
Resources, Conservation & Recycling 178 (2022) 106087

Available online 5 December 2021
0921-3449/© 2021 Elsevier B.V. All rights reserved.

Assessing the impact of electricity consumption on water resources in the U. 
S. 

Li Chen, Aaron P Wemhoff * 

Department of Mechanical Engineering, Villanova University, 800 Lancaster Ave., Villanova, PA, 19085, USA   

A R T I C L E  I N F O   

Keywords: 
Electricity consumption 
Indirect water use 
Water scarcity footprint (WSF) 
Input-output model 
Available water remaining (AWARE) 
Scarce water index (SWI) 

A B S T R A C T   

Electricity generation heavily relies on water. Growing electricity demand globally inevitably leads to water 
availability concerns. This study proposes a means to quantify the indirect water usage embodied in electricity 
and assesses the holistic impact of water consumption on available water resources. First, the energy water 
intensity factor (EWIF), which quantifies the amount of water used to produce energy, is updated at the 
contiguous U.S. balancing authority (BA) level and on an end user basis to account for electricity trades using an 
input-output model. Further, the scarce water index (SWI), or volume of scarce water embodied per kWh 
electricity consumed, is proposed to predict electricity consuming facility water stress impact as the water 
scarcity footprint (WSF). A case study of U.S. data centers is presented to demonstrate the use of these metrics. 
Results show that WSF is region-dependent, and the burden of regional water scarcity extends beyond region 
boundaries.   

1. Introduction 

The U.S. consumed 3.8 trillion kWh of electricity in 2020 and 
approximately 34.8% of U.S. total electricity is consumed by the com-
mercial sector (US EIA, 2021). According to U.S. Department of Energy 
(DOE), the average power density for a commercial building is 242.2 
kWh/m2, which could be much higher for electricity intensive facilities 
such as data centers, raising concerns about the environmental burden 
associated with indirect water consumption. 

Previous studies quantified water use in the construction phase 
(Bardhan and Choudhuri, 2016; Crawford and Pullen, 2011; Meng et al., 
2014) and operational phase (Arpke and Hutzler, 2005; Crawford and 
Pullen, 2011; Proença and Ghisi, 2010; Willis et al., 2013) of a building’s 
lifecycle. The indirect water consumption associated with virtual water 
transfers should be included to better understand building water use. 
Many researchers have investigated the virtual water transfers 
embedded in domestic supply chains, the food-energy-nexus, and the 
electric grid at global or national scales (Bartos and Chester, 2014; 
Chapagain and Hoekstra, 2008; Chen and Wemhoff, 2021b; Cohen and 
Ramaswami, 2014; Dang et al., 2015; Garcia et al., 2020; Liao et al., 
2018; Mubako and Lant, 2013; Zhang et al., 2017; Zhang et al., 2016). 
(Chini et al., 2018) analyzed the virtual water flows of the U.S. electric 
grid and the changes in the water transfer network structure from 2010 

to 2016. Their analysis at the power control area (PCA) level adapted the 
network approach first proposed by Kodra et al. (Kodra et al., 2015) with 
water consumption data associated with electricity generation from the 
Emissions & Generation Resource Integrated Database (eGRID) (US 
EPA, 2015a). However, their study can be improved in two ways: first, 
by applying a quasi-input-output (QIO) model by Qu et al. (Qu et al., 
2017) to improve the accuracy of the network approach, and also by 
addressing inaccuracies in water consumption data for power genera-
tion since eGRID only collects and reports data for power plants that 
exceed certain power capacity, which also ignores some important water 
consuming processes that contributes to the overall water footprint (i.e., 
the processes upstream of the point of generation (PoG)) (US EPA, 
2015a). Incorporating the water consumption associated with power 
generation avoids this issue. The water required for electricity genera-
tion has been extensively investigated (Macknick et al., 2012; Meng 
et al., 2020; Peer et al., 2019; Peer and Sanders, 2018; Sanders, 2014; 
Wang et al., 2017) and the energy water intensity factor (EWIF), which 
quantifies the amount of water used to produce energy, is widely used in 
water-energy nexus research. In particular, Peer et al. (Peer et al., 2019) 
estimated the operational life cycle water consumption for electricity 
generation at the eGRID subregion level. However, the electricity 
transmissions among regions were not considered, and water is often 
virtually transferred within electricity flows. 
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This study therefore improves predictions of electricity consuming 
facility indirect water use by estimating EWIF values at the U.S. 
balancing authority (BA) level. BAs are metered boundaries for power 
generation and transmission within the contiguous U.S. The predicted 
EWIF values are from an electricity consumer’s point of view and 
incorporate power generation location, technology, and virtual water 
transfers. International electricity transfers with Canada and Mexico are 
included, and the QIO model is implemented to achieve more accurate 
predictions (Qu et al., 2017). 

Furthermore, this study proposes a means to quantify the holistic 
impact of both direct and indirect water consumption on regional water 
availability, which is captured as the water scarcity footprint (WSF) per 
ISO standard 14,046 (ISO 14046:2014). WSF is defined as the product of 
the volume of water consumed and a water scarcity indicator. Many 
studies have examined regional water scarcity, and numerous indicators 
exist (Boulay et al., 2018; Jones and van Vliet, 2018; Lee et al., 2018; Liu 
et al., 2017; Rijsberman, 2006; Schyns et al., 2015). Notably, Boulay 
et al. (Boulay et al., 2018) developed an Available Water Remaining 
(AWARE) method that is now recommended for water scarcity footprint 
calculations by the United Nations Environment Life Cycle Initiative 
(Frischknecht et al., 2016). Therefore, the U.S. county level water 
scarcity indicator, AWARE-US CF, derived by Lee et al. (Lee et al., 2019) 
by adapting the AWARE approach, is incorporated in this study for WSF 
quantification. There has been growing interest in the WSF metric since 
the same amount of water consumption in electricity exporting regions 
with different water scarcities can result in different impacts on regional 
water resources. Furthermore, WSF predictions unveil different water 
footprints from energy demand in importing regions due to different 
levels of vulnerability (Liao et al., 2020; Ridoutt and Pfister, 2010; 
Rushforth and Ruddell, 2016; Zhao et al., 2018; Zheng et al., 2016). 
However, studies that quantify WSF in the energy sector are rare. Xie 
et al. (Xie et al., 2020) predicted the WSF of electricity generation for 
China’s provinces and concluded that power generation WSF has sig-
nificant regional variability. Additionally, Liao et al. (Liao et al., 2020) 
compared the WSF of energy demand for six megacities in China that 
highlights the impact of energy demand extend beyond city boundaries. 

This study builds upon previous research by extending the water 
stress impact analysis to include direct and indirect water use by all 
electricity consuming facilities in the U.S. using the AWARE method. 
The water stress impact is evaluated as the WSF and a new water sus-
tainability metric, the scarce water index (SWI), which measures the 
volume of scarce water embodied per kWh of electricity consumed, is 
proposed to achieve this goal. 

2. Methods 

Assessing facility water usage and its impacts on water availability 
requires four steps, as shown in Fig. 1:  

1 Measure the direct water consumption.  
2 Determine the water required for power generation by evaluating 

EWIF for different power generation technologies in electricity 
exporting regions. Measure the electricity generation since water use 
for power generation can be obtained once EWIF and electricity 
generation are known.  

3 Consider the virtual water transfers associated with electricity 
transmissions, which could significantly alter the regional EWIF 
values.  

4 Calculate WSF by incorporating the AWARE approach and the SWI. 

In this study, the EWIF is derived for different locations by following 
power generation from each source in each region’s electricity genera-
tion portfolio. The environmentally extended input-output (EEIO) 
model, inspired by economic input-output theory, (Qu et al., 2017) is 
used to trace the electricity interregional transfers and their associated 
water relocation, enabling the calculation of SWI. The WSF is then 
calculated using the SWI to analyze the impacts of electricity consuming 
facility water use on regional water scarcity. The following sections 
detail the approach and the data used for evaluating the indirect water 
use and regional water stress associated with electricity consuming 
facility. 

2.1. Assessing the impacts of water consumption 

Several regions in the U.S. are experiencing more frequent and 
longer durations of droughts due to climate change (Jones and van 
Vliet, 2018), so assessing an electricity consumer’s regional water stress 
is important. The WSF, recommended in ISO 14046 (ISO 14046:2014), 
is the metric that quantifies the potential environmental impacts related 
to water. By its definition, WSF can be calculated using 

WSF = Water Consumption
[
m3]

× Water Scarcity Indicator (1) 

The WSF represents the volume of water consumption that also ac-
counts for water availability. It enables the comparison of water con-
sumption in different regions. Lee et al. (Lee et al., 2019) adapted the 
AWARE approach and developed the U.S. model at a refined spatial scale 
(i.e., the county-level) to quantify the water scarcity and impacts of 
water consumption in different regions within the contiguous U.S. Their 
characterization factor (AWARE-US CF) (Boulay et al., 2018; Lee et al., 

Fig. 1. Steps required to assess the impacts of water consumption on regional water availability.  

L. Chen and A.P. Wemhoff                                                                                                                                                                                                                   



Resources, Conservation & Recycling 178 (2022) 106087

3

2019) compares regional available water to a reference value: 

AWARE − USCF =
AMDref

AMD
(2)  

where AMD indicates water availability minus demand, and is the 
reference value of AMD that is estimated as the weighted average of all 
regions (Lee et al., 2019). By its definition, AWARE-US CF is bounded 
between 0.1 to 100, and high AWARE-US CF values represent water 
scarce regions. Therefore, large WSF values, indicating a more intense 
relationship between water consumption and regional water availabil-
ity, can either be caused by high water consumption or severe water 
scarcity. 

The WSF metric should include the water stress associated with both 
on-site water use as well that embodied in electricity, which is especially 
important for facilities with large electricity consumption. Eqn. (1) in-
dicates that an accurate WSF prediction requires quantifying the 
contribution of both flows. Therefore, the WSF calculation proposed 
here considers both direct and indirect water consumption: 

WSF = (AWARE − US CF)(Wsite) + (SWI)(Psite) (3)  

where Wsite and Psite are the site water and power consumption, 
respectively. The AWARE-US CF and SWI here are specific to the facility 
location, where SWI quantifies the impact of electricity consumption on 
regional water availability. Thus, the WSF of a facility with known 
power load and on-site water consumption can easily be calculated 
based on the location-specific factors AWARE-US CF and SWI. Eqn. (3) 
shows that theoretically an intensive water consuming facility with a 
large direct water consumption could result in a lower WSF than a fa-
cility requiring less direct water consumption if Psite and SWI are large. 
Here, AWARE-US CF and SWI are specific to the county and BA levels, 
respectively, since AWARE-US CF is highly location dependent and SWI 
is based on regional electricity flows. 

2.2. Measuring water consumption and efficiency 

Peer et al. (Peer et al., 2019) presented the regional water con-
sumption and water intensity factor for the entire power grid in the U.S. 
by analyzing the life cycle water consumption from fuel extraction 
through conversion for each power generation technology and site. The 
intensity factors were aggregated to the eGRID subregions classified by 
the U.S. Environmental Protection Agency (US EPA) (US EPA, 2015a). 

This study builds upon Peer et al.’s work and extends the water in-
tensity factors to the U.S. BA level. This extension is necessary because 
data on detailed power generation, consumption, imports, and exports 
are required by the EEIO model, and completed electricity trades data 
are only currently available at the BA-level. In this study, daily elec-
tricity data are collected from the hourly electric grid monitoring system 
developed by the U.S. Energy Information Administration (EIA) and 
cleaned over the entire 2019 calendar year (Real-Time Operating Grid, 

2020). 
The water intensity factors derived by Peer et al. (Peer et al., 2019), 

denoted as EWIF’S here (the subscript s indicates subregions, and the 
prime indicates the exclusion of electricity transfers) are shown in Fig. 2 
(a). Their results indicate that eGRID subregional EWIF’S values vary 
from 0.63 to 9.20 L/kWh with an average of 1.81 L/kWh and a standard 
deviation of 1.58 L/kWh. Since detailed electricity transfer data is only 
available at the BA-level, then it is necessary to translate the energy 
intensity factors from the subregion-level (EWIF’S) to the BA-level 
(EWIF’B) before applying the EEIO model to track the electricity trans-
missions within the electric grid. First, every county in the contiguous U. 
S. is assigned to one subregion and one BA. The geographic centroids of 
counties are used when assigning counties to subregions and BAs 
because eGRID subregion boundaries and BA boundaries are approxi-
mate with no rigid geographical features. In this study, eGRID subregion 
boundaries are retrieved from the EPA (US EPA, 2015b), and BA 
boundaries are taken from Homeland Infrastructure Foundation-Level 
Data (HIFLD) as shown in Fig. 2(a) and Fig. 2(b), respectively (HIFLD 
Open Data, 2020). Then, assuming that counties within the same eGRID 
subregion have the same EWIF for a given fuel type, the power gener-
ation weighted BA-level EWIF (i.e., EWIF’B) is 

EWIF’

B,i =
∑ni

j=1

∑Nj

k=1
EWIF’

S,k
Gijk

∑ni
j=1

∑Nj
k=1Gijk

(4)  

where county j is one of ni counties associated with BA i. The power 
generation rate and subregion-based, fuel-specific EWIF associated with 
power generation source k in county j is Gijk and EWIF’

S,k, respectively. 
Finally, Nj is the number of different power generation sources in county 
j. The power plant data published by EIA in 2020 for all power plants 
operating with a combined nameplate capacity of 1 MW or more is used 
here (Maps - EIA, 2020). 

The prediction of SWI and consumptive EWIF values that incorporate 
electricity exchanges requires a predictive model of flows in the electric 
grid. Qu et al. (Qu et al., 2017) first proposed the QIO model, which is an 
EEIO model that uses a network approach to evaluate the embodied 
carbon emissions from purchased electricity. The idea can also be 
applied to track the embodied water consumption in the power grid. In 
this model, each region is represented as a node that connects to other 
nodes. Each node can either be an importer, an exporter or both. The 
electricity interchanges of each node (i) must be conserved, so 

Gi +
∑n

j=1
Eji = Ci +

∑n

j=1
Eij = Xi (5)  

where C is the electricity consumption array, Eij represents electricity 
transfer from node i to node j, and X is defined here as the total elec-
tricity flow array for each of the n nodes. 

The water consumption associated with X in Eqn. (5) can be written 

Fig. 2. (a). EPA eGRID subregional water intensity factor EWIF’S and (b). BA water intensity factor EWIF’B.  
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as 

wX
i = wG

i +
∑n

j=1,j∕=i

BjiwX
j (6)  

where wX
i is the water consumption in all electricity flows through node 

i, and wG
i represents the water consumed by electricity generation at 

node i. B is the direct outflow coefficient matrix and can be calculated as 

B = X̂
−1

E =

⎡

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎣

0
E12

X1
⋯

E1n

X1

E21

X2
0 ⋱

E2n

X2

⋮ ⋱ ⋱ ⋮
En1

Xn

En2

Xn
⋯ 0

⎤

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎦

(7)  

where X̂
−1 

is the diagonal matrix of X, and the (i, j)th element Bij rep-
resents the fraction of total electricity flows of node i that is exported to 
node j. By its definition, Bij = 0 when i = j. 

Eqn. (6) can be rearranged into matrix form: 

wX = wG(I − B)
−1

= wGT (8)  

where T = (I − B)
−1 is referred to as the total outflow coefficient matrix 

in input-output theory (Qu et al., 2017). Therefore, T captures all 
electricity transfers through infinite paths within the grid, and the 
element Tij represents the proportion of aggregated electricity transfers 
to node j that is generated by node i. 

This study extends the EEIO model by looking at the water scarcity at 
the origin of the water. To do so, “scarce” water consumption si is 
defined here to quantify the impacts of water consumption in region i. 
Akin to water consumption associated with total electricity flow (wX

i ), 
the “scarce” water consumption associated with X (sX

i ) can be written as 

sX
i = sG

i +
∑n

j=1,j∕=i

BjisX
j (9) 

In this study, the wG
i and sG

i are determined at the BA level using 

wG
i = EWIF’

B,iGi (10)  

sG
i = wG

i (AWARE − US CF)i (11)  

where EWIF’B is the BA-level water intensity derived from Eqn. (4), 
(AWARE − US CF)i is averaged over all counties in a BA, and Gi is the 
total electricity generation in BA i. 

Examination of Eqn. (9) leads to determination of the scarce water 
consumption as 

sX = sGT (12) 

Furthermore, the EWIF for purchased electricity in each node can be 
determined as 

EWIFB = wX X̂
−1

= wGTX̂
−1

(13) 

Likewise, the scarce water index at the BA level (SWIB), which is the 
volume of scarce water per kWh of consumed electricity, is defined here 
to quantify the overall impacts of water consumption in each region on 
overall water availability. SWIB can be calculated as 

SWIB = sX X̂
−1

= sGTX̂
−1

(14) 

In addition, all the water consumption due to electricity transfers 
through infinite paths from the power generating grid to the consuming 
grid can be traced using 

Tw = ŵG TBC (15)  

where ŵG is the matrix of diagonal components of wG. BC, which is a 
diagonal matrix that represents the fraction of electricity consumption 
in total electricity flow, is calculated as 

BC = ĈX̂
−1

(16)  

where Ĉ is the matrix of diagonal elements of C. The (i, j)th element of Tw 
represents the total embodied water consumption transferred from 
generating grid i to consuming grid j. Likewise, the scarce water con-
sumption due to electricity transfers can also be traced as 

Ts = ŝG TBC (17)  

where ŝG is the matrix of diagonal components of sG. 

3. Results and case study 

3.1. Results 

Fig. 3 compares the water intensity factors with and without 
consideration of virtual water transfers at the BA-level. Results show 
that EWIF’B varies from 0.779 to 9.200 L/kWh with an average of 2.340 
L/kWh, whereas EWIFB has a slightly smaller range (0.795 to 9.084 L/ 
kWh) with an average of 2.251 L/kWh. The moderation of EWIFB values 
is due to the mixing of electricity between both high and low EWIFB 

regions. Specifically, water intensity factors of 11 BAs changed more 
than ±10% and those for 6 BAs changed over ±20%. The Arizona Public 
Service Company (AZPS), Imperial Irrigation District (IID) and Salt 
River Project Agricultural Improvement and Power District (SRP), three 
BAs located within or partially within subregion AZNM, have EWIFB 

values over 20% below corresponding EWIF’Bvalues due to heavy 
electricity imports from neighboring low water intensity regions. On the 
other hand, the water intensity factor of PacifiCorp East (PACE) in-
creases from 1.10 L/kWh to 1.45 L/kWh (+27.6%) due to electricity 
imports from AZNM. 

Fig. 4(a) shows AWARE-US CF values in the contiguous U.S. (Lee 
et al., 2019) EWIF and SWI values, which are uniformly distributed 
among counties within a BA, are presented in Fig. 4(b) and Fig. 4(c), 
respectively. The map reveals that counties in Central and Southwestern 
areas experience the worst water shortage and therefore have the 
highest AWARE-US CF values in the country. Eastern regions, however, 
show small AWARE-US CF values, indicating more abundant water 
resources. 

Fig. 4(b) shows that areas of Arizona, New Mexico, Nevada, and 
western Texas have the highest EWIF, demonstrating the significance of 
evaporation from reservoir associated hydropower plants. Grubert 
(Grubert, 2016) found that hydropower has a broader range of possible 
water intensity factors than other power generation sources because of 
the variation in local climate and native plants. On the contrast, low 
water intensities can be achieved when reservoirs replace water inten-
sive land cover like wetlands, as seen in Northwestern and Northeastern 
areas. 

The calculated SWI are shown in Fig. 4(c). Counties that appear dark 
orange are those where consuming large amounts of electricity has a 
high impact on regional water availability. The map shows that areas in 
the Southwest (especially Arizona, western Texas, New Mexico, and 
Oklahoma) have the highest SWI. 

Fig. 5 shows the percentile distribution of SWI values per county. It is 
assumed that the SWI of BA is uniformly distributed to all counties 
within the same BA. Results reveal that the SWI of counties in the 
Southwest and North Central regions correspond to the 90th percentile 
or more, indicating that consuming large amounts of water in these 
regions has the largest impact on regional water availability. Results also 
show that counties in the Northwest and Midwest regions are positioned 
within the 50th to 90th percentile, indicating medium impacts on 
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Fig. 3. Comparison of water intensity factor at the BA-level. Gray circles and green squares in the figure represent EWIF’B and EWIFB, respectively. The bar chart 
below reveals the percentage change in the water intensity factors after incorporating electricity and water flows. 

Fig. 4. U.S. map of environmental metrics (Chen and Wemhoff, 2021a) (a). AWARE-US CF (reproduced image using published data) (Lee et al., 2019) (b). EWIF and 
(c). SWI. 
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regional water scarcity from consuming water. Negligible impacts are 
found in the Northeast due to low EWIF values and sufficient water 
resources. The value of SWI grows rapidly with percentile range above 
the 80th percentile. 

Fig. 6 compares three metrics: AWARE-US CF (Fig. 6(a)), EWIF 
(Fig. 6(b)) and SWI (Fig. 6(c)) using the state of Arizona as an example. 
Fig. 6(a) shows that multiple counties in Arizona (e.g., Mohave, La Paz, 
and Yuma) have AWARE-US CF values capped at 100, indicating 
extreme water scarcity. Fig. 6(b) illustrates that Mohave and Yuma 
Counties have EWIF values of 3.293 L/kWh, which is 53% less than La 
Paz County, which possesses an EWIF of 7.014 L/kWh. This difference in 
EWIF is because Mohave and Yuma Counties are categorized within the 
Western Area Power Administration - Desert Southwest Region (WALC) 
BA, whose 70% of power generated in 2019 was from hydropower and 
pumped storage in southern Utah. Overall, Fig. 6(c) shows that Mohave 
and Yuma Counties have an SWI of 287.8 L/kWh, while La Paz County 
has an SWI of 678.0 L/kWh. The results illustrate that AWARE-US CF 
and EWIF (while incorporating electricity transfers) are essential in 
assessing regional water scarcity and water consumption individually, 
but SWI combines both water consumption and regional water scarcity 
to enable the minimization of impact on water availability by grid-based 
water consumption. 

The largest water (w) and scarce water (s) transfers within the 
electric grid are shown in Fig. 7(a). Specifically, water transmissions of 
at least 107 m3 and scarce water transmission at least 108 m3 are 
included. Fig. 7(a) reveals that the Salt River Project Agricultural 

Improvement and Power District (SRP), which occupies 40.3% of total 
local water consumption for power generation, is the generating grid 
that transmitted the most water to other BAs in 2019. The two largest 
customers who received electricity from SRP are the California Inde-
pendent System Operator (CISO) and the Arizona Public Service Com-
pany (AZPS). Interestingly, CISO is the BA that receives the most 
embedded water from other BAs due to large electricity imports. Fig. 7 
(b) reveals that SRP is also the source of several of the largest scarce 
water transfers due to its severe water shortage (AWARE-US CF = 100). 
It is also found that PJM Interconnection, LLC (PJM) and New York 
Independent System Operator (NYIS) also receive significant amounts of 
scarce water from SRP due to their large amounts of electricity imports 
although neither of them have direct electricity transfers with SRP, 
illustrating the complexity of the electric grid. 

3.2. Data center water scarcity footprint – A case study 

Bashroush and Lawrence (Bashroush and Lawrence, 2020) suggested 
that data centers may consume up to 500 TWh of electricity annually, 
which accounts for 3–4% of global electricity demand. The growth in the 
size and quantity of data centers increases concerns about the sector’s 
growing energy usage and environmental impact. Therefore, a case 
study is performed that predicts and analyzes data center WSF values to 
demonstrate the concepts and methods proposed in this study. 

Eqn. (3) indicates that WSF depends on the location-specific quan-
tities AWARE-US CF and SWI as well as site water consumption (Wsite) 

Fig. 5. Percentile distribution of SWI values at county-level (a). geographic view, (b). detailed percentile distribution and maximum SWI of each percentile range.  

Fig. 6. County-level environmental metrics for state of Arizona (a). AWARE-US CF, (b). EWIF and (c). SWI.  

L. Chen and A.P. Wemhoff                                                                                                                                                                                                                   



Resources, Conservation & Recycling 178 (2022) 106087

7

and site power consumption (Psite). However, site-based data are difficult 
to obtain. Facebook is one of the few companies that provide environ-
mental impact of their data centers through two annualized data center 
performance metrics: power usage effectiveness (PUE) and water usage 
effectiveness (WUE), which are provided as a combined metric for all 
sites in 2020 (Facebook Sustainability, 2021). PUE is a widely-used data 
center energy efficiency metric defined as the ratio of to data center IT 
equipment energy consumption (PIT). WUE, on the other hand, measures 
the direct water use for data center operation and is calculated as the 
ratio of Wsite to PIT . Therefore, the ratio of WSF to PIT of eight Facebook 
data centers located in the contiguous U.S. are determined here to 
demonstrate the usefulness of the WSF metric: 

WSF
PIT

= (AWARE − US CF)(WUE) + (SWI)(PUE) (18) 

As PUE and WUE are found to be the annual average of all sites, they 
are applied to all data centers listed in Table 1. Eqn. (18) therefore in-
dicates that location-specific metrics SWI and AWARE-US CF enable the 
comparison of WSF for identical data centers at various locations. 

Table 1 provides the AWARE-US CF and SWI for selected Facebook 
data center locations and the resultant ratio of WSF to PIT. Results show 
a broad range of WSF/PIT that varies from 0.83 to 426 L/kWh, which 
emphasizes that an identical data center built in different regions could 
have dramatically different water stress impacts. Specifically, the data 
center constructed in Forest City, NC yields the lowest WSF /PIT due to 
sufficient water resources and a low SWI, whereas the same data center 

built in Los Lunas, NM leads to much higher WSF/PIT due to its higher 
water scarcity and SWI. A 1 MW hyperscale data center built in both 
Forest City, NC has a WSF less than 1/500th of an identical data center 
for Los Lunas, NM, and the Forest City, NC data center saves over 100 L/s 
of scarce water compared its Los Lunas, NM counterpart, which illus-
trates the dependence of facility location on holistic water stress impact. 

4. Discussion 

4.1. Data limitations and uncertainties 

Although this study reveals the importance of virtual water transfer 
accounting in water stress impact analysis and discloses the relation-
ships between direct/indirect water scarcity and the water scarcity 
footprint of electricity consuming facilities, there are certain data limi-
tations that bring uncertainties into the results. First, the electricity 
transfers among BAs are presented on an annual basis, and better spatial 
and temporal resolutions of data could lead to more robust analysis. 
Second, the aggregated electricity data is gathered from self-reporting, 
which leads to inevitable uncertainties even though they are currently 
the best available and widely used in tracking materials embodied in 
electricity related research (Chini et al., 2018; de Chalendar et al., 2019; 
Qu et al., 2017). For example, there were eight registered international 
BAs in 2019, while only five reported electricity transfers consistently. 
Third, this study quantifies the electricity consuming facility water stress 
impact by incorporating the location and fuel type specific water in-
tensities. However, due to the coarseness of data, interpolating BA level 
water intensity from the eGRID subregion level causes unavoidable 
uncertainties. Finally, this study incorporates the up-to-date and 
best-guess assessments of water consumption for energy systems in the 
U.S. (Peer et al., 2019). However, an accurate quantitative uncertainty 
estimate is not possible due to major data limitations. Generally, water 
consumption is barely measured, traced or published. Therefore, the 
data used to estimate energy water intensity is a combination of 
empirical, self-reported and derived values based upon physical re-
lationships. Furthermore, those values are conservatively overestimated 
by assuming water quality is fresh when it is not known (Peer et al., 
2019). 

Fig. 7. Embodied water and scarce water transfer within the electric grid: (a) Water transfers ≥ 107 m3 (b) Scarce water transfers ≥ 108 m3.  

Table 1 
WSF/PIT Prediction for Facebook data centers (WUE = 0.30 L/kWh, PUE =

1.10).  

Facebook Data Center Site AWARE-US CF SWI (L/kWh) WSF
PIT 

(L/kWh)  

Altoona, IA 0.76 40.56 44.84 
Forest City, NC 0.36 0.66 0.83 
Fort Worth, TX 2.31 25.29 28.51 
New Albany, OH 0.49 0.69 0.90 
Papillion, NE 8.45 40.56 47.15 
Prineville, OR 2.19 2.87 3.82 
Henrico, VA 0.45 0.69 0.89 
Los Lunas, NM 100.00 359.70 425.67  
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4.2. Sustainable water management 

Water resources are essential for life to exist. However, severe water 
shortages exist in many regions. At least 1 billion people worldwide lack 
access to water, and a total of 2.7 billion people find water to be scarce 
for at least one month of the year (Water Scarcity, 2021). Therefore, it is 
necessary to use water responsibly now. First, it is important to develop 
technologies and policies that aim at sustainable water management, 
especially in water scarce regions. In Arizona, 84% of the state has se-
vere drought conditions (i.e., the highest AWARE-US CF) and is pre-
paring for its first ever Tier 1 water shortage cut, which will force the 
state to decrease the water draw from the Colorado River (Blufish, 
2021). The burden of water conservation mainly falls on farmers since 
most of the water sourced from the river goes to the agriculture industry. 
However, hydropower should be avoided in this region, which consumes 
approximately 64,000 Liters of fresh water to produce 1,000 kWh of 
electricity due to limited landcover evapotranspiration and a high 
evaporation potential. Moreover, improvements in the distribution 
infrastructure can be extremely beneficial. An electricity consuming 
facility in a water-rich region may negatively impact water availability 
in a water-poor region by consuming electricity generated from that 
region. The SWI and WSF methodologies proposed in this study could be 
used to optimize the distribution infrastructure in a way that minimizes 
the water stress impact in different regions since it incorporates the ef-
fects of water availability into power generation processes and the 
predicted electricity flows. 

5. Conclusion 

This study improves the quantification of electricity consuming fa-
cility indirect water consumption by tracking virtual water transfers at a 
finer spatial resolution (i.e., BA level) within the U.S. electric grid. 
Specifically, EWIF values are updated from a consumer’s point of view 
that includes the virtual water transfers associated with electricity ex-
changes across regional boundaries. These updated EWIF values show a 
smaller range (0.795 to 9.084 L/kWh) compared to the range of values 
that exclude electricity exchanges (EWIF’, 0.779 to 9.200 L/kWh). 

This study also fulfills electricity consumer WSF predictions by 
quantifying indirect water consumption impact using the proposed SWI 
metric. The tracking of scarce water through the U.S. electric grid at the 
BA level offers a spatially robust model that enables an improved ac-
counting of water scarcity and water resources’ location for water stress 
impact prediction. The results reveal that the largest burden for local 
water availability occurs for power generation that consumes large 
amounts of water in western Texas and Arizona, with significant effects 
also associated with power generation in Central states such as 
Nebraska, Kansas and Oklahoma. Results also show that SRP is one of 
the largest water and scarce water providers to other BAs, which spot-
lights the significant contribution of electricity importing from water 
scarce regions to water stress impact. 

Moreover, a case study that examines the WSF of extensive electricity 
consuming facilities (i.e., data centers) is presented. It reveals that the 
water stress impact of a data center built in one location could be 
significantly higher than another, although both data centers consumed 
exact same amount of power and on-site water. Therefore, this study 
once again highlights the potential strategies to reduce the impact of 
water consumption on regional water availability, and that these stra-
tegies should account for virtual water transfers within the electric grid. 
Furthermore, this study also serves as a foundation to inform decision 
makers that shifting the burden of water scarcity and reducing the water 
stress impact are urgently needed, especially in water scarce regions. 

Future work should examine the use of these metrics for guiding 
electricity consuming facility siting decisions that enhance water sus-
tainability and management. This type of analysis can be easily extended 
to all other buildings that consume large amounts of water and elec-
tricity such as factories. These studies would investigate the balance 

between large on-site water consuming cooling systems (e.g., evapora-
tive cooling) versus systems with higher electrical consumption and 
lower on-site water consumption such as the conventional use of direct 
expansion air conditioning units. 
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