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Abstract
The exponential growth of artificial intelligence (AI) systems has precipitated unprecedented energy consumption and carbon 
emissions, threatening global sustainability goals. This article examines the convergence of Green AI-energy-efficient machine 
learning methodologies—with sustainable infrastructure development in the Middle East. Through comprehensive analysis 
of 60 peer-reviewed studies, we synthesize current Green AI strategies including model compression, quantization, pruning, 
neuromorphic computing, and carbon-aware scheduling, while examining their application to Middle Eastern energy landscapes 
characterized by ambitious renewable energy transitions and smart city initiatives. Our findings reveal that Green AI techniques can 
reduce energy consumption by 35-45% with minimal accuracy degradation, while Middle Eastern nations increasingly deploy AI-
driven solutions for solar forecasting, smart grid optimization, and sustainable urban infrastructure. However, significant barriers 
persist, including limited regional research, infrastructure constraints, extreme climate conditions, and policy gaps. We propose 
an integrated framework combining technical Green AI innovations with region-specific policy recommendations, emphasizing 
international collaboration, capacity building, and adaptive governance. This research contributes to environmentally responsible 
AI discourse while addressing unique opportunities and challenges facing Middle Eastern nations in pursuing sustainable 
development goals.

Introduction 
The rapid proliferation of artificial intelligence has fundamentally 
transformed computational paradigms across scientific, industrial, 
and societal domains. However, this transformation has been 
accompanied by alarming escalation in energy consumption and 
carbon emissions. Training a single large-scale deep learning model 
can consume up to 656,347 kilowatt-hours and generate 626,155 
pounds of CO₂ emissions, equivalent to the lifetime emissions 
of five automobiles [1]. As AI systems become increasingly 
ubiquitous, the environmental sustainability of these technologies 
has emerged as a critical concern. The concept of "Green AI" 
has emerged as a response to these sustainability challenges, 
encompassing methodologies, algorithms, and hardware 

innovations designed to minimize the environmental footprint 
of machine learning systems while maintaining computational 
efficacy [2]. This paradigm shift moves from purely performance-
oriented AI development toward a holistic approach balancing 
accuracy, efficiency, and environmental responsibility.

The Middle East presents a unique context for examining 
Green AI implementation. Characterized by abundant solar 
resources, ambitious renewable energy targets, and rapid smart 
city development, Middle Eastern nations simultaneously 
confront dual challenges of energy transition and technological 
modernization. Countries such as Saudi Arabia, the United Arab 
Emirates (UAE), and Qatar have announced transformative 
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vision programs—including Saudi Vision 2030 and UAE 
Vision 2021—prioritizing sustainable development, economic 
diversification, and technological innovation [3]. However, the 
Middle East also faces distinctive challenges complicating Green 
AI adoption. Extreme climate conditions, particularly high ambient 
temperatures, increase cooling requirements for data centers and 
computational infrastructure. Legacy energy systems heavily 
dependent on fossil fuels require substantial transformation. 
Limited regional research capacity in Green AI methodologies 
and insufficient policy frameworks for sustainable computing 
further constrain progress.

This article addresses three interconnected research questions: 
(1) What are current state-of-the-art Green AI methodologies 
and their demonstrated energy efficiency outcomes? (2) How are 
Middle Eastern nations deploying AI for sustainable infrastructure, 
and what characterizes regional energy landscapes? (3) What 
barriers impede Green AI adoption in the Middle East, and what 
policy and technical interventions could accelerate sustainable AI 
deployment? By synthesizing evidence from 60 peer-reviewed 
studies, this research provides comprehensive analysis bridging 
technical innovation with regional implementation challenges.

Literature Review
The Environmental Impact of Artificial Intelligence
The environmental footprint of artificial intelligence has become a 
subject of increasing scholarly attention as the scale and complexity 
of machine learning models have expanded exponentially. 
Patterson provided seminal analysis demonstrating that large 
neural network training generates substantial carbon emissions, 
with variations depending on energy sources, hardware efficiency, 
and algorithmic design [4]. The carbon intensity of AI workloads 
is particularly pronounced in data centers, where computational 
demands translate directly into electricity consumption and 
associated greenhouse gas emissions. Recent research has 
quantified these impacts with greater precision. Training state-
of-the-art natural language processing models can consume energy 
equivalent to the lifetime emissions of multiple automobiles, while 
inference—the deployment phase of AI models—represents an 
often-overlooked source of continuous energy consumption [5]. 
The proliferation of AI applications across industries means that 
even modest per-query energy costs accumulate to significant 
aggregate environmental impacts.

Green AI: Definitions and Foundational Concepts
Green AI has emerged as a multifaceted research domain 
encompassing algorithmic, architectural, and systemic approaches 
to reducing the environmental footprint of machine learning. 
Tabbakh proposed a comprehensive framework defining Green AI 
as the development and deployment of AI systems that minimize 
energy consumption, reduce carbon emissions, and promote 
environmental sustainability throughout the AI lifecycle [2]. This 
definition extends beyond mere energy efficiency to encompass 
broader sustainability principles, including resource conservation 
and alignment with global climate goals. The foundational concepts 
of Green AI rest on several key principles. First, efficiency 
optimization seeks to maximize computational output per unit 
of energy consumed through algorithmic innovations. Second, 
carbon awareness involves considering the carbon intensity of 
electricity sources when scheduling computational workloads. 
Third, hardware-software co-design emphasizes integrated 
optimization across the computing stack. Fourth, lifecycle thinking 

requires consideration of environmental impacts from model 
development through deployment and eventual decommissioning.

Energy-Efficient Machine Learning Techniques
The literature on energy-efficient machine learning has expanded 
rapidly, encompassing diverse technical approaches. Model 
compression techniques, including pruning, quantization, and 
knowledge distillation, have demonstrated substantial energy 
savings. Research has shown that adaptive neural network pruning 
combined with quantization can reduce energy consumption by 
35% with only 2.3% accuracy degradation [6]. Quantization 
reduces numerical precision of model parameters, typically from 
32-bit floating-point to 8-bit or lower representations, significantly 
decreasing memory bandwidth and computational intensity.

Knowledge distillation transfers knowledge from large, complex 
"teacher" models to smaller, more efficient "student" models. 
Hossain demonstrated that knowledge distillation-based model 
compression can mitigate carbon footprint while maintaining 
acceptable accuracy levels [7]. This approach is particularly 
valuable for edge computing applications where energy constraints 
are severe. Architectural innovations represent another major 
category of Green AI techniques. Efficient neural network 
architectures, such as MobileNets and EfficientNets, are designed 
from inception to optimize the accuracy-efficiency trade-off. 
Sparse transformers, which reduce computational complexity 
through structured sparsity patterns, have shown promise for 
natural language processing applications. Saluja demonstrated 
that sparse transformers combined with carbon-aware scheduling 
can achieve up to 45% energy reduction with negligible accuracy 
loss [8].

Neuromorphic computing represents a paradigm shift toward 
brain-inspired computing architectures that fundamentally differ 
from traditional von Neumann systems. Luo  highlighted that 
neuromorphic systems using spiking neural networks can achieve 
energy consumption below 2.1 picojoules per synaptic operation, 
reducing total chip leakage power by over 60% [1]. These systems 
leverage event-driven computation and in-memory processing to 
dramatically reduce energy consumption. Training optimization 
strategies constitute a third category of Green AI techniques. 
Zhong proposed ssProp, an energy-efficient training method 
for convolutional neural networks that selectively propagates 
gradients through sparse subsets of the network [9]. Biswas 
introduced a learning rate tuner with relative adaptation that 
promotes sustainable computing by optimizing training efficiency 
[10]. Carbon-aware computing represents an emerging approach 
that considers the temporal and spatial variability of electricity 
carbon intensity. Zhang developed CarbonEdge, a carbon-aware 
deep learning inference framework for sustainable edge computing 
that dynamically adjusts computational workloads based on real-
time carbon intensity data [11].

AI for Sustainable Infrastructure in the Middle East
The application of AI to sustainable infrastructure development 
in the Middle East has gained momentum as regional nations 
pursue ambitious renewable energy and smart city initiatives. 
Solar energy forecasting represents a particularly active research 
area given the region's abundant solar resource. Elmousalami 
developed a hybrid CNN-LSTM algorithm for sustainable 
AI-driven solar power forecasting, achieving mean absolute 
percentage errors of 2.04% for Egypt's Benban Solar Park and 
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2.00% for Saudi Arabia's Sakaka Solar Power Plant [12]. Smart 
grid optimization through AI has emerged as a critical enabler of 
renewable energy integration in Middle Eastern contexts. Talaat 
examined AI-driven integration of renewables for optimized grid 
management, demonstrating how machine learning algorithms 
can balance supply and demand variability inherent in renewable 
energy systems [13]. Ding explored deep reinforcement learning 
methods for joint optimization of mobile energy storage systems 
and power grids with high renewable energy sources [14].

Energy management systems for buildings and urban infrastructure 
represent another significant application domain. Alshamsi 
conducted a case study of AI-based predictive improvement of 
energy management systems in UAE district cooling using LSTM 
networks [15]. Alghassab compared fuzzy-based smart energy 
management systems for residential buildings in Saudi Arabia, 
highlighting the importance of context-appropriate AI techniques 
[16]. Smart city initiatives across the Middle East increasingly 
incorporate AI for sustainable infrastructure management. Farooq 
conducted comparative case studies of AI implementation in smart 
cities across Gulf Cooperation Council (GCC) nations, revealing 
diverse approaches to integrating AI with urban infrastructure 
while identifying significant implementation challenges including 
interoperability issues, data governance concerns, and capacity 
constraints [3].

Research Gaps and Opportunities
Despite growing literature on both Green AI and Middle Eastern 
sustainable infrastructure, significant research gaps persist that 
warrant scholarly attention and practical investigation. First, 
limited studies explicitly examine the intersection of Green AI 
methodologies with Middle Eastern implementation contexts. 
Most Green AI research focuses on temperate climate data 
centers in North America, Europe, or East Asia, with insufficient 
attention to how extreme heat affects cooling requirements and 
overall energy efficiency in Middle Eastern settings. The unique 
thermal challenges of operating computational infrastructure in 
environments where ambient temperatures regularly exceed 45°C 
(113°F) require specialized research on cooling technologies, 
hardware reliability, and energy efficiency optimization strategies 
adapted to these conditions.

Second, comparative analyses of different Green AI techniques 
under Middle Eastern operational conditions are scarce, making 
it difficult for regional stakeholders to make evidence-based 
technology selection decisions. While numerous studies evaluate 
Green AI techniques in controlled laboratory settings or temperate 
climate deployments, systematic comparisons of how these 
techniques perform under Middle Eastern conditions—including 
extreme heat, dust exposure, and grid characteristics—are largely 
absent from the literature. Such comparative studies would provide 
valuable guidance for organizations selecting among alternative 
Green AI approaches. 

Third, policy and governance frameworks for sustainable AI in 
the Middle East remain underdeveloped compared to frameworks 
for other environmental technologies. While several nations have 
announced AI strategies, these often lack specific provisions for 
energy efficiency standards, carbon accounting methodologies, 
or sustainability reporting requirements. The absence of clear 
regulatory frameworks creates uncertainty for investors and 
implementers, potentially slowing AI adoption. Research 
examining effective policy approaches from other regions and their 

adaptability to Middle Eastern contexts could inform evidence-
based policy development.

Fourth, the potential for regional collaboration on Green AI 
research and development remains largely unexplored, despite 
shared challenges and complementary capabilities across 
Middle Eastern nations. Regional cooperation could pool limited 
resources, share best practices, and develop common standards 
that facilitate technology deployment. However, mechanisms for 
effective regional collaboration—including governance structures, 
funding models, and intellectual property frameworks—require 
further investigation. 

Fifth, lifecycle assessments of AI infrastructure in Middle 
Eastern contexts are virtually absent from the literature, limiting 
understanding of total environmental impacts. Most studies focus 
narrowly on operational energy consumption, neglecting embodied 
carbon in hardware manufacturing, transportation emissions, 
cooling system impacts, and electronic waste considerations. 
Comprehensive lifecycle assessments that account for the full 
environmental footprint of AI systems in Middle Eastern contexts 
would provide more complete understanding of sustainability 
implications and inform more effective interventions.

Sixth, the intersection of Green AI with other critical Middle 
Eastern sustainability challenges—particularly water scarcity 
and the water-energy nexus—remains underexplored. Data center 
cooling and power generation both require substantial water 
resources, creating competition with agricultural, industrial, and 
domestic water uses in water-scarce environments. Research 
examining integrated optimization of energy and water systems 
through AI could address multiple sustainability challenges 
simultaneously.

These gaps represent significant opportunities for future research 
that could substantially advance both scholarly understanding 
and practical implementation. Developing region-specific 
Green AI benchmarks, conducting comparative field studies of 
different techniques under Middle Eastern conditions, formulating 
evidence-based policy recommendations, and exploring 
regional collaboration mechanisms could accelerate sustainable 
AI deployment. This article addresses some of these gaps by 
synthesizing available evidence and proposing an integrated 
framework for Green AI deployment in Middle Eastern sustainable 
infrastructure contexts, while also identifying priorities for future 
research and development efforts.

Theoretical Framework
Sustainable Computing Theory
The theoretical foundation for Green AI rests on sustainable 
computing theory, which extends traditional computing 
optimization objectives to incorporate environmental sustainability 
as a first-order design constraint. Sustainable computing theory 
posits that computational systems should be evaluated not solely 
on performance metrics such as speed, accuracy, or throughput, 
but on multidimensional criteria including energy efficiency, 
carbon footprint, resource utilization, and lifecycle environmental 
impact. Life cycle assessment (LCA) methodology provides a 
systematic framework for evaluating the total environmental 
impact of AI systems from raw material extraction through 
manufacturing, operation, and end-of-life disposal. For AI systems, 
comprehensive LCA must account for the energy intensity of 



Page 4     J AI Data Analytics

semiconductor fabrication, the carbon footprint of global supply 
chains, the operational energy of both training and inference, and 
the environmental burden of hardware obsolescence.

Socio-Technical Systems Perspective
Understanding Green AI implementation in Middle Eastern 
contexts requires a socio-technical systems perspective that 
recognizes the complex interplay between technological artifacts, 
human actors, organizational structures, and broader societal 
contexts. Applied to Green AI in the Middle East, this perspective 
highlights that technical innovations developed in Western 
contexts cannot be simply transplanted to Middle Eastern settings 
without adaptation to local conditions, including climate, energy 
infrastructure, regulatory frameworks, and cultural factors.

Regional Innovation Systems Framework
The regional innovation systems (RIS) framework provides a 
useful lens for analyzing Green AI development and diffusion in 
Middle Eastern contexts. RIS theory examines how geographic 
regions develop distinctive innovation capabilities through 
interactions among firms, research institutions, government 
agencies, and supporting organizations. Middle Eastern nations 
exhibit diverse regional innovation system characteristics that 
influence Green AI adoption trajectories.

Energy Transition Theory
Energy transition theory provides essential context for understanding 
how Green AI intersects with broader transformations in Middle 
Eastern energy systems. Energy transitions involve fundamental 
shifts in energy production, distribution, and consumption patterns, 
typically driven by technological innovation, resource constraints, 
environmental concerns, and policy interventions. Historical 
energy transitions—from biomass to coal, coal to oil and gas, 
and currently toward renewable energy—have profoundly shaped 
economic development, geopolitical relations, and environmental 
outcomes.

The Middle East is experiencing a distinctive energy transition 
characterized by several unique features. First, the region 
possesses exceptional renewable energy resources, particularly 
solar energy, creating opportunities for leapfrogging to clean 
energy systems. Second, economic diversification imperatives 
drive energy transition as oil-dependent economies seek to 
reduce vulnerability to fossil fuel price volatility and prepare for 
a post-carbon global economy. Third, climate change impacts, 
including extreme heat and water scarcity, create urgent pressures 
for sustainable development. Fourth, geopolitical considerations 
influence energy transition strategies as nations seek to maintain 
regional influence in a changing global energy landscape.
Energy transition theory emphasizes that transitions are not merely 
technical substitutions of one energy source for another, but involve 
complex socio-technical reconfigurations. Successful transitions 
require coordinated changes in infrastructure, institutions, business 
models, skills, and cultural practices. For Green AI in Middle 
Eastern contexts, this implies that technical innovations must 
be accompanied by institutional reforms, capacity building, and 
stakeholder engagement to achieve sustainable outcomes.

The concept of "just transition" is particularly relevant for Middle 
Eastern energy transitions. Just transition principles emphasize 
that energy system transformations should be equitable, protecting 
vulnerable populations and workers in fossil fuel industries while 
creating new opportunities in clean energy sectors. Applied 

to Green AI, just transition thinking suggests that sustainable 
computing initiatives should consider distributional impacts, 
ensuring that benefits are broadly shared and that technological 
change does not exacerbate existing inequalities. This consideration 
is especially important in Middle Eastern contexts where energy 
sector employment represents a significant proportion of the 
workforce in some nations.

Integrated Framework for Green AI in Middle Eastern 
Sustainable Infrastructure
Building on these theoretical foundations, we propose an integrated 
framework for analyzing and guiding green AI implementation in 
Middle Eastern sustainable infrastructure contexts. This framework 
synthesizes sustainable computing theory, socio-technical systems 
perspectives, regional innovation systems analysis, and energy 
transition theory into a coherent analytical structure that addresses 
the complexity and multidimensionality of Green AI deployment.

The framework operates at four interconnected levels, each 
representing a distinct but interrelated domain of analysis and 
intervention. At the technical level, the framework encompasses 
Green AI methodologies including model compression, efficient 
architectures, neuromorphic computing, and carbon-aware 
scheduling. Technical choices must be evaluated not only for 
energy efficiency but also for suitability to Middle Eastern 
operational conditions, including extreme temperatures, dust 
exposure, and grid characteristics. This level addresses questions 
such as: Which Green AI techniques are most effective under 
Middle Eastern conditions? How can algorithms and hardware be 
adapted to extreme heat environments? What trade-offs between 
accuracy and efficiency are acceptable for different applications?

At the organizational level, the framework addresses how 
institutions—including government agencies, utilities, 
technology firms, and research centers—develop capabilities, 
establish practices, and coordinate activities to deploy Green 
AI. Organizational factors such as leadership commitment, 
resource allocation, change management, workforce skills, and 
organizational culture significantly influence implementation 
success. This level examines questions including: What 
organizational capabilities are required for effective Green AI 
deployment? How can organizations overcome inertia and risk 
aversion? What change management strategies facilitate adoption 
of novel AI approaches?

At the systemic level, the framework examines how Green AI 
integrates with broader energy infrastructure, policy frameworks, 
and innovation ecosystems. Systemic factors include electricity 
grid characteristics, renewable energy penetration, regulatory 
standards, data governance frameworks, and international 
cooperation mechanisms. Effective Green AI deployment requires 
alignment across these systemic elements. This level addresses 
questions such as: How do grid infrastructure characteristics enable 
or constrain Green AI deployment? What policy frameworks 
create enabling environments for sustainable AI? How can 
regional innovation systems be strengthened to support Green 
AI development?

At the societal level, the framework considers how Green AI 
relates to national development goals, cultural values, global 
sustainability commitments, and public acceptance. Societal 
factors shape the legitimacy and acceptance of Green AI initiatives 
and influence long-term sustainability outcomes. This level 
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examines questions including: How does Green AI align with 
national vision programs and development priorities? What are 
public attitudes toward AI and sustainability? How can Green 
AI contribute to achieving international climate commitments?

The framework emphasizes feedback loops and dynamic 
interactions across levels, recognizing that changes at one level 
influence and are influenced by other levels. Technical innovations 
enable new organizational practices, which in turn create demand 
for further technical development. Organizational capabilities 
influence which systemic opportunities can be pursued. Systemic 
changes, such as increased renewable energy penetration or new 
policy frameworks, alter the context for organizational decision-
making and technical choices. Societal values and priorities 
influence policy frameworks, which shape systemic conditions 
and organizational incentives. Understanding these dynamic 
interactions is essential for designing effective interventions and 
anticipating unintended consequences.

The framework also incorporates temporal dimensions, recognizing 
that Green AI deployment unfolds over time through phases of 
experimentation, learning, scaling, and institutionalization. Early-
stage deployments may focus on demonstration and learning, 
with limited scale but high learning value. As experience 
accumulates and capabilities develop, deployments can scale to 
broader applications. Eventually, successful approaches become 
institutionalized through standards, regulations, and routine 
practices. Different interventions are appropriate at different stages 
of this developmental trajectory.

This integrated framework guides the subsequent analysis by 
providing a structured approach to examining green AI strategies 
(technical level), Middle Eastern energy landscapes and AI adoption 
(organizational and systemic levels), case studies (organizational 
level), challenges (across all levels), and policy recommendations 
(systemic and societal levels). By explicitly connecting technical 
innovations to broader socio-technical contexts, the framework 
supports more nuanced and actionable insights than purely 
technical or purely policy-oriented analyses. The framework 
recognizes that sustainable AI deployment in Middle Eastern 
contexts requires simultaneous attention to technical excellence, 
organizational capability, systemic alignment, and societal 
legitimacy.

Green AI Strategies and Methodologies
Model Compression Techniques
Model compression represents one of the most mature and widely 
adopted categories of Green AI techniques. Pruning systematically 
removes redundant parameters from neural networks, reducing 
both memory footprint and computational operations. Adaptive 
neural network pruning combined with quantization methods can 
reduce energy consumption by 35%, decreasing per-inference 
energy from 4.2 joules to 2.73 joules with only 2.3% accuracy 
degradation [6].

Quantization reduces the numerical precision of model 
parameters and activations, typically from 32-bit floating-point 
representations to 8-bit integers or lower bit-widths. Research on 
sparse transformers combined with quantization has demonstrated 
up to 45% energy reduction with negligible accuracy loss [8]. 
Mixed-precision quantization assigns different bit-widths to 
different layers based on sensitivity analysis, optimizing the overall 
accuracy-efficiency balance.

Knowledge distillation transfers knowledge from large "teacher" 
models to smaller "student" models through a training process 
where the student learns to mimic the teacher's behavior. 
Hossain demonstrated that knowledge distillation-based model 
compression can mitigate carbon footprint while maintaining 
acceptable accuracy levels, particularly valuable for resource-
constrained edge devices [7].

Efficient Neural Network Architectures
Beyond compressing existing models, designing inherently 
efficient neural network architectures represents a proactive 
approach to Green AI. Mobile-optimized architectures such 
as MobileNets employ depthwise separable convolutions, 
dramatically reducing computational cost. EfficientNets use neural 
architecture search combined with compound scaling to identify 
optimal network configurations. Sparse architectures exploit the 
observation that not all connections in neural networks are equally 
important. Sparse transformers reduce the quadratic complexity of 
attention mechanisms through structured sparsity patterns. Saluja 
demonstrated that sparse transformers combined with carbon-
aware scheduling can achieve up to 45% energy reduction [8].

Neuromorphic Computing
Neuromorphic computing represents a paradigm shift toward 
brain-inspired computing architectures that fundamentally differ 
from traditional von Neumann systems. Luo demonstrated that 
neuromorphic computing offers significant energy efficiency 
for deep learning, with the Novena chip achieving less than 2.1 
picojoules energy per synaptic operation and reducing total chip 
leakage power by over 60%. Spiking neural networks (SNNs), 
the computational model underlying neuromorphic systems, 
communicate through discrete spikes rather than continuous 
values, enabling event-driven processing. In-memory computing 
architectures store synaptic weights in non-volatile resistive 
or magneto-resistive memories, enabling computation within 
memory arrays rather than shuttling data between separate memory 
and processing units [1].

Training Optimization Strategies
Training optimization strategies aim to reduce the computational 
cost of reaching target accuracy levels. Scheduled sparse 
backpropagation selectively propagates gradients through subsets 
of the network, reducing training computation. Zhong proposed 
ssProp, an energy-efficient training method for convolutional 
neural networks [9]. Biswas introduced a learning rate tuner 
with relative adaptation that promotes sustainable computing by 
optimizing training efficiency [10]. Transfer learning and pre-
training strategies reduce training costs by leveraging knowledge 
from related tasks. Rather than training models from scratch, 
transfer learning initializes models with weights pre-trained on 
large datasets, requiring only fine-tuning for specific applications.

Carbon-Aware Computing
Carbon-aware computing considers the temporal and spatial 
variability of electricity carbon intensity when scheduling 
computational workloads. Electricity carbon intensity varies 
substantially across time and geography. Carbon-aware scheduling 
exploits this variability by deferring flexible computational 
workloads to periods of low carbon intensity. Saluja demonstrated 
that carbon-aware dynamic voltage and frequency scaling (DVFS) 
scheduling, combined with model quantization, can achieve up 
to 45% energy reduction [8]. Zhang developed Carbon Edge, a 
carbon-aware deep learning inference framework for sustainable 
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edge computing that dynamically adjusts computational workloads 
based on real-time carbon intensity data [11]. The framework 
incorporates carbon intensity forecasts to proactively schedule 
computations, balancing latency requirements against carbon 
reduction opportunities.

Hardware-Software Co-Design
Hardware-software co-design approaches recognize that optimal 
energy efficiency requires integrated optimization across the 
computing stack. Specialized AI accelerators such as Google's 
Tensor Processing Units (TPUs) include architectural features 
optimized for neural network operations. Makin examined 
sustainable AI training via hardware-software co-design on 
NVIDIA, AMD, and emerging GPU architectures [17]. Energy-
aware software frameworks expose hardware energy management 
features to application developers, enabling fine-grained control 
over power-performance trade-offs. Dynamic voltage and 
frequency scaling (DVFS) adjusts processor operating points 
based on workload characteristics, reducing power consumption 
during less demanding phases.

Middle East Energy Landscape and AI Adoption
Regional Energy Characteristics and Transition Dynamics
The Middle East energy landscape is characterized by a 
paradoxical combination of abundant fossil fuel reserves and 
exceptional renewable energy potential. Solar irradiance levels 
exceed 2,000 kWh/m²/year in many areas, significantly higher 
than most global regions. Several Middle Eastern nations have 
announced ambitious renewable energy targets, with the UAE 
aiming for 50% clean energy by 2050 and Saudi Arabia targeting 
50% renewable energy by 2030. Economic diversification 
imperatives drive energy transition as oil-dependent economies 
seek to reduce vulnerability to fossil fuel price volatility. Saudi 
Vision 2030, UAE Vision 2021, and Qatar National Vision 2030 
all emphasize economic diversification, technological innovation, 
and sustainable development. Climate change impacts create 
urgent pressures for sustainable development, with the region 
experiencing temperature increases above the global average.

AI Adoption in Middle Eastern Energy Systems
Artificial intelligence adoption in Middle Eastern energy systems 
has accelerated rapidly in recent years. Solar energy forecasting 
represents one of the most mature AI applications. Elmousalami 
developed a hybrid CNN-LSTM algorithm achieving mean 
absolute percentage errors of 2.04% for Egypt's Benban Solar 
Park and 2.00% for Saudi Arabia's Sakaka Solar Power Plant 
[12]. These high-accuracy forecasting systems enable more 
efficient integration of solar energy into regional grids. Smart 
grid optimization through AI has emerged as a critical enabler 
of renewable energy integration. Talaat examined AI-driven 
integration of renewables for optimized grid management [13]. 
Ghorfi analyzed AI for energy management in the MENA region, 
highlighting how AI drives efficiency and sustainability [18]. Ding 
explored deep reinforcement learning for managing complex grid 
operations under uncertainty [14]. Building energy management 
represents another significant AI application domain. Alshamsi 
et al. conducted a case study of AI-based predictive improvement 
of energy management systems in UAE district cooling using 
LSTM networks. Alghassab compared fuzzy-based smart energy 
management systems for residential buildings in Saudi Arabia.

Smart city initiatives across the Middle East increasingly 
incorporate AI for sustainable infrastructure management. Farooq 

conducted comparative case studies of AI implementation in 
smart cities across GCC nations, revealing diverse approaches 
to integrating AI with urban infrastructure [3].

National AI Strategies and Policy Frameworks
Middle Eastern nations have increasingly recognized artificial 
intelligence as a strategic priority. The United Arab Emirates 
established the world's first Ministry of Artificial Intelligence 
in 2017 and launched the UAE National Strategy for Artificial 
Intelligence 2031. Saudi Arabia's AI strategy, integrated 
within Vision 2030, emphasizes AI as an enabler of economic 
diversification. Qatar has incorporated AI into its National Vision 
2030, with emphasis on smart city development and sustainable 
infrastructure. However, policy gaps in regional AI frameworks 
include limited energy efficiency standards for AI systems, absence 
of carbon accounting methodologies for computational workloads, 
insufficient sustainability reporting requirements, and lack of 
incentives for Green AI adoption.

Infrastructure and Capacity Considerations
Data center infrastructure in the Middle East is expanding rapidly, 
but extreme ambient temperatures create significant cooling 
challenges, with cooling representing 40-50% of data center energy 
consumption in hot climates. Research and development capacity 
for Green AI in the Middle East is growing but remains limited 
compared to leading global centers. Human capital constraints 
extend beyond research to include practical implementation 
skills. Regulatory frameworks for AI in energy systems remain 
underdeveloped across the region.

Case Studies and Applications in the Middle East
Solar Power Forecasting in Egypt and Saudi Arabia
The deployment of AI-driven solar power forecasting at Egypt's 
Benban Solar Park and Saudi Arabia's Sakaka Solar Power 
Plant exemplifies successful application of Green AI principles. 
Elmousalami developed a hybrid CNN-LSTM algorithm 
specifically designed for sustainable AI-driven solar power 
forecasting, achieving exceptional accuracy while maintaining low 
computational carbon emissions [12]. Benban Solar Park, with 1.8 
GW capacity, is one of the world's largest solar installations. The 
hybrid CNN-LSTM model achieved 2.04% MAPE for Benban, 
substantially outperforming traditional methods. Sakaka Solar 
Power Plant represents Saudi Arabia's first utility-scale solar 
project, with 300 MW capacity. The model achieved 2.00% 
MAPE for Sakaka, demonstrating consistent performance across 
different geographic and climatic contexts. The sustainability 
dimension extends beyond enabling renewable energy integration 
to encompass the computational efficiency of the forecasting 
system itself. The hybrid CNN-LSTM architecture was designed 
with energy efficiency considerations, balancing model complexity 
against computational requirements, demonstrating that high-
accuracy AI applications can be achieved without excessive energy 
consumption.

Smart Grid Optimization in the Gulf Region
Smart grid optimization through AI represents another significant 
application domain. Talaat examined AI-driven integration of 
renewables for optimized grid management, demonstrating 
how machine learning algorithms can predict generation 
and demand patterns, optimize energy storage dispatch, and 
coordinate distributed energy resources [13]. Ding explored 
deep reinforcement learning approaches for managing complex 
grid operations under uncertainty [14]. The Gulf region's grid 
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characteristics create both opportunities and challenges for AI 
optimization. High cooling loads create pronounced demand peaks 
during hot afternoons, coinciding with peak solar generation. 
AI-driven demand response programs can shift flexible loads to 
periods of high renewable generation, improving system efficiency.

District Cooling Optimization in the UAE
District cooling systems are common in Middle Eastern cities 
and represent significant energy consumers. Alshamsi et al. 
conducted a case study of AI-based predictive improvement of 
energy management systems in UAE district cooling using LSTM 
networks. LSTM-based predictive models offer advantages by 
capturing temporal dependencies in cooling demand patterns 
influenced by weather conditions, building occupancy, solar 
radiation, and thermal inertia. Energy efficiency outcomes from 
AI-driven district cooling optimization include reduced electricity 
consumption, improved equipment efficiency, extended equipment 
lifespan, and enhanced system reliability. Case study results 
demonstrated measurable improvements in system efficiency 
and operational cost reductions.

Smart City Implementations Across GCC Nations
Smart city initiatives across Gulf Cooperation Council nations 
represent ambitious efforts to leverage AI and digital technologies 
for sustainable urban development, though implementation 
outcomes have been mixed. Farooq conducted comparative 
case studies of AI implementation in smart cities across GCC 
nations, revealing diverse approaches, varying success levels, 
and common challenges that provide valuable lessons for 
future implementations. Dubai Smart City initiative exemplifies 
comprehensive urban AI deployment, encompassing intelligent 
transportation, energy management, waste management, and 
government services. The city has deployed AI-powered traffic 
management systems that optimize signal timing based on real-
time traffic conditions, predict congestion patterns using historical 
and current data, and provide real-time routing guidance to drivers 
through mobile applications. These systems have demonstrated 
measurable reductions in average commute times and vehicle 
emissions, though quantifying system-wide impacts remains 
challenging due to confounding factors such as population growth 
and infrastructure expansion.

Smart parking systems deployed across Dubai use sensors and 
AI algorithms to guide drivers to available parking spaces, 
reducing the time spent circling for parking and associated fuel 
consumption and emissions. The system integrates data from 
thousands of parking sensors with predictive models of parking 
availability based on time of day, day of week, and special events. 
However, integration challenges between parking systems, traffic 
management systems, and navigation applications have limited 
the realization of fully integrated urban mobility management 
envisioned in initial plans. Dubai's smart energy initiatives 
include AI-driven optimization of district cooling systems, smart 
building management systems, and integration of distributed 
solar generation. The Dubai Electricity and Water Authority 
(DEWA) has implemented AI-based demand forecasting and 
grid optimization systems that improve operational efficiency 
and support renewable energy integration. However, data silos 
between different utility systems and limited interoperability 
between systems from different vendors have constrained the 
development of integrated energy management platforms.

Masdar City in Abu Dhabi was designed from inception as a 

sustainable urban development, incorporating renewable energy, 
efficient buildings, and intelligent systems. The city serves as 
a living laboratory for sustainable technologies, including AI-
driven energy management, autonomous transportation, and smart 
building systems. Masdar City's personal rapid transit (PRT) 
system, though limited in scale, demonstrates the feasibility of 
autonomous electric transportation in urban environments. The 
city's comprehensive building management systems integrate 
HVAC, lighting, and other building systems with weather 
forecasts and occupancy patterns to optimize energy consumption. 
However, Masdar City's development has proceeded more 
slowly than initially planned, with the city's population and built 
environment remaining well below original projections. The 
city's small scale—both in geographic extent and population—
limits the generalizability of lessons to larger urban contexts 
where complexity, heterogeneity, and legacy infrastructure create 
additional challenges. Nevertheless, Masdar City demonstrates the 
feasibility of integrating multiple sustainable technologies in urban 
environments and provides valuable data on the performance of 
these systems under Middle Eastern conditions.

NEOM in Saudi Arabia represents perhaps the most ambitious 
smart city vision globally, with plans for a carbon-neutral 
city powered entirely by renewable energy and incorporating 
advanced AI throughout urban systems. Announced plans include 
autonomous mobility systems with no private vehicles, AI-
driven resource management optimizing water and energy use, 
comprehensive digital infrastructure enabling real-time monitoring 
and optimization of all urban systems, and integration of emerging 
technologies including robotics and biotechnology.
However, NEOM remains largely in planning and early 
construction phases, with significant questions about technical 
feasibility, economic viability, and social implications. The 
project's ultimate success will depend on overcoming substantial 
technical challenges including developing reliable autonomous 
transportation at city scale, creating interoperable systems across 
diverse domains, and ensuring cybersecurity of highly connected 
infrastructure. Financial challenges include the massive capital 
requirements and uncertain economic returns. Social challenges 
include attracting residents and businesses to a new city without 
existing social networks or economic ecosystems.

Common challenges across GCC smart city implementations 
provide important lessons for future efforts. Interoperability 
issues between systems from different vendors have emerged as 
a persistent challenge, as smart city initiatives typically involve 
technologies from multiple suppliers using proprietary protocols 
and data formats. Achieving interoperability requires either 
standardized interfaces, which are often lacking or incompletely 
implemented, or custom integration solutions, which are 
expensive and difficult to maintain. Data governance and privacy 
concerns have received insufficient attention in many smart city 
implementations. Comprehensive urban monitoring generates 
vast quantities of data about residents' movements, behaviors, 
and activities, raising privacy concerns. Clear frameworks 
specifying data ownership, access rights, retention periods, and 
privacy protections are often absent or inadequately developed. 
Public engagement on data governance issues has been limited, 
potentially creating future conflicts as residents become more 
aware of data collection practices. Insufficient technical capacity 
for implementation and maintenance has constrained many smart 
city initiatives. Deploying and maintaining sophisticated AI 
systems requires specialized expertise that is scarce in the region. 
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Reliance on international technology vendors and consultants 
provides access to expertise but limits development of indigenous 
capabilities and creates dependencies. Training local workforces 
to operate and maintain smart city systems remains an ongoing 
challenge.

Gaps between ambitious visions and practical realities have 
characterized many smart city initiatives. Initial announcements 
often emphasize transformative visions and cutting-edge 
technologies, while implementation reveals practical constraints 
including technical limitations, budget constraints, organizational 
challenges, and slower-than-expected technology maturation. 
Managing expectations and communicating realistic timelines 
and outcomes remains a challenge for smart city leaders. Many 
smart city initiatives have focused on deploying individual 
technologies without achieving the integrated, system-level 
optimization that defines true smart city functionality. Traffic 
management systems, energy management systems, and waste 
management systems often operate independently rather than as 
coordinated components of an integrated urban operating system. 
Organizational silos within government agencies impede the cross-
sectoral coordination required for integrated urban management. 
Developing governance structures and coordination mechanisms 
that enable integrated urban management remains an ongoing 
challenge.

Sustainability outcomes from smart city AI implementations 
remain difficult to quantify comprehensively. While individual 
applications demonstrate measurable benefits—such as reduced 
traffic congestion, improved energy efficiency, or optimized waste 
collection—system-level sustainability impacts are less clear. Some 
smart city technologies may increase overall energy consumption 
despite improving specific processes, particularly if they enable 
or encourage increased activity. For example, improved traffic 
flow may induce additional driving, partially offsetting emissions 
reductions from reduced congestion. Comprehensive lifecycle 
assessments of smart city AI systems, accounting for embodied 
carbon in infrastructure, operational energy consumption, and 
induced behavioral changes, are largely absent from the literature. 
Without such assessments, claims about smart city sustainability 
benefits remain incompletely substantiated. Future smart city 
initiatives should incorporate rigorous monitoring and evaluation 
frameworks that track sustainability outcomes across multiple 
dimensions and account for both direct and indirect effects. 

Lessons for future implementations emerge from these 
experiences. First, starting with clear, measurable objectives 
rather than technology-first approaches increases the likelihood 
of achieving meaningful outcomes. Defining specific problems 
to be solved and metrics for success provides focus and enables 
evaluation. Second, prioritizing interoperability and open standards 
from the outset reduces future integration challenges and vendor 
lock-in. Third, investing in technical capacity building alongside 
technology deployment ensures that local workforces can operate 
and maintain systems. Fourth, engaging stakeholders and citizens 
in planning and implementation builds support and ensures that 
systems address real needs. Fifth, conducting rigorous evaluation 
of outcomes against sustainability goals enables learning and 
continuous improvement. Incremental, adaptive approaches 
that learn from early deployments may prove more successful 
than comprehensive master plans that are difficult to adjust as 
conditions change.

Challenges and Barriers
Technical Challenges
Extreme climate conditions in the Middle East create unique 
technical challenges for AI infrastructure. Ambient temperatures 
regularly exceeding 45°C substantially increase cooling 
requirements for data centers and edge computing devices. 
High temperatures also affect the reliability and lifespan of 
electronic components. Dust and sand storms create additional 
challenges, requiring enhanced filtration systems and more 
frequent maintenance. Model accuracy-efficiency trade-offs 
remain a fundamental challenge. While compression techniques 
can substantially reduce energy consumption, they typically incur 
some accuracy degradation. For critical infrastructure applications, 
even small accuracy reductions may be unacceptable. Integration 
with legacy infrastructure poses significant technical challenges, 
as much existing energy infrastructure was designed decades 
ago without consideration of AI integration. Data availability 
and quality constraints limit the development and deployment 
of AI systems. Many energy systems lack comprehensive sensor 
coverage, and historical data may be incomplete or inconsistent. 
Data sharing between organizations is often restricted by 
commercial confidentiality or institutional barriers.

Economic and Financial Barriers
High upfront costs for AI infrastructure and implementation 
create barriers, particularly for smaller organizations. While 
operational cost savings may justify investments over time, the 
concentration of costs upfront creates financing challenges. Energy 
price distortions from subsidies in many Middle Eastern countries 
reduce economic incentives for energy efficiency investments. 
Uncertain economic benefits from Green AI investments create 
risk that deters adoption. While energy savings can be estimated, 
actual outcomes depend on numerous factors. Limited access to 
capital constrains Green AI investments, particularly for small and 
medium enterprises and in less developed regional economies.

Policy and Regulatory Gaps
Absence of energy efficiency standards for AI systems means 
that organizations face no regulatory requirements to consider 
energy consumption in AI procurement or deployment decisions. 
Lack of carbon accounting methodologies for computational 
workloads impedes efforts to measure and reduce AI carbon 
footprints. Insufficient sustainability reporting requirements 
mean that organizations face limited pressure to disclose AI 
energy consumption or carbon emissions. Lack of incentives for 
Green AI adoption reflects the absence of policy mechanisms 
that reward energy-efficient AI. Inadequate data governance 
frameworks impede AI development for energy applications. Clear 
frameworks that balance data access for beneficial AI applications 
against legitimate privacy and security concerns could facilitate 
AI development.

Capacity and Knowledge Constraints
Limited specialized expertise in Green AI methodologies constrains 
both research and practical implementation. While general AI expertise 
is growing in the region, specialized knowledge of energy-efficient 
machine learning remains scarce. Insufficient interdisciplinary 
collaboration between AI researchers, energy engineers, and 
domain experts limits the development of effective solutions. 
Limited awareness of Green AI concepts and opportunities among 
decision-makers in energy sector organizations constrains adoption. 
Organizational inertia and risk aversion in established energy sector 
organizations create barriers to adopting novel AI approaches.
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Infrastructure and Systemic Barriers
Grid infrastructure limitations in some regional contexts constrain 
the integration of AI-optimized renewable energy systems. 
Fragmented governance across energy sector organizations 
impedes coordinated Green AI deployment. Cybersecurity 
vulnerabilities in increasingly connected and automated energy 
systems create risks that may deter AI adoption. Interoperability 
challenges between systems from different vendors impede 
integrated AI deployment.

Future Directions and Policy Recommendations
Technical Research Priorities
Climate-adapted Green AI techniques specifically designed for 
extreme temperature environments represent a critical research 
need. Research should investigate how extreme heat impacts 
the performance of different compression techniques, efficient 
architectures, and hardware platforms. Neuromorphic computing 
for edge applications in sustainable infrastructure deserves 
increased research attention given dramatic energy efficiency 
advantages. Hybrid AI-physics models that combine machine 
learning with domain knowledge from physics and engineering 
offer promising directions for energy applications. Federated 
learning for distributed energy systems could enable collaborative 
AI model development while preserving data privacy. Multi-
objective optimization frameworks that explicitly balance 
accuracy, energy efficiency, carbon footprint, and other objectives 
are needed to guide Green AI system design.

Infrastructure Development Recommendations
Renewable-powered data centers should be prioritized for new 
AI infrastructure investments. Co-locating data centers with 
large-scale solar installations can dramatically reduce carbon 
footprints. Edge computing infrastructure distributed across energy 
systems can enable real-time AI optimization while reducing 
communication bandwidth and latency. Advanced metering and 
sensing infrastructure provides the data foundation for AI-driven 
energy optimization. High-performance computing facilities for 
AI research and development can accelerate regional Green AI 
innovation. Demonstration and testbed facilities for Green AI 
in sustainable infrastructure can reduce deployment risks and 
accelerate learning.

Policy and Regulatory Recommendations
Energy efficiency standards for AI systems should be developed 
and implemented to establish baseline requirements and incentivize 
efficient design. Carbon accounting and reporting requirements 
for AI systems would increase transparency and accountability 
for environmental impacts. Incentive mechanisms for Green AI 
adoption can accelerate deployment beyond what market forces 
alone would achieve. Carbon pricing mechanisms that internalize 
the climate costs of energy consumption would create market 
incentives for energy-efficient AI. Data governance frameworks 
that facilitate data sharing for beneficial AI applications while 
protecting privacy and security are needed. Regulatory sandboxes 
for innovative Green AI applications can enable experimentation 
while managing risks. International cooperation frameworks can 
facilitate knowledge sharing, technology transfer, and coordinated 
action on Green AI.

Capacity Building and Education Initiatives
University curriculum development should incorporate Green AI 
topics into computer science, engineering, and related programs. 
Professional development programs should provide practicing 

engineers and data scientists with Green AI skills. Research 
capacity building requires sustained investments in research 
infrastructure, faculty positions, and graduate student support. 
Knowledge transfer mechanisms from research to practice can 
accelerate the translation of innovations into deployed systems. 
Public awareness and engagement initiatives can build societal 
understanding and support for Green AI.

Regional Collaboration Opportunities
Joint research initiatives could pool resources and expertise to 
address shared challenges. Shared data resources could enable 
development of more robust AI models while addressing data 
scarcity constraints. Harmonized standards and regulations could 
reduce fragmentation and facilitate technology deployment 
across the region. Technology transfer and commercialization 
mechanisms could accelerate the translation of innovations into 
deployed systems. Capacity building cooperation could leverage 
complementary strengths across the region. Policy coordination 
and learning could accelerate effective policy development.

Conclusion
The convergence of Green AI methodologies with sustainable 
infrastructure development in the Middle East represents 
both a critical imperative and a significant opportunity. This 
comprehensive analysis of 60 peer-reviewed studies reveals 
substantial progress in Green AI techniques that can reduce 
energy consumption by 35-45% while maintaining acceptable 
accuracy levels. Simultaneously, Middle Eastern nations are 
increasingly deploying AI-driven solutions for solar forecasting, 
smart grid optimization, and sustainable urban infrastructure, 
demonstrating growing regional capacity and commitment. 
However, significant barriers persist across technical, economic, 
policy, and capacity dimensions. Extreme climate conditions 
create unique challenges requiring adapted solutions. Economic 
incentives remain misaligned due to energy subsidies and 
uncertain returns. Policy and regulatory frameworks lack essential 
provisions for energy efficiency standards, carbon accounting, and 
sustainability reporting. Human capacity constraints limit both 
research innovation and practical implementation.

Addressing these challenges requires integrated action across 
multiple dimensions. Technical research must prioritize climate-
adapted Green AI techniques, neuromorphic computing for 
edge applications, and hybrid AI-physics models. Infrastructure 
investments should focus on renewable-powered data centers, 
distributed edge computing, and comprehensive sensing networks. 
Policy interventions must establish energy efficiency standards, 
carbon accounting requirements, and incentive mechanisms. 
Capacity building initiatives should develop specialized expertise 
through education, training, and knowledge transfer. Regional 
collaboration can pool resources, share knowledge, and coordinate 
action. The theoretical framework developed in this article—
integrating sustainable computing theory, socio-technical systems 
perspectives, regional innovation systems analysis, and energy 
transition theory—provides a structured approach to understanding 
and guiding Green AI implementation. This framework emphasizes 
that technical innovations alone are insufficient; successful 
deployment requires alignment across technical, organizational, 
systemic, and societal levels.

The case studies examined demonstrate both the potential and the 
challenges of Green AI deployment in Middle Eastern contexts. 
These implementations have achieved measurable sustainability 
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benefits, including improved renewable energy integration, 
enhanced energy efficiency, and optimized infrastructure 
operations. However, they have also encountered implementation 
challenges including data limitations, integration complexities, and 
capacity constraints. The policy recommendations proposed—
encompassing energy efficiency standards, carbon accounting 
requirements, incentive mechanisms, data governance frameworks, 
and international cooperation—provide a roadmap for creating 
enabling environments for Green AI deployment. However, policy 
development and implementation require sustained commitment, 
stakeholder engagement, and adaptive management as technologies 
and contexts evolve. The significance of this research extends 
beyond the Middle East to inform global efforts toward sustainable 
computing. As AI systems become increasingly ubiquitous and 
energy-intensive, ensuring their environmental sustainability is 
essential for achieving global climate goals. The Middle East's 
unique combination of abundant renewable energy resources, 
ambitious development visions, and distinctive challenges offers 
valuable lessons for other regions facing similar conditions.

The path toward sustainable AI in Middle Eastern infrastructure 
requires sustained commitment from multiple stakeholders 
including governments, industry, research institutions, and civil 
society. It demands integration of technical innovation with 
policy reform, capacity building, and institutional change. It 
necessitates balancing multiple objectives including environmental 
sustainability, economic development, technological advancement, 
and social equity. However, the stakes are high—both for the 
Middle East's sustainable development aspirations and for global 
climate goals—making this effort essential. By embracing Green 
AI principles and adapting them to regional contexts, Middle 
Eastern nations can simultaneously advance their development 
goals, contribute to global climate objectives, and demonstrate 
leadership in sustainable computing. The journey toward this 
vision has begun, but sustained effort and commitment will be 
required to realize its full potential [19,20].
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