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Abstract
Water resource recovery facilities play a crucial role in the water–energy nexus, consuming a sub-
stantial amount of energy in the United States. Growing treatment volumes and more stringent
water quality standards are expected to increase the amount of energy needed to treat wastewa-
ter, but accurately estimating energy consumption and potential remains challenging due to vari-
ability in scale, treatment methods, and effluent standards. In this study, we used publicly avail-
able data to evaluate the accuracy of methods for estimating energy consumption, then quanti-
fied uncertainty based on key factors like flow rate, treatment level, and geographic location. To
validate methods, we estimated energy consumption at the facility level, then compared estim-
ates to self-reported data from utilities in major U.S. cities. We found that methods based on efflu-
ent treatment level and flow rate performed well for estimating electricity consumption, and pro-
cess models of treatment trains were accurate relative to other methods for estimating total energy
consumption. Applying the evaluated methods to a national inventory of treatment facilities,
we estimate that annual energy consumption ranged from 50,900 to 77,100 TJ in 2012 and will
increase to between 81,100 and 123,000 TJ in 2042. By quantifying the variability of existing estim-
ation methods and highlighting their advantages and disadvantages, this work enables more data-
driven water–energy management in the future.

1. Introduction

Water and wastewater utility operations comprise 30–40% of their local governments’ energy budgets
[1], but are often overlooked in decarbonization research and planning. Water resource recovery facilities
(WRRFs), commonly referred to as wastewater treatment plants, can consume a substantial amount of
energy, particularly large, centralized facilities. In the United States, WRRFs have been estimated to con-
sume between 0.8% and 3% of electricity [2, 3] and 0.1–0.3% of total energy [4], nationally. Previous
studies approximate that wastewater systems consume between 18.1 and 30.2 TWh of electricity per year
[2, 5–7], a wide range which highlights the uncertainty in current energy demand estimates. The average
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energy intensity of WRRFs which employ aerobic activated sludge treatment and anaerobic sludge diges-
tion in the United States is 0.6 kWh m−3 [8], approximately 10–15% of which is typically attributed to
collection and pumping [2]. However, there is considerable variability based on local geography and sys-
tem design. Energy requirements for wastewater disposal are typically negligible, though coastal areas can
be an important exception [9].

The Electric Power Research Institute (EPRI) estimates that electricity use for wastewater treatment
increased by 74% between 1996 and 2013 [2], a trend expected to continue due to population growth,
treatment consolidation, and more stringent requirements for removing nutrients and emerging con-
taminants from wastewater [10]. More specifically, nitrification and nitrogen removal plants require
additional energy for increased aeration compared to conventional biological treatment [6, 10–12]. As
estimated by El Abbadi et al [13] and Song et al [14], electricity use accounts for approximately 23% of
wastewater treatment emissions overall. Consequently, new discharge requirements necessary for pro-
tecting public and environmental health may complicate decarbonizing the wastewater sector in some
regions.

While energy use by WRRFs is anticipated to increase, the potential of WRRFs as energy producers
is an increasingly recognized strategy for reducing dependency on the largely fossil-based electricity grid
[7, 8, 12, 15]. Wastewater contains roughly nine times more energy than is required for its treatment,
indicating that even a small amount of energy recovery could make the entire wastewater treatment pro-
cess energy-neutral or even energy-positive [16]. As demonstrated by East Bay Municipal Utility District,
a net supplier of power [17], generating electricity from anaerobic digester biogas, along with capturing
and reusing heat, can be a substantial source of renewable energy that is cost-competitive and qualifies
for renewable energy credits under some states’ renewable fuel standard. However, a comprehensive sum-
mary of the state of energy recovery from biogas found that only 10% of WRRFs use biogas for heat or
power generation in the United States [18], likely due to high interconnection costs and/or tariffs from
electric utilities, as well as inconsistent standards for biogas purity [19].

Wastewater utilities, on average, comprise a meaningful portion of the national energy budget; how-
ever, estimates of regional and national energy requirements for WRRFs in the United States from
previous studies, as summarized in table S1 of the supporting information (SI) section, vary widely.
Differences in treatment goals, effluent water quality standards, unit processes, economies of scale,
energy sources, and site-specific conditions, among other factors, contribute to the uncertainty reflected
in the range of existing estimates. While these estimates were made using the best available data at the
time, the methods employed in these studies have yet to be validated against empirical data. To address
this knowledge gap, we used self-reported electricity consumption, natural gas consumption, and bio-
gas collection data from WRRFs to evaluate a selection of energy estimation methods cited in previous
studies [2, 13, 20–24]. In addition to quantifying the accuracy of previously applied methods, we apply
them to a national inventory of WRRFs to develop bounds on energy consumption and offer recom-
mendations for method selection based on data availability and desired computational intensity, encour-
aging better-informed water–energy estimations by researchers and practitioners in the future.

2. Methods

We applied each of the selected estimation methods to a comprehensive inventory of WRRFs in the
United States generated using data from the Clean Watersheds Needs Survey (CWNS), an assessment of
publicly-owned wastewater collection and treatment facilities typically conducted by the Environmental
Protection Agency (EPA) every four years. For WRRFs located in 66 major U.S. cities, we validated
estimates using published energy data from Chini and Stillwell [25], assessing the accuracy of each
method based on flow rate, effluent treatment level, and location. Lastly, we used each method to pro-
ject national energy use by WRRFs, providing bounds on uncertainty for the future energy needs of
wastewater treatment.

2.1. Defining the validation set
In an effort to support water–energy nexus research grounded in real-world data, Chini and Stillwell
[25] collected wastewater flow and energy data from utilities serving 110 major U.S. cities in 2012 and
aggregated by city based on service area, referred to throughout as the original dataset. Because facility-
level flow, treatment process, and location data is available for the same year in the CWNS, we validated
different energy estimation methods by using CWNS data to estimate electricity consumption, energy
consumption, and electricity generation at individual WRRFs, aggregating to the city level, then com-
paring estimated and reported energy intensity values for a subset of cities referred to throughout as the
validation set.
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Figure 1.Method validation set summary; cities included in the validation set are indicated by light green circles. Of the excluded
data, ‘incomplete validation data’ refers to utilities included in the original Chini and Stillwell [25] dataset that did not provide
sufficient information on wastewater volumes processed and/or energy consumption by water resource recovery facilities
(WRRFs) for method validation; ‘insufficient estimation data’ refers to WRRFs that did not report any data in the 2012 Clean
Watersheds Needs Survey (CWNS) (i.e. the state of South Carolina) or did not provide sufficient unit process data to use estim-
ation methods based on treatment trains; and ‘excluded, miscellaneous’ refers to utilities that either did not report any electri-
city consumption or were flagged as unreliable due to unreasonably high energy consumption intensities reported in Chini and
Stillwell [25].

We used data from 66 of the 110 cities that responded to information requests to validate WRRF
energy estimation methods. Of the 44 cities excepted from the validation set, we excluded 21 because
they did not report complete energy and flow data; three because they did not report any electricity con-
sumption data; and two due to validity concerns (i.e. a reported energy intensity orders of magnitude
greater than other cities in the validation set). Lastly, we excluded 18 cities due to deficiencies in the
2012 CWNS (i.e. no reported data for the state of South Carolina or insufficient unit process data).
For a full breakdown of exclusion criteria from the validation set, as well as minor corrections to the
published original dataset based on unprocessed utility records requested from Chini and Stillwell [25],
please see tables S3 and S4 in the SI.

Though the final subset of WRRFs used for energy estimation method validation (table S2) is biased
toward major metropolitan areas, it represents a wide range of locations and WRRF sizes, approximately
2,700–3,000,000 m3 d−1, throughout the United States while also covering a large portion of the coun-
try’s population (figure 1). Because only a subset of these cities (21) leverage biogas for electricity gen-
eration, we were unable to provide as rigorous a validation for the energy recovery estimation methods;
however, we include the preliminary validation results herein to emphasize the uncertainty regarding the
reliability of these methods and echo the need for greater data availability and transparency called upon
by other researchers [26].

Though the datasets underpinning this analysis are both from 2012, we observed discrepancies in
reported flow between CWNS and the validation set. More specifically, the percent difference in flow
rate varied between 0.32 and 150% (standard deviation of 28%). While counterintuitive, this discrepancy
could occur for several reasons, including different reporting periods (fiscal year versus calendar year),
reporting entities (utility representatives versus state liaisons), and reporting metrics (average daily flow
rate versus annual volume processed). To minimize the impact of these discrepancies on our validation
efforts, we assessed method accuracy based on energy consumption intensity, normalizing total energy
consumption by annual volume of wastewater processed.

2.2. Overviewing energy estimationmethods
For WRRFs in the validation set, we estimated electricity consumption, energy consumption (both elec-
tricity and natural gas use), and electricity generation from biogas utilization, when applicable, using
a total of 11 different published methods. As summarized in table 1, each method varies in terms of
inputs, complexity, and results, and two methods account for variations in energy use between typical
(T) and best practice (BP) operating conditions. However, most rely on energy intensities associated with
different aspects of WRRFs, including facility size, effluent treatment level, and treatment technology
selection. Because we reference the methods as the bolded portion of their full name throughout this
study, we recommend readers use table 1 as a quick reference for interpreting results. For a summary of
the limitations of each estimation method, see table S5.
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Table 1. Summary of energy use and potential estimation methods.

Method namea Source Complexityc

Method inputs Resulting estimate

Flow rate
Effluent

treatment level
Technology
selection Local climate Electricity use Energy use

Electricity
generation

Flow rate
method

Pabi et al [2] Low Yes No No No Yes No No

Effluent
treatment level
Amethod

Pabi et al [2] Low Yes Yes No No Yes No No

Effluent
treatment level
Bmethod

Li et al [20] Low Yes Yes No No Yes No No

Treatment train
Configuration
A (T/BP)
methodb

Tarallo et al [21] High Yes No Yes No Yes Yes Yes

Treatment train
Configuration
B (T/BP)
methodb

El Abbadi
et al [13]

High Yes No Yes No Yes Yes Yes

Unit Process A
method

Plappally and
Leinhard [22]

Medium Yes No Yes No Yes No No

Unit Process B
method

Pabi et al [2] Medium Yes No Yes No Yes No No

Regression
method

Carlson and
Walburger [23]

Medium Yes No Yes Yes No Yes No

Biogas A
method

ERG and
RDC [24]

Low Yes No No No No No Yes

Biogas B
method

ERG and
RDC [24]

Low Yes No Yes No No No Yes

Biogas C
method

Li et al [20] Low Yes No No No No No Yes

a Methods are referenced throughout this study as the bolded portion of the method name.
b Method includes variations for typical (T) and best practice (BP) configurations.
c Methods which require no or minimal unit process data handling were ranked as low complexity, methods which require some unit process data handling were ranked as medium complexity, and methods which require a high

degree of unit process data handling, for instance, to form treatment train assignments, were ranked as high complexity.
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Using facility flow and characteristic data, primarily obtained through the 2012 CWNS, we assigned
each WRRF in the validation set a method-specific energy intensity, then estimated annual electricity
use, energy use, and electricity generation from biogas by multiplying intensity with the annual volume
of wastewater processed in 2012. Though not all methods analyzed in this study are designed to estim-
ate all three energy parameters, we grouped method descriptions below based on the logic for assigning
energy intensity. Most of the methods can be categorized based on how energy intensity is derived, but
the regression method diverges from the convention of using energy intensities by relating energy con-
sumption to a variety of WRRF characteristics through a regression analysis.

2.2.1. Methods based on plantwide characteristics
Flow and effluent methods: Estimation methods based on simple plantwide characteristics tend to be
easier to implement because they do not require cleaning and compiling often inconsistent and unavail-
able unit process information. Using flow rate and effluent treatment level (raw discharge, primary,
advanced primary, secondary, or advanced treatment) data reported in the CWNS, we used three meth-
ods (Flow, Effluent A, and Effluent B) to estimate total annual electricity consumption [kWh yr−1] for
each WRRF i using equation (1), where we determined electricity consumption intensity [kWh m−3] for
each WRRF based on either daily flow rate or effluent treatment level, then multiplied by annual flow
rate (Qannual) [m3 yr−1]. For facilities that did not specify a current or projected effluent treatment level
in the 2012 or 2022 CWNS (three and 12, respectively), we assumed secondary treatment.

Annual Electricity Consumptioni = Electricity Consumption Intensityi Qannual,i (1)

Originally published in 1996 and revised in 2013, EPRI [2] developed electricity consumption intens-
ities categorized by daily flow rate (table S6) and effluent treatment level (table S7), respectively, referred
to as the Flow and Effluent A methods in this study. The Effluent B method updates effluent treatment
level-based electricity consumption intensities developed by EPRI using data from more recent studies
in the United States (table S8) [20]. While these methods do not incorporate electricity consumption
intensities specific to treatment processes employed at individual WRRFs, they leverage the likelihood
that WRRFs of similar sizes and effluent treatment levels may have similar energy requirements. In the
Flow method, electricity consumption intensity decreases as facility size increases, likely resulting from
economies of scale. In the Effluent A and B methods, electricity consumption intensity increases with
treatment level because higher levels of treatment, particularly nutrient removal (NR), require more
energy to achieve. The Effluent A method was applied by Tidwell, Moreland, and Zemlick [27], how-
ever, they used design flow rather than observed flow to apply the electricity consumption intensities
developed by EPRI to WRRFs in the Western United States.

Regression method: Originally published by Carlson and Walburger [23], the Regression method diverges
from the standard formula of multiplying intensity with flow rate to obtain total consumption. Instead,
this logarithmic method relates total energy use [MJ yr−1] to WRRF characteristics that correlate
strongly with energy use, including: average daily flow rate (Qdaily) in million gallons per day [MGD],
design flow rate (Qdesign) [MGD], influent biochemical oxygen demand (BOD) concentration (BODin)
[mg l−1], effluent BOD concentration (BODout) [mg l−1], the total number of local annual heating and
cooling degree days (HDD, CDD), and the use of trickling filter (TF) and NR processes. Using daily
observed and design flow rates as well as unit process data reported in the CWNS, an assumed BODin

and BODout of 190 and 10 mg l−1, respectively [21], and average HDD and CDD by state for 2012 from
the National Oceanic and Atmospheric Administration’s Climate Prediction Survey [28], we estimated
annual energy consumption for each WRRF i using equation (2).

Annual Energy Consumptioni = 1.055056 exp

(
12.5398+ 0.8966 ln

(
Qdaily,i

)
+ 0.4920 ln(BODin)

− 0.1962 ln(BODout)− 0.4314 ln

(
100

Qdaily,i

Qdesign,i

)
− 0.3363TFi + 0.1587NRi + 0.2421 ln(HDDi)+ 0.1587 ln(CDDi)

)
(2)

This method is unique from others analyzed in this study in that the authors developed a logar-
ithmic model of energy consumption based on a variety of characteristics using a statistically represent-
ative sample of WRRFs. Note that TF and NR are binary values, with a value of one indicating an active
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TF or NR system. For locations in the validation set which experienced either no HDD (Honolulu, HI)
or CDD (Anchorage, AK) in 2012, we dropped the entire HDD or CDD term. For WRRFs without a
reported design flow, we assumed design flow to be equivalent to reported flow.

2.2.2. Methods based on treatment processes
Though more computationally intensive, methods that consider treatment technology selection at indi-
vidual WRRFs can provide more specific energy estimates than those reliant on plantwide characteristics
and enable exploring how energy demands change as unit processes evolve. The majority of these meth-
ods function by either assigning energy intensities to individual unit processes and summing to calculate
a cumulative intensity for each WRRF (Process A, Process B), or by using key unit processes to assign a
prototypical treatment train with a modeled intensity to each WRRF (Configuration A, Configuration
B).

Process A and B methods: For the Process A and Process B methods, we used flow rate and unit process
data reported in the CWNS to estimate annual electricity consumption by assigning an electricity con-
sumption intensity to each unit process k reported at individual WRRF i, then summing to generate a
cumulative intensity and multiplying by annual flow rate (equation (3)).

Annual Electricity Consumptioni =
n∑

k=1

Electricity Consumption IntensitykQannual,i (3)

The key difference between the Process A and B methods is that the Process A method uses aver-
age electricity consumption intensities from a variety of published studies (table S9), while the Process B
method uses electricity consumption intensities from grey literature categorized by both unit process and
flow rate (table S10). We assigned unit processes not included in these tables an electricity consumption
intensity of zero, and we included a baseload (energy required for wastewater pumping, odor control,
non-process loads, etc) in the cumulative electricity consumption intensity for all WRRFs, regardless of
unit process reporting, in the Process B method. If multiple forms of activated sludge treatment were
reported for a particular plant, we used the average intensity for all the reported activated sludge config-
urations. The Process A method was used by Gingerich and Mauter [7] and Stillwell et al [5], with slight
modifications to the methodology used to compile unit process data.

Configuration A and B methods: Because reported unit process data is often incomplete or inconsistent,
an alternative approach to using technology-specific intensities is to use key unit processes to assign a
treatment train with a modeled energy intensity to each WRRF. We used two methods, both of which
can be employed assuming either typical or best practice operating conditions, to estimate annual elec-
tricity consumption: the Configuration A and B methods. Originally defined by Tarallo et al [21], the
Configuration A method models the electricity consumption intensity of 18 common treatment trains,
while the Configuration B method expands upon the Configuration A method to include a wider range
of possible treatment configurations by extrapolating results from Tarallo et al [21]. Because the electri-
city consumption intensities provided in Tarallo et al [21] (tables S11(a) and (b)) and El Abbadi et al
[13] (tables S12(a) and (b)) are specific to treatment trains, we used unit process information, primarily
reported in various releases of the CWNS, to assign each WRRF i one or more treatment trains j based
on secondary treatment, NR, and biosolids management practices. We then estimated annual electricity
consumption by multiplying the corresponding electricity consumption intensity by annual flow rate
(equation (4)). When multiple treatment trains were equally well-matched, we averaged the electricity
consumption intensities for all identified treatment trains.

Annual Electricity Consumptioni = Electricity Consumption IntensityjQannual,i (4)

Because these methods also provide energy consumption intensity and electricity generation intens-
ity, we used them to estimate total annual energy consumption and electricity generation from biogas
utilization in addition to electricity consumption. A key differentiating factor between the Configuration
A and B methods is that the original Configuration A method does not provide instructions for assign-
ing WRRFs a treatment train, whereas the Configuration B method does. Because transforming unit
process data into a treatment train assignment is a critical intermediate step to using both methods, we
modified the treatment train assignment methodology used in El Abbadi et al [13] to assign treatment
trains in the Configuration A method. Another important distinction between these methods is that not
all WRRFs were able to be assigned a treatment train and associated energy use in the Configuration
A method due to either that facility using a treatment configuration not modeled by Tarallo et al [21]

6
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or a paucity of unit process data. However, the Configuration B method addresses this limitation by
providing energy intensities for an expanded range of treatment trains and, in the absence of suffi-
cient unit process information, assigning a treatment train by making assumptions based on common
configurations for similarly sized WRRFs in the area. These methods are reported to be only applic-
able to facilities with an average daily flow greater than 18,927 m3 d−1 (5 MGD) and secondary treat-
ment, at a minimum, but lacking a better alternative we applied them to the entire national invent-
ory. For the code used to assign WRRFs treatment trains based on reported unit process data, please
see tt_assignment.ipynb in our public GitHub repository. For the treatment train assignments used in
national baseline estimates, please see supplementary files A and B.

Biogas A, B, and C methods: For WRRFs that produce electricity using biogas captured from anaerobic
digestion, we used unit process data from the U.S. Department of Energy’s (DOE) Combined Heat and
Power (CHP) Installation Database [29], the Water Environment Federation’s (WEF) WRRFs Biogas
Database [30], the Energy Information Administration’s (EIA) 2012 Survey Form EIA-923 [31], and
the CWNS to estimate electricity generation [kWh yr−1] via three methods (Biogas A, Biogas B, and
Biogas C). The first, less complex method (Biogas A) assumes a fixed electricity generation intensity of
0.13 kWh m−3 based on an average observed electricity generation of 26 kW MGD−1 and an 80% capa-
city factor. The second method (Biogas B) uses electricity generation intensities specific to the prime
mover, the engine or turbine that converts the chemical energy stored in biogas into mechanical power
(table S13). The third method (Biogas C) uses an electricity generation intensity based on assumed
influent total suspended solids and 5-day BOD concentrations detailed in Li et al [20]. For each WRRF i
flagged as producing electricity, we estimated annual electricity generation by multiplying either the fixed
or prime mover-specific electricity generation intensity with annual flow rate (equation (5)). Because
the WEF database used to identify prime movers at WRRFs lists both turbines and microturbines, we
made the simplifying assumption that turbines have the same intensity as microturbines for the Biogas
B method. Additionally, we assumed that facilities without a specified prime mover use reciprocating
engines.

Annual Electricity Generationi = Electricity Generation IntensityiQannual,i (5)

2.3. Compiling a nationalWRRF inventory
Prior to applying the aforementioned estimation methods to WRRFs in the validation set, we first com-
piled an inventory of WRRFs in the United States, excluding its territories, using data from the CWNS
[32–35] on location, average daily flow rate, design capacity, effluent treatment level, and treatment pro-
cesses. We considered treatment plants, lagoons, and ponds which reported a non-zero flow in the 2012
CWNS, 14,558 facilities, the foundation of our baseline inventory for national estimates and method val-
idation (figure 2). For energy use and generation projections, we developed a 2042 national inventory
based on facilities that project a non-zero flow in the 2022 CWNS (figure S1). We estimated national
electricity consumption, energy consumption, and electricity generation in 2012 and 2042 by applying
the aforementioned methods to the baseline and projected WRRF inventories developed above.

Because some methods require unit process data to estimate energy use and recovery, we developed a
cumulative unit process list representative of the treatment processes that were active in 2012 by aggreg-
ating unit processes reported in the 2004, 2008, and 2012 CWNS. If a facility was flagged as perform-
ing nitrogen, ammonia, or phosphorus removal in the CWNS, we added the corresponding unit process
to the cumulative unit process list. We removed duplicate unit processes and unit processes from 2008
and 2012 flagged for abandonment. Additionally, if multiple secondary and/or solids treatment processes
were reported across the three surveys, we retained only the most recently reported process(es). For
national energy use projections, we developed a cumulative, projected unit process list using the same
methodology, but with added data from the 2022 CWNS. The methodology for creating the cumulat-
ive unit process list is similar to that of prior studies (e.g. Gingerich and Mauter [7] and El Abbadi et al
[13]) and detailed in the create_unit_process_lists.ipynb script of our Github repository.

Because the 2012 CWNS does not specify whether biogas is used for heating to offset natural gas
combustion, a biogenic fuel to produce electricity, or both, we used three additional data sources to
identify electricity-producing WRRFs: the U.S. DOE’s CHP Database [29], the WEF’s WRRFs Biogas
Database [30], and the U.S. EIA’s 2012 Survey Form EIA-923 [31]. We used the same strategy as El
Abbadi et al [13] to integrate these databases into the cumulative unit process lists, with the exception
that we assumed all WRRF facilities in the WEF database were active in 2012, though the WEF data was
published in 2013. For a summary of the biogas data sources, see table S14.
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Figure 2. Baseline national water resource recovery facility (WRRF) inventory, compiled using location, flow rate, and effluent
treatment level data from the 2012 Clean Watersheds Needs Survey (CWNS). This figure illustrates how WRRF size and effluent
treatment standards vary widely across the United States. Note that facilities in the state of South Carolina did not report data to
the 2012 CWNS.

3. Results

3.1. Validating electricity consumption estimationmethods
Table 2 compares the root mean square error (RMSE), mean absolute percent error (MAPE), and mean
percent error (MPE) of each method for estimating electricity consumption intensity, averaged across all
cities in the validation set. The distribution of percent error in terms of electricity consumption intensity
for each method is also visualized in the form of kernel density estimate (KDE) plots in figure 3. Note
that electricity consumption, in this case, is considered the sum of electricity imported from the grid
and electricity produced on-site from biogas utilization.

We find method performance varies with error metric. The Effluent A and Flow/Effluent B methods
perform best in terms of RMSE (0.36 and 0.37 kWh m−3), the Effluent B and Flow/Configuration A (T)
methods perform best in terms of MAPE (37% and 44%), and the Effluent B and Configuration A (T)
methods perform best in terms of MPE (−0.76 and −5.3%). Of these methods, the Effluent B method
exhibits the most normal error distribution, estimating electricity usage within 50% of the reported
value for the majority of WRRFs in the validation set. Based on the mean and median percent error
shown in figure 3, the Effluent A, Process A, and Process B methods tend to overestimate electricity con-
sumption intensity, with the Process A method consistently overestimating electricity consumption, up
to 700%, despite accounting for a limited number of energy-consuming processes at WRRFs. Conversely,
the Configuration A and B methods tend to underestimate electricity consumption, particularly under
the best practice configuration assumption.

3.2. Validating energy consumption estimationmethods
Table 3 compares the RMSE, MAPE, and MPE of each method for estimating energy use, inclusive of
both electricity and natural gas use, averaged across all cities in the validation set. The distribution of
percent error in terms of energy consumption intensity for each method is also visualized in the form of
KDE plots in figure 4.

In terms of RMSE, the Configuration A and B methods under the typical assumption performed
best (1.5 MJ m−3). We observe a similar trend in terms of MPE in which the Configuration A and B
methods perform better under the typical assumption (5.0% and 7.5%); however, the Configuration B
method under the best practice assumption slightly outperforms the other methods in terms of MAPE
(48%). The Configuration methods exhibited a mix of over- and underestimation, trending towards
underestimation when the best practice assumption is employed. These methods could be perform-
ing irregularly for a variety of reasons, including misassignment of treatment trains and/or inaccur-
ate process modeling or application of models from Tarallo et al [21], but we cannot separate these
sources of error without manually confirming which treatment train assignments are correct. The ori-
ginal Configuration A and expanded Configuration B treatment train methods performed similarly on
the validation set; however, it is important to note that, for the purpose of drawing a fair comparison
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Table 2. Summary error statistics for electricity consumption estimation methods.

Method

RMSE, electricity
consumption intensity

(kWh m−3)
MAPE, electricity

consumption intensity (%)
MPE, electricity

consumption intensity (%)

Flow 0.37 44 12
Effluent A 0.36 63 51
Effluent B 0.37 37 0.76
Configuration A (T) 0.39 44 −5.3
Configuration A (BP) 0.47 51 −38
Configuration B (T) 0.41 46 −7.7
Configuration B (BP) 0.50 54 −42
Process A 0.55 110 110
Process B 0.41 64 50
∗Note, RMSE= root mean squared error, MAPE=mean absolute percent error, and MPE=mean percent error.

Figure 3. Kernel density estimate (KDE) plots of percent error for city-wide electricity consumption intensity estimates. Each tick
mark on the x-axis represents the percent error for an individual city, where percent error was calculated by comparing the total
electricity consumption intensity of all water resource recovery facilities (WRRFs) in that city with the electricity consumption
intensity reported by Chini and Stillwell [25]. The ridgeline plots show the smoothed distribution of percent error across all
cities in the validation set for each electricity consumption estimation method. Note that Eugene, OR, and Little Rock, AR, are
excluded for ease of viewing the error distribution.
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Table 3. Summary error statistics for energy consumption estimation methods.

Method
RMSE, energy consumption

intensity (MJ m−3)
MAPE, energy

consumption intensity (%)
MPE, energy

consumption intensity (%)

Configuration A (T) 1.5 50 5.0
Configuration A (BP) 1.7 50 −30
Configuration B (T) 1.5 53 7.5
Configuration B (BP) 1.7 48 −29
Regression 2.7 150 150
∗Note, RMSE= root mean squared error, MAPE=mean absolute percent error, and MPE=mean percent error.

Figure 4. Kernel density estimate (KDE) plots of percent error for city-wide total energy consumption intensity estimates. Each
tick mark on the x-axis represents the percent error for an individual city, where percent error was calculated by comparing the
total energy consumption intensity of all water resource recovery facilities (WRRFs) in that city with the energy consumption
intensity reported by Chini and Stillwell [25]. The ridgeline plots show the smoothed distribution of percent error across all cities
in the validation set for each energy consumption estimation method. Note that Little Rock, AR, and Eugene, OR, are excluded
for ease of viewing the error distribution.

between methods, WRRFs that were not able to be assigned a treatment train via the Configuration A
method were dropped from the validation set. Because it depends heavily on unit process data and only
models energy intensity of a subset of treatment trains, the Configuration A method cannot be applied
to all WRRFs, a notable limitation of the method that is not reflected in the above statistics. Despite
adjusting for changed heating and cooling needs associated with climate, the Regression method con-
sistently overestimated energy consumption by an average of 150%. This method was developed more as
a benchmarking tool than an estimation method, which may help explain this bias.

3.3. Validating electricity generation estimationmethods
Table 4 compares the RMSE, MAPE, and MPE of each method for estimating hypothetical energy recov-
ery at eligible facilities, averaged across the 21 cities which reported electricity generation from biogas
utilization in both Chini and Stillwell [25] and any of the biogas utilization datasets [29–31]. Note that,
within the validation set, 12 cities reported electricity generation in Chini and Stillwell [25] but not the
biogas databases, and one city reported electricity generation in the biogas databases but not Chini and
Stillwell [25]. To avoid introducing error due to differences in how electricity-producing facilities were
identified, these cities were excluded from this portion of the analysis. The distribution of percent error
in terms of electricity generation intensity for each method is visualized in the form of KDE plots in
figure 5.
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Table 4. Summary error statistics for energy recovery estimation methods.

Method

RMSE, electricity
generation intensity

(kWh m−3)
MAPE, electricity

generation intensity (%)
MPE, electricity

generation intensity (%)

Configuration A (T) 0.34 87 −72
Configuration A (BP) 0.33 88 −63
Configuration B (T) 0.29 59 −16
Configuration B (BP) 0.28 69 9.9
Biogas A 0.30 61 −1.5
Biogas B 0.30 68 9.8
Biogas C 0.31 250 240
∗Note, RMSE= root mean squared error, MAPE=mean absolute percent error, and MPE=mean percent error.

Figure 5. Kernel density estimate (KDE) plots of percent error for city-wide total electricity generation intensity estimates. Each
tick mark on the x-axis represents the percent error for an individual city, where percent error was calculated by comparing the
total electricity generation intensity of all water resource recovery facilities (WRRFs) in that city with the electricity generation
intensity reported by Chini and Stillwell [25]. The ridgeline plots show the smoothed distribution of percent error across all cities
in the validation set for each electricity generation estimation method. Note that eight cities (Tucson, AZ; Bakersfield, CA; St.
Louis, MO; New York, NY; Syracuse, NY; Toledo, OH; Harrisburg, PA; and Fort Worth, TX) are excluded from the Biogas C plot
for ease of viewing the error distribution.

Because not all WRRFs in the validation set utilize biogas for electricity generation, there are
fewer reported values to validate the electricity generation estimation methods with (21 cities total).
Additionally, to convert reported volume of biogas collected in the original dataset [25] to power, we
assumed that 70% of biogas collected was used for electricity generation and that generators have an
efficiency of 37% based on the EIA’s 2012 Survey Form EIA-923 [31]. Subsequently, the smaller valid-
ation set, in addition to ambiguity as to the ratio of biogas used for heating versus electricity genera-
tion, makes it difficult to draw conclusions about the accuracy of the energy recovery estimation meth-
ods. Of these 21 cities, only seven contain facilities that were assigned an electricity-producing treatment
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train in the original Configuration A method, resulting in several cities with −100% error. Because the
Configuration B method is capable of assigning more of these WRRFs an electricity-producing treatment
train, it outperforms the Configuration A method for energy recovery estimations. With this in mind,
the Biogas A method performs relatively well across the three error metrics.

3.4. Method accuracy by differentWRRF characteristics
Some estimation methods may be unintentionally biased towards WRRFs with certain characteristics.
We assessed the accuracy of each method for different subsets of WRRFs in the validation set, grouped
by flow rate (three size categories), effluent treatment level, and latitude (three categories, as shown in
figure 1), which is a rough proxy for climate and heating demands. Table 5 compares the accuracy of
the electricity consumption estimation methods by WRRF characteristics. For each subset of WRRFs by
plant characteristic, the most accurate method in terms of percent of reported electricity consumption
intensity is bolded. Similar tables for energy consumption intensity and electricity generation intensity
are included in the SI (tables S15 and S16).

On average, the evaluated electricity estimation methods performed better on high-flow, second-
ary/advanced treatment, and midlatitude facilities. The Flow method performed best for midsize and
large facilities, but was outperformed by the Effluent B/Configuration A (T) methods for smaller
WRRFs. While only one city (Anchorage, AK) used solely primary treatment, electricity consumption
intensity estimates were notably less accurate for this city, overestimating city-wide electricity usage
across almost all methods. For most energy consumption estimation methods, the estimated energy con-
sumption intensity tends to decrease as plant size increases.

4. Discussion

4.1. Sensitivity analysis on validation set
To assess estimation method accuracy, we compared electricity consumption intensity estimates to repor-
ted values for 66 cities in the original dataset [25]; however, several outliers in our results indicate that
method accuracy can vary substantially depending on what cities are included in the validation set. To
evaluate the sensitivity of our results to the validation set composition, we applied repeated k-fold cross-
validation and assessed how each electricity consumption estimation method varies in accuracy when
validated using different subsets of cities. We randomly split the full validation set (66 cities total) into
two groups of 33, recalculated MAPE for each subset, then repeated this process 50 times (figure 6).

As visualized in figure 6, the impact of changes to the validation set differs across electricity con-
sumption estimation methods. A wider range in MAPE values indicates our evaluation of method accur-
acy is more sensitive to what cities are included in the validation set, thus reducing confidence in our
evaluation of method performance. In contrast, a narrower distribution of MAPE values indicates the
method is robust to changes in the validation set. We observe the following ranges in potential MAPE
values for each method: Flow (36%), Effluent A (38%), Effluent B (30%), Configuration A (T) (28%),
Configuration A (BP) (16%), Configuration B (T) (28%), Configuration B (BP) (14%), Process A
(68%), and Process B (43%). To identify which methods were most sensitive to changes in the valida-
tion set, we applied Levene’s test to each possible combination of methods (n = 64) and obtained the
p-values detailed in (table S17). These results indicate that the Flow, Effluent B, Configuration A (T),
and Configuration B (T) methods can be considered equally sensitive to changes in the validation set.

To investigate how the variance in error fluctuates based on the size of the validation set, we used
bootstrapping to randomly sample the full set in groups of n = 5–65, 1,000 times each. For each sample
size, we calculated the standard deviation of MAPE. We observed that standard deviation of MAPE tends
to decrease as sample size increases, indicating that smaller validation samples exhibit wider ranges of
error in this analysis (figure S2). This has important implications for our assessment of electricity gen-
eration methods in particular, as these results are grounded in a smaller validation set (21 cities total).
This validation set is likely too small and, subsequently, sensitive to the validation sample to confidently
rank the accuracy of each method. However, we include the results in this analysis because the wide
range in accuracy is in and of itself a finding, especially as the wastewater industry focuses more heav-
ily on resource recovery. This preliminary result demonstrates the need for additional data collection and
method validation.

4.2. National energy consumption estimations
Previous studies have estimated national electricity consumption to be between 18.1 and 30.2 TWh per
year [2, 5–7]. By applying the evaluated methods to all 14,558 WRRFs in the baseline national inventory,
we obtained ranges for the total national electricity and energy use from wastewater treatment in 2012
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Table 5. Percent of reported electricity consumption intensity by plant characteristics.

Percent of reported electricity consumption intensity (%)

Number of cities Flow
Effluent

A
Effluent

B
Configuration

A (T)
Configuration

A (BP)
Configuration

B (T)
Configuration

B (BP) Process A Process B

Flow rate [103 m3 d−1] 43.8–126 19 130 150 100 100 68 100 69 220 170
126–274 16 110 160 110 94 59 84 48 210 150
274+ 27 100 140 96 91 61 91 58 200 140

Effluent treatment
level

Primary 1 290 130 70 250 190 250 190 310 290
Secondary 22 130 160 100 99 67 100 69 210 130
Advanced 39 100 150 100 90 57 83 50 210 160
Multiple 4 83 110 70 84 54 80 49 160 110

Latitude <35◦ 15 130 180 120 110 71 110 68 240 160
35–42.5◦ 37 94 130 89 80 53 78 50 190 150
>42.5◦ 14 140 160 110 120 77 120 70 230 150

∗Note, bolded values represent the most accurate estimation method for the given subset of cities in the validation set.
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Figure 6. Distribution of mean absolute percent error (MAPE) for repeated k-fold cross-validation. For 50 repetitions, we ran-
domly split the validation set (66 cities) into two groups and recalculated the MAPE for each group. Each point on this plot rep-
resents the MAPE for a unique subset of cities in the validation set in terms of estimating electricity consumption intensity. The
Flow, Effluent A, Effluent B, Configuration A (T), Configuration A (BP), Configuration B (T), Configuration B (BP), Process A,
and Process B methods, respectively, exhibit the following ranges in MAPE: 26-62%, 44-82%, 22-52%, 30-58%, 43-59%, 32-60%,
47-61%, 80-148%, and 42-85%. Letters indicate groups of methods that are equally sensitive to changes in the validation set, as
detailed by the p-value matrix in table S17.

(table S18) that partially align with previous estimates, with the exception of the Configuration A and B
and Process A methods.

However, we exclude the Effluent A, Configuration A, Process A, Process B, and Regression methods
from our final range of national electricity and energy consumption values with the following justifica-
tions:

• Because we assigned only 3,065 out of 14,558 WRRFs a treatment train and, subsequently, an energy
use via the Configuration A method, the national baseline estimates for the original treatment train
method only represent 60.6% of facilities by volume in the United States and should not be con-
sidered a comprehensive estimate of national energy use.

• As discussed in the sensitivity analysis, the accuracy of the Effluent A, Process A, and Process B meth-
ods fluctuates substantially depending on what cities are included in the validation set, reducing our
confidence in these estimations.

• The Regression method consistently scored the worst in terms of all error metrics, overestimating
energy consumption by an average of 150%.

Excluding these five methods, our final estimates of national electricity consumption in 2012 range from
11.1 to 24.4 TWh and, for total energy consumption, range from 50,900 to 77,100 TJ. Our results indic-
ate that WRRFs comprised between 0.27% and 0.59% of total national electricity consumption and
between 0.05% and 0.08% of energy consumption in 2012 [36]. These ranges are lower and narrower
than those of previous studies which estimated WRRFs to consume between 0.8% and 3% of electricity
[2, 3] and 0.1–0.3% of primary energy [4], nationally. For the 16,177 WRRFs in the projected national
inventory, we forecasted total national electricity and energy use from wastewater treatment in 2042
(table S19). Excluding the same five methods from our projections, we estimate that national electricity
consumption in 2042 will increase to between 16.5 and 39.6 TWh and that national energy consumption
will increase to between 81,100 and 123,000 TJ. National electricity use is expected to increase between
47% and 73%, supporting the hypothesis that rising populations and more stringent effluent water qual-
ity requirements will increase energy demand.

It is important to note that 90% of our validation set is greater than 18,927 m3 d−1 (5 MGD), and
these methods may perform differently on small WRRFs. However, considering that the majority of flow
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in the national inventory (78%) is processed by large WRRFs, we apply them to the entire inventory
herein. Note that we included the national estimates for electricity generation to demonstrate the wide
range in theoretical energy recovery but, due to a paucity of validation data, were unable to assess the
accuracy of these methods.

4.3. Limitations
This analysis depends heavily on the CWNS, the most comprehensive data source for wastewater infra-
structure in the United States. The CWNS is an invaluable resource for wastewater-related research,
but it also has limitations that may have had variable impacts on our assessment of method accur-
acy. For instance, as shown in figure 6, the Process A and B methods exhibit wider ranges of MAPE
than the Configuration A and B methods despite relying on the same unit process data from CWNS.
A notable difference between these methods is that the Process A and B methods assign electricity con-
sumption intensities to individual unit processes and sum to create a cumulative intensity, whereas the
Configuration A and B methods use only key unit processes to assign WRRFs treatment trains with
modeled intensities. The sensitivity of the Process A and B methods to the validation set, coupled with
relatively consistent overestimation of electricity consumption, suggests inaccuracies in unit process
reporting and/or flaws in our methodology for compiling unit process data and illustrates how uncer-
tainty regarding unit process reporting can propagate through an analysis.

Due to the survey’s evolving structure and requirements, not all active WRRFs report updated
information every year of the CWNS. For example, in 2012, the state of South Carolina did not submit
any WRRF data, and in 2022 only 12% of WRRFs reported updated unit processes. Rather than have
every WRRF report updated unit processes in 2008 and 2012, these surveys requested that respondents
report changes (e.g. abandonment, expansion, new process) to their facilities. These change codes proved
challenging to interpret, as respondents sometimes selected multiple, conflicting change codes for unit
processes. These data limitations resulted in 11,493 WRRFs not having enough unit process informa-
tion available to assign a treatment train via the Configuration A method and 2,550 WRRFs not hav-
ing enough information to assign an electricity consumption via the Process A method. Additionally, in
the 2022 CWNS, respondents reported only one flow rate and did not specify if the value was design
or observed flow, values which were reported separately in prior releases of the CWNS. Therefore, the
energy projections based on forecasted flow reported in the 2022 CWNS are likely overestimations.
Future research efforts could improve these projections by exploring strategies for separating actual
and design flow rates in the 2022 CWNS, or using an alternative source for flow rate data. Additionally,
future projections could be improved by exploring ways to supplement or reduce inconsistencies in unit
process data from the CWNS.

The 2004, 2008, and 2012 CWNS also do not specify whether biogas is used for electricity generation
or heating, meaning we had to reference additional datasets [29–31] for energy recovery estimates that
are accompanied by their own limitations. The main shortcoming of the WEF database is that it does
not distinguish between rich and lean-burn reciprocating engines, a necessary distinction for the Biogas
B method. Consequently, because most of the engines installed today are rich-burn [24], we assumed
that all combustion engines reported in the WEF database are rich-burn. Because not every WRRF iden-
tified what kind of prime mover is used to convert biogas to electricity, we assumed WRRFs without a
specified prime mover used reciprocating engines. Lastly, some WRRFs may generate electricity using
other methods (e.g. photovoltaic cells [37]) but estimating electricity generation from sources other than
biogas ultimately falls outside the scope of this research.

In addition to the limitations related to input data, the data used for validation collected by Chini
and Stillwell [25] likely includes energy demand from collection systems and other auxiliary needs like
office and laboratory spaces for some WRRFs. Energy use for pumping in the collection system is typ-
ically negligible compared to the energy required for wastewater treatment [2] and most of the meth-
ods evaluated in this study do not include energy use by collection systems. Some methods like the
Configuration and Process B methods do, however, include the energy cost of providing the final lift
pumping from the sewers to the hydraulic grade of the WRRF. Similarly, some (Configuration and
Process B methods) but not all methods include the energy costs of auxiliary needs. Another complic-
ation related to the validation set is that Chini and Stillwell [25] do not specify how much of the collec-
ted biogas is used for electricity generation versus heating. Consequently, we assumed that 70% of biogas
collected was used for electricity generation and that generators have an efficiency of 37% based on the
EIA’s 2012 Survey Form EIA-923 [31].

Of the 107 WRRFs in the final validation set, 30 reported using combined sewer systems. Because
combined sewer systems direct stormwater in addition to wastewater into WRRFs, influent water qual-
ity composition and, therefore, energy efficiency at WRRFs, can be affected by irregular temperature and
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precipitation patterns [38]. Considering that several cities in the validation set experienced an abnor-
mally dry or wet year in 2012 [39], our validation efforts may have been influenced by extreme weather
patterns and/or climate change. Lastly, because the validation set used in this study is composed entirely
of WRRFs in urban areas, typically large cities, methods that produce accurate estimations herein may
perform differently if applied to WRRFs with different characteristics than those of the validation set
(e.g. rural or smaller, suburban wastewater treatment systems).

4.4. Comparing estimationmethods
Our results demonstrate that not all energy consumption and potential estimation methods are appro-
priate for every use case. Calibrating the methods using the results of our validation has the potential to
yield a more robust approach for energy accounting at WRRFs, but given the aforementioned limitations
of this work, we recommend this for future research and highlight the advantages and disadvantages of
each method as originally published below.

Electricity consumption: In our analysis, the Effluent B and Flow methods demonstrated low error rel-
ative to others in terms of estimating electricity consumption intensity. The Configuration (T) meth-
ods also performed well, but less consistently across all the evaluated metrics. The Flow, Effluent B, and
Configuration (T) methods exhibit relatively low sensitivity to changes in the validation set, but the
Flow method is slightly less robust. The Flow and Effluent B methods only require flow rate and efflu-
ent treatment level data, both of which are relatively consistently collected metrics for WRRFs; therefore,
these methods are well-suited for large-scale analysis of many WRRFs or when limited data is available
on treatment practices. However, the Effluent B method is more appropriate for analyses in which chan-
ging effluent water quality requirements are a consideration, as their impacts on energy use may not be
captured by the Flow method. The Configuration methods model energy intensities specific to a vari-
ety of treatment trains, and therefore would be more appropriate for comparing different configurations.
However, because they require ample unit process data, the Configuration methods are also more time-
intensive to implement. For a summary of our recommendations for selecting an electricity consumption
estimation method, please see figure 7.

Energy consumption: For any estimate of total energy consumption, we recommend the Configuration
B method, as the Regression method consistently overestimates energy consumption. The Configuration
A and B methods under the typical assumption performed best across the evaluated error metrics, but
were slightly more sensitive to changes to the validation set than their best practice counterparts which
tended more strongly towards underestimation of energy use. However, it is important to note that this
study was conducted using data from over a decade ago, and some WRRFs may have adapted their tech-
nology and operating practices to be more efficient and, therefore, similar to the best practice treatment
trains since then. Both treatment train-based methods depend heavily on high quality unit process data,
but because the Configuration B method includes methodology for assigning a treatment train, flexib-
ility to assign a treatment train with little or inconsistent unit process data available, and a wider range
of possible treatment trains, we ultimately recommend this method over the original Configuration A
method.

Energy recovery: Due to the limited number of electricity-generating facilities and ambiguity as to how
much biogas is used for electricity generation versus heating in the validation data, it is difficult to con-
clude the optimal method for estimating electricity generation. However, the wide range of accuracy and
high sensitivity to the validation set exhibited by the electricity generation estimation methods in this
analysis underscores how little is known about the reliability of energy recovery estimates at WRRFs. As
academic and industry focus shifts to energy recovery as a means of reducing the economic burden on
and energy independence of WRRFs [7, 8, 12, 15], the ability to accurately estimate current and projec-
ted energy recovery is becoming increasingly critical for researchers and practitioners alike. Researchers
require reliable methods for estimating energy recovery with limited access to empirical data, particularly
for large-scale water–energy nexus studies, and practitioners with facility-specific energy and flow data
may still require tools to understand how changing flow rates, water quality regulations, and technology
upgrades impact their energy use. However, without more data from utilities regarding biogas collection
and the amount of electricity produced, reported separately from electricity purchased from the grid, we
cannot perform the more rigorous validation of these methods that is necessary to employ them with
confidence.
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Figure 7. Summary of recommendations for selecting an electricity consumption estimation method based on accuracy, sens-
itivity to the validation set, and data availability/computational intensity constraints. ∗Added flexibility refers to the ability to:
estimate natural gas use and energy recovery in addition to electricity use; break down energy consumption by unit process; com-
pare energy impacts of different kinds of treatment technologies; and analyze energy requirements of future technology adoption
(e.g. nutrient removal, biogas utilization).

5. Conclusion

In this study, we used publicly available data to compare the accuracy of methods for estimating WRRF
electricity and energy consumption. When applied to baseline and projected inventories of WRRFs in
the United States, these methods produced a wide range of estimated energy demands, highlighting
the uncertainty regarding how much energy is and will be required by the wastewater treatment sec-
tor. However, through highlighting the advantages and disadvantages of each method, this work enables
researchers and practitioners to make more informed estimations in the absence of empirical data.
Because the methods evaluated in this study rely on different aspects of large and often inconsistent
datasets, improving the coverage and quality of wastewater flow rate and unit process data is essential
to strengthening estimates of energy use and potential. Changes to the CWNS like requiring updated
reporting of unit processes, distinguishing between observed and design flow, and reporting the por-
tion of biogas for electricity production versus heating would substantially improve the reliability of the
dataset and, subsequently, energy estimates dependent on it. This work also emphasizes the need for
total energy consumption estimation methods that can function independently of unit process data, as
accurate energy consumption estimates play a key role in reducing dependency on natural gas. Lastly,
because increased data availability enables stronger method validation and, therefore, more confident
recommendations to industry, we advocate for increased transparency from water and wastewater utilit-
ies regarding energy consumption and generation data.

Wastewater treatment in the United States is changing as the result of rising demand, degrading
infrastructure, evolving water quality regulations, and fluctuating levels of investment in the water sector.
However, without proper consideration of the energy impacts of WRRFs, these changes have the poten-
tial to undermine decarbonization efforts and shift risk to the consequences of relying on a carbon-
intensive energy grid. Subsequently, understanding current and future energy requirements of WRRFs is
key to adapting to changing conditions in a sustainable manner. By providing situation-specific sugges-
tions for energy estimation methods and bounds for uncertainty in existing estimates, this research can
be used to enhance the accuracy of future WRRF energy estimations and underscores the importance of
accurate energy accounting in the wastewater sector.
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