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Abstract

The rapid expansion of artificial intelligence has intensified the demand for high-performance 
data centers, leading to unprecedented pressures on energy, water, and material resources. 
This critical review examines the emerging challenges associated with resource manage-
ment in AI-driven data centers by focusing on the interplay between computational growth 
and environmental constraints. The analysis integrates recent advances in energy efficiency, 
cooling technologies, and hardware design while highlighting the increasing water footprint 
of thermal management systems and the material implications linked to semiconductor 
manufacturing and infrastructure scaling. Particular attention is given not only to the 
trade-offs between performance optimization and sustainability but also to the limitations 
of current metrics used to assess resource efficiency. The review identifies key gaps in 
the literature, including the lack of integrated frameworks that simultaneously address 
energy, water, and material flows. Finally, this review provides insights into pathways 
for a more sustainable AI infrastructure by synthesizing present-day knowledge, critically 
evaluating existing strategies, and emphasizing the need for systemic approaches that 
align technological innovation with resource conservation and long-term environmental 
resilience.

Keywords: artificial intelligence; data centers; energy consumption; water use; critical 
materials; resource efficiency; sustainability

1. Introduction
In recent years, the rapid expansion of emerging technologies such as artificial intel-

ligence (AI) and increasingly accessible digital services has driven the global growth of 
data centers [1]. The rapid expansion of AI is not only transforming social and economic 
dynamics but also increasing general reliance, causing significant environmental risks that 
have originated from its widespread use [2]. These infrastructures, or data centers, are the 
physical facilities that make up the digital cloud where much of the technology used by 
society on a daily basis currently operates [3]. Progressively, human dependence on AI 
(used via our electronic devices) continues to grow. This dependence is poised to produce 
dire consequences as it increases the consumption of energy, water, and materials whose 
environmental impacts are often overlooked in the face of innovation and progress [4].

The expansion of data centers is now drawing significant attention due to the rapid 
increase in resource consumption associated with them. This phenomenon is evident when 
one considers that between 2005 and 2010 the global energy consumption by data centers 
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increased by 56% [5]. In this regard, there are challenges associated with data center 
energy consumption that must be analyzed in order to meet this electricity demand without 
jeopardizing energy security or the reliability of the electrical grid. However, there are 
other concerns, beyond the significant electricity demand, associated with data centers. 
The digital cloud represents the essential infrastructure on which AI systems operate, and 
its physical infrastructure depends on thousands of devices, computers, routers, servers, 
storage systems, and other factors necessary for their operation, creating new environmental 
challenges that must be addressed [6].

The emphasis on AI in this context is important, as according to the International 
Energy Agency (IEA), the amount of energy consumed by a single AI search can be up to 
ten times greater than that of a standard internet search, given that generative AI search ne-
cessitates compute-intensive autoregressive neural network inference, whereas conventional 
keyword-based web search depends on efficient retrieval from a static inverted index [7]. 
Nevertheless, this consumption multiplier represents only a standard, as it is highly vari-
able and mainly depends on the model parameter scale, hardware efficiency, and query 
complexity. In this sense, the capacity of data centers must be expanded to ensure that 
these tools function properly, which simultaneously impacts costs and other resources; for 
example, it is estimated that approximately 46% of data center operating costs are associated 
with energy consumption [8]. Ignoring these factors can lead to an overestimation of the 
contributions of AI in sustainable development and in the assessment of environmental 
impacts.

On the other hand, there is growing concern regarding the use of water in data centers 
as cooling systems are consuming enormous amounts to prevent their processors from 
overheating. Large-scale data centers can have power capacities reaching several hundreds 
of thousands of kilowatts, and the electricity required to operate these facilities may entail 
water consumption ranging from 0.18 to 2 L per kWh generated, depending on the genera-
tion technology [9]. If we break down these figures by city, the data centers in The Dalles, 
for example, consumed 1344 million liters of water in 2021, accounting for approximately 
29% of the total water consumption in the city [9]. Excessive water use in data centers con-
tributes to water stress, as data centers also consume water indirectly to generate electricity, 
underscoring the importance of water conservation goals [9]. Furthermore, since a data 
center requires an enormous number of materials to be built and operated, the rapid growth 
of AI has intensified the demand for high-performance hardware, such as servers and 
GPUs, whose manufacture not only demands critical materials but also generates significant 
waste [10]. While the debates over the impact of AI often focus on its energy consumption, 
this approach fails to account for the costs of the materials associated with its physical 
infrastructure; these include the extraction, processing, and manufacturing of materials as 
well as the volumes of waste and greenhouse gas emissions that these procedures create.

Large quantities of metals and minerals are required to produce servers, graphics pro-
cessing units, storage systems, and other electronic components, with server replacement 
being a major contributor to raw material demand [11]. Planned obsolescence, whether 
caused by hardware failure or software updates, can make existing servers incompatible 
with newer technologies, increasing the need for hardware replacement [12]. Data center 
racks constitute a fundamental component of this infrastructure and accommodate servers, 
power distribution equipment, networking components, storage systems, and cooling-
related equipment [13]. As AI workloads continue to increase computational requirements 
and hardware power densities, the material requirements associated with these components 
become increasingly relevant to the environmental assessment of AI-driven data centers. 
A single rack may contain materials such as antimony (Sb), barium (Ba), beryllium (Be), 
silicon (Si), indium (In), tantalum (Ta), bauxite, niobium (Nb), and gallium (Ga) [14,15]. 
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Several of these materials are considered critical raw materials by the European Commis-
sion and have relatively low recycling rates [16], increasing concerns regarding resource 
depletion and waste generation at the end of their service life. It is estimated that between 
200 and 250 million tons of electrical and electronic equipment waste with a low recycling 
rate is generated every year worldwide, and that this figure will continue to grow at a rate 
of 3 to 5% yearly [17].

At present, environmental sustainability is a strategic priority for major industries 
as they strive to reach economic, environmental, and social balance. Although AI is seen 
as a driving force (crucial for the economic growth of a nation), questions regarding its 
sustainability and its impact remain unanswered [18]. There remains a lack of public 
information about the resource usage, infrastructure, and operation details that enable 
the quantification of the resource demand of AI-driven data centers, which has led to a 
shortage of quantitative analysis with empirical substantiation that could be used as a basis 
to develop sustainable resource strategic management [19]. This situation is a cause for 
concern due to the tension these technologies create between economic growth objectives 
and environmental sustainability goals.

The development of green data centers has been closely associated with efforts to 
improve the environmental performance and resource efficiency of data center infrastruc-
ture. Early initiatives, including the work of The Green Grid and the U.S. Environmental 
Protection Agency, established a foundation for assessing and improving data center energy 
efficiency through metrics such as Power Usage Effectiveness (PUE) and Data Center Infras-
tructure Efficiency (DCiE) [20]. Subsequent approaches have expanded this perspective 
to incorporate additional environmental dimensions, including carbon emissions, water 
consumption, cooling technologies, renewable energy integration, and sustainable materials. 
In this context, Sánchez and Barrezueta [21] provide an applied example of green data 
center design in Ecuador, emphasizing cooling-system modernization, renewable energy 
integration, and the use of environmentally sustainable materials.

The literature on the impact of data centers continues to focus primarily on energy and 
water consumption. This analytical shortcoming limits the comprehensive understanding of 
the sustainability of digital infrastructure, given that the UN has developed and incorporated 
environmental improvements and greenhouse gas emissions as a key component within 
the sustainable development agenda [22]. Consequently, there is a persisting knowledge 
gap regarding the comprehensive assessment of data center sustainability, highlighting 
the need for research studies that must incorporate methodologies to more accurately 
quantify the environmental impacts associated with the growing expansion of AI and its 
supporting infrastructure. This study proposes to analyze the impact of AI from a broader 
perspective, considering not only the energy requirements of data centers but also the 
environmental implications that arise from water consumption, the use of critical materials, 
and the generation of waste associated with their infrastructure.

2. Methods
The literature search for this systematic review was carried out between April 2026 

and July 2026. It includes studies published from 2015 to 2026 taken from four different 
databases: IEEE Xplore, Scopus, ScienceDirect, and Google Scholar. Additionally, the 
literature search was conducted in accordance with the PRISMA-S framework, a widely 
used framework in scientific research to ensure comprehensiveness in reporting, repro-
ducibility, and transparency [23]. The completed PRISMA-S checklist is provided in the 
Supplementary Materials.

As per the PRISMA-S framework, in the first step, a total of 1868 studies were identified, 
considering only peer-reviewed studies in the English language published between 2015 
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and 2026, where 167 duplicates were removed. It is important to highlight that for this 
identification phase, specific topic-related keywords and Boolean operators were used. 
Relevant strings applied include: (“AI” OR “artificial intelligence”) AND (“challenges” 
OR “sustainability”) AND (“resource use” OR “resource use interactions” OR “resource 
management” OR “water use” OR “energy use” OR “material use” OR “minerals use” OR 
(“rare earth minerals use” OR “metals use” OR “semiconductors use”) AND (“renewable 
energies” OR “wind power” OR “solar power”) AND (“resource use indicators” OR “re-
source use metrics”) AND (“cooling systems” OR “hardware” OR “infrastructure”) AND 
(“data centers” OR “AI-driven data centers”).

After the identification phase, a title and abstract screening was conducted, where 
700 additional studies out of the scope of this review were excluded. Furthermore, from the 
remaining 1001 studies, 241 studies were impossible to retrieve. Following this, we selected 
160 studies to be included in this review, after the 760 remaining studies were subjected 
to a detailed full-text revision to confirm their eligibility. The PRISMA-S flow diagram 
(Figure 1) represents the literature selection process. The exclusion criteria applied can be 
summarized as follows:

Figure 1. PRISMA-S flow diagram.

▪ Studies published outside the analysis period (2015 to 2026).
▪ Studies not written in English.
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▪ Unrelated field studies.
▪ Duplicate and incomplete studies.
▪ Non-peer-reviewed and unpublished studies.
▪ Irrelevant studies about resource management challenges in AI-driven data centers.

This systematic review was conducted and reported in accordance with the PRISMA-S 
guidelines. Based on the final article selection, this systematic review critically discusses the 
challenges related to resource management in AI-driven data centers. A detailed summary 
of the studies included in the review, including their research objectives, methodologies, 
and contributions, is provided in Table S2 of the Supplementary Materials. In this regard, 
this review article has been organized thematically into the following sections: Section 1: 
introduction, Section 2: methods, Section 3: energy use in AI-driven data centers, Section 4: 
water use and cooling systems, Section 5: material demand and supply constraints, Section 6: 
resource interactions and limitations of current approaches, Section 7: implications for 
resource management, Section 8: conclusions, and references.

3. Energy Use in AI-Driven Data Centers
3.1. Growth in Energy Demand

According to MIT, AI, an energy-intensive technology, has been experiencing a rapid 
expansion since 2022 [24]. In 2023, powerful tech companies like Microsoft and Alphabet 
substantially expanded their AI capacity; this sudden growth coincided with the successful 
introduction of OpenAI’s ChatGPT, which reached 100 million users in just 2 months [25]. 
Similar to Microsoft and Alphabet’s expansion, in 2023 NVIDIA, the leading AI-driven 
chip production company, recorded an increasing demand for AI chips, reporting a record 
revenue of $13.5 billion in just a 3-month period [26]. According to the International 
Energy Agency (IEA), in 2025, data centers account for around 2% to 3% of the global 
electricity demand [27,28], while projecting that the total global demand could surpass 
20% by 2030 [13]. Berkeley Lab studies report that the electricity demand associated with 
the expansion of AI doubled between 2017 and 2023 [29]. In the U.S., it is noted, electricity 
consumption had shown an approximate annual growth rate of 7% from 2014 to 2018, but 
it increased to 18% from 2018 to 2023 [30]. The forecast rates show that this rate will again 
increase from 13% to 27% between 2023 and 2028 [29]. Research studies indicate that by 2027, 
NVIDIA could be shipping around 1.5 million AI server units per year, with a consumption 
of 6.5 to 10.2 kW per unit [29]. Other predictions point to a possible energy demand of 
1 × 1015 kWh by 2030, a somewhat higher demand than the base case predicted by IEA [31]. 
In this regard, the AI-accelerated evolution is generating concerns about the electricity 
consumption of AI-driven data centers and their potentially related environmental impact. 
Nonetheless, it is important to highlight that these predictions are highly uncertain, and 
contrary to the predictions, the rise in AI electricity demand is constrained by the capacity 
of technology producers and investment capacity.

The IEA reports that the energy consumption of AI hardware manufacturing is lower 
than the energy consumption associated with AI operation, where 60% of the energy 
consumption is intended for wafer and semiconductor production while the remaining 
40% is destined for auxiliary services [32]. Despite energy improvements in the chip 
manufacturing process, the complexity of the metal layers in chips raises the manufacturing 
electricity demand. However, the continuous advancement of chip computer power will 
reduce the energy demand for manufacturing due to fewer chips being required. Masanet 
et al. [33] identified that efficiency gains in data centers do not significantly increase energy 
consumption. Therefore, an increase in energy efficiency could reduce electricity demand, 
but several studies suggest that a rebound effect, which could lead to a higher electricity 
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demand, is feasible [26,31,34]. AI efficiency improvements by themselves cannot fully 
compensate for the increasingly long-term electricity demand of AI. Currently, 70% of 
chip production is located in East Asia, making this specific geographic area responsible 
for most of the global chip production demand [35]. A circumstance that could lead to 
severe resource depletion problems. By optimizing the supply chain of chip manufacturing, 
production areas, like those of East Asia, could prevent major resource depletion problems, 
something that otherwise would not be possible without the enhancement of AI resource 
use transparency.

On the other hand, the electricity consumption needed for AI operations recognizes 
two main phases: model training and inference. Model training refers to the process by 
which the model learns from data to generate a prediction, output, or action according to 
the patterns and relationships identified. Inference refers to the deployment of AI models 
previously pre-trained, which interpret new data to generate predictions or outcomes [36].

Even though the first studies about the energy required for AI operations stated that the 
training phase was the most energy-consuming phase [35], Alphabet and other technology 
companies currently report that inference consumes a greater amount of energy than 
training [34]. Nonetheless, GPT-3 in 2023 required an energy demand of 1.287 × 106 kWh 
during its entire training phase, while inference only required 5.64 × 105 kWh per day [37]. 
This, according to Argerich & Patino-Martinez [38] and Desislavov et al. [35], can be 
explained by the fact that even when training is more energy-intensive per execution in 
comparison with inference, the huge user inference demands over a model’s lifetime have 
made energy demand dominated by the inference phase. In addition, the data suggests that 
the weight of electricity consumption for each phase depends on factors such as training 
frequency, the trade-off between model performance and energy consumption, and user 
inference demand [39]. Other studies have stated that the energy footprint of AI operations 
could be distributed as follows: (10%) model development and fine-tuning, (30%) model 
training, (60%) use of the model or inference [40].

Most of the AI sustainability research has focused on the training phase, while inference 
has received less attention. Verdecchia et al. [37] identified that out of 98 research papers 
written between 2015 and 2023, 49 focused on the study of AI training, while 17 focused on 
the inference phase. A possible reason for this might be that training commonly implies long-
duration computation where associated power draws are predictable, while inference shows 
variable loads for a heterogeneous hardware mix, challenging to model but important due to 
its deployment scales. Additionally, the energy demand for the inference phase depends on 
several factors that include: the size of the input query and output answer, model size, input 
and output format (video, image, text, etc.), implementation of algorithmic efficiencies, and 
hardware characteristics [31].

3.2. Energy Efficiency Metrics
Given the increasing energy demand associated with AI-driven data centers, energy-

efficient metrics are necessary to monitor energy use, making the assessment of the per-
formance of data centers and the comparison of different technologies possible. Power 
Utilization Effectiveness (PUE) is the most widely used energy efficiency metric, even when 
other metrics have been introduced [41]. This metric is defined as the ratio between the total 
facility energy consumed and the energy consumed only by the information technology 
(IT), where a perfect efficiency is indicated by a value of 1.0. Values of PUE for typical 
data centers are between 1.3 and 2.5 [42,43]. These values depend on different factors that 
include: climate, operational practices, hardware, and software technology [44].

In general, energy efficiency metrics can be classified as follows depending on their 
relationship with the information technologies (ITs):
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▪ IT-related metrics. These metrics evaluate the energy performance of networking 
and computing components by assessing the effectiveness of how IT uses energy to 
accomplish computational tasks.

▪ Non-IT-related metrics. By measuring the ratio of energy used by non-IT systems 
to the total energy consumption, these metrics evaluate the efficiency of supporting 
infrastructure such as cooling systems, power distribution, and building facilities.

Table 1 presents some IT-related and non-IT-related metrics; it is important to identify 
that each energy efficiency metric faces specific challenges and limitations [45,46]. Major 
limitations rely on the fact that data centers comprise multiple interconnected subsystems 
(workloads, power, cooling, environmental controls, etc.) that are influenced by diverse 
factors (humidity, temperature, hardware, etc.), so applying individual metrics fails to 
identify specific issues about energy efficiency [47]. Future metric developments should 
focus on defining techniques for globally uniform calculation metrics across geographic 
and regulatory boundaries, automating data collection, and predictive analysis.

Table 1. IT-related metrics.

Energy-Efficient 
Metric

Formulation Units
Optimal 

Value
Challenges References

IT-related metrics

Compute Power 
Efficiency (CPE). 

Computes output 
per unit of IT power.

𝐶𝑜𝑚𝑝𝑢𝑡𝑒 𝑜𝑢𝑡𝑝𝑢𝑡
𝐼𝑇 𝑃𝑜𝑤𝑒𝑟

Computational 
Operations 
(Ops)/kW

+∞

Difficulty in 
quantifying 

computing output 
across tasks.

[47–49]

Performance per Watt 
(PpW). Performance 

per unit of power.

𝑃𝑒𝑟𝑓 𝑜𝑟𝑚𝑎𝑛𝑐𝑒
𝑃𝑜𝑤𝑒𝑟 Perf/kW +∞

Inaccurate 
comparisons 

because of the 
variety of 

workloads.

[50–52]

Server compute 
Efficiency (ScE). 
Server compute 

output per 
energy used.

𝑂𝑢𝑡𝑝𝑢𝑡
𝑆𝑒𝑟𝑣𝑒𝑟 𝑃𝑜𝑤𝑒𝑟 Ops/kW +∞

Complexity in 
isolating server-level 

outputs.
[53,54]

Data Center Workload 
Power Efficiency 

(DWPE). Workload 
processed per unit 

of IT power.

𝑊𝑜𝑟𝑘𝑙𝑜𝑎𝑑
𝐼𝑇 𝑃𝑜𝑤𝑒𝑟 Task/kW +∞

Difficulties in 
establishing 

workload uniformity 
between platforms.

[55,56]

Average Power 
Consumption (APC). 

Average IT 
equipment power 

consumption 
over time.

𝑇𝑜𝑡𝑎𝑙 𝐼𝑇 𝑃𝑜𝑤𝑒𝑟
𝑇𝑖𝑚𝑒  kW

The lower 
the value, 
the better

Power usage 
tracking is 

challenging because 
of workload 
fluctuations.

[57,58]
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Table 1. Cont.

Energy-Efficient 
Metric

Formulation Units
Optimal 

Value
Challenges References

Energy Wastage Ratio 
(EWR). Energy 

wasted per unit of 
computational work.

𝐼𝑇 𝐸𝑛𝑒𝑟𝑔𝑦
𝑊𝑜𝑟𝑘 𝑂𝑢𝑡𝑝𝑢𝑡  kWh/Task 0

Technical difficulties 
in identifying 
energy waste.

[59,60]

IT Equipment Energy 
Efficiency (ITTE). IT 
hardware efficiency.

𝑅𝑎𝑡𝑒𝑑 𝑃𝑒𝑟𝑓 𝑜𝑟𝑚𝑎𝑛𝑐𝑒
𝑅𝑎𝑡𝑒𝑑 𝑃𝑜𝑤𝑒𝑟 % 1

Efficiency variation 
according to types 

of workloads
[45,46]

Operational System 
Workload Efficiency 
(OSWE). System 

workload output per 
total energy.

𝑊𝑜𝑟𝑘𝑙𝑜𝑎𝑑
𝑇𝑜𝑡𝑎𝑙 𝑆𝑦𝑠𝑡𝑒𝑚 𝐸𝑛𝑒𝑟𝑔𝑦 % 1

Defining system 
boundaries in 

shared 
environments can be 

challenging.

[46,61]

Non-IT-related metrics

Power Usage 
Effectiveness (PUE). 
Ratio between the 

total facility energy 
consumed and the 
energy consumed 

only by the IT.

𝑇𝑜𝑡𝑎𝑙 𝑝𝑜𝑤𝑒𝑟
𝐼𝑇 𝑒𝑞𝑢𝑖𝑝𝑚𝑒𝑛𝑡 𝑒𝑛𝑒𝑟𝑔𝑦 Ratio 1

It ignores IT use in 
favor of 

infrastructural 
energy.

[39,62]

Total-Power Usage 
Effectiveness (TUE). 
Total resource usage 

(internal and 
external energy 

use).

𝑃𝑈𝐸 ∗ 𝑇𝑜𝑡𝑎𝑙 𝐼𝑇 𝐸𝑛𝑒𝑟𝑔𝑦
𝐶𝑜𝑚𝑝𝑢𝑡𝑒 𝐸𝑛𝑒𝑟𝑔𝑦 Ratio 1

Difficulties in 
capturing overall 

energy usage.
[63,64]

Data Center 
infrastructure 

Efficiency (DciE). 
Infrastructure 
energy ratio.

𝐼𝑇
𝑇𝑜𝑡𝑎𝑙 𝑓 𝑎𝑐𝑖𝑙𝑖𝑡𝑦 𝑒𝑛𝑒𝑟𝑔𝑦 Ratio 1

Absence of new 
perspectives 

without additional 
measurements.

[48,65]

Carbon Usage 
Effectiveness (CUE). 
Carbon emissions 

per IT energy.

𝐶𝑂2
𝐼𝑇 𝑒𝑞𝑢𝑖𝑝𝑚𝑒𝑛𝑡 𝑒𝑛𝑟𝑔𝑦 kgCO2 /kWh 0

Lifecycle emissions 
and offset strategies 

are not taken into 
consideration.

[66,67]

Data Center energy 
Productivity (DCeP). 
Energy productivity.

𝑈𝑠𝑒𝑓 𝑢𝑙 𝑤𝑜𝑟𝑘
𝑇𝑜𝑡𝑎𝑙 𝑓 𝑎𝑐𝑖𝑙𝑖𝑡𝑦 𝑒𝑛𝑒𝑟𝑔𝑦 Output/kW 1

Lacks standards and 
uses abstract 

services to measure 
productivity.

[68,69]

Data Center green 
Efficiency (DCgE). 

Green energy 
efficiency.

𝑅𝑒𝑛𝑒𝑤𝑎𝑏𝑙𝑒 𝑒𝑛𝑒𝑟𝑦
𝑇𝑜𝑡𝑎𝑙 𝑒𝑛𝑒𝑟𝑔𝑦 × 𝐷𝐶𝑖𝐸 Ratio 1

Accessing reliable 
green energy data is 

difficult.
[45]
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Table 1. Cont.

Energy-Efficient 
Metric

Formulation Units
Optimal 

Value
Challenges References

Data Hall Utilization 
Efficiency (DH-UE). 

IT floor space 
utilization.

𝐴𝑐𝑡𝑖𝑣𝑒 𝑓 𝑙𝑜𝑜𝑟
𝑇𝑜𝑡𝑎𝑙 ℎ𝑎𝑙𝑙 Ratio 1

Distorted by cooling 
techniques and 

layout 
heterogeneity.

[71,72]

Data Hall Utilization 
Rate (DH-UR). Rack 

utilization rate.

𝐷𝑒𝑝𝑙𝑜𝑦 𝑟𝑎𝑐𝑘𝑠
𝑇𝑜𝑡𝑎𝑙 𝑟𝑎𝑐𝑘𝑠 Ratio 1

Reflects the use of 
space but not 

thermal or power 
efficiency.

[70,71]

Power Delivery 
Efficiency (PDE). 

Power loss 
assessment.

𝐼𝑇 𝑝𝑜𝑤𝑒𝑟
𝐼𝑛𝑝𝑢𝑡 𝑝𝑜𝑤𝑒𝑟 Ratio 1

Isolating energy 
losses in converters 

and UPS 
(Uninterruptible 
Power Supply) 

systems is difficult.

[46,73]

Data Center 
Performance Efficiency 

(DCPE). 
Performance 
per energy.

𝑂𝑢𝑡𝑝𝑢𝑡
𝐹𝑎𝑐𝑖𝑙𝑖𝑡𝑦 𝑒𝑛𝑒𝑟𝑔𝑦 Output/kW 1

Complex 
benchmarking is 
necessary for a 

variety of services.

[74,75]

3.3. Energy Management Strategies
The use of fossil fuels, which commonly supply the increasing power demand of 

AI-driven data centers, leads to significant greenhouse gas emissions, contributing to en-
vironmental degradation and climate change. This situation has raised global ecological 
concerns and has sparked a need for sustainable solutions.

It is important to note that hardware efficiency directly impacts electricity consump-
tion [76]. Thus, one approach to reducing the power consumption of AI-driven data centers 
could be to replace obsolete equipment with new technologies optimized for minimal 
energy consumption without compromising computing performance. Another factor that 
greatly contributes to the energy demand of AI-driven data centers is the cooling system, 
which can contribute up to 40% of the total energy demand [77]. Given that AI-driven data 
centers generate substantial operational heat, traditional air-cooling systems are insuffi-
cient [78]. It is for this reason that new cooling technologies are critical to keep energy use 
and costs down. In this sense, innovative cooling techniques such as immersion cooling, 
liquid cooling, hot aisle containment, and heat reuse can reduce overall power demand, 
facilitating the integration of renewable energy sources such as solar and wind power [79]. 
Mavisclara et al. [80] reported that liquid cooling can reduce cooling energy consumption 
by 20% compared with air-cooling methods. Similarly, Microsoft has demonstrated that 
immersion cooling allows for a higher computing capacity without an increase in energy 
demand [81]. Another cornerstone strategy for power demand reduction is the use of 
virtualization technologies. These technologies allow for multiple virtual machines and 
workloads to run on a single server, thus decreasing the need for additional hardware and 
optimizing resource use by multi-task scheduling and load shifting to geo-distributed data 
centers with power availability [82].
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However, even if the power consumption in AI-driven data centers is reduced, the 
continued reliance on fossil fuel-based energy for power generation remains an environ-
mental concern. In view of this, renewable energy emerges as a promising alternative by 
allowing data centers to optimize their energy mix according to resource availability at a 
specific location, reducing grid dependence and potentially lowering energy costs while 
also supporting advanced cooling systems crucial for AI workloads. The International Re-
newable Energy Agency (IRENA) indicated that from 2010 to 2023, solar photovoltaic (PV) 
technology costs decreased by 80%, making on-site and off-site generation economically 
feasible at hyperscale for AI-driven data centers [83]. Google in Nevada corroborated this 
claim by obtaining 90% carbon-free energy for its data centers through off-site solar PV 
generation [19]. Furthermore, the scalability and modularity of solar PV installations make 
them suitable for data centers of varying scales [27]. For data centers located in regions 
where hydropower is available, it can provide a more stable and dispatchable electricity 
supply that complements intermittent solar and wind generation. In Texas, Amazon has 
been able to obtain 50% of its power demand from wind farms, while Microsoft in Sweden 
obtained almost 100% of renewable energy for its data centers from hydropower [82].

Barriers to the application of innovative cooling techniques and renewable energy 
sources include a high initial investment cost, even though operation will become cost-
effective in the long term due to lower operational costs, expertise gaps, and the handling 
of environmental concerns that involve technology waste and land use for large-scale solar 
and wind farms [83]. However, the intermittency of solar and wind power poses a major 
challenge in the implementation of these techniques due to their dependence on weather 
and time, making it difficult to match energy production with the variable demand of data 
centers [27]. To achieve the success of data centers, a careful location assessment must be 
performed to ensure the optimization and integration of these energy sources. It is also 
necessary to have flexible storage technologies, such as batteries, that store wind and solar 
power to be used either in low or intermittent production periods or complementary non-
intermittent renewable energies such as nuclear, hydropower, or geothermal. Microgrids 
are another promising alternative to integrate renewable energy sources in data centers at a 
local level. Microgrids consist of localized energy distribution systems that can operate in 
conjunction with or independently from the core power grid [84]. Jones [85] demonstrated 
that microgrids co-localizing non-intermittent renewable energies like geothermal with 
hybrid battery storage provide optimal cost efficiency, rapid implementation, and essential 
reliability to manage the extreme load spikes of generative AI workloads. Nonetheless, 
a life cycle assessment is needed to develop a holistic approach to AI-driven data center 
energy consumption, which would take into account the manufacturing, transportation, 
operational, and end-of-life disposal processes in order to balance economic, operational, 
environmental, and regulatory considerations.

Currently, AI is being used to optimize data center operations. Among these operations, 
AI predicts workloads, manages resources, operates cooling systems, enhances the overall 
efficiency of data centers, and reduces energy waste [86]. AI enables the efficient use of 
resources, including energy, based on real-time demand by predicting peak loads and 
automatically adjusting resource allocation to meet requirements, thereby preventing waste 
during low-demand periods [5]. AI technologies also allow cooling systems to be automated 
and optimized. By analyzing temperature data, cooling requirements are predicted, and 
cooling mechanisms are dynamically adjusted to achieve maximum efficiency [78]. Data 
centers can also implement intelligent lighting and ventilation systems to enhance resource 
efficiency. Figure 2 presents several of the strategies discussed to reduce fossil fuel-based 
power demand.
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Figure 2. Strategies for reducing fossil fuel-based power demand.

4. Water Use and Cooling Systems
4.1. Cooling Technologies

Cooling technologies are critical in the operation of data centers. As computational 
complexity and power density continue to increase, heat generation within these facilities 
rises significantly, requiring more efficient cooling systems. Earlier studies of conventional 
data center servers reported that, although most servers operated at only around 20% of 
their capacity, data centers could still draw between 60% and 100% of their maximum 
power from the grid due to infrastructure inefficiencies, even when idle [78]. As computing 
infrastructure has evolved toward more demanding and energy-intensive workloads, partic-
ularly those associated with AI, these challenges have become increasingly relevant because 
higher computational densities result in greater heat generation and cooling requirements. 
Traditional cooling infrastructure, which relies primarily on mechanical vapor compression 
air conditioning systems, accounts for 30% to 50% of the total energy consumption of the 
facility [87].

To optimize airflow distribution and efficiency, various alternative methods have been 
implemented. These air-cooling systems have been conventionally classified into four 
main configurations: room-level, row-level, rack-level, and chip-level cooling [3]. Although 
design parameters and geographical techniques vary from country to country, incorporating 
systems such as thermosiphons or free cooling, all configurations are designed to maintain 
a stable thermal environment.

4.1.1. Air Cooling Configurations and Implementation
The distinction between room-level, row-level, and rack-level systems lies primarily 

in their airflow distribution mechanisms, although they provide comparable net cooling 
capacities [88]. Row- and rack-level configurations offer greater efficiency by minimizing the 
distance that air must travel to the cooling unit, thereby reducing fan power consumption 
and supporting thermal loads of up to 30 kW per rack [89].

▪ Row-based cooling: Uses units installed between the racks or suspended above them. 
Cool air is directed into a contained aisle, while hot exhaust air from the rear of the 
racks is captured and recirculated directly to the cooling unit. This configuration 
minimizes heat loss and is considered ideal for data centers with total capacities of less 
than 200 kW [90].

▪ Chip-level cooling: This configuration directs heat dissipation directly to the compo-
nent. However, its widespread adoption remains limited due to the high implementa-
tion and maintenance costs involved [91].
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Historically, air-cooling systems have been the predominant technology, continuously 
evolving to maintain adequate operating conditions in the face of increasing power den-
sities. However, the increasing heat flux generated by high-performance processors is 
approaching the practical limits of conventional air-based cooling [92]. At the chip level, 
heat fluxes exceeding approximately 0.1 kW/cm2  can challenge the ability of air cooling to 
effectively remove heat within the processor footprint [93,94]. This limitation becomes in-
creasingly relevant as the power consumption of individual processors and GPUs continues 
to rise, with high-performance GPUs potentially approaching power levels of approximately 
2 kW [95]. These trends are accelerating the transition toward liquid cooling technologies 
for high-density computing and AI workloads [79]. Figure 3 summarizes the main cooling 
technologies currently employed in data centers, highlighting the transition from tradi-
tional air-cooling systems toward liquid- and immersion-cooling approaches capable of 
managing the increasing thermal loads associated with high-performance computing and 
AI workloads.

Figure 3. Overview of cooling technologies.

4.1.2. Transition to Liquid Cooling Technologies
As power densities rapidly increase, air cooling faces structural limitations due to 

the low thermal conductivity and specific heat capacity of air. Attempting to mitigate 
high thermal loads using air results in prohibitively high power consumption by fans, 
excessive noise, and enormous surface areas [96]. This operational challenge is exacerbated 
in tropical regions, where the hot, humid ambient air requires a high, continuous supply 
of electrical power to operate auxiliary equipment such as chillers, pumps, and fans [88]. 
As a result, liquid cooling systems are emerging as a highly efficient alternative for high-
density data centers. While an air-cooled rack typically supports a power density of around 
20–30 kW, liquid cooling technologies can substantially increase rack-level power density, 
with advanced systems supporting values of approximately 150 kW per rack [88]. As AI 
workloads continue to increase processor power and rack-level power density, future data 
center architectures are expected to target power levels approaching 1000 kW per rack, 
further reinforcing the need for advanced liquid cooling technologies [97,98].

Liquid cooling technologies can be classified into three categories based on their heat 
dissipation method [99]:
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• Immersion cooling: Server components are fully or partially submerged in a dielectric 
fluid, which absorbs heat directly through advanced heat transfer processes [92].

• Direct-to-chip cooling: This method relies on direct heat conduction between a high-
thermal-conductivity plate through which a liquid coolant circulates and the com-
ponents that generate the most heat (such as CPUs or GPUs). Secondary server 
components are subsequently cooled through localized air circulation [100].

• Spray cooling: This method uses specialized nozzles to atomize and spray the coolant 
directly onto the hot surfaces of the components, achieving rapid heat dissipation [101].

As summarized in Table 2, the transition to liquid cooling is not merely an op-
tional advancement, but rather a thermodynamic constraint imposed by the evolution 
of AI hardware.

Table 2. Comparison of data center cooling strategies.

Refrigeration 
Settings

Flow Distribution 
Mechanism/Technology

Power Density 
Limits

Benefits and Efficiency 
Features

Benefits and Efficiency 
Features References

Room-Level 
Cooling

Air conditioning system 
based on mechanical 
vapor compression 
refrigeration.

Typically, low density 
(<20 kW/rack).

A predominant, widely 
adopted, and 
historically 
standardized 
traditional technology.

It consumes between 
30% and 50% of the 
total energy. It suffers 
significant heat loss 
due to the distance the 
air travels.

[100,102]

In-Line Cooling

Units installed between 
the racks or suspended 
from the ceiling, blowing 
air into an aisle and 
capturing the exhaust air 
from the back.

Supports up to 30 kW 
per rack.

It reduces the air path 
length and minimizes 
heat loss. Ideal for data 
centers with a capacity 
of less than 200 kW.

It requires a greater 
number of localized 
units compared to the 
central system.

[103,104]

Rack Cooling

Air distribution units 
attached to or directly 
integrated into the 
frame structure.

Supports up to 30 kW 
per rack.

High efficiency by 
drastically reducing the 
airflow distance and 
lowering the power 
required by the fans.

Greater complexity in 
the technology floor’s 
cabling layout and 
dependence on 
rack modularity.

[105,106]

Chip-Level Cooling 
(Air)

Microarchitectures 
designed to maintain 
operating conditions 
directly within 
the processor.

Focused on high 
density of individual 
components.

Localized response 
capability in the face of 
sudden increases in 
power density.

Rarely used in practice 
due to the high costs 
associated with its 
implementation and 
structural maintenance.

[107,108]

Natural Systems 
and 

Thermosiphons

Integration of natural 
cooling (free-cooling) 
cycles or thermosiphons 
to ensure 
thermal stability.

Varies depending on 
the architectural 
design.

Designed to maintain a 
stable temperature by 
reducing reliance on 
mechanical 
compression.

Highly dependent on 
the temperature and 
humidity conditions of 
the country or region 
where the equipment 
is operated.

[109,110]

Immersion Cooling 
(Liquid)

Total or partial 
submersion of the servers 
in a heat-absorbing 
dielectric fluid.

Advanced systems 
can support 
substantially higher 
rack power densities, 
with representative 
values of 
approximately 
150 kW per rack.

Optimized heat 
absorption through 
advanced heat transfer 
processes; this enables 
greater computing 
power without 
increasing energy 
consumption.

High initial investment; 
requires evaluating 
fluid compatibility and 
hardware maintenance 
procedures.

[92,111,112]
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Table 2. Cont.

Refrigeration 
Settings

Flow Distribution 
Mechanism/Technology

Power Density 
Limits

Benefits and Efficiency 
Features

Benefits and Efficiency 
Features References

Direct-to-chip 
Cooling (Liquid)

Direct contact between a 
plate with circulating 
coolant and the 
latest-generation 
components 
(CPU/GPU).

Advanced systems 
can support 
substantially higher 
rack power densities, 
with representative 
values of 
approximately 
150 kW per rack.

Heat dissipation is 
focused on the areas of 
highest thermal stress; 
the remaining 
secondary components 
are cooled using 
localized airflow.

It requires hybrid 
(liquid/air) systems 
and a precise internal 
piping design to 
prevent the risk 
of leaks.

[91,113,114]

Spray Cooling 
(Liquid)

Use of specialized 
nozzles that spray the 
coolant onto hot surfaces.

Advanced systems 
can support 
substantially higher 
rack power densities, 
with representative 
values of 
approximately 
150 kW per rack.

Accelerated heat 
dissipation via 
phase-change heat 
transfer or direct liquid 
film heat transfer.

Mechanical complexity 
in the spray nozzles 
and strict control of 
fluid distribution.

[115]

Evaporative 
Cooling/ 

Economizers

Direct outside air 
injection (free cooling) or 
evaporative precooling of 
the intake airflow 
using water.

Typically limited to 
low and moderate 
densities 
(<25 kW/rack) when 
operating 
autonomously.

Significant net energy 
savings (OPEX) and a 
reduction in PUE by 
reducing or eliminating 
the use of mechanical 
compression; high 
sustainability.

Significantly reduced 
efficiency in tropical 
regions due to the hot, 
humid ambient air; 
requires rigorous water 
treatment and 
advanced filtration to 
prevent corrosion and 
contamination.

[116,117]

Consequently, the accumulated scientific evidence suggests that the search for a single, 
universal, and definitive cooling system is not feasible. The paradigm of maximum efficiency 
does not lie in the adoption of a single technological approach (whether air-based or liquid-
based), but rather in the convergence toward hybrid systems.

4.2. Water Consumption
The quantification of carbon and water footprints is typically assessed by first analyzing 

location and energy consumption, since both the electricity mix and the carbon intensity of 
the energy used to power data centers vary according to location. Direct water consumption 
refers to the water used in cooling systems, while indirect consumption refers to the water 
consumption embedded in the electricity purchased to operate the data centers [9]. Among 
the main pathways of direct water consumption, evaporative cooling plays a particularly 
important role, as water is used to remove heat from IT equipment and is partially lost 
through evaporation. Additional water may also be required for blowdown and system 
maintenance. Other cooling configurations, such as air-cooled and closed-loop liquid 
cooling systems, can reduce direct on-site water consumption, although their effectiveness 
depends on system design and operating conditions. It is estimated that in 2023, 560 
billion liters of water were consumed in data centers. Out of the 560 billion liters of water, 
373 billion liters were used for indirect consumption, and 140 billion liters were used for 
direct consumption. The remaining 47 billion liters are believed to have been used in the 
manufacturing of servers [118].

Table 3 presents data on water and electricity consumption for some of the world’s 
largest companies and highlights the lack of consistency in data disclosure by the largest 
companies within the sector. The direct water consumption values reported in Table 3 refer 
to water consumed at the data center facilities and therefore exclude the water consumption 
embedded in purchased electricity. In terms of water efficiency, direct consumption shows 
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significant variations ranging from 0.17 to 1.61 L/kWh [118]. This suggests that water con-
sumption does not depend exclusively on electricity demand, but also on cooling technology, 
on local climate conditions, on the extent of water reuse, and on the measures implemented 
by each company. The results show that the actual water footprint of a data center may 
be underestimated when only the operations of the facility are considered [119,120]. Fur-
thermore, the study shows that the PUE (a measure of a data center’s energy efficiency) 
and WUE (a measure of water use efficiency during data center operations) indicators are 
not necessarily correlated; for example, Google and Meta report very similar PUE values, 
yet their WUE values differ, suggesting that greater energy efficiency does not necessarily 
imply a lower water demand.

Table 3. Reported direct and indirect water consumption and electricity consumption in the sus-
tainability reports of some of the world’s largest companies. Copied from “The Carbon and Water 
Footprints of Data Centers and What This Could Mean for AI” [118].

Reporting 
Metrics

Scope of 
Reporting Unit

Company (Year of Publication of the Most Recent Environmental Report) 
and Reporting Period

Amazon 
(2025)

Apple 
(2025)

Baidu 
(2025)

Google 
(2025) Meta (2025)

CY 2024 Fiscal Year 
2024 CY 2024 CY 2024 CY 2024

Electricity 
consump-

tion

Total Company  kWh - 3,776,000 
3.776 × 109

1,145,028
1.145 × 109

32,106,200
32.106 × 109

18,423,634
18.424 × 109

Total number of 
data centers  kWh - 2,515,000

2.515 × 109 - 30,825,600
30.826 × 109

18,061,781
18.062 × 109

Average PUE for 
data centers N/A 1.15 - 1.20 1.09 1.08

Direct water 
consump-

tion

Total Company L - 3,406,871
3.407 × 109

1,465,129
1.465 × 109

30,794,325
30.794 × 109

3,123,000
3.123 × 109

Total number of 
data centers L - - - 29,477,002

29.477 × 109
2,974,000

2.974 × 109

Average WUE of 
data centers L/kWh 0.15 - 1.61 - 0.19

Indirect 
water con-
sumption

Total Company L - - - - 72,207,000
72.207 × 109

Total number of 
data centers L - - - - -

Implicit 
water 

intensity

Total Company 
(direct) L/kWh - 0.90 1.28 0.96 0.17

Total Company 
(indirect) L/kWh - - - - 3.92

Microsoft 
(2025)

Oracle 
(2025) Tesla (2025) Tencent 

(2025)
Fiscal Year 

2024 CY 2023 CY 2024 CY 2024

Electricity 
consump-

tion

Total Company  kWh 29,829,540
29.830 × 109

3,623,170
3.623 × 109

2,355,046
2.355 × 109

6,429,610
6.430 × 109

Total number of 
data centers  kWh - - - -

Average PUE for 
data centers N/A 1.16 - - 1.29
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Table 3. Cont.

Microsoft 
(2025)

Oracle 
(2025) Tesla (2025) Tencent 

(2025)
Fiscal Year 

2024 CY 2023 CY 2024 CY 2024

Direct water 
consump-

tion

Total Company L 5,807,000
5.807 × 109

866,069
0.866 × 109 - 10,370,588

10.370 × 109

Total number of 
data centers L - - - -

Average WUE of 
data centers L/kWh 0.30 - - -

Indirect 
water con-
sumption

Total Company L - - - -
Total number of 

data centers L - - - -

Implicit 
water 

intensity

Total Company 
(direct) L/kWh 0.19 0.24 - 1.61

Total Company 
(indirect) L/kWh - - - -

Regarding the operational water impact, the estimated indirect water footprint of data 
centers due to their electricity demand reached 383 billion liters in 2018. In contrast, the 
indirect water footprint attributed to the water supply and wastewater treatment companies 
serving these facilities was several orders of magnitude lower, at 0.45 billion liters [121]. 
Nationwide in developed countries it is estimated that 1 kWh of energy consumption by a 
data center requires a weighted average of 7.1 L of water to support its operations [122].

4.3. Energy–Water Trade-Offs
The analysis of operational trade-offs between energy and water has driven the develop-

ment of innovative strategies aimed at resource conservation, which include the integration 
of recycled water into thermal management systems and the recovery of waste heat for rein-
jection into energy networks. However, the crux of this debate lies in the fact that reducing 
Power Usage Effectiveness (PUE) through evaporative or adiabatic cooling systems (which 
harness the latent heat of vaporization to reduce the mechanical compression load) lowers 
the electricity consumption of the infrastructure but can significantly increase Water Usage 
Effectiveness (WUE) at the local (on-site) level [115]. Conversely, the transition process 
to utilize dry cooling systems completely eliminates the direct dependence of a facility on 
water but degrades thermal efficiency in hot climates, increasing the power consumption 
of fans and compressors; this shifts the water footprint to the thermal power plants in 
the regional power grid (off-site) [110]. Importantly, improving liquid-cooling efficiency 
can also help mitigate the energy–water trade-off by enabling operation at higher coolant 
inlet temperatures. Higher coolant temperatures increase the potential for free cooling 
and can reduce reliance on mechanical chillers and compressors, while facilitating the use 
of closed-loop dry coolers. Recent NVIDIA AI infrastructure designs, such as the Vera 
Rubin platform, are engineered to operate with coolant inlet temperatures of up to 45 ∘C. 
Under suitable climatic conditions, this operating temperature enables the use of ambient 
air and closed-loop dry coolers, reducing the need for mechanical cooling and, consequently, 
cooling-related energy and water consumption [123]. Therefore, the sustainability of a 
digital infrastructure requires a co-dependent optimization approach, in which thermal 
design decisions are not evaluated in isolation but rather done by minimizing the combined 
consumption of water and equivalent energy [9,119].
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Recent quantitative models show that, if the water usage patterns recorded in 2024 are 
projected, the expansion of computing infrastructure by 2030 will require a net incremental 
global water capacity of between 2.638 and 5.493 billion liters per day (BLD) [9]. This 
volume of direct water withdrawal is equivalent to adding a demand load comparable to 
that of major global metropolitan areas such as New York City (3.785 BLD). Even under an 
optimistic technological scenario, assuming a 10% annual compound reduction in sectoral 
consumption intensity, the remaining water pressure would range between 0.859 and 
2.286 BLD, which helps us grasp the magnitude of the problem when considering only 
this aspect of it [121]. Now, imagine a scenario where the correlations between necessary 
resources, costs, location, and environmental damages are analyzed. We must assess 
whether the current situation facing society and the world is truly viable in order to provide 
a response that is as close to reality as possible [121].

5. Material Demand and Supply Constraints
5.1. Materials in Data Center Infrastructure

Data centers comprise a complex infrastructure that houses thousands of servers as 
well as network devices, storage systems, processing units, cooling systems, power supplies, 
backup power systems, monitoring sensors, connection cables, and many other essential 
components that enable the growing AI computing demands in AI-driven data centers [12]. 
Regardless of this, the lack of detailed public data concerning the components’ design and 
volume makes it difficult to verify which materials are being used in data centers and their 
impact on the growing demand for AI materials.

In addition to common bulk materials like concrete and steel, the construction of an AI-
driven data center requires a wide variety of metals and minerals that include germanium, 
gallium, indium, metallurgical silicon, tantalum, copper, platinum-group metals, rare earth 
metals, silver, and gold, among many others [124]. It is important to highlight that the 
International Renewable Energy Agency (IRENA) recognizes critical minerals as those 
produced within a limited number of countries or whose extraction is demanding [125]. 
Once extracted, these metals and raw materials are refined to achieve the specific magnetic, 
electronic, mechanical, and optical characteristics needed for the technological infrastructure 
of a data center. Nonetheless, the mining of these resources has created severe environmental 
impacts that include soil degradation, air pollution, and water contamination [126]. Mining 
alone accounts for approximately 7% of global greenhouse gas emissions [127], and 90% 
of mining operations use between 340 and 6270 L of water per ton of ore processed, while 
surface mining exhibits approximately a 35% loss of vegetation cover [128].

Semiconductor chips, integrated circuits, or microchips are the fundamental hard-
ware that powers AI systems. To manufacture these semiconductor chips, high-purity 
metals are needed to enhance chip performance by enabling thermal stability, excellent 
conductivity, and corrosion resistance [129]. According to Columbia University, semicon-
ducting materials include arsenic, aluminum, gallium, indium, germanium, molybdenum, 
lithium, tantalum, silicon, tungsten, cerium, erbium, dysprosium, gadolinium, europium, 
lanthanum, praseodymium, neodymium, terbium, yttrium, and thulium [130]. Table 4 
shows some of the materials commonly used in AI-driven data centers along with their 
principal applications, as well as the primary sectors competing for the use of such material.
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Table 4. Materials commonly used in AI-driven data centers.

Material Main Applications Competing Demand Sectors

Copper

Because of its durability and conductivity, it is 
commonly used in data cables and 
networking, power distribution systems, and 
cooling infrastructure for pipes and heat 
exchangers [131].

Industrial machinery, building, defense, 
electric vehicles and renewable energy 
interconnection [132].

Silicon
High-purity silicon is the most broadly used 
semiconductor for high-speed memory and 
processors [130]

Automotive semiconductors, lithium-ion 
battery anodes, solar photovoltaics, fuel cells, 
consumer and power electronics [133,134].

Gallium

In the form of semiconductors such as 
gallium nitride and gallium arsenide, gallium 
is used in radio frequency components and 
high-frequency and high-efficiency power 
converters [14].

LED illumination, solar cells, 
5G/telecommunications, and 
defense [135,136].

Aluminium

Given its weight and exceptional thermal 
conductivity, it is used for structural 
components (server racks, mounting 
frameworks, and casing) and cooling systems 
(heat sinks and cooling plates) [124].

Grid conductors, construction, transportation 
(aerospace, marine and automotive), 
packaging, and defense [137,138].

Rare earth elements 
(neodymium, 

praseodymium, 
dysprosium, and 

terbium)

In particular, neodymium, praseodyium, 
dysprosium, and terbium are used in 
high-performance magnets in cooling fan 
motors, optical components, and precision 
actuators [139].

Wind turbine generators, consumer 
electronics, defense, and electric vehicle 
traction motors [140,141].

It is important to highlight that the production of solar and wind energy, renewable 
energy sources that can potentially supply data centers, also depends on minerals and 
metals. The IEA has identified that, in comparison to a natural gas plant of the same 
capacity, an onshore solar power plant requires nine times more mineral resources [142]. 
According to the projections developed by Amoah et al. [132] for 2005 to 2030, AI-driven 
data centers’ mineral demand for copper could increase from 576,000 tons to 1.88 million 
tons, for aluminum from 22,000 to 74,000 tons, for iron from 24,000 to 82,000 tons, and for 
lithium carbonate from 3300 to 20,000 tons over the same time period. Amoah et al. [132] 
also identified that the key constraint for these minerals is their availability and the capacity 
for mining extraction to meet the substantial demands for building and powering AI-driven 
data centers; additionally, for rare earth elements, the weaknesses lie in midstream refining 
and processing limitations, along with geopolitical concentration. It is important to keep in 
mind that the increase in demand for AI is not only driving up the mining of metals and 
minerals but also their environmental repercussions.

5.2. Supply Chain Issues
The supply of critical metals and minerals required to fulfill the AI infrastructure 

demand is not only dependent on their extreme geographical concentration and market 
logistics, but it is also influenced by geopolitics. Nowadays, China dominates the production 
market of raw materials, such as gallium, antimony, germanium, and other rare earth 
elements, necessary to generate AI; Chile and the Democratic Republic of the Congo are 
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major contributors to the world’s copper supply; the United States, Canada, and Malaysia 
produce smaller shares of silicon and rare earth elements; Australia is one of the main 
producers of lithium; the Democratic Republic of Congo is the leading producer of cobalt, 
and South Africa produces most of the platinum-group metals [124].

The United States leads the world in the manufacturing of AI components from metal 
and mineral raw materials, as it possesses the advanced manufacturing technology required. 
NVIDIA, Intel, and AMD are examples of American-based companies with the technology 
required for chip design. NVIDIA, alone, collaborates with a wide variety of refining, 
mining, and smelting companies, and it acquires mineral raw materials from 259 companies 
worldwide [143]. Nonetheless, over 70% of semiconductor manufacturing is outsourced by 
East Asian companies such as South Korea’s Samsung Foundry and Taiwan’s TSMC [31].

There are geopolitical fluctuations, such as export restrictions and fluctuations, that 
could restrict global access to the computing abilities of AI. In 2023–2024, China imposed 
a series of export restrictions on gallium, germanium, graphite, tungsten, and bismuth 
as a response to U.S. technology sanctions [124]. As a result, gallium prices outside of 
China doubled in just six months. Meanwhile, export restrictions on AI processors, such 
as NVIDIA’s A100 and H100, have been enforced by the United States, thereby denying 
Chinese consumers access to state-of-the-art hardware [143]. The fact that the concentration 
of computing power and raw material supply chains relies on a few economies creates 
dependencies that limit AI development and risk sustainability.

5.3. End of Life and Waste
The continuously growing demand for raw materials associated with AI-driven data 

centers is also creating a great amount of disposable AI hardware. Many data center 
components have a short service life cycle, which requires them to be replaced after a period 
of around two to five years [144]. The removal of these minerals and metals from the 
supply chain increases the extraction demand for these raw materials, and even when some 
materials are recovered, their disposal represents a potential environmental and human 
health risk due to the presence of toxic elements such as arsenic, mercury, and lead in them, 
which can seep into the water and soil.

To ensure that potentially dangerous components are handled safely, particular meth-
ods to collect, sort, shred, and disassemble are implemented to segregate these materials. 
Regarding mechanical separation techniques, magnetic separation is used with ferrous 
metals, while with non-ferrous metals, eddy current separation is implemented. Addition-
ally, pyrometallurgical (smelting electronic scrap to extract metals) or hydrometallurgical 
(chemical leaching to recover metals) processes are also used for further refinement. Bi-
oleaching, which uses microorganisms to recover metals from crushed e-waste, is another 
emerging research area [145]. Figure 4 summarizes the key steps in AI-driven data center 
waste treatment.

High-income countries implement formal collection procedures even when around 
40% of disposals are collected [146]. Meanwhile, many people in low-income countries are 
being exposed to dangerous chemicals, such as furans and dioxins, where informal and 
harsh recycling methods are implemented to extract valuable metals from components or 
where disposals are burned. Although it is known that recycling generates emissions and 
consumes energy, the life cycle emissions of an AI infrastructure decrease when materials 
are recovered in comparison to those of virgin extraction. For example, the recycling of 
aluminum saves around 95% of the energy that is needed to obtain it from raw sources, 
while the recycling of copper saves around 85% [147]. In a similar way, recycling rare 
earth elements can partially mitigate the environmental damage that is caused by their 
mining [148].
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Figure 4. Key steps for AI-driven data center waste treatment.

Nevertheless, the recycling of raw materials used in AI-driven data centers presents 
several challenges, as some metals are difficult to separate or are present only in trace 
quantities. In the case of lithium-ion batteries, careful handling is required to prevent 
accidents [145]. Furthermore, recycling also depends on economic factors; subsidies are 
essential when the cost of recycling exceeds the recovered market value of materials. In this 
sense, expanding recycling infrastructure and developing more efficient recycling methods 
is crucial. Recent recycling advances use supercritical fluid extraction or innovative solvent 
techniques to recycle circuit boards [147]. The circular economy also surges as a powerful 
strategy to counterbalance recycling challenges by focusing on creating products with a 
longer lifespan, refurbishing, reusing, and applying a disassembly-friendly design [149].

6. Resource Interactions and Limitations of Current Approaches
As analyzed in previous sections, AI-driven data centers require significant amounts 

of water, energy, and materials. The increasing proliferation of AI creates a surge in demand 
for these resources, limiting their availability for other vital applications. Water is the 
cornerstone of every living system on our planet, a resource that is essential and crucial to 
human societies and ecosystems [150]. Because water and energy resources are fundamental 
to food production and processing, their depletion could lead to food shortages for the 
world’s growing population and threaten the well-being of all living systems.

Studies have also identified the interdependence between the hydric, energetic, and 
material resources used for AI-driven data centers [151]. Water enables hydropower gener-
ation that is used as a steam generator for thermal and nuclear power plants, and that is 
essential in AI cooling systems and in the extraction and processing of mineral resources 
and hydrocarbons. Energy resources are essential in the collection, distribution, sanitation, 
and treatment of water as well as in the extraction and processing of mineral resources and 
in the operation of AI-driven data centers. Metal and mineral resources are key for the 
implementation of renewable energies as well as for the implementation of AI and water 
management due to them providing the structural foundation for treatment infrastructure.

Because the use of any of these resources will affect or constrain other resources, no 
single element (water, energy, and materials) can adequately explain AI. In order to improve 
energy efficiency, some facilities change from air-cooling systems to evaporative ones, an 
approach that increases water usage. On the other hand, water-free cooling options, like 
closed-loop chillers, can raise energy consumption by 10 to 15% [29]. Given these trade-offs, 
some authors [151,152] propose that it is necessary to change from efficiency to sufficiency. 
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This means that the efficiency indicator must be complemented by absolute consumption 
limits in accordance with the resource use limitations within ecological boundaries. For 
instance, licenses for data centers could be granted based on carbon intensity targets and 
water consumption limits in relation to the hydrological capacity of the region. In the same 
way, sufficiency also implies coordinating and migrating geographical workloads according 
to favorable conditions, such as cooler climatic conditions to decrease cooling requirements 
and an oversupply of renewables [153]. Additionally, policies that deal with resource 
recovery are fundamental to enhance circular economy principles and sufficiency, given 
that circularity promotes a decrease in resource pressure. Heat recovery from operations 
in data centers, minerals and metals recovery from electronic waste, and ultra-pure water 
recycling in fabrication facilities are examples of circularity strategies.

Nonetheless, one of the major challenges concerning the resource demand of AI-
driven data centers is the lack of public information on resource usage or on infrastructure 
and operation details that enable the calculation of resource consumption. Given the 
absence of an international framework on the environmental cost of AI technologies, most 
of the available data on resource usage is self-reported by AI corporations, while public 
databases (e.g., the IEA and United Nations Environment Program (UNEP) focus on 
national-level reports instead of focusing on individual infrastructures, ignoring cross-
resource and cumulative effects [31,154]. All of this makes it difficult for researchers and 
policymakers to adequately assess the real ecological impact of AI-driven data centers, and 
even when studies publicize resource demand within AI-driven data centers, a shortage of 
quantitative analysis with empirical substantiation in this regard persists.

There are also identified limitations about the metrics used to assess resource impact. 
One of these limitations lies in the fact that AI-driven data centers are integrated by multiple 
subsystems (cooling, power, workloads, environmental controls, etc.), making them highly 
complex enterprises. Consequently, the existing individual metrics cannot adequately 
capture the relation of all the different factors associated with resource usage, making 
holistic issues hard to identify. The lack of standardization of these metrics impedes them 
from being uniformly implemented worldwide, which is something that could facilitate 
resource usage comparison. For example, ISO environmental standards or science-based 
target frameworks could enhance comparability between firms; it is also important to take 
into account the complete supply chain of AI-driven data centers from extraction to disposal, 
rather than only considering their operational environmental impact [155].

7. Implications for Resource Management
The rapid growth of AI-powered data centers is transforming how natural resources 

are managed. However, the urgent need to rethink government policies and resource man-
agement strategies remains a contentious issue within the sector [156]. The central problem 
lies in the fact that individual assessments overlook the deep interdependence among these 
factors: water enables energy generation, energy drives water cycles, and minerals underpin 
both the infrastructure and future solutions for this system. This underscores the need to 
adopt new holistic and systemic approaches to resource allocation, linking these strategies 
to the principles of the circular economy in order to establish a strategy capable of mitigating 
the material and water footprint of digital infrastructure [157].

The adoption of circular economy strategies will not only help reduce environmental 
impacts but also strengthen operational resilience by reducing dependence on raw materials 
and improving material availability for the future expansion of the sector [158]. In addition, 
circular economy strategies will help reduce the generation of electronic waste, strengthen 
the resilience of supply chains, and contribute to the sustainability of AI infrastructure.
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As previously mentioned, data centers are multidimensional in nature as they integrate, 
among other things, complex cooling, workloads, and environmental control subsystems. 
Therefore, there is a growing trend toward the development of more robust and com-
posite indicators that will accurately reflect the trade-offs between various consumption 
factors. There is an urgent need to internationally standardize these metrics in order to fa-
cilitate performance measurement and cross-border comparisons to mitigate global supply 
disruptions.

One factor that is often overlooked, but which constitutes one of the biggest challenges 
facing this sector, is the spatiotemporal dimension of its impacts. Resource consumption by 
AI data centers is highly asymmetric and dynamic, as it fluctuates depending on workloads, 
weather conditions, energy source availability, and so on. Since management strategies 
cannot be based on global averages, it is essential for new systemic approaches to incorporate 
criteria for operational flexibility, which will allow for the distribution of workloads to 
locations with lower water stress.

The current optimization efforts are hampered by a lack of transparency and public 
data, which significantly limit future improvements. Therefore, it is essential to incorporate 
a quantitative environmental assessment to guide comprehensive research that will allow 
for the precise regulation of the externalities of AI, ensuring that technological progress 
does not jeopardize human well-being or the planet’s resilience and that such measures 
should be implemented from the earliest stages of planning [159]. Sustainable data center 
management should not be limited to the use of individual resources, but it should integrate 
strategies that simultaneously optimize the use of water, energy, minerals, and so on. In 
this regard, organizations such as the European Commission promote a comprehensive 
approach based on energy efficiency, the circular economy, the use of waste heat, and the use 
of renewable energy, and focus not only on these aspects but also on expanding traditional 
environmental assessment criteria [160].

Taken together, these implications make it clear that the future management of AI-based 
data centers will need to evolve toward integrated approaches of resource management. 
Under the proposed approach, the sustainability of digital infrastructure will depend not 
only on technological development but also on the capacity of environmental and social 
regulatory bodies to ensure that the growth of AI occurs within the limits of resource 
availability and global sustainability goals, without hindering the development of the sector 
or adversely affecting other sectors in the process.

8. Conclusions
Artificial intelligence has become one of the main drivers of digital transformation; 

however, its rapid expansion has also increased the demand for energy, water, and other 
critical materials at a scale that challenges conventional approaches to infrastructure sustain-
ability. This review has shown that evaluating AI-driven data centers exclusively through 
their electricity consumption only provides a partial understanding of their environmen-
tal implications. The growing dependence on water-intensive cooling technologies, the 
increasing extraction of critical minerals required for the advanced hardware, and the accu-
mulation of electronic waste reveal that the sustainability of AI infrastructure is governed by 
a complex network of interdependent resource flows rather than by a single environmental 
dimension.

The analyzed evidence also shows that technological improvements alone are unlikely 
to guarantee sustainable long-term development. Although advances in hardware efficiency, 
cooling technologies, renewable energy integration, virtualization, and AI-based operational 
optimization have substantially improved resource efficiency, these gains coexist with a 
continuous increase in computational demand that may offset a significant fraction of 
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the expected environmental benefits. Future assessments must move beyond isolated 
efficiency metrics toward integrated evaluation frameworks capable of capturing energy, 
water, material consumption, and life cycle impacts simultaneously in order to provide a 
more realistic representation of the environmental footprint of AI infrastructure.

The unavoidable trade-offs among resource management strategies have been a recur-
ring theme throughout the reviewed literature. Measures designed to reduce electricity 
consumption may increase water demand, while alternatives intended to minimize water 
use frequently require additional energy inputs. Likewise, the expansion of renewable 
energy generation reduces operational carbon emissions but simultaneously increases de-
pendence on critical minerals whose extraction, processing, and geopolitical concentration 
introduce new sustainability challenges. These interactions demonstrate that resource 
optimization cannot be performed independently for each resource and instead requires a 
systems-level perspective capable of balancing competing environmental objectives within 
ecological constraints.

Another identified major limitation is the lack of transparency and methodological har-
monization regarding resource reporting. Current environmental assessments rely heavily 
on self-reported corporate data while existing performance indicators frequently evaluate 
individual operational aspects without adequately representing the interactions among 
infrastructure subsystems or the complete life cycle of AI technologies. This fragmentation 
limits meaningful comparisons across facilities, complicates policy development, and hin-
ders the establishment of internationally consistent sustainability benchmarks. Addressing 
these deficiencies will require standardized reporting methodologies, more comprehensive 
environmental indicators, and broader disclosure practices that improve the reliability of 
sustainability assessments.

The review further highlights that resource management in AI-driven data centers 
should evolve from a paradigm centered exclusively on efficiency toward a paradigm that 
incorporates sufficiency, circularity, and long-term resource resilience. Strategies such as 
extending the hardware lifetime, recovering critical materials from electronic waste, reusing 
water, utilizing waste heat, and geographically optimizing workloads illustrate that reducing 
environmental pressures depends not only on technological innovation but also on systemic 
resource management throughout the entire infrastructure life cycle.

Ultimately, AI sustainability should not be evaluated solely on its computational capa-
bilities or on its economic value, but also on its capacity to operate within the environmental 
limits imposed by finite natural resources. As AI continues to expand across virtually every 
sector of society, ensuring that digital infrastructure develops in harmony with energy 
availability, water security, material supply, and circular resource management will become 
an essential prerequisite to achieve genuinely sustainable technological progress.
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