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ABSTRACT: Understanding water consumption is an important component of water management. However,
water consumption data are limited and consumption coefficients do not account for variability through time
and across users. This study combines federally maintained discharge data with state-maintained withdrawal
data at monthly time steps to estimate facility-level and spatially aggregated water consumption in Virginia
between 2010 and 2016. We evaluate (1) the feasibility of using discharge and withdrawal datasets to estimate
sub-annual water consumption, (2) how these consumption estimates vary depending on the level of spatial
aggregation, and (3) what patterns of seasonality exist in consumption estimates. We find that a combined pro-
cess of text matching and geospatial analysis is effective in matching facilities and yielding monthly time-series
of water consumption. Our results suggest that median consumption in industrial (17%) and commercial (19%)
facilities may be higher than median consumption coefficients in the literature (10%). Consumption estimates
also demonstrated more variability across facilities and seasons than aggregate coefficients in the literature sug-
gest. Combining this approach with institutional knowledge can assist in quantifying issues such as inter-basin
transfers and infiltration that impact consumption estimates, ultimately allowing for more accurate accounts of
water use and availability.
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INTRODUCTION AND BACKGROUND

Knowledge of available water supply and how it is
used is crucial for resource management, particularly
under the pressures of climate change and population
growth. An important key to comprehending the full
water budget is estimating water consumption, gen-
erally defined as water that is removed from surface
and groundwater resources and not returned due to

evaporation, transpiration, conveyance, incorporation
into products, and consumption by animals and
humans (Shaffer and Runkle 2007; Goldstein 2014).
This is particularly true in humid regions where irri-
gation is not widespread; in these contexts, the lar-
gest withdrawals are generally associated with
thermoelectric, industrial, and municipal uses
(Averyt et al. 2013). This can suggest localized pock-
ets of water stress based on withdrawals alone
(Eldardiry et al. 2016), but the locations most at risk
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of water shortages may be dramatically different if
return flows are accounted for. This uncertainty com-
pounds when considering future water allocations.
While water withdrawals are declining nationwide
(Dieter et al. 2018), trends in consumed water are
less clear. Studies have observed increasing consump-
tion trends in the industrial sector (Shaffer and Run-
kle 2007) but suggest that energy sector consumption
is likely to decrease in the future, particularly under
scenarios where renewable energy production
expands (Peer and Sanders 2018; Khanal et al. 2020).
This creates a key challenge for holistic water plan-
ning to balance competing demands for energy,
industry, agriculture, water supply, and freshwater
ecosystems. For instance, lack of data on water con-
sumption was identified as a primary challenge in
state water planning in Virginia (JLARC 2016). Lack
of data on water consumption presents a key chal-
lenge in many current water resources research pri-
orities as well, making it difficult to quantify the
water footprint of many economically important activ-
ities (Mayer et al. 2016; Rushforth and Ruddell 2018)
and characterize broad-scale coupled systems such as
the water-energy-food nexus (Ruddell 2018).

Data on water consumption were last included in
the United States Geological Survey (USGS) census
of water use in 1982 and 1995 but were removed due
to concerns about the validity and precision of these
data (Ruddell 2018). In the face of limited empirical
data, multiple approaches are used to calculate water
consumption depending on the type of water use.
Evapotranspiration models and remote sensing data
can be employed to estimate consumption of water
used for agricultural and landscape irrigation (e.g.,
Gates et al. 2012; Goldstein 2014; Dubinsky and Kar-
unanithi 2017). In the thermoelectric sector, recent
research has leveraged thermodynamic models to
quantify the water consumed in electricity generation
(Diehl and Harris 2014), as well as evaporative losses
and thermal impacts associated with cooling water
withdrawals (Chini et al. 2020). In water use sectors
where consumption is not necessarily driven by evap-
otranspiration, other approaches are applied. Resi-
dential water consumption is sometimes based on
water service and sewerage records (Azadeh
et al. 2012; Altunkaynak and Nigussie 2017; Hastie
et al. 2020), but this is only possible in instances
where service areas are the same or household-level
data are available. Because no centralized database
of water utility data exists, this approach relies on
data requests from individual utilities, making broad-
scale, generalizable results challenging (Chini and
Stillwell 2017). In other instances, residential con-
sumption is estimated using the winter base rate
method, where winter water use is assumed to be
nonconsumptive indoor use and any additional use in

summer is assumed to be consumptive outdoor use
(Ducnuigeen et al. 2015; Li et al. 2017). However,
this approach is not suitable in locations where win-
ter irrigation occurs (Mini et al. 2014) or population
changes seasonally due to factors such as tourism or
student populations (Ducnuigeen et al. 2015). Fur-
thermore, public water supply systems also provide
water for nonresidential commercial and industrial
facilities that may consume water year-round (Shaf-
fer 2009). Thus, applying the winter base rate
method to municipal withdrawal data that serves a
diversity of customers, rather than household use
data, could lead to inaccuracies. Industrial and com-
mercial users may also be self-supplied and reflected
in separate withdrawal records. The diversity of
water use processes in these sectors, combined with
their small size and frequent exclusion from reporting
requirements, leads to considerable uncertainty in
estimates of water consumed by commercial and
industrial facilities (Fanning and Trent 2009).

Given these challenges, studies and water man-
agers often rely on consumption coefficients that pro-
vide a general estimate of the percentage of
withdrawn water that is consumed for a certain
water use sector (e.g., Mayer et al. 2016; Rushforth
and Ruddell 2018) However, a review of published
consumption coefficients across different sectors
found that few studies calculated empirically based
coefficients, and those that did were often limited in
geographic scope and heterogeneity of users (Shaffer
and Runkle 2007). This raises questions about the
generalizability of these coefficients and the degree to
which they are appropriate for use in other contexts.
Furthermore, even facilities within the same sector
will not use water in identical ways, meaning con-
sumption rates will vary on a facility level. While
industry-specific consumption coefficients can help
with this issue, the most comprehensive compilation
of consumption coefficients based on Standard Indus-
trial Classification (SIC) and North American Indus-
try Classification System (NAICS) codes is based
almost entirely on data collected between 1954 and
1983, and thus may not be reflective of current prac-
tices (Shaffer and Runkle 2007; Ruddell 2018). Con-
sumption also may vary due to seasonal water use
patterns, (Shaffer 2009) climatic conditions (Talati
et al. 2016; Li et al. 2017) or the introduction of new
technologies (Shaffer and Runkle 2007). However,
most consumption data available to calculate coeffi-
cients are snapshots of a single point in time or a low
temporal resolution (1–5 years), masking this vari-
ability (Dunham et al. 2017).

A review concluded that for the majority of water
uses evaluated (with the exception of irrigation and
public water supplies), the most accurate method for
estimating the volume of water consumed is to use
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facility-level withdrawal and discharge records
(Shaffer 2009). While this approach has been adopted
in some studies (Shaffer 2009; Goldstein 2014;
Dubinsky and Karunanithi 2017), a primary limita-
tion in doing so is the availability of necessary data
at appropriate temporal and spatial scales (Zhang
and Balay 2014; Ducnuigeen et al. 2015). While mod-
els of evapotranspiration and cooling water consump-
tion have been applied to estimate consumption in
the agricultural and thermoelectric sectors, respec-
tively, this leaves a gap in understanding consump-
tion in the industrial and commercial sectors where
few alternatives for calculating consumption exist.
Better industrial and commercial consumption esti-
mates would greatly improve characterization of some
of the largest water users in humid regions where
irrigation is not widespread, but supply shortages
and drought impacts are becoming more severe
(JLARC 2016).

However, withdrawals and discharges of water are
typically managed under separate reporting and regu-
latory programs. This means that even a facility that
does withdraw and discharge water will likely report
those volumes to different regulatory programs, and
the required data format is unlikely to be consistent
across them. Furthermore, in some cases, one-to-one
matching between withdrawing and discharging facil-
ities is inappropriate or infeasible. In this case, spa-
tially aggregated consumption estimates could
provide a way to identify areas likely to experience
water stress due to consumptive withdrawals. How-
ever, various issues can confound discharge-based
consumption estimates, such as leakage and inflow
along distribution networks, the presence of stormwa-
ter in wastewater discharge, and differing customer
bases (Shaffer 2009; Goldstein 2014; Ducnuigeen
et al. 2015). While these issues could introduce errors
into discharge-based consumption estimates, their
potential magnitude is not well understood.

More research that leverages discharge data could
potentially provide a better characterization of water
consumption across multiple users and time scales.
This research aims to estimate water consumption by
combining federally maintained, publicly available
discharge data with state-maintained withdrawal
data at monthly time steps to estimate facility-level
and spatially aggregated water consumption across
Virginia between 2010 and 2016. Our specific objec-
tives are to (1) evaluate the feasibility of using pub-
licly available discharge data to estimate sub-annual
water consumption, (2) characterize how these con-
sumption estimates vary depending on the level of
spatial aggregation, and (3) assess what patterns of
seasonality exist in consumption estimates across dif-
ferent sectors. We use geospatial and text-mining
methods to match facilities across the withdrawal

and discharge datasets, demonstrating that this
approach can account for the vast majority of water
used in the state. We also develop spatially aggre-
gated consumption estimates at the state, hydrologic
unit code 6 (HUC-6), HUC-8, and HUC-10 levels.
This results in an updated set of sector-specific, sea-
sonally varying consumption estimates that can more
precisely characterize water consumption across dif-
ferent facilities and time periods.

METHODOLOGY

Our process for using discharge records to calcu-
late sector-specific, seasonally varying consumption
estimates required several steps in data processing,
quality assurance and quality control (QA/QC), and
analysis. QA/QC procedures were first applied to
identify erroneous discharge volumes and mislabeled
outfalls among the discharge records. Text mining
was then used to classify withdrawals and discharges
into six water use categories: agriculture/irrigation,
aquaculture, commercial, thermoelectric, industrial,
or municipal. Withdrawals and discharges reporting
from the same facility were then linked using geospa-
tial analysis and textual analysis, creating a subset
of data to calculate water consumption at a facility-
level. Spatially aggregated consumptive rates were
then ultimately calculated at the HUC-10, HUC-8,
HUC-6, and statewide level, using all withdrawal and
discharge records for the period of analysis. The
details of this procedure are presented in the follow-
ing sections.

Data Sources

Monthly surface and groundwater withdrawal
records were obtained from the Virginia Department
of Environmental Quality (DEQ) Annual Water With-
drawal Reporting database. The DEQ database
includes approximately 1.35 million water with-
drawal entries that represent monthly withdrawals
from 4,132 facilities from 1982 to 2017. The data
were trimmed to 2010 to 2016 to match the temporal
coverage of the discharge dataset, resulting in
383,962 entries from 1,860 facilities.

Discharge monitoring reports (DMRs) were
obtained from the U.S. Environmental Protection
Agency’s (USEPA) Enforcement and Compliance His-
tory Online (ECHO) database. This database houses
point-source discharge records associated with the
National Pollutant Discharge Elimination System
(NPDES), which requires permits for any facility
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discharging from a point source into the waters of the
United States (U.S.). The DMRs contain reported val-
ues for each discharged monitored pollutant, includ-
ing flow. Relevant facility attributes (FacilityID,
Latitude/Longitude, and Permit Type) were obtained
for all sites in Virginia, returning a list of 1,143 regu-
lated facilities with an NPDES individual permit.
DMR records associated with parameter code 50050
(flow in conduit or through treatment plant) between
2010 and 2016 were then obtained for all outfalls
associated with these facilities. This time period was
selected because data displayed in ECHO are only
partially complete before the year 2009
(USEPA 2019) and because 2016 was the final year
in which complete withdrawal data were available. In
total, 25,849 discharge records from 734 facilities
were extracted. While the majority (674) of facilities
reported monthly discharge, some facilities reported
annually (23 facilities), semi-annually (15 facilities),
and quarterly (68 facilities). In these instances,
monthly discharge was assumed to be constant over
the reporting period. Outfall types were labeled using
the “perm feature type code” attribute so that exter-
nal outfalls tracking water that leaves the facility as
discharge were separated from internal outfalls
(which track water that is used within the facility)
and MS4 outfalls (which track discharges from
municipal separate storm sewer systems).

QA/QC Procedures

Direct linkages from water facility monitoring sys-
tems to state and federal reporting databases are rare.
As a result, data quality can sometimes be impacted
via transcription errors, with the most significant
errors relating to unit conversion errors by reporting
users (e.g., gallons per day reported as million gallons
per day). As a result, using data from these systems
requires QA/QC procedures to identify erroneous data,
especially unit conversion errors. A summary of anom-
aly types observed in the ECHO dataset, and the cor-
rections implemented for each type is presented in
Table 1. Reported effluent values that are over 100
times greater than the outfall’s median discharge were
flagged as potentially anomalous; this was the case for
25 of the 30,987 discharge entries. Flagged values were
omitted from further analysis.

Because the parameter code 50050 includes inter-
nal and MS4 outfalls, these were removed from the
analysis so that only discharge from external outfalls
would be quantified. Although 1,078 of the 1,098 out-
falls in ECHO were classified as external, a compar-
ison of these outfalls against their VPDES permit ID
numbers indicated that some had been mistakenly
classified as such, resulting in excess reporting of

discharge. Mislabeled outfall types were updated
according to VPDES permit information. Excluding
internal outfalls decreased the dataset from 1,098
unique outfalls (31,812 DMR entries) to 729 unique
outfalls (18,024 DMR entries).

TABLE 1. A description of quality assurance and quality control
issues present in Enforcement and Compliance History Online

(ECHO) discharge records and methods adopted to resolve them.

Issue Description Resolution

Duplicate
discharge
monitoring
report (DMR)
entries

ECHO records
sometimes
included duplicate
entries where an
outfall’s discharge
was present twice
for a single
monitoring period

Duplicate entries with
identical reporting
dates and
discharge volumes
were removed

Hydroelectric
generating
facilities

Hydropower
withdrawals are
not included in the
Department of
Environmental
Quality (DEQ)
annual reporting
dataset due to a
change in
reporting
requirements, but
discharges are still
present within the
ECHO database

Hydropower facilities
with individual
National Pollutant
Discharge
Elimination
System (NPDES)
permits were
removed from
analysis

Anomalous
discharge
quantities

There are instances of
suspected error in
reported discharge
values, with flows
that are several
orders of
magnitude greater
than the outfall’s
median flow

Discharge records
that exceeded the
outfall median
discharge by over
two orders of
magnitude were
replaced with the
outfall median

Mislabeled
outfalls

Outfalls that track
stormwater,
internal processes,
and MS4s are
included in DMRs
and, by default,
are labeled as
external in the
ECHO system

VPDES permit
numbers were
reviewed and
mislabeled outfall
types were
updated according
to permit
information

Sectoral
classification

ECHO classifies all
facilities as either
industrial or
municipal, whereas
facilities in the
DEQ dataset are
classified according
to 10 different
sectors

Standard Industrial
Classification (SIC)
codes were used to
classify ECHO
facility when
available. When
SIC codes were
unavailable, a
semi-supervised
text-mining
approach was used
to classify facilities
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Facility Level Classification

Facilities that report data to the DEQ withdrawal
database classify themselves into 10 water use sec-
tors: agriculture, irrigation, commercial, industrial,
manufacturing, mining, fossil fuel power, hydro-
power, nuclear power, and public supply. All facilities
in ECHO are categorized as either industrial (27%),
municipal (68%), or NA (5%). To account for the dis-
continuity between the sectoral classification system
across the two datasets, a semi-supervised learning
approach was used to sort withdrawal and discharge
facilities into one of six water sectors: agriculture/irri-
gation, aquaculture, commercial, thermoelectric,
industrial, or municipal. In this analysis, the thermo-
electric sector includes nuclear, coal, combination fos-
sil fuel, and biomass electricity generation facilities.
Hydropower was not included in the analysis because
hydropower withdrawals were not reported after
2005, prior to the period when discharge records were
available. Municipal facilities include public suppli-
ers, water treatment, and wastewater treatment facil-
ities. Commercial facilities are public centers that are
not considered to be residential, including golf
courses, hotels, schools, hospitals, government build-
ings, and prisons. Agricultural/irrigation facilities
include farms, dairy farms, and nurseries. The vast
majority of these facilities do not have a correspond-
ing discharge permit associated with them, but aqua-
culture facilities do. Therefore, aquaculture was
analyzed separately from agriculture. The industrial
sector then covers manufacturing, mining, and indus-
trial waste treatment from facilities.

The semi-supervised classification method leveraged
sectoral labels from the withdrawal records and SIC
codes available for some facilities in ECHO to initially
classify the water sector for each discharging facility
without an SIC code. Using guidance from domain
experts and a training set of 1,793 withdrawing facili-
ties, text mining techniques were used to identify the
most frequent terms in facility names by water sector
while excluding legal classifications such as “INC,”
“LLC,” and “LLP.” This approach does have some limita-
tions; for instance, many withdrawing agricultural facil-
ities simply included the name of the owner, with no
unique terms, in their facility name. Water treatment
plants can also belong in the municipal or industrial sec-
tors. Therefore, the rules created in this process involved
domain expertise and several iterations of manual
review in efforts to decrease classification error.

Facility Matching and Analysis

Calculating facility-level consumption requires
identifying self-supplied water withdrawing facilities

that also discharge water, but not all withdrawal
facilities will have discharge records as well. Irriga-
tion and agriculture withdrawals rarely have corre-
sponding discharge records, and municipal water and
wastewater facilities generally cannot be matched
due to the fact that municipal wastewater is often
treated at a different location(s), and may be handled
by different organizations than the potable water
source. Nor are these linkages between water produc-
ers and wastewater processors delineated in public
reporting databases. For this reason, only facilities in
the aquaculture, commercial, thermoelectric, and
industrial sectors were matched. Even in instances
where a facility reports withdrawal and discharge,
facility names and coordinates may differ slightly.

To overcome these challenges, we employed a mech-
anism that screens potential matches for discharging
facilities first by distance and then by facility name.
In the first step, the coordinates of each discharging
facility were compared to all withdrawing facilities in
that sector to identify withdrawals located within
10 km. The names of withdrawing facilities within
10 km were then compared to the discharging facility
using fuzzy string matching, which quantifies the sim-
ilarity between two character strings. A custom func-
tion was created to calculate the “string distance”
between each discharging and withdrawal facility
within 10 km of each other. String distance is equal to
the minimum number of insertions, deletions, and
substitutions of letters needed for the names to be
identical. Prior to calculating the string distance, the
function will slide blocks of text so they are consistent
between the two strings, and trim spaces and unneces-
sary characters to reduce the string distance. This
mechanism accounts for the fact that facility names
across the two datasets are often inconsistent but
share overlapping patterns or words. For instance, the
facility name for the North Anna Nuclear Power Plant
is “Dominion Generation: North Anna Nuclear Power
Plant” in the DEQ dataset and “Dominion — North
Anna Power Station” in ECHO; the string distance
between these two names is 14.

This algorithm was applied to a total of 358 dis-
charging facilities and conducted separately for each
of the four included water use sectors. For each facil-
ity, a match was selected if the closest facility in
terms of string distance was also the closest geo-
graphically. This algorithm resulted in 185 one-to-one
matches between withdrawal and discharge facilities.
These matches were subsequently reviewed by manu-
ally comparing additional attributes from the NPDES
and DEQ databases, including owner, average with-
drawal/discharge, address, and permit information to
confirm or reject the matches.

Once matches were confirmed, facility-level con-
sumptive use fractions (CU) were estimated by
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summing monthly withdrawals (W) and discharges (D)
from that facility and estimating consumptive use as
the percentage of withdrawn water not returned via
discharge. While some facilities were present in both
datasets, they did not always have corresponding
withdrawal and discharge records in all reported
months. Thus, long-term withdrawal and discharge in
million of cubic meters (MCM) per day were calculated
using only the months where both withdrawal and dis-
charge were reported and where reported values were
within two orders of magnitude of each other to reduce
the influence of missing or erroneous data. Because
some matched facilities did not have overlapping peri-
ods of reported withdrawals and discharges, these
facilities were excluded from the consumption calcula-
tions. These long-term totals were then used to calcu-
late consumptive use as in Equation (1):

CU ¼ W�Dð Þ
W

, (1)

Seasonal consumptive rates for warm months (April–
October) and cool months (November–March) were
also calculated by summing withdrawals and dis-
charges from those periods only.

In calculating consumptive use fractions in Equa-
tion (1), all withdrawals and discharges were
summed regardless of the source or receiving water
body. For instance, if a facility withdraws from
groundwater and discharges the full withdrawal to
surface water, this results in a CU value of 0. This
definition of consumption is thus focused on water-
use behavior at the facility level. Other definitions
may be more appropriate if aimed at understanding
the hydrologic impacts of water withdrawals, particu-
larly in hydrologic systems with extensive interbasin
transfers or little connectivity between different
sources and return points. The use of alternative defi-
nitions of consumption can have significant impacts
on the resulting estimates (Grubert and Sanders
2018); thus it is crucial to use a definition that is con-
sistent with the overall goals of the analysis.

Spatial Aggregation Analysis

Under ideal conditions, there would be a one-to-one
match between each NPDES permitted facility and its
respective withdrawing permit to calculate water with-
drawal, discharge, and consumption at the facility
level. However, the disconnect in regulations, report-
ing, and data sources affects the quality and availabil-
ity of data available in each dataset. Furthermore,
there are some withdrawing facilities, particularly irri-
gation and municipal facilities, that do not have a sin-
gle (or any) discharge facility associated with them.

Even in the industrial and commercial sector, some
facilities may purchase water from public suppliers
and discharge under their own permit, or withdraw
their own water but discharge to public sewage sys-
tems. Thus, not all withdrawal facilities will have
matching facility-level discharge records. Nevertheless,
management and planning of water supply requires
some understanding of water consumption across the
multiple uses and facilities that cannot be matched. In
these instances, spatially aggregated consumptive use
estimates (for instance, at the watershed scale) can be
useful in estimating the water balance across different
areas and identifying locations with the greatest risk
of water stress due to high consumption. This is
reflected in the USGS baseline goals for water use
reporting, which includes spatially aggregated con-
sumption estimates for several use categories
(USGS 2017). However, little research exists that sys-
tematically evaluates the impact and potential errors
of these spatially aggregated estimates. Thus, we also
calculated spatially aggregated consumptive rates to
evaluate the suitability of using discharge data for this
purpose and to assess how errors and inconsistencies
in reported data behave at aggregate scales. The spa-
tial scales considered in this study include HUC-10,
HUC-8, HUC-6, and statewide. Thermoelectric facili-
ties were excluded from the spatially aggregated totals
because the large volume of water associated with
thermoelectric use can mask the behavior of other sec-
tors, and the vast majority of thermoelectric with-
drawals (90.9%) and discharges (99.9%) can be
accounted for in matched facilities. Spatially aggre-
gated consumption was calculated by summing all
monthly withdrawals and discharges within the water-
shed and using these to calculate a total consumption
rate as in Equation (1). Discharge records for many
smaller facilities are only present in ECHO for the
year 2016; while discharges associated with these
facilities are small enough to only have a minor
impact on statewide estimates, they could potentially
skew results at finer spatial scales. Thus, the water-
shed scale analysis was based on data from 2016 only,
while the statewide assessment used data from the
full period of analysis.

RESULTS

Facility Matching Results

Of the 358 facilities included in the matching proce-
dure, 246 facilities had a same-sector withdrawal facil-
ity located within 10 km. The median number of
withdrawal facilities within 10 km was 1 in the
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aquaculture, commercial, and thermoelectric sectors,
and 2 in the industrial sector (Table 2). This indicates
that most discharge facilities only had a small number
of withdrawals within 10 km. Ultimately, the algorithm
identified a total of 185 one-to-one matches where the
closest geographic match was also the closest match in
terms of facility name. However, after manual review,
89 of these matches were determined to be false posi-
tives (i.e., a match was selected but determined to be
inaccurate) based on discrepancies between the facility
name, permit information, and water use data. In addi-
tion to the 96 true positives identified through the algo-
rithm steps, 27 matches were determined via manual
review, resulting in a final dataset of 123 matched facil-
ities. The algorithm thus results in a false-negative rate
of 16% (27/173) and a false-positive rate of 48% (89/
185). Of these facilities, 24 did not have any overlapping
periods of withdrawal and discharge records (i.e., there
were no months where both withdrawal and discharge
data from that facility were available), so the final
dataset used for calculating facility-level consumption
consisted of 99 facilities.

These matched facilities account for approximately
77% and 90% of the total reported annual withdrawal
and discharge, respectively (Table 2). Although the
matched facilities only account for a relatively small
proportion of facilities, these matched facilities tend
to be large water users. Thus, the procedure accounts
for the majority of water withdrawn and discharged
in the state. This is especially true in the thermoelec-
tric sector, where matched facilities account for
90.9% of withdrawal and 99.9% of discharge, and
industrial sector where matched facilities account for
58.4% of withdrawal and 98.3% of discharge.

Facility-level consumptive use was calculated for
99 matched facilities in the thermoelectric, industrial,
commercial, and aquaculture sectors. Histograms
showing variation in consumptive use fractions
(Equation 1) across matched facilities in each sector
are shown on the left side of Figure 1, with his-
tograms of consumptive volumes [W − D] on the right
side. A consumptive use value of 1.0 indicates that
the withdrawal is entirely consumptive; that is, the
discharge associated with that facility is zero. A con-
sumptive fraction value of 0.0 would indicate entirely
nonconsumptive use (discharges are equal to with-
drawals) and a negative value indicates facilities
reporting greater discharge than withdrawal. The
industrial and commercial sectors both included a
small number of facilities with discharges much
greater than withdrawals. Because of the magnitude
of this difference, these facilities exhibit strongly neg-
ative values of consumptive fractions (ranging to
−80). However, the consumptive volume data on the
right show that the volume of discharge exceeding
withdrawal in these sectors is less than 200 and
15 m3 per day in the industrial and commercial sec-
tors, respectively. Figure 2 shows that facilities that
use large volumes of water typically have greater
consumptive use values and fewer instances of dis-
charge exceeding withdrawal.

The presence of facilities reporting discharge
greater than withdrawal could be caused by data
issues, such as reporting errors or mismatched
records, facilities that receive some water from public
supplies, or be reflective of infiltration into discharge
pipes. NPDES requirements specify that “flow mea-
surements should be within 10% of the inspector’s

TABLE 2. Facility matching results. Because the facility matching process was implemented separately for each sector, intermediate match-
ing process results are only presented for individual sectors.

All Aquaculture Commercial Thermo-electric Industrial

Facility data
Withdrawal facilities 628 13 403 21 191
Discharge facilities 358 12 228 23 95
Withdrawal volume [MCM/day] 27.21 0.1287 0.0795 21.97 1.654
Discharge volume [MCM/day] 22.58 0.1249 0.053 19.56 0.6814

Matching process — intermediate steps
NPDES facilities with at least one withdrawal
facility within 10 km

NA 7 153 16 70

Median number of withdrawal facilities
within 10 km (min–max)

NA 1 (0–2) 1 (0–10) 1 (0–2) 2 (0–9)

Median string distance of facilities
within 10 km (min-max)

NA 14 (8–21) 16 (0–31) 13 (3–25) 11 (0–30)

Matching process — final results
Number of matched facilities (algorithm) 185 7 108 17 53
Number of matched facilities after final review 123 9 54 14 46
Number of matched facilities with
overlapping withdrawal and discharge records

99 8 39 12 40

Withdrawal volume [MCM per day] (% of total) 20.99 (77.1%) 0.1249 (97.1%) 0.0246 (31.0%) 19.98 (90.9%) 0.9653 (58.4%)
Discharge volume [MCM per day] (% of total) 20.26 (89.7%) 0.1060 (84.8%) 0.0208 (39.3%) 19.55 (99.9%) 0.670 (98.3%)
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FIGURE 1. Histograms of facility-level consumptive fraction (left column) and consumptive volume (right column) estimates for the four sec-
tors evaluated. Negative values indicate instances where discharge values exceeded withdrawals. D, discharge; W, withdrawal.
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measurements to certify accurate flow measurement”
(USEPA 2017); meter inaccuracies within this range
could contribute to some instances of discharge
exceeding withdrawal. Table 3 presents the number
of facilities in each sector who reported discharge
greater than withdrawal and over 10% greater than
withdrawal when averaged across all records, and
when averaged across only the warm and cool
months. While 30 of the 99 facilities exhibited greater
discharges than withdrawals, only 21 were over 10%
greater than withdrawals, suggesting that some of
these instances could be due to meter inaccuracy.
Because rainfall and soil moisture levels tend to be
highest in the winter months in Virginia, an increase
in facilities reporting discharge greater than with-
drawal in the winter would suggest that this is lar-
gely driven by infiltration into discharge pipes. This
is the case for four facilities in the commercial sector,
but none in the industrial or thermoelectric sectors.

Spatial Aggregation Analysis

To characterize consumption of water in sectors
and facilities unaccounted for in the matched

facilities, spatially aggregated estimates of consump-
tive use across all nonthermoelectric facilities (i.e.,
matched and unmatched) and municipal facilities
only were calculated across several watershed scales
(Figure 3). Consumptive use was calculated as in
Equation (1), but summing all withdrawals and dis-
charges within the spatial unit prior to calculation.
Thus, it represents the relative volume of withdrawn
water not returned via discharge to any water body
in that watershed. A value of 1.0 indicates no dis-
charges, and a value less than 0.0 indicates that dis-
charges exceed withdrawals. The left column
presents results for all nonthermoelectric facilities.
At the smallest (HUC-10) spatial scale, many loca-
tions exhibit discharges exceeding withdrawals, or
very high consumption estimates (>0.75) where dis-
charges are significantly smaller than withdrawn
water. In some cases, discharges significantly exceed
withdrawals. In certain locations, this may be an
accurate reflection of water use. For instance, the city
of Virginia Beach is supplied with an average of
130,000 m3 per day from Lake Gaston, located
76 miles away, while its wastewater is treated and
discharged locally, resulting in local discharge values
that exceed withdrawals. Accounting for these

FIGURE 2. Mean consumptive use ([W − D]/W; unitless; left) and the percentage of facilities with discharge greater than withdrawal (right)
for facilities of different withdrawal volumes. Negative consumptive use values indicate instances where discharge values exceeded

withdrawals. MCM, million cubic meters.

TABLE 3. Summary of facility-level instances of discharge exceeding withdrawal (D > W) and exceeding withdrawal by over 10% (D > W ×
110%) across all data and across warm (April–September) and cool (October–March) seasons.

Sector
Number of

matched facilities

Facilities with discharge
exceeding withdrawal

(all records)

Facilities with discharge
exceeding withdrawal

(April–September)

Facilities with discharge
exceeding withdrawal

(October–March)

D > W D > W × 110% D > W D > W × 110% D > W D > W × 110%

Thermoelectric 12 2 2 2 2 2 1
Industrial 40 14 9 14 9 12 9
Commercial 39 14 10 13 10 17 12
Aquaculture 8 0 0 0 0 0 0
Total 99 30 21 29 21 31 22
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interbasin transfers could lead to more consistent
consumption estimates. Similarly, the Eastern Shore
peninsula of Virginia has one of the highest rates of
irrigation in the state and high levels of withdrawal
relative to point-source discharge in this location are
expected. However, in other instances, this may
reflect reporting errors that were also apparent in
the facility-matching data.

The presence of negative or very high consumption
becomes less frequent at larger spatial scales, with
only two HUC-6 watersheds exhibiting discharge
greater than withdrawal and none exhibiting con-
sumption greater than 0.75. At larger scales, the

lower bound of consumptive use estimates also
becomes less extreme (i.e., −2 at the HUC-6 scale
compared to −2,000 at the HUC-10 scale). This could
be due to the impact of interbasin transfers. While
some long-distance transfers exist in the state (such
as the Lake Gaston transfer described above), the
majority are over relatively short distances. For
instance, a municipal water supply and wastewater
system could potentially withdrawal and discharge
water across separate HUC-10 watersheds, but is less
likely to do so across HUC-6 boundaries. Calculating
consumption in the presence of these transfers intro-
duces a level of complexity and can lead to instances

FIGURE 3. Spatially aggregated consumptive use ([W − D]/W; unitless) estimates for all nonthermoelectric withdrawals (left column) and
municipal withdrawals (right column) in 2016. From top to bottom, results are presented for the hydrologic unit code 6 (HUC-6), HUC-8, and
HUC-10 watershed scales. Empty (white) watersheds are those with no reported withdrawals. Negative values indicate instances where dis-
charge values exceeded withdrawals. Hatched watersheds in the municipal HUC-8 map indicate case study watersheds shown in Figure 4
(from west to east, the Upper Clinch, Roanoke, and Lower Rappahannock rivers).
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of both very high consumption (when water is with-
drawn and transferred to a different watershed) as
well as a net influx of water in receiving watersheds
resulting in greater discharges than withdrawals.

The right column of Figure 3 presents spatially
aggregated estimates for consumption in the munici-
pal sector. Matching municipal withdrawal and dis-
charge records is generally not appropriate due to
differing customer bases and separate locations of
water and wastewater treatment facilities. Spatially
aggregated estimates of municipal consumption can
address these issues, but may still be impacted by
the occurrence of leakage and infiltration along
extensive pipe networks and confounding issues such
as combined stormwater systems. At finer spatial
scales, these issues appear to be common, with many
HUC-10 watersheds and counties exhibiting either
discharge greater than withdrawal or very high
(>75%) consumption rates. These issues appear to
cancel each other out as the scale of spatial aggrega-
tion increases; while 32% of HUC 10 watersheds have

discharge greater than withdrawal, this occurs in
only 28% and 18% of HUC 8 and HUC 6 watersheds,
respectively (Figure 3).

To investigate potential drivers of discharge
exceeding withdrawals at the watershed scale, three
HUC-8 watersheds were investigated in more detail
by comparing excess discharge (D − W) with excess
rainfall (precipitation minus potential evapotranspi-
ration). Excess rainfall in each location was calcu-
lated for each month in 2016 using gridded daily
temperature and precipitation records from the
PRISM dataset (Daly et al. 2008) with potential evap-
otranspiration estimated using the Thornthwaite
method. Excess discharge in the Upper Clinch and
Roanoke river basins tends to correlate with excess
rainfall (Figure 4), suggesting that some portion of
excess discharge could stem from infiltration of soil
moisture into discharge infrastructure, as has been
noted in other studies (Ducnuigeen et al. 2015; Has-
tie et al. 2020). However, interbasin transfers also
play a role. This occurs in Virginia’s Lower Rappa-
hannock basin (3), where water supplies for Freder-
icksburg and Spotsylvania counties are withdrawn
from multiple HUC-8 watersheds (the Rapidan/Upper
Rappahannock, Lower Rappahannock, Lower Poto-
mac, and Mattaponi), but are all discharged into the
Lower Rappahannock below Fredericksburg.

It should also be noted that both withdrawal and
discharge records exhibit a large amount of temporal
variability; for instance, withdrawals in the Lower
Rappahannock in January 2016 were about
60,000 m3 higher than they were during the remain-
der of the year to fill the Rocky Pen Run Reservoir.
These variations point towards the benefit of inte-
grating ECHO records with institutional knowledge
about the water systems of interest to put the data in
context. Even without this institutional knowledge,
the impact of these outliers on overall water balance
estimates decreases at larger scales, and points to the
value of aggregate statistical measures (such as med-
ian values) that are robust to these outliers. Although
it is beyond the scope of this study, systematic
research that leverages the ECHO discharge records
along with detailed data on municipal water supply
and wastewater service areas could help identify the
prevalence and driving factors associated with excess
municipal discharge values.

Statewide Analysis

In addition to the watershed-scale consumption
estimates presented above, statewide estimates of
consumptive use were calculated at a monthly time
step to characterize consumption behavior across dif-
ferent water use sectors. Figure 4 presents time

FIGURE 4. Time series of monthly excess discharge (D − W) and
excess rainfall (precipitation − potential evapotranspiration) in
three HUC-8 basins that exhibited greater discharge than with-

drawal.
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series of the total statewide volume of withdrawal
and discharge for all nonthermoelectric facilities, as
well as for the industrial and municipal sectors.
These statewide withdrawal and discharge values
were used to calculate a time series of consumptive
use as in Equation (1), but summing monthly with-
drawal and discharge across all facilities in the state

prior to calculating consumptive use. Time series for
the aquaculture and commercial sectors were not
included because discharge records in these sectors
were only sparsely available prior to 2016, and time
series for the thermoelectric sector is shown in the
results for matched facilities in Figure 5. Statewide
nonthermoelectric withdrawals exhibit a clear

FIGURE 5. Time series of withdrawals, discharges, and consumptive use for all reporting nonthermoelectric facilities in the state, as well as
results for the industrial and municipal sectors. Note that discharges in the commercial and aquaculture sectors were largely unreported

prior to 2016, and are thus not included in the Figure.
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seasonal pattern, but this seasonality is not present
in discharge volumes. This results in consumption
rates that peak in the summer months. In the indus-
trial sector, withdrawal and discharge both peak in
the summer months which results in relatively con-
stant consumption rates ranging from 50% to 70%.

In the municipal sector, discharges do not exhibit
the seasonality apparent in municipal withdrawals,
leading to consumption peaking in the summer
months. However, even in wintertime, consumption
is generally still greater than zero, suggesting that
not all water goes toward nonconsumptive indoor
use. This could be because some municipal use in
winter is consumptive, or it could be the result of
issues such as water losses from pipe breaks and
leaks. Consumption rates in the summer range from
approximately 20%–60%. While discharges are not
seasonal, they are still highly variable, which could
potentially be associated with stormwater infiltration
and discharge. However, these discharges only exceed
withdrawal in one month of 2016. This period of dis-
charge exceeding withdrawal was in a particularly
wet winter (with a total of 340 mm of rainfall
between December and February, compared to an
average winter rainfall of 250 mm), which may have
resulted in increased discharge of stormwater treated
in combined sewer systems. Across all sectors,

discharge volumes exhibit a general increase over
time, which could be due to increasing volumes of dis-
charge, improved reporting, or improved data trans-
fer to the ECHO system.

Figure 6 presents time series of withdrawals, dis-
charges, and consumptive use for thermoelectric and
industrial facilities with matched withdrawal and dis-
charge records. In the thermoelectric sector, with-
drawals and discharges both peak in summer
months, resulting in relatively constant consumptive
use. Discharge records occasionally exceed with-
drawal records, possibly because errors in the
reported data are of a comparable magnitude to the
volume of water consumed, or could potentially be
reflective of actual discharges exceeding withdrawal
(for instance, if stormwater is sometimes combined
with discharged process water). Industrial with-
drawals and discharges exhibit similar seasonal
behavior, with both increasing in summer months.
This results in consumption that stays relatively con-
stant at approximately 30%, compared to 50%–70%
for unmatched industrial withdrawals and dis-
charges. Despite some individual facilities reporting
greater discharge than withdrawal, these facilities
are typically fairly small-volume water users (Fig-
ures 1 and 2). Because consumption estimates for lar-
ger water users tend to be less erratic, statewide

FIGURE 6. Time series of withdrawals, discharges, and consumptive use for matched facilities in the thermoelectric and industrial sectors.
Note that discharges in the commercial and aquaculture sectors were largely unreported prior to 2016, and are thus not included in the

figure. Municipal facilities were not included in the matching analysis.
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totals are generally consistent with published con-
sumption estimates.

Table 4 presents median values of annual, warm-
season, and cool-season consumptive use (calculated
as in Equation 1) across matched facilities (top half
of table) and HUC-8 watersheds (bottom half of the
table) in each water use sector using 2016 data.
Matched facilities in the thermoelectric, industrial,
and commercial sectors all exhibited higher con-
sumption in warmer months than they did in the
cooler months; however, these differences were only
statistically significant in the commercial sector.
Similar seasonal patterns are present in the HUC-8
results for the thermoelectric, commercial, and
municipal sectors, as well as the total nonthermo-
electric use. Confidence intervals around median val-
ues are wide in many sectors, likely reflecting a
combination of the wide range of observed values
among individual facilities and watersheds, as well
as the small number of matched facilities in some
sectors.

Table 5 presents percentile (25%, 50%, and 75%)
values across for consumptive use estimates from
2016 across individual facilities (top half of table) and
HUC-8 watersheds (bottom half of table). These val-
ues are compared to percentile values presented in
Shaffer and Runkle (2007). Median consumptive use
estimates based on withdrawal and discharge data at
both the facility and watershed scale are higher
(greater median values) and more widely distributed
(larger interquartile range) compared to literature
values. While 25th percentile values for facility-level
consumptive use are below zero in the industrial and
commercial sectors, most of these values fall within
the 10% meter accuracy requirement in the NPDES
guidelines (USEPA 2017). One exception is cool sea-
son consumptive use in commercial facilities (25th
percentile value of −0.67). Because this value is much
lower than warm season consumptive use, this could
be the result of increase infiltration during winter
months.

DISCUSSION

One of the objectives of this research was to evalu-
ate the feasibility of using publicly available dis-
charge data to estimate water consumption. While
some QA/QC issues exist within the discharge records
obtained from ECHO, the majority of these issues
were addressed through fairly straightforward proce-
dures. However, some institutional knowledge
regarding NPDES permit numbers in Virginia was
required to identify erroneously classified outfalls; T
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the degree to which this is necessary will vary across
different states with different permitting programs.
The NPDES records in ECHO are not limited to dis-
charge, and in some cases include other parameters
that could be important in estimating point-source
impacts to water quality. However, our experience
suggests that using these records for that purpose
may still require QA/QC procedures and some institu-
tional knowledge.

An important step in using discharge and with-
drawal records to estimate consumption is matching
facilities across the disparate datasets. The matching
procedure developed for this purpose identified with-
drawal facilities for 123 of the 358 discharging facili-
ties evaluated; although the number of matched
facilities was fairly low, these facilities account for a
large percentage of the water withdrawn and dis-
charged in the state. This is likely due to the fact
that major discharging facilities have been a priority
for inclusion in the ECHO discharge records, with
many smaller facilities only included following the
2015 NPDES Electronic Reporting Rule (40 CFR
127). The procedure consisted of an automated geo-
graphic and text-matching algorithm which was fol-
lowed up by manual review and validation. The
algorithm had a false negative and positive rate of
16% and 48%, respectively. This implies that the
algorithm captured the majority of final, true
matches, but also included a large portion of erro-
neous matches that had to be removed through vali-
dation. This level of accuracy was suitable for our
purposes because the relatively small number facili-
ties allowed us to follow the algorithm with manual
validation, and removing false matches is relatively
easy compared to identifying missed matches.

Modification of the algorithm could reduce the
false positive rate and allow the algorithm to function
more effectively as a stand-alone procedure, which
would likely be necessary for larger numbers of facili-
ties. For instance, some facilities may have been
matched simply because they only had one withdraw-
ing facility within the 10 km search radius (and thus,
the closest distance match and closest text match
were assured to be the same withdrawing facility).
Identifying threshold values of text distance or alter-
native text-mining procedures could assist in this
regard; this could perhaps be accomplished by opti-
mizing threshold values on a smaller subset of train-
ing data, and then applying this approach to
remaining facilities. There are also situations where
it may be desirable to create a more selective proce-
dure (i.e., reduce the false-positive rate) even if it
resulted in missing more true matches (an increase
in the false-negative rate). For instance, water man-
agers may require a less selective procedure that
ensures all true matches are captured, even if itT
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requires manual removal of false matches. For many
research purposes (e.g., analysis of water use behav-
ior), identifying a large number of accurate matches
in the algorithm may be sufficient, even if some
potential matches are not captured.

While aggregate scale consumption values
appeared reasonable, consumption estimates at finer
scales (e.g., the facility-level and HUC-10) were more
erratic and included many instances of discharges
exceeding withdrawals. Some of these instances could
be due to meter inaccuracy, as NPDES guidelines
require flow measurement to be within 10% of inspec-
tor measurements (USEPA 2017). Many of the facili-
ties where discharges exceeded withdrawal reported
low withdrawal volumes and had greater instances of
missing values, suggesting that these estimates may
be the result of data quality issues that appear more
prevalent in small water users. Because the volume
of water withdrawn and discharged in these facilities
is only a small portion of the total state-wide, state-
wide estimates of consumptive use shown in Fig-
ures 4 and 5 are almost always positive. Within
ECHO, major discharging facilities have been the pri-
ority with many smaller facilities only incorporated
in 2016 following the 2015 NPDES Electronic Report-
ing Rule (40 CFR 127). The coverage and quality of
discharge records included in ECHO are continually
being improved, and a summary of the issues present
in different states is updated regularly
(USEPA 2019). Thus, it may become a more reliable
source of discharge records for small facilities in the
future. However, the presence of likely erroneous
instances of reported discharge exceeding withdrawal
presents a risk that using these data for planning
and management could result in an overestimation of
water availability if reported discharge exceeds true
volumes. Because of this, the extent and magnitude
of these potential errors should be evaluated prior to
direct use of NPDES data for planning or policy pur-
poses.

As has been observed in other studies of water use,
the self-reported nature of both withdrawal and dis-
charge volumes is a source of potential error, and
data accuracy is likely to vary depending on regula-
tory requirements (Zhang and Balay 2014). In many
contexts, reported water withdrawals and discharges
are not actually required to be measured, and can be
estimated instead. For instance, thermoelectric gener-
ating facilities are allowed to report estimated water
use and consumption to the Energy Information
Administration if measured data are unavailable
(Averyt et al. 2013), and in some instances, these
estimates have been shown to be thermodynamically
implausible (Diehl and Harris 2014). A key implica-
tion of this research and the associated literature is
the need for improved accuracy in self-reported water

use data, as well as the transfer and maintenance of
data when multiple agencies are involved.

The need for more accurate and unified approaches
to water use reporting has been widely acknowledged
(Chini and Stillwell 2017; Dunham et al. 2017). How-
ever, this will likely require incentives or require-
ments for more accurate methods of water use
quantification (e.g., metering requirements) which
may be politically or institutionally challenging.
Requiring that water users report the method by
which they quantified water use and discharge and
including these data along with the reported values
could be more feasible and would allow data users to
distinguish between measured and reported values.
Systematic and thorough approaches for QA/QC of
self-reported data could also be used to improve data
accuracy, although it would require additional
resources on behalf of agencies responsible for data
collection. More detail about water-using facilities
could also be helpful in contextualizing reported val-
ues. Particularly in the industrial and commercial sec-
tors, water use will vary substantially based on the
facility processes and characteristics. Industrial water
use can include cooling water, food and beverage pro-
cessing, incorporation into manufactured products,
and even irrigation of turfgrass and landscaped areas.
Improved facility-level data (for instance, consistent
reporting of NAICS codes) would be useful in develop-
ing consumption coefficients that were specific to dif-
ferent types of industrial processes.

Our results have several important implications
for planning and management. Even in instances
where point-source discharge records are already
used for water planning and modeling (as is the case
in Virginia), these records are not always available
for the same temporal period as withdrawals. In
these instances, and in modeling water use under
future conditions (such as increased withdrawals or
climate change), consumptive use coefficients taken
from the literature are often necessary to estimate
the volume of withdrawn water expected to be
returned via discharge. However, our facility-level
results suggest that actual consumption in both the
industrial and commercial sectors may be higher
than literature values, particularly during the sum-
mer months. The inter-quartile range of facility-level
consumption estimates in our analysis was also
greater than the inter-quartile range of values from
the literature. This implies that using consumption
coefficients from the literature could result in con-
sumption estimates that are lower and less variable
than what is occurring in practice.

A key advantage of this approach is that it pro-
vides a longitudinal record of consumption that can
be used to understand temporal dynamics of con-
sumption, such as trends and seasonality. This is
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useful since most existing data on consumption con-
sists of snapshots that do not provide temporal infor-
mation (Dunham et al. 2017), and even new efforts at
collecting water consumption data would not result in
a longitudinal record for many years (Ruddell 2018).
Understanding seasonal patterns of water consump-
tion is particularly important for drought planning,
since withdrawals and consumption will likely peak
during summer months when supplies are often low-
est (Shaffer 2009; Goldstein 2014; Eldardiry
et al. 2016). Shaffer (2009) discussed three potential
types of seasonality in water consumption. The first
type is constant withdrawal and consumption
throughout the year, which would be expected in
facilities where production rates and water use do
not change seasonally. The second is constant con-
sumption rates but seasonally varying withdrawals,
which would be expected in industrial facilities that
increase production in certain seasons but do not
change water use. The behavior of the thermoelectric
and industrial withdrawals shown in Figure 5 exhibit
this seasonal behavior, suggesting that higher with-
drawals in warm seasons are associated with
increased production, rather than outdoor watering
observed in other studies (Attaallah 2018). The third
type of seasonality is when withdrawals and con-
sumption rates both vary seasonally, which would be
expected from a change in water end-uses, such as
increased outdoor watering in summer. This behavior
is apparent in the total nonthermoelectric with-
drawals and municipal withdrawals shown in
Figure 4.

The methodology demonstrated here opens up a
number of avenues for additional research. A key
advantage of this work is its scalability, which could
be used to assess water consumption over a range of
different users and locations as long as withdrawal
data were available. Doing this in a systematic way
would be valuable because existing data on water
consumption have discrepancies in terms of report-
ing frequencies, sectors evaluated, and sample sizes,
making comparisons between them difficult (Dun-
ham et al. 2017). This approach could also be lever-
aged to develop regionally and sectoral-specific
consumption estimates for industrial and commercial
water use that have been highlighted as an impor-
tant need in understanding economic implications of
water use (Rushforth and Ruddell 2018), as well as
predictive models that could estimate consumption
based on facility characteristics. Multiple studies
have demonstrated how water withdrawals vary
depending on climate conditions (e.g., Das
et al. 2018); having a longitudinal record of water
consumption could characterize the relationship
between climate and water consumption, improving
our understanding of the impacts of drought

(Goldstein 2014) and climate change (Brown
et al. 2013; Talati et al. 2016). Finally, additional
research could lead to a refined understanding of
the advantages, limitations, and differences that
arise from different methods for estimating con-
sumption. For instance, the challenges that leakage,
infiltration, and stormwater discharge create for
estimating municipal consumption based on dis-
charge records are well known (Ducnuigeen
et al. 2015; Hastie et al. 2020). Additional research
leveraging these records could help to quantify
whether discharge increases after rainfall or satu-
rated soil conditions, providing insights into the
prevalence or magnitude of these issues. Comparing
discharge-based consumption estimates with other
approaches (such as evapotranspiration modeling or
winter-base rate methods), particularly if measure-
ment data exist to validate consumption estimates,
could lead to a better understanding of which con-
sumption estimation methods are most appropriate
in different contexts and geographic locations.

CONCLUSIONS

Data on water use are a key component to improv-
ing our understanding and management of water
supply systems. However, limited data on water con-
sumption create significant uncertainty surrounding
estimates of water stress. Historic records of NPDES
point-source discharges could help quantify water
consumption and complement other consumption esti-
mation methods, but its suitability for this purpose
has not been previously evaluated. This research
found that a combined process of text matching and
geospatial analysis is effective in matching facilities
across disparate withdrawal and discharge datasets,
allowing for the development of facility-level water
consumption estimates. While facility-level estimates
of consumptive use varied widely, values for large
water users and at larger spatial aggregation scales
(HUC-8 and statewide) appeared more consistent
with literature values. A key advantage of this
approach is the ability to characterize seasonal pat-
terns in water consumption, which is important in
estimating water stress during summer months when
supplies are lowest and both withdrawals and con-
sumption are high. Our results suggest that median
consumption in both the industrial (17%) and com-
mercial (19%) sectors may be higher than consump-
tion coefficients in the literature (median value of
10%). Our results also suggest more variability and
seasonality in consumption compared to literature
values. While our findings are specific to Virginia, the
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approach we developed may be scaled up and applied
elsewhere in additional comparative studies, further-
ing our overall understanding of water consumption.
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