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Abstract 

The rapid expansion of smart cities demands the deployment of energy-efficient, intelligent 

systems at the network edge. Traditional cloud-centric artificial intelligence (AI) architectures 

are insufficient due to high latency, bandwidth constraints, and excessive energy consumption. 

In this paper, we explore the development of energy-efficient algorithms specifically designed 

for edge computing platforms supporting AI applications in smart cities. We first review the 

state of research, identify critical challenges, and propose a hybrid optimization framework 

combining lightweight neural networks and energy-aware task scheduling. Preliminary 

simulations demonstrate that our approach reduces energy consumption by up to 35% 

compared to conventional edge-AI methods, while maintaining near-optimal performance. 

Keywords: Smart Cities; Edge Computing; Energy Efficiency; Artificial Intelligence; 

Lightweight Neural Networks; Edge AI Optimization 

1.  Introduction 

The proliferation of smart devices and applications in urban environments has led to an 

unprecedented demand for real-time, low-latency AI computations. Traditional cloud 

computing models struggle to meet these demands due to inherent network delays and 

centralized resource limitations. Edge computing has emerged as a critical solution, pushing 

computation closer to data sources. 

However, deploying AI models on resource-constrained edge devices introduces significant 

energy efficiency challenges. Most AI algorithms, especially deep learning models, require 

substantial computation and memory, which can rapidly drain battery-powered devices or 

overload micro servers. Therefore, designing energy-efficient algorithms is vital to ensure the 

scalability and sustainability of smart city infrastructures. 

 

2. Literature Review 

Shi et al. (2016) introduced the concept of "edge computing" as a means to meet the latency 

demands of real-time systems, emphasizing decentralized processing. Building upon this, 
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Satyanarayanan (2017) explored how edge devices could support AI workloads with a focus 

on bandwidth conservation. Early energy optimization strategies, such as model compression 

and pruning techniques, were extensively reviewed by Han et al. (2015), who showed that 

pruning could significantly reduce neural network sizes without heavy performance losses. 

In terms of practical deployments, Li et al. (2018) discussed the challenges of dynamic 

energy management in edge AI, proposing adaptive scheduling based on workload prediction. 

Similarly, Yang et al. (2019) highlighted model quantization and federated learning as crucial 

approaches to improving edge efficiency. Nevertheless, gaps remained regarding integrated 

frameworks capable of balancing accuracy, energy use, and computational latency 

simultaneously. 

 

3. Objective and Problem Statement 

The primary objective of this research is to develop and evaluate novel energy-efficient 

algorithms that can operate effectively on edge devices within smart city ecosystems. 

Traditional cloud-AI solutions are insufficient due to their high energy and latency costs; 

therefore, edge-based AI must be specifically optimized for these unique constraints. 

The problem is multi-faceted: it involves balancing the computational demands of AI models 

against the limited battery life and processing power of edge hardware. A successful solution 

must achieve an optimal trade-off between inference accuracy, response time, and energy 

consumption. 

 

4. Methodology 

This work adopts a hybrid methodological approach, combining lightweight deep learning 

architectures with dynamic energy-aware scheduling. Lightweight architectures involve neural 

network pruning, quantization, and knowledge distillation techniques to ensure minimal 

computational load. 

Energy-aware scheduling uses predictive analytics to dynamically allocate tasks to edge 

devices based on their real-time energy profiles. Both techniques are integrated into a unified 

optimization framework, ensuring consistent application across various smart city contexts 

(e.g., traffic control, surveillance, and environmental monitoring). 

 

5. Experimental Setup 

The experimental evaluation was conducted using a simulated smart city environment based 

on the CitySim platform. Edge devices were 14odelled after Raspberry Pi 4B specifications, 

representing realistic computational and energy constraints. 

AI tasks included pedestrian detection, traffic flow prediction, and environmental anomaly 

detection. Metrics for evaluation included energy consumption (measured in Joules), inference 

latency (milliseconds), and prediction accuracy (percentage). 
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Table 1: Experimental Parameters 

Parameter Value 

Edge Device Model Raspberry Pi 4B (4GB RAM) 

AI Tasks Pedestrian Detection, Traffic Flow 

Evaluation Metrics Energy Consumption, Latency, Accuracy 

Simulation Platform CitySim 2021 Version 

 

6. Results and Discussion 

The results indicate that the proposed lightweight + scheduling framework significantly 

reduces the energy footprint of edge AI applications without major sacrifices in accuracy. On 

average, energy consumption dropped by 32-35% across tasks compared to standard 

MobileNet-based baselines. 

Latency also improved by approximately 20%, which is critical for real-time smart city 

applications. While there was a minor (~2%) reduction in predictive accuracy, it was deemed 

acceptable given the large energy savings. 

 

 

Figure 1: Energy Consumption Comparison 
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7. Limitations and Future Work 

While promising, this study has several limitations. The simulated environment may not 

capture all the stochastic variations of real-world smart cities. Additionally, the optimization 

framework was only tested on a limited range of edge devices and AI tasks. 

Future research will focus on extending this work to real-world deployments, exploring 

reinforcement learning techniques for better scheduling, and integrating renewable energy 

sources to power edge devices, making smart city infrastructures even greener. 

 

8. Conclusion 

Energy-efficient algorithms for edge-based AI applications are critical to the sustainable 

development of smart cities. By employing lightweight models combined with dynamic energy 

management strategies, it is possible to significantly lower energy usage without critically 

impacting performance. This research marks a meaningful step towards realizing greener, more 

scalable urban infrastructures driven by AI. 
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