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The Water Footprint of Data Center Workloads: A Review of Key Determinants

Nuoa Lei, Jun Lu, Arman Shehabi, Eric Masanet

Abstract

The importance of data center water use is growing. Operators are beginning to track and report WUE-
site and WUE-source, but these metrics exclude potential efficiencies at the workload-hosting level. In
this study, we review the determinants of overall water footprint, which we define as liters per workload
(liters/ssj_ops) to allow for more direct comparisons across data center types. Using statistical analysis
of recent server performance data, we first illustrate the relationship between server efficiency, utilization
level, refresh rates, and management of inactive (i.e., redundant or comatose) servers within data centers
as determinants of direct server energy use per workload. Next, we review the relationship between PUE
and WUE-site using climate and technology-specific simulations for major data center cooling archetypes
and their influence on facility-level energy and water demand per workload. Finally, we review the
relationship between electrical grid water consumption factors (WCFs), WUE-source, and the overall
water footprints per workload. Our analysis shows that there is no single recipe for minimizing data center
water footprints; rather, we show that such minima can be achieved through different combinations of
our reviewed determinants. Sensitivity analysis reveals that WCFs, server utilization level, and server
efficiency are generally the strongest predictors of per-workload water footprints. Our review and analysis
fill important knowledge gaps surrounding the determinants of water footprints and their practical

minima under different site-specific data center constraints.
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The increasing demand for digital services has led to an increased reliance on data centers, which are vital
to the digital economy and provide the necessary functions of data processing, communication, and
storagel. However, the operation of data centers requires significant amounts of electricity and water?3,
While data center electricity use has been the subject of much debate37, data center water consumption
is a less studied topic that is becoming increasingly important in the context of water scarcity and
freshwater conservation®®°. On the one hand, data centers can consume a significant amount of water
directly for cooling and space conditioning®. Google's data centers in Dalles consumed 355 million gallons
of water in 2021, representing 29% of the city's total water consumption, which has raised concerns about
local water stress, particularly in light of the recent drought conditions in this region®®. On the other hand,
data centers consume water indirectly through the water used for electricity generation®?°, This type of
water use can be significant at the local or national level depending on the power generation technologies,
power mixes, and electricity usage of the data centers. For example, some large data centers have a power
capacity of 100 megawatts!! and the generation of 1 kilowatt-hour of thermoelectricity or hydropower
could consume 0.18-2.0 liters or 0.67-1194 liters of water??, respectively. This demonstrates a significant
amount of data center indirect water use and further emphasizes the importance of considering data

center water sustainability going forward.

To align with the growing importance of water conservation and sustainability in data centers, operators
are beginning to track, manage, and report their water usage effectiveness (WUE) at the site level (WUE-
site) and at the source level (WUE-source)'®!*. WUE-site measures the efficiency of onsite water
consumption at a data center facility, expressed as the ratio of the data center's total onsite water use to
its IT equipment electricity use, while WUE-source quantifies water use efficiency at the source level by
considering the total water use (including on-site and off-site water) in relation to IT equipment electricity
use®, Although WUE-site and WUE-source are popular sustainability metrics within the data center

industry due to their simplicity, they are incomplete metrics that do not consider hardware efficiency or
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computing performance?, which makes it difficult to compare the water footprint per digital service
among data centers with different workload efficiencies. There is also a lack of systematic analysis on the
determinants of data center water footprints in the research community, which makes it difficult for
designers, engineers, operators, investors, and policymakers to effectively understand and address data
center water usage issues. While the impact of cooling system and economizer selection on WUE-site is
well understood'’~?°, the influence of data center operating efficiency and climate conditions on WUE-site
has only recently been investigated®. Additionally, the workload efficiency of servers in data centers is
affected by various factors such as server utilization level, power efficiency, refresh rate, and inactive
server percentage®®, which also contribute to the water footprint per digital service but are often
overlooked by data center sustainability practitioners. Thus, a comprehensive understanding of the water
footprint of data centers is necessary, which involves not only considering the determinants of WUE-site

and WUE-source, but also the factors that affect the server workload efficiency.

In this study, we aim to fill the aforementioned knowledge gaps through a comprehensive analysis of the
overall data center water footprint per workload. To make a fair comparison and gain a deeper
understanding of the water footprint of data centers at the workload hosting level, we integrated the
workload throughput score (i.e., ssj_ops) from the SPECpower_ssj 2008 benchmark into our analysis®.
This allowed us to create a new metric for overall water footprint, expressed in liters per workload
(liters/ssj_ops), which addresses the limitations of the WUE-site and WUE-source metrics®. We followed
up with a teardown analysis of the defined overall data center water footprint per workload, focusing on
the analysis of the determinants of the water footprint and their relationships through the examination
of real-world situations. In the teardown analysis, we examined three key aspects of the data center water
footprint per workload: (1) the relationship between server workload efficiency and factors such as server
utilization level, power efficiency, refresh cycles, and inactive server percentage; (2) the effect of cooling

technology, climate, and infrastructure efficiency on PUE, WUE-site, and their relationship, and how these
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interact with server workload efficiency to further impact the relationship between facility energy and
water use per workload; and (3) the determinants of WUE-source and how they interact with server
workload efficiency to further influence the overall data center water footprint per workload. Our analysis
confirmed that considering workload efficiency is crucial in comparing water footprints between data
centers, and the measures identified in our analysis can be effective for optimizing data center water

footprints. This is an important step towards achieving water sustainability in data centers.

Methods

Data center water footprint

The overall data center water footprint per workload (liters/ssj_ops) is defined as Eq. (1).

WEoperaut = WEsite + EFgite X WCF (1)

where WFg;;, is the facility-level water use per workload (liters/ssj_ops, Eq. (2)), EFsjte is the facility-
level energy use per workload (kWh/ssj_ops, Eq. (3)), and WCF is the electrical grid water consumption
factor, defined as the amount of freshwater consumed (in liters) per kilowatt-hour of electricity

generated®? (liters/kWh).

WFsite = WUEgite X €server (2)

where WUE;;, is the water usage effectiveness at the data center facility level (liters/kWh), egerper is

the server energy use per workload (i.e., sever workload efficiency) (kWh/ssj_ops, Eq. (5)).

EFgite = PUE X €sorper (3)

where PUE is the power usage effectiveness, defined as the ratio of a data center’s total electricity use

to its IT equipment electricity use?* (kWh/kWh).

Substituting Eq. (2) and (3) into Eq. (1) gives Eq. (4):
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WFyperau = WUEgjte + PUE X WCF) X €gorper = WUEsoyrce X €server (4)
where WUE,,,,ce is the source-based water usage effectiveness (liters/kWh).
Direct server energy use per workload

We focused on servers as the main component of IT loads because they are mainly responsible for
workload hosting. The server energy use per workload at the data center level was modeled as a function
of server utilization level, vintage distribution (or refresh cycle), server efficiency, and the fraction of

inactive servers (including comatose servers and redundant servers operating at idle state), expressed as

Eq. (5).

6 X @Pi+(1-@)Pq (5)

p
eserver = 3.6 X 1 = 3.6 X {1

where P is the weighted-average power use of severs in data centers (W), and Thisthe weighted-average
server throughput (ssj_ops/s). P; is the average power use of idle servers (W, Eq. (6)), P, is the average
power use of active servers (W, Eq. (7)), Perf is the average server power-performance (ssj_ops/W, Eq.

(8)), and ¢ is the fraction of inactive servers in data centers.

Pi=%,0,xPu=0,y) (6)
pa=2y®yxp(u'Y) (7)
W:Zymyxperf(u:y) (8)

where (Z)y is the server vintage distribution, represented by the percentage of installed servers of year y
in data centers. P(-) and Perf(-) are respectively the server power and power-performance model,
which are formulated as functions of the server utilization level (1) and the server installed year (y) using

the local linear kernel regression approach based on the SPECpower_ssj 2008 benchmark database®. Due
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to variability in server efficiency each year y, we analyzed P(+) and Perf(*) at different power efficiency

quantiles for the pool of servers reported by the SPECpower_ssj 2008 database.

Climate and technology-specific PUE and WUE-site

The PUE and WUE-site values of data centers are simultaneously influenced by cooling system
technologies, climate conditions, and operating efficiency practices®?2. We conducted an in-depth review
of the simulation methodology and results for the PUE and WUE-site reported by Lei et al®, complemented
by additional simulations of the cooling system and climate scenarios, aiming at clarifying the
interrelationships between PUE and WUE-site values and further illustrate how their determinants affect
data center water footprint. To thoroughly quantify the impact of the various determinants, we covered
typical data center cooling technologies and operating conditions®?%23, as well as major types of global
climate zones specified by American Society of Heating, Refrigerating and Air-Conditioning Engineers
(ASHRAE)?*. In total, we considered eight cooling technologies including (1) air-cooled chiller with no
economizer, (2) airside economizer using air-cooled chiller as supplement cooling, (3) airside economizer
using water-cooled chiller as supplement cooling, (4) airside economizer and direct adiabatic cooling using
air-cooled chiller as supplement cooling, (5) airside economizer and direct adiabatic cooling using water-
cooled chiller as supplement cooling, (6) direct expansion system, (7) water-cooled chiller with no
economizer, (8) waterside economizer using water-cooled chiller as supplement cooling. Additionally, we
considered data center operations under nineteen different climate zones including extremely hot humid
(0A), extremely hot dry (0B), very hot humid (1A), very hot dry (1B), hot humid (2A), hot dry (2B), warm
humid (3A), warm dry (3B), warm marine (3C), mixed humid (4A), mixed dry (4B), mixed marine (4C), cool
humid (5A), cool dry (5B), cool marine (5C), cool humid (6A), cold dry (6B), very cold (7), subarctic/arctic
(8). Particularly, we took different data center operating efficiency practices into considerations”®%2,

which are represented by different quantiles of PUE and WUE-site simulation values for data centers

implementing a given cooling technology in a given climate zone.
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Results

Determinants of direct server energy use per workload

To gain a comprehensive understanding of the water footprint of data center workloads, we performed a
teardown analysis, starting at analyzing the factors that contribute to the server electricity use per data
center workload. Fig. 1 shows the impact of various factors on server electricity use per workload,
obtained using Eqg. (5) and assuming that the newest servers in the data center were purchased in 2020.
The result shows that the lowest energy use per workload is generally associated with high server
utilization levels, efficient servers, fast refresh cycles, and low fractions of inactive servers, but none of
these factors alone is usually sufficient to justify low direct energy use per workload, as indicated by how
different combinations of these factors result in the same color (i.e., the same server electricity per
workload) in Fig. 1. Server energy use per workload is mainly affected by the server utilization level, where
the electricity use per workload decreases with the increase of the utilization level, but the decline rate
also decreases when the server utilization level exceeds 40% (Supplementary information (SI) Fig. S1 and
S2). Using high-efficient servers (servers whose power efficiencies locate at higher quantiles each year) is
another strategy to reduce direct energy use per workload in data centers. Efficient servers consume less
power at idle state, and typically have larger dynamic ranges and better power proportionality??® (Sl Fig.
S4), leading to lower energy use per workload. Optimizing the server refresh cycle reduces energy use per
workload in a manner similar to using energy efficient servers because servers become more energy
efficient overtime (SI Fig. S1 and S4). Likewise, removing inactive servers from the data center can reduce
energy use per workload (Sl Fig. S5), since servers consume a certain amount of power but are not
performing any computing tasks at idle, albeit that newer generation of servers have significantly lower

idle power.
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Fig. 1. Determinates of server electricity use per workload.
5% inactive ~ 5% percentage of inactive servers; 30% inactive ~ 30% percentage of inactive servers; 5
efficient ~ server power efficiency at 5™ quantile; 95" efficient ~ server power efficiency at 95" quantile.

Determinants of facility-level water use per workload

We further analyzed facility-level water use per workload as it established a baseline for overall data
center water footprint per workload (Eq. (1)). Fig. 2 shows the relationship between WUE-site, server
energy use per workload, and facility-level water use per workload. For a given server electricity use per

workload, facility water use per workload increases with the increase of WUE-site, and server energy use
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per workload determines the rate of this increase. Notably, a low facility water footprint per workload is
not necessarily a result of a low WUE-site, which is indicated by points A and B in Fig. 2, in which both
points have the same facility water use per workload but have different values of WUE-site and server
energy use per workload, demonstrating the necessity of considering both WUE-site and server workload

efficiency in the design of water-efficient infrastructure.
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Fig. 2: Determinants of facility-level water use per workload.

Relationship between PUE and WUE-site values

PUE and WUE-site values are two widely used sustainability metrics to quantify the energy and water use
efficiency of data center operations'>?!, They are intricately related and depend on various factors

7822 However, they are

including climate, cooling technology, and operational efficiency practices
sporadically reported by operators and are poorly understood by sustainability analysts?. Given their

importance in determining the overall data center water footprint (Eq. (4)), we conducted a
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comprehensive and first-of-its-kind review of their relationship to provide readers with a clearer view of
PUE and WUE-site. Fig 3 shows the PUE and WUE-site values clustered by eight different cooling
technologies, where the PUE and WUE-site variation within each cluster is driven by the effects of climate
and data center infrastructure operating efficiency (SI Fig. S7). It can be clearly observed that PUE and
WUE-site values vary significantly by cooling technologies. Data centers that employ water-cooled chillers
(as primary or supplemental cooling) have relatively higher WUE-site values due to large water consumed
at cooling towers, while data centers using direct-expansion systems or air-cooled chillers (as primary or
supplemental cooling) have relatively lower WUE-site values, but typically have higher PUE values due to
lower chiller coefficient of performance (COP)8. Additionally, data centers that employ economizers or
adiabatic cooling systems can reduce both PUE and WUE-site values, with the greatest energy and water
savings achieved for data centers using airside economizers and direct adiabatic cooling. Within each
cooling technology cluster, we noticed a non-linear and positive relationship between PUE and WUE-site,
where favorable climates and high operational efficiencies result in low PUE and WUE-site values, and hot
and/or humid climates and low operational efficiencies lead to high PUE and WUE-site values (Sl Fig. S7).
Finally, we noted that similar PUE and WUE-site values can be achieved with different combinations of
cooling technology, climate, and efficiency, represented by overlaps between clusters, which highlights
the importance of system-wide optimization that simultaneously considering technology, climate, and

efficiency in PUE and WUE-site reduction.

10
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Fig. 3: Relationship between PUE, WUE-site, and cooling technology (X values are logarithmically
spaced).

See Sl Fig. S6 (where X values are linearly spaced); Scatters within a given cooling technology consist of
PUE and WUE-site values of different climate zones and data center operating efficiency practices (Sl
Fig. S7); air-/water-cooled chillers in the brackets stand for supplemental cooling sources; PUE and
WUE-site are yearly average values.

Relationship between facility-level energy and water use per workload

Not only PUE and WUE-site are complexly related, facility-level energy and water use per workload also
exhibit a delicate relationship due to the multiplicative effect of server energy use per workload (Eq. (2)
and (3)). For a clear illustration, we first visualize the relationship between facility energy and water use
per workload for data centers using airside economizers and adiabatic cooling and using water-cooled
chillers as auxiliary cooling systems, which result in a region in Fig. 4 (a) that is bounded left to right by
the product of workload efficiency and possible WUE-site values, and top to bottom by the product of

server workload efficiency and possible PUE values.

Fig. 4 (b) depicts the relationship between facility-level energy and water use per workload for different

data center cooling systems. Our analysis showed that the lowest data center facility-level energy and

11
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water use per workload are generally associated with the highest server workload efficiencies, but the
achievable minima (bottom left points) vary significantly by cooling system archetype. The results also
indicate a tradeoff between facility-level energy and water use per workload when selecting data center
cooling technologies. That is, data centers with air-cooled chillers and direct expansion systems typically
use less water but more energy per workload, whereas data centers using water-cooled chillers consume
less energy but more water per workload. The implementation of economizers or adiabatic cooling in data
centers can simultaneously reduce facility-level energy and water use per workload, and adiabatic cooling,
in particular, has been found to significantly reduce energy per workload in these settings. However,
different combinations of determinants can lead to same energy and/or water use per workload (e.g., in
Fig 4. (b), the points marked A have the same facility-level water use per workload, and the points marked
B have the same facility-level energy use per workload), which demonstrates that energy and water use
per workload cannot be simply assessed or compared using a single determinant and emphasizes that

there is no single way to reduce energy and/or water use per workload in data centers.
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Fig. 4: (a) Relationship between facility energy and water use per workload in data centers with airside
economizer and adiabatic cooling (water-cooled chiller) systems (Low and high server workload
efficiency represents minimum and maximum server electricity per workload in Fig. 1).
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Fig. 4: (b) Relationship between facility energy and water use per workload by data center cooling
system (Points A have the same facility water use per workload; Points B have the same facility energy
use per workload).

Determinates of WUE-source

WUE-source takes into account the on-site water consumption for space-conditioning and/or cooling
tower operations, and the off-site water consumption at power generation sites. It is currently used as a

9,15

proxy to quantify the water footprint of a data center®™ and is a key component in assessing the overall

data center water footprint per workload (Eg. (4)). To clearly illustrate determinates of WUE-source, we
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first compared the relationship between WUE-source and WUE-site for two cooling systems (airside
economizer and adiabatic cooling (water-cooled chiller) and direct expansion systems) and two power
sources (wind and hydro), which results in two regions in Fig. 5 (a). Regions for each cooling technology
are bounded from left to right by the range of WUE-site values, where the region width corresponding to
the airside economizer and adiabatic cooling (water-cooled chiller) is larger than that corresponding to
the direct expansion system due to greater variability in WUE-site values (Fig. 3). On the other hand, for
a given a cooling technology and a given WUE-site value, the distance between the lower and upper bound
of the region is determined by the product of PUE value and WCF, where the lower bound and upper
bound is respectively associated with the power source of the lowest WCF (wind) and the highest WCF
(hydro). And for data centers that rely on other/mixed power sources (Fig. 5 (b)), their WUE-source and
WUE-site values generally form a line between the upper and lower boundaries (S| Fig. S8). Importantly,
large gaps between the lower and upper boundaries of these regions highlights the huge influence of WCF
in determining WUE-source, where data centers with high WUE-site values can achieve low WUE-source
values by utilizing wind or solar power, while data centers with low WUE-site values can have high WUE-

source values due to the use of hydro or fossil fuel based electricity.

Fig. 5 (c) depicts the relationship between WUE-site and WUE-source for different data center cooling
technologies. Due to differences in PUE and WUE values for different cooling technologies, the area and
shape of the regions vary widely in Fig. 5 (c). And depending on the product of the PUE value and WCF,
data centers with the same WUE-site value can have very different WUE-source values. The same WUE-
source value can be achieved by combining various determinants (e.g., WUE-source values between 2.5
and 12.5 liters/kWh can be achieved for all data center cooling technologies we considered), which
highlights two main approaches for data center WUE-source minimization to address local water issues
and water conservation concerns. First, WUE-source can be reduced by improving data center operational

efficiency, which can reduce both PUE and WUE-site, but the level of this reduction is limited by cooling

14



1  technology implementation and data center climate conditions. Second, WUE-source can be reduced
2 through choice of power sources with low WCFs, which is a more general approach that is not constrained

3 by the cooling technology implementation, but rather the availability of electric grid options.
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Fig. 5: (a) Relationship between WUE-source and WUE-site in data centers with airside economizer and
adiabatic cooling (water-cooled chiller) or direct expansion systems (see Sl Fig. S8, where X values are
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Determinates of overall water footprint per workload

The overall water footprint per workload considers data center water use efficiency at the workload
hosting level, which is influenced by factors that affecting direct server electricity use per workload and
WUE-source (Eqg. (4)). For simplicity, we analyzed data centers that rely on wind or hydro power,
corresponding to the power sources with the lowest and highest WCF in Fig 5 (b) respectively. Fig. 6 (a)
shows the relationship between overall and facility-level water use per workload for data centers that
using airside economizers and using air-cooled chillers as supplemental cooling equipment. Notably, the
upper and lower bounds of the regions in Fig 6 (a) respectively correspond to low and high server workload
efficiencies, and the relative distance between them represent the relative importance of server workload
efficiency to the overall water footprint per workload in data centers. Specifically, the relative distance of
the lower and upper bound in Fig 6 (a) is larger for data centers that use hydro power than those use wind
power, indicating the significance of reducing the overall water footprint by improving server workload
efficiency when a data center is constrained by power sources with high WCFs. Conversely, the relative
distance between the lower and upper bound in Fig 6 (a) is small for data centers that use wind power,
highlighting the importance of reducing the overall water footprint by reducing facility-level water use per

workload in data centers that rely on low WCF power source.

Fig 6 (b) further shows the relationship between the facility-level and the overall water use per workload
for data centers with different cooling systems. Data centers using wind power typically have a much
lower water footprint than those using hydropower, unless the data center has a significant on-site water
consumption (e.g., the data center relies on water-cooled chillers or waterside economizers for cooling),
which reconfirms the effectiveness of using low WCF electricity to reduce the water footprint of data
centers. Additionally, the facility-level and overall water use per workload become more positively
correlated as data centers transition from hydro to wind power, suggesting that more action should be

taken to reduce facility-level water footprint (either through cooling system selection, PUE or WUE-site

16



reduction, or server workload efficiency optimization) when low-WCF power is already available.
Nevertheless, we would like to emphasize that different combinations of determinates (WCF, cooling
system type, and efficiency, etc.) can lead to similar overall water footprints per workload, so water
footprints between data centers cannot be simply compared or assessed. To shed light on important and
effective strategies for optimizing the overall water footprint per workload in data centers, we performed

a robust global sensitivity analysis in the following section.
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Fig. 6 (a): Relationship between data center facility-level and overall water use per workload for data

centers with airside economizers (air-cooled chillers) and rely on hydro/wind power. Low and high
server workload efficiency represents minimum and maximum server electricity per workload in Fig. 1.
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Fig. 6 (b): Relationship between data center facility-level and overall water use per workload by cooling
technology for data centers that rely on hydro/wind power (see S| Fig. S9 for data centers that rely on
other power sources). Blue dashed line ~ minimum overall water footprint per workload for data
centers using hydro power; Red dashed line ~ maximum overall water footprint per workload for data
centers using wind power.

Sensitivity analysis

Fig 7 shows the sensitivity results based on Sobol’s total effect index?, which ranks the relative
importance of the determinants of the overall water footprint per workload via variance decomposition.
The WCF is the largest contributor to the variance in the result of the water footprint per workload,
suggesting that powering the data center with low-WCF electricity such as wind or solar photovoltaics
(PV) can be effective in reducing the data center water footprint. Server utilization level and server
efficiency quantile are the second and third largest contributors to variance in the water footprint result,
as they have large impact on direct server electricity use per workload, which signifies that the data center
water footprint can also be reduced through server workload management (e.g., consolidation and
virtualization) or installing energy-efficient servers (e.g., Energy Star certified servers). Cooling system

type, data center infrastructure operating efficiency, and climatic conditions are important factors in
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determining data center PUE and WUE-site, making them nontrivial factors in data center water footprint
optimization. Server fresh cycle and inactive server percentage also affect the water footprint per
workload through affecting server workload efficiency, further confirming the usefulness of server

management through equipment refurbishment or removal of needless equipment.

Water consumption factor -

Server utilization level -

Server efficiency quantile 4

Cooling system type -

Infrastructure efficiency quantile -

Climate zone 4

Server refresh cycle 4

Inactive server percentage

0.1 0.2 03 0.4 05
Sensitivity Indices

o
o

Fig. 7: Importance ranking (based on Sobol’s total-effect index) for the determinates of the overall
water footprint per workload (Error bar ~ 95% confidence interval of sensitivity indices).

Server efficiency quantile ~ measures the server power efficiency for a given year; infrastructure
efficiency quantile ~ measures the operating efficiency of the data center infrastructure (i.e., PUE and
WUE-site) for a given cooling technology under a given climate zone.

Discussion

Increasing digitalization and freshwater restrictions have brought data center water conservation into the
spotlight. Our factor analysis illuminates strategies that can be used to optimize the data center water
footprint per workload, which is becoming increasingly important as policymakers and operators begin to

focus on the direct and indirect water consumption of digital services. Our findings could help
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policymakers design common measures to promote water conservation in data centers. For example,
promoting renewable energy (wind or solar PV) or computing equipment with the Energy Star label can
effectively reduce water footprints at the national level. Our findings also highlight that, despite various
technical measures, there is no “silver bullet” for addressing water use in all types of data centers, so
strategies should be developed on a case-by-case basis. For instance, if the data center is geographically
constrained by the electric grid or climate, increasing server workload efficiency is the most effective
strategy to reduce water footprint. Furthermore, judicious selection of cooling technologies during the
design phase of a data center has great potential to reduce a data center’s water footprint, which can
lessen competition for local water resources from data center on-site water consumption in the meantime.
Collectively, our analysis provides detailed evidence of the potential to reduce the water footprint of data
centers through renewable energy utilization, server workload efficiency optimization, and data center
infrastructure efficiency optimization, which can guide policymakers and operators in designing specific

polices or measures to advance the water sustainability in data centers.

Our analysis also illustrates the value of evaluating water sustainability at the workload hosting level in
data centers, which brings to light the necessity of considering the computing power efficiency of IT
equipment. This is an aspect that is frequently overlooked by sustainability analysts and policymakers,
and our analysis enables impartial comparisons of energy and water consumption among data centers by
proposing several workload-based indicators, including direct server energy use per workload, facility-
level water use per workload, and overall water footprint per workload. For example, a cloud data center
that utilizes airside economizers and adiabatic cooling, in addition to using water-cooled chillers for
supplementary cooling, may consume more water on-site per kilowatt-hour of electricity used compared
to a traditional data center with a direct-expansion system. However, such a comparison may result in a
biased view that the traditional data center is more water-efficient by ignoring the number of digital

services that can be delivered for the same amount of on-site and off-site water use. Our analysis fills the
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gap in the current understanding of water footprints in data centers by providing examples of different
scenarios that result in the same overall water footprint per workload. Our method can be useful for
sustainability analysts and policymakers who want to make fair comparisons of water footprints between

data centers.

While the primary focus of this study is the water footprint of data centers, the conservation strategies
we suggest also have the potential to impact other aspects of data center operations. Data center
workload management through virtualization allows multiple applications to run on a single server,
potentially reducing the required IT capacity and saving initial investment costs through proper capacity
planning. Improving the efficiency of IT equipment and infrastructure can reduce the electricity and water
usage per data service, leading to cost savings (i.e., electric and water bills) in data center operations.
Increasing energy efficiency and using renewable energy sources like wind or solar power can also reduce
carbon emissions and contribute to climate change mitigation efforts, which are crucial in the current
global warming context. To summarize, reducing the water footprint of data centers has many co-benefits
such as reduced resource usage, reduced electric and water costs, and reduced carbon emissions. This
provides strong evidence for policy incentives and operational measures to further improve the

sustainability of data centers.

There are several limitations to consider in this analysis. Because of limited information on server
computational efficiency, we rely on the SPECpower_ssj 2008 benchmark database, which may not
accurately reflect the distribution of server computational efficiency in practical data center operations
over time. There are concerns that even the least efficient servers in the SPECpower_ssj 2008 benchmark
database may still be more efficient than the typical volume servers on the market. This could result in an
underestimation of the upper bounds of water footprints in our analysis, leading to a higher probability
that different data centers may have the same water footprint due to different combinations of water use

determinants (e.g., cooling system, power source) that we analyzed. Our study primarily examines servers
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as the main component of IT loads, as they are the primary hosts for workloads. However, future research
could consider a broader range of IT loads, including graphics processing units (GPUs), storage, and
network loads. Additionally, the water footprint of data centers with other types of cooling systems (e.g.,
liquid cooling archetypes) has not been thoroughly studied. While liquid cooling may not have a major
impact on reducing on-site water consumption without significant technological advancements in data
center humidification and cooling tower operations, the potential for indirect water reductions through
energy savings is a topic that deserves further examination. It is important to further emphasize that the
workload-level water footprint does not take into account absolute water use, which is crucial for
understanding the potential effect that data centers can have on local water resources. We recommend

that decision makers consider using this metric in combination with total site water use in the future.

Conclusion

In this study, we performed a teardown analysis to understand the overall water footprint per workload
in data centers. Our analysis identified the key factors that impact the water footprint of data centers and
examined their relationships using real data and real-world scenarios, which is essential for effectively

pursuing data center water sustainability in practical, real-world settings.

We conducted a thorough analysis of how data center server workload efficiency is affected by utilization
level, refresh cycle, power efficiency, and inactive server fraction. We also examined the relationship
between PUE and WUE-site with cooling technologies, climate zones, and facility operating efficiencies,
providing further insights into the relationship between facility-level energy and water use per workload.
Additionally, we examined the impact of the water consumption factor (WCF) of different power sources
on WUE-source and the overall water footprint per workload. Finally, we carried out a robust global
sensitivity analysis to quantify the relative importance of these parameters on the overall water footprint

of data centers. Our findings indicate that the overall water footprint per workload can generally be
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reduced through increased server workload efficiency, increased data center site-level energy and water

use efficiency (i.e., PUE and WUE-site), and increased renewable energy use.

Our analysis addresses important knowledge gaps in quantifying the overall water footprint per workload,
which is essential for making unbiased comparisons of water efficiency between different data centers
and serves as a foundation for understanding the water use of digital services. The determinants analysis
that we conducted in this research emphasizes the various measures that can be exploited and tailored
by policymakers and operators to achieve data center water sustainability goals, which is becoming

increasingly important in the context of conserving water resources and mitigating water stress.
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