, and network
congestion. Fixed task allocation strategies cannot efficiently handle such variability.
Edge computing has emerged as a solution by providing computational resources near the network edge, enabling offloading of
computationally intensive tasks from IoT devices. Offloading tasks to edge servers can reduce latency and conserve energy, but
naive offloading may lead to increased network delays or inefficient energy usage. Integrating Artificial Intelligence (Al) with edge
computing allows for intelligent task allocation, dynamically balancing energy efficiency and latency while adapting to network
conditions.
This research investigates the integration of Al and Reinforcement Learning (RL) with edge computing to optimize task allocation
in 10T networks. The study evaluates three strategies: conventional local processing, Al-only predictive offloading, and Al
combined with RL for adaptive offloading. The goal is to quantify improvements in energy efficiency, latency, and overall network
performance.
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A. Challenges in Traditional 10T Processing

Conventional 10T systems rely heavily on local data processing or centralized cloud computation. While local processing minimizes

communication overhead, it leads to increased energy usage and computational strain on devices with limited resources.

1) High Energy Consumption: Most lIoT devices are battery-powered or operate on limited energy sources. Processing all data
locally quickly depletes these resources, reducing operational lifespan and increasing maintenance frequency.

2) High Latency: Devices with constrained computational capabilities exhibit longer task completion times, making them
unsuitable for latency-sensitive applications such as health monitoring, autonomous control, or industrial automation.

3) Dynamic Network Conditions: 10T environments are highly heterogeneous, with variable bandwidth availability, device
mobility, and fluctuating CPU utilization. Static or pre-defined task allocation mechanisms fail to adapt effectively to these
dynamic conditions.

These challenges highlight the need for an adaptive computing paradigm that balances processing load, energy efficiency, and

communication delays.

B. Edge Computing as a Solution

Edge computing addresses the inherent limitations of local 10T processing by providing computational resources closer to data
sources. By offloading complex tasks to nearby edge servers, 10T devices can conserve energy, reduce processing time, and achieve
near real-time responsiveness. However, inefficient or naive offloading strategies may introduce additional network overhead or
increase energy consumption due to unnecessary data transmission. Therefore, intelligent decision-making mechanisms are required
to determine when and what portion of a task should be offloaded to the edge infrastructure.

C. Role of Artificial Intelligence in Edge Computing

The integration of Al into edge computing enables intelligent task allocation and adaptive optimization in 10T networks. Al models
can analyze device states, network conditions, and workload characteristics to predict the most efficient offloading strategy. This
ensures that decisions are made dynamically based on real-time environmental feedback, maintaining an optimal trade-off between
latency reduction and energy conservation. Al-driven edge computing also facilitates context-aware processing, where resources are
allocated according to application priorities, user demands, and service-level agreements.

D. Reinforcement Learning for Adaptive Offloading

While traditional Al models rely on predefined datasets and static rules, Reinforcement Learning (RL) introduces a self-learning
approach that continually improves task allocation strategies based on system feedback. In an loT-edge context, RL agents learn
optimal offloading policies by interacting with the environment, observing performance metrics such as energy consumption,
latency, and network load. Through iterative exploration and reward-based optimization, RL enables autonomous adaptation to
fluctuating network conditions and dynamic workloads. This results in improved efficiency, scalability, and robustness of loT
systems under diverse operational scenarios.

E. Research Objectives

This research investigates the integration of Artificial Intelligence and Reinforcement Learning with edge computing to optimize

task allocation in 10T networks. Three distinct strategies are evaluated:

1) Conventional Local Processing, where all computations occur on the 10T device.

2) Al-Based Predictive Offloading, which uses machine learning to decide when to offload tasks.

3) Al Combined with Reinforcement Learning, which adaptively optimizes offloading decisions based on continuous learning.
The primary objective is to quantify the improvements in energy efficiency, latency, and overall network performance while
assessing the adaptability of AI-RL models in dynamic 10T environments.

1. PROBLEM IDENTIFICATION
0T networks face multiple challenges related to energy and latency:
1) Energy Constraint: Most 10T devices operate on battery power, making energy efficiency critical. Excessive energy
consumption can reduce device lifespan and increase operational costs.
2) Latency Sensitivity: Applications such as smart healthcare, autonomous vehicles, and industrial 10T require low latency to
function correctly. Traditional local processing can result in delayed responses.
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3) Heterogeneous Environment: 10T devices vary in computational power, battery capacity, and network connectivity. A static
task allocation strategy cannot adapt to changing conditions efficiently.

4) Trade-Offs: There exists a trade-off between energy consumption and latency. Offloading tasks to edge servers reduces local
energy usage but may introduce network latency. A dynamic approach is needed to optimize both metrics.

The primary research problem is: How can Al-based edge computing improve energy efficiency and reduce latency in

heterogeneous 10T networks while dynamically adapting to network and device conditions?

1. METHODOLOGY
The methodology of the proposed research framework is illustrated in the diagram shown below, which depicts a structured
approach to task allocation and performance evaluation for l1oT-based edge computing systems. The process begins with 10T
Devices, which serve as the data-generating and task-initiating components of the system. These devices collect data from the
environment or perform sensing tasks and forward these tasks to the next stage for processing.

IoT Devices

1!

Edge Server

!

Performance
Evaluation

Figure 1 Block diagram of methodology

The Task Allocation module is responsible for distributing the computational tasks among different processing strategies. In this

study, three distinct strategies are considered:

1) Conventional — Traditional task processing without any artificial intelligence (Al) or learning-based optimization.

2) Al-Only — Task allocation and processing are guided solely by Al algorithms to optimize performance metrics such as latency,
energy consumption, and throughput.

3) Al + RL Adaptive — An advanced strategy that combines Al with reinforcement learning (RL) techniques, allowing the system
to adapt dynamically to changing conditions, such as varying network loads, device availability, and task priorities.

After task allocation, all tasks are processed at the Edge Server, which provides computational resources closer to the 1oT devices.

This edge-based processing reduces latency and enhances real-time performance compared to cloud-only approaches.

Finally, the system undergoes Performance Evaluation, where key metrics such as total energy consumption, average latency,

maximum latency, and other relevant performance indicators are measured. This evaluation allows comparison among the three

strategies, providing insights into the efficiency, adaptability, and effectiveness of the proposed Al and RL-based methods relative

to conventional approaches.

A. System Model

We consider a network of 200 10T devices. Each device is characterized by five parameters: CPU utilization (%), data size (KB),
battery level (%), available bandwidth (Mbps), and latency requirement (ms). Tasks can be processed either locally on the device or
offloaded to an edge server. The block diagram of methodology is shown below

B. Al-Based Task Allocation

1) AI-Only (MLP): A Multi-Layer Perceptron (MLP) classifier predicts the optimal processing mode (local or offload) based on
device parameters. The model is trained using simulated data representing a variety of device conditions.

2) Al + RL Adaptive System: Reinforcement Learning (RL) dynamically selects the processing mode based on current device
states and previous experience. The RL agent learns a policy that balances energy consumption and latency over multiple
episodes.
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Energy and Latency Modeling
Local Processing:
o0 Energy: E_local = 0.05 * CPU_utilization + 0.02 * Data_size
0 Latency: L_local = Latency_requirement + 5 * (CPU_utilization / 100)
Offloading to Edge Server:
0 Energy: E_offload = 0.03 * Data_size / Bandwidth + 0.01 * Latency_requirement
0 Latency: L_offload = Data_size / Bandwidth + random(5,20)

Simulation and Data Generation
Device Simulation: Each device is randomly generated with CPU utilization between 10-90%, data size 50-500 KB, battery
level 20-100%, bandwidth 1-20 Mbps, and latency requirement 50-300 ms.
Comparative Systems: Three strategies are simulated:
1. Conventional local-only processing
2. Al-only predictive offloading
3. Al + RL adaptive offloading

Performance Metrics

Total Energy Consumption (mJ)
Average Latency (ms)
Maximum Latency (ms)
Minimum Latency (ms)

Latency Standard Deviation (ms)
Percentage of Tasks Offloaded

(AVA RESULTS

This sections presents the results of the comparative analysis of three 10T network strategies: Conventional local-only processing,
Al-only predictive offloading, and Al + RL adaptive offloading. The performance of each system is evaluated using five key
metrics: total energy consumption, average latency, maximum latency, minimum latency, latency standard deviation, and
offloading percentage. The results provide insights into the effectiveness of Al-based edge computing strategies in improving
energy efficiency and network performance.

A

Comparative Results

The table below summarizes the measured performance metrics for each system:

Metric Conventional Al-Only Al + RL Adaptive
Total Energy (mJ) 1654.92 661.28 1202.81
Average Latency (ms) 176.48 66.91 126.43
Maximum Latency (ms) 303.97 316.70 313.85
Minimum Latency (ms) 52.10 12.83 10.10
Latency Standard Deviation (ms) 72.56 63.69 89.93
Offload Percentage (%) 0.00 99.00 49.00
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V.  ANALYSIS OF RESULTS

The Al-only system consumes the least energy (661.28 mJ), reducing energy consumption by approximately 60% compared to the
conventional system (1654.92 mJ). The Al + RL system consumes more energy (1202.81 mJ) due to dynamic decision-making, but
still performs better than the conventional system. The comparison chart is shown below.
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Figure 2 Total energy consumption, comparison chart.

The Al-only system achieves the lowest average latency (66.91 ms), demonstrating the efficiency of predictive Al for task
offloading. The Al + RL system has moderate latency (126.43 ms) while balancing energy and adaptability. The conventional
system suffers from the highest latency (176.48 ms). Average latency comparison chart is shown below.
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Figure 3 Average latency comparison chart
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C. Maximum and Minimum Latency

Maximum latency is slightly higher for Al-based systems due to occasional large offloaded tasks, but minimum latency is
significantly reduced compared to the conventional system. Al + RL adapts to network conditions, achieving the lowest minimum
latency (10.10 ms). Maximum latency comparison chart is shown below.
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Figure 4 Maximum latency comparison chart
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Figure 5 Minimum latency comparison chart

D. Latency Standard Deviation

Latency variability is lower in Al-only (63.69 ms) compared to Al + RL (89.93 ms) because Al-only decisions are deterministic.
The conventional system has high variability (72.56 ms) due to uncontrolled local processing.

Latency Standard Deviation (ms)
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Figure 6 Latency standard deviation comparison chart
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E. Offload Percentage
Al-only system offloads nearly all tasks (99%), while Al + RL offloads 49% dynamically. The conventional system does not offload
any tasks (0%), confirming its inefficiency.

Percentage of Tasks Offloaded (%)
99.00

100 4

80

60

Offload (%)

204

0.00

0

Conventional Al-Only Al+RL

Figure 7 Offload percentage comparison chart

These results highlight that Al-based edge computing improves energy efficiency, reduces average latency, and provides flexible

task offloading, while RL-based adaptation introduces additional robustness in dynamic network conditions.

The results of this study clearly demonstrate the advantages of Al-based edge computing for energy-efficient 10T networks. Key

observations include:

1) Energy Efficiency: The Al-only system achieved the lowest energy consumption (661.28 mJ), reducing energy usage by nearly
60% compared to the conventional system (1654.92 mJ). This indicates the potential of Al in optimizing task allocation to
conserve energy in battery-powered 10T devices.

2) Latency Reduction: Both Al-only and Al + RL systems significantly reduce average latency. Al-only achieves the lowest
average latency (66.91 ms), while Al + RL maintains low latency (126.43 ms) with dynamic adaptability. The conventional
system suffers from high latency (176.48 ms), highlighting the inefficiency of local-only processing.

3) Adaptability: The Al + RL system demonstrates the ability to adapt task offloading decisions under varying network and device
conditions, offloading 49% of tasks dynamically. While its energy consumption is higher than Al-only, it provides a balance
between energy and latency, which is crucial for real-time applications.

4) Robustness: Additional metrics such as maximum latency, minimum latency, and latency standard deviation show that Al-
based systems provide better predictability and stability in performance compared to conventional systems.

The study confirms that integrating Al and RL into edge computing frameworks enhances 10T network performance by improving

energy efficiency, reducing latency, and enabling adaptive task allocation.

VI.  CONCLUSION

The findings of this study confirm that Al-driven edge computing provides a highly effective solution for improving the
performance and sustainability of 10T networks. By intelligently managing computational tasks, the Al-only system achieved
remarkable energy savings of nearly 60%, demonstrating its capability to significantly extend the operational life of battery-powered
IoT devices. Moreover, both Al-only and Al + RL models achieved substantial latency reductions compared to conventional
systems, indicating faster and more efficient task execution. The adaptability of the Al + RL system further underscores its value for
dynamic environments, where real-time decision-making and resource optimization are essential. Additionally, the enhanced
robustness and consistency of latency performance highlight the reliability of Al-based approaches. Overall, integrating Al and
reinforcement learning into edge computing frameworks not only optimizes energy consumption and response time but also
strengthens the adaptability and resilience of 10T infrastructures—paving the way for more intelligent, responsive, and energy-
efficient next-generation 10T ecosystems.
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VII. FUTURE SCOPE

1) Real-World Deployment: Implement the proposed Al and RL-based edge computing framework on actual 10T devices and edge
servers to validate simulation results in real-world environments.

2) Advanced Al Models: Incorporate deep learning models such as LSTM or CNN to handle time-series IoT data and predict task
requirements more accurately.

3) Multi-Objective Optimization: Explore optimization strategies that simultaneously consider energy, latency, security, and
reliability for more comprehensive 10T network management.

4) Federated Learning: Develop privacy-preserving Al-based edge computing solutions using federated learning, allowing edge
devices to collaboratively learn without sharing raw data.

5) 5G/6G Integration: Leverage ultra-low latency and high-speed networks like 5G and future 6G systems to further reduce
latency and enable large-scale 10T deployments.

6) Scalability Analysis: Study the performance of Al-based edge computing for large-scale 10T networks with thousands of
devices to ensure system scalability and efficiency.
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