
Environmental Science
Advances

PAPER

O
pe

n 
A

cc
es

s 
A

rt
ic

le
. P

ub
lis

he
d 

on
 1

4 
de

 f
eb

re
r 

20
23

. D
ow

nl
oa

de
d 

on
 1

5/
3/

20
26

 1
0:

53
:0

9.
 

 T
hi

s 
ar

tic
le

 is
 li

ce
ns

ed
 u

nd
er

 a
 C

re
at

iv
e 

C
om

m
on

s 
A

ttr
ib

ut
io

n 
3.

0 
U

np
or

te
d 

L
ic

en
ce

.

View Article Online
View Journal  | View Issue
Novel systematic
aBob L. Herd Department of Petroleum Engin

Avenue, Lubbock, TX 79409, USA. E-mail: st
bJohn A. Reif, Jr. Department of Civil and

Institute of Technology, Newark, NJ 07102,
cDepartment of Civil Engineering, NewMexic

USA
dFIRST Exploration and Petroleum Developm
eTRC Consultants, LC (PHDWin), 5806 Mes

† Electronic supplementary informa
https://doi.org/10.1039/d2va00282e

Cite this: Environ. Sci.: Adv., 2023, 2,
508

Received 17th November 2022
Accepted 26th January 2023

DOI: 10.1039/d2va00282e

rsc.li/esadvances

508 | Environ. Sci.: Adv., 2023, 2, 50
approach for produced water
volume quantification applicable for beneficial
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Produced water (PW) is an undesirable product generated during oil and gas production. More than 56% of

the PW volume generated in the United States is disposed of either into the subsurface non-productive

water-bearing reservoir (referred to as Saltwater Disposal well, SWD) or through other means. In the

Permian Basin, 38–50% of the PW water volume generated is disposed of into SWD. Using SWDs comes

with challenges such as overpressure, loss of injectivity, seismicity, and groundwater contamination. As

such, it has become imperative to consider the beneficial reuse of produced water outside the oil and

gas industry. Besides the PW volumetric data available in the public domain or some companies'

repositories, not much attention is given to the potential volume that will be accessible for beneficial

reuse or prediction of future values. Usually, the water–oil ratio (WOR) or water–gas ratio (WGR) is used

for this projection (often a generalization of the accurate picture). However, a critical question remains

on how much of the PW will be available for beneficial reuse in the coming years. This requires

a rigorous method for quantifying and predicting PW obtainable over the long term. As an improvement

over existing techniques, this study employs decline-curve analysis (DCA), type-curves method, and

historical drilling and production data to develop a new systematic method for quantifying and

predicting PW volumes at the basin and other aggregate levels. The applicability and robustness of the

proposed method are demonstrated using Permian Basin (in West Texas, US) as a case study due to its

uniqueness. The results indicate that the remaining PW in Permian is expected to peak at about 8–16

MMbbl per day in the period 2023–2027, while a total of 34–149 Bbbl of PW would be available for

export to external industries over the next 38 years. A retrospective review of PW rates predicted for

Permian in previous studies suggests that the approach and results of this new study are improvements

over the previous ones. The new method and findings from this work should find relevance in

predictions and sustainable management of PW in other petroleum basins in the United States and

elsewhere.
Environmental signicance

Notably, 60% of the states in the US have drought intensity ranging from moderate to worse, based on the National Drought Mitigation Center January 2022
report. Simultaneously, the discussion of recycling and reusing produced water (PW) in various sectors is increasing. Treated PW can reduce fresh water
consumption in other industries or be used directly for agriculture, domestic purposes, etc. The question remains as to how much PW is accessible from the
petroleum industry. Accurate quantication of PW is critical for benecial reuse in the non-petroleum industry. A workow that can be applied to any eld/basin
developed using decline curve analysis-Arp's model and the type curve normalization method. To demonstrate, the Permian Basin is used as an example.
Projected PW accessible for external utilization totaled 34–149 billon bbl for the next 38 years with 8–16 bbl per d.
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1 Introduction

Traditionally, produced water (PW) is naturally occurring water
found in a petroleum reservoir and produced as a byproduct
during the exploitation and production of oil and natural gas
from the subsurface system. However, owing to advances in the
depth of knowledge and diversity of sources, the foregoing
denition has recently been expanded to describe other types of
© 2023 The Author(s). Published by the Royal Society of Chemistry
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water usually generated as waste during petroleum production
operations1 these include, water produced because of water
breakthrough during water injection or ooding and owback
water from hydraulic fracturing. PW is the most signicant
waste stream in the petroleum industry by volume. For instance,
in the United States (US), cumulative production was estimated
at 1.8 trillion bbl (75.6 trillion gallons) from 1933–2022 using
the combination of the percentage volume reported by the
Ground Water Research and Education Foundation (GWREF)
Report of 2017 and Enverus-prism databases, as shown in
Fig. 1a (Veil, 2020). The yearly production in the US from
different reports ranges from 14 to 24.4 Bbbl‡ between 1985 and
2017, as shown in Fig. 1b.2–9

A reasonable fraction of PW is currently being managed
using it for secondary and tertiary recovery processes, i.e.,
enhanced oil recovery (EOR). At the same time, the balance
amount is being disposed of in salt-water disposal (SWD) wells,
evaporation ponds, rivers, lakes, etc. aer pre-treatment, or
transported to a private centralized industrial wastewater plant
for treatment.12–15 According to the Ground Water Protection
Council (GWPC) report in 2015, of the total amount of the
produced water generated from oil and natural gas develop-
ment onshore and offshore in the US, some 45% of the
produced water was used within the standard oil and gas
enhanced-recovery operations, while 55% was reportedly
disposed of by other means.3 In 2017, 91.5% of the produced
water in the US was reused with 43.6% injected for enhanced
recovery, 38.0% injected at the disposal wells operated by the oil
and gas companies, and the remaining 9.9% injected at the
offsite commercial disposal facilities. 5.5% of the produced
water was discharged to the surface water. 0.4% was evaporated,
primarily in several arid western states, from onsite ponds and
pits and at several commercial disposal facilities. 1.4% was
reused within the oil and gas industry other than injection for
enhanced recovery.2

Texas state is the largest producer of produced water with
about 38% of the cumulative volume from 1933–2022 (Fig. 1a).
There are several basins in the State of Texas, US, which include
the Permian Basin, Western Gulf Coast, Fort Worth, and East
Texas Basin (Haynesville Bossier shale play), which straddles
the three states of Arkansas, Louisiana, and East Texas, as well
as Anadarko and Ardmore (Fig. 2). Fig. 2 presents a breakdown
of the PW volume in Texas, split by the source basins and
disposal outlets. The Permian Basin is the highest water
producer with about 290 Bbbl cumulative PW from 1933–2022.
Some 46% and 54% of the Permian's PW volume are used for
EOR and injected in SWD wells either by non-commercial or
commercial disposal facilities (36% and 17%), respectively.2

Other databases show that the volume injected for EOR is 33%
of PW, while others are disposed of by SWD or other means, as
shown in Fig. 2.

The foregoing indicates that the major means of disposal is
SWD, which, unfortunately, has raised some other environ-
mental issues. Such concerns include groundwater
‡ Bbbl – billion barrels.

© 2023 The Author(s). Published by the Royal Society of Chemistry
contamination, and induced seismicity causing earth-
quakes.16,17 Over the years, these challenges have not been
addressed or eliminated, hence the search for alternative means
is paramount. Another challenge is increasing PW volume due
to an increase in oil and gas production, resulting in increased
PW injection volume into SWD wells, which can lead to over-
pressure and constrained reservoir volume (especially in the
case of a closed boundary system). As of 2015, it was reported
that several SWD wells were approaching full reservoir volume
capacity constraint in the Permian, thus leading to loss of
injectivity or overpressure.18 Aside from the challenges facing
PW treatment and disposal, Scanlon et al. (2022) noted that the
subsurface disposal capacity for accommodating PW is
a concern.19 Addressing this concern may require some inter-
vention at the well or stimulation or, in the worst case, drilling
of another SWD. The management of PW in the Permian is
expected to become increasingly expensive and problematic,
aggravating the stresses on the environment and some other
indices of sustainable development. Other options include
paying a fee to a commercial company to treat and dispose of
excess PW that cannot be handled by non-commercial disposal
facilities.

Dahm et al. (2014) showed that the cost of transportation of
such facilities ranges from $0.5–8 per barrel depending on
distances, the cost of treatment ranges from $0.2–8.5 per barrel
and the cost of disposal is in the range of $0.07–1.6 per barrel.
This totals a range of $0.77–18.1 per barrel.20 On the other hand,
the benecial reuse has gained importance in reducing the
consumption of fresh water and aiding water conservation.
Therefore, benecial reuse is one-way of repurposing the PW
injected in SWDs or the remaining water disposed of by other
means. Considering the foregoing background and statistics
from the Permian Basin, as an example, the pertinent question
is: how much the produced water can be used for the benecial
reuse in years to come and how do we achieve robust predic-
tions of PW volumes to aid proper planning for the benecial
reuse in Texas and elsewhere across the world. In other words,
the objective of this paper is the long-term prediction of the
proles of net produced water obtainable from oil and gas
production activities in the Permian Basin (West Texas) that
may be accessible for benecial reuse.

In the active lifetime of any petroleum eld development and
management, proles of PW volumes expected from a green
eld are generated either from rigorous reservoir-simulation
models or estimated from performance data available from
nearby brownelds as analogs. These insights are important in
designing the capacity of water-handling facilities. Usually,
these reservoir models are periodically calibrated based on
actual well-test data from the eld of interest to enable reliable
predictions of oil, gas, and accompanying water. Depending on
the state, regulatory body historic PW volumes are available on
online sources, e.g., New Mexico's Oil and Gas Conservation
Division (NMOCD), and the Texas Railroad Commission (RRC),
while others are not publicly available but in in-house reposi-
tories of oil and gas companies.

Comparison of the PW volume published by the Texas Alli-
ance of Energy Producers (the Alliance) and the Independent
Environ. Sci.: Adv., 2023, 2, 508–528 | 509
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Fig. 1 (a) Produced water volume from the United States from 1933–2022 using the Enverus prism database and 2017 GWPC report10 (b) US PW
yearly production from 1985 to 2017.3–6,8–11
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Petroleum Association of America (IPAA),21 GWREF,
GWPC,4,7,8,10 and Enverus Drilling info database in the state of
Texas is shown in Fig. 3. There is a variability of more than 20%
between the upper and lower bounds of these reported data.
The sources of these data are responsible for this variability. For
example, the value reported by Sourcewater, Inc. is multiple
information from the PW database, which are integrated to
ascertain the most precise and accurate PW data possible, while
that from the B3 insight is from the Railroad Commission's
(RRC's) H-10 Annual Disposal/Injection Well Monitoring
Report.21

To predict PW volumes, different researchers have estimated
the current and future WOR (Table 1). Their results vary widely,
underscoring a limited understanding of the key controls of
WOR and how these controls would evolve in the future.
510 | Environ. Sci.: Adv., 2023, 2, 508–528
Contrary to the view that produced water volume will increase
rapidly year-on-year due to the aging of wells, this is not the
case, as shown in Table 1 and Fig. 3. A review of these results
suggests that there is neither consistency nor a logical trend in
these WOR estimates, and the assumption of a continuous
increase in WOR may have been an overestimation of the true
picture. Arowoshola et al. (2011) predicted that global WOR
values will increase from 3.0 to 12.0 within 9 years. However, as
reported by Nair et al. (2019), the WOR has remained largely at
about 3.0 in the same prediction period. These inconsistent
estimates may be attributed in part to differences in underlying
data sources used as well as methods of evaluation employed in
the different studies.

This is because many factors drive water production (Fig. 4),
as in the case of oil production where some are controllable and
© 2023 The Author(s). Published by the Royal Society of Chemistry
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Fig. 2 Historic PW volumes with producing basins in the State of Texas, US (data source: Enverus-drilling info and Prism).

Fig. 3 PW volume variability from available reports.4,10,21

Table 1 Some aggregate WOR estimates from the literature

S/N WOR (bbl/bbl) WGR (bbl/MMcf)

1 7.0 —
2 9.5 —
3 7.6 260
4 12 —
5 9.2 97.0
6 4.8 76.4
7 3.0 —

© 2023 The Author(s). Published by the Royal Society of Chemistry
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others are not.26 The controllable factors are operation-related,
while uncontrollable ones are reservoir and uid properties
based. Generally, water production occurs when hydrocarbon is
produced; hence, the PW projection is tied to accompanying
petroleum production. Usually, the WOR and WGR parameters
are volumetric ratios of water to either oil or gas used to the
approximate associated PW volume. WOR/WGR can be calcu-
lated at different levels, which include well, reservoir, eld,
county, district, and region. Understanding the drivers of PW at
various individual and aggregate levels is crucial to generating
realistic predictions of future rates and volumes for technical
and business planning.

Most of these PW-controlling factors are usually dynamic
and difficult to predict in practice, limiting the robustness of
WOR and WGR as the primary predictive variables. This limi-
tation notwithstanding, the use of WOR and WGR is readily
illustrative, as evident in the following example. For illustration,
Fig. 5 depicts the examples of reservoir and well types evaluated
Premises (reference)

Onshore average in 2002 in the United States22

Onshore average in 2004 in the United States9

Onshore average in 2007 in the United State4,23

Global production WOR increase in 15 years for the onshore eld24

Onshore average in 2011 in the United States8

A weighted average of some states in 2017 in the United10

Global production WOR 2019 (ref. 25)

Environ. Sci.: Adv., 2023, 2, 508–528 | 511
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Fig. 4 Factors controlling the volume of water production.
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in this paper. Unconventional reservoir refers to tight sand,
shale oil, gas, or vuggy carbonates while conventional reservoirs
include sandstone, limestone, dolomite, or mixed sands.
Conventional wells are vertical and deviated wells, while
unconventional wells are horizontal and highly deviated (incli-
nation > 70°). All these reservoirs and well types produce water
but in different proportions and exhibit varied characteristics in
terms of WOR, WGR, and water production proles. As shown
in Fig. 6, a typical reservoir production prole indicates that
a well completed in a conventional reservoir is characterized by
a reasonably predictive water-production prole aer the water
breakthrough. Conversely, the water-production characteristics
of a similar well completed in an unconventional reservoir are
relatively more complex and less predictive. Most importantly,
any type of the well produced in an unconventional reservoir
typically exhibits water production from inception, which
increases more aggressively with time than its counterpart
draining a conventional reservoir. In this paper, the discussion
is focused on unconventional reservoirs with vertical and hori-
zontal well completion.

Different scenarios of the variations of reservoir and eld
WOR with well trajectory effects are illustrated in Fig. 7. Despite
the wells being completed in the same reservoir, the impact of
differences in the well trajectory is high. The horizontal wells
have much less aggressive WOR evolution compared to the
counterpart vertical wells. The lower drawdown and higher
productivity of the former enable it to delay water inux and
mitigate post-breakthrough prole compared to the latter well
type. With the recent increase in horizontal drilling, water
production per unit of oil and gas recovery is most likely to be
reduced.

Whereas an increase in drilling activities and successful well
completion increase the production of hydrocarbons and water,
a shut-in, abandonment, or repurposing of high water-
producing wells would reduce water production though this
may be at the expense of some oil and gas production. In
essence, the foregoing shows how careful selection of the well
type, completion target, production practices, and in-eld
optimization efforts can forestall and mitigate undesirable
PW challenges.

As an improvement over existing techniques (which
primarily use WOR to estimate PW), this paper employs decline-
512 | Environ. Sci.: Adv., 2023, 2, 508–528
curve analysis, type curves, and historic drilling and production
data to develop a new systematic method for quantifying and
predicting PW volumes at the basin and other aggregate levels.
Using Permian Basin (in West Texas, US) as a case study, the
applicability and robustness of the proposed method are
demonstrated.

1.1 Background

To the best of our knowledge, there is a paucity of materials on
the rigorous quantication of PW volume in the open literature.
However, there are several studies on oil and gas production
forecasting methods used in the past. One of these methods is
the Arps' function. The Arps' empirical model was introduced in
1945.27 It is a hyperbolic function with three dependent vari-
ables to describe how hydrocarbon production declines with
time during the decline phase, i.e., aer the water or gas
breakthrough. Mathematically, the general form of the Arps'
model is expressed as follows:

qðtÞ ¼ qi

ð1þ bDitÞ
1
b

: (1)

The variables in eqn (1) are the initial rate qi (m
3 s−1) at the start

of the decline phase, the initial decline rate Di (s
−1), and the

degree of curvature or steepness b-factor (dimensionless). The
quantity t (s) is the elapsed time post breakthrough. The b-factor
or the Arps' decline exponent controls the type of decline and
shape, a major feature of the DCA. Depending on the kind of the
decline curve, the numerical value of b is oen in the range of 0–
1. Common forms of the function are exponential, harmonic,
and hyperbolic. The exponential and harmonic functions are
characterized by b = 0 and 1, respectively (eqn (2) and (3)). A
hyperbolic function is described by 0 < b < 1. The hyperbolic
function is the most common and typical decline.28

q(t) = qi exp(Dit) (2)

qðtÞ ¼ qi

ð1þDitÞ (3)

Fetkovich (1980) proved the scientic basis of the Arps'
function and introduced the concept of type curves using
several published sources, producing a set of type curves for
production, forecasting under both transient and boundary-
© 2023 The Author(s). Published by the Royal Society of Chemistry
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Fig. 5 (A) Type of reservoir and (B) type of wells.
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dominated ow conditions.29,30 The use of type curves ensures
reliable boundary-dominated reserves estimates.31 Fetkovich's
type curves have been modied for various reservoir systems
such as dual-porosity,32 naturally fractured, multilayered, or
similar shale reservoirs.33–36 Fraim et al. (1987) developed
a normalized time that linearizes the rate decline vs. normalized
time for a gas reservoir, producing against constant wellbore
© 2023 The Author(s). Published by the Royal Society of Chemistry
pressure during (external) boundary-dominated ow to improve
the Fetkovich method. This allows type-curve matching of the
exponential decline curve for a reservoir with any shape. It was
determined that the gas reservoir depletion plotted vs. the
actual time does not match exponential, harmonic, or hyper-
bolic decline curves, and future performance can lead to the
overestimation of the reserves and future rates.37–39 Blasingame
Environ. Sci.: Adv., 2023, 2, 508–528 | 513
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Fig. 6 Typical well oil and water production profiles for conventional and unconventional reservoirs.

Fig. 7 Comparison of the WOR historical profile for (a) horizontal and
(b) vertical well producing from similar reservoir systems for selected
examples (data source Enverus drilling info).
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et al. (1991) introduced the pseudo-pressure normalized
production and the material balance pseudo-time to improve
the type-curve, which considered the production at variable
bottom hole owing pressure and the gas properties changing
with the formation pressure.40 Agarwal et al. (1999) combined
the decline-curve and type-curve analysis concepts to evaluate
514 | Environ. Sci.: Adv., 2023, 2, 508–528
the volumes of oil and gas in place as well as to estimate
reservoir permeability, skin effect, fracture length, conductivity,
etc41. Type curve-analysis methods have become popular during
the last 30 years, hence they are integrated into themethod used
in our current evaluation. Specically, we apply normalized
curves and Arps' functions in our predictions for new wells.

Some researchers modied the Arps' equation for a better
forecast of oil and gas production, while others used a combi-
nation of different types of evaluation. For instance, Valkó and
Lee (2010) proposed a Stretched Exponential Production
Decline (SEPD) that enables the prediction of the production
rate taking into consideration the two-phase ow behavior
observed in the production of shale gas.42 Although the initial
production behavior for SEPD is like a hyperbolic decline, it is
possible to consider a decline exponent greater than 1 and
appropriately apply it without modifying large amounts of data.
Jongkitfnarykom et al. (2020) modied the Arps' model for
multi-layered wells,43 while Gorditsa et al. (2020) used a modi-
ed Bessel function to improve the results of a stretched/power
law exponential model(s) at the intermediate and late times.44

Hong et al. (2019) combined probability and statistical methods
with the Arps' model.45 Xi et al. (2019) used geo-statistics (co-
kriging of decline-curve parameter values) to determine the
Arps' model parameters to give the best linear unbiased
prediction of parameter values at undrilled locations.46 Bla-
singame (2022) used the type curve groupings based on
productivity indices in combination with the modied hyper-
bolic and power-law exponential DCA models.47 Tadjer et al.
(2022) incorporated Arps' model with an automated machine
learning (ML) method for supervised learning and a Bayesian
neural ordinary differential equation framework for time-series
modeling to forecast the oil production rate.48 Kim et al. (2014)
compared the probabilistic results of Arps' hyperbolic decline
and SEPD and reduced the uncertainty due to low permeability
or hydraulic fracturing by incorporating Monte Carlo simula-
tion and combined multiple-well decline analysis for the shale
gas reservoir.49 The result indicated that for gas reservoirs, SEPD
yields better results because it captures the long transient ow
exhibited by a reservoir in which hydraulic fractures are being
applied and reduces the uncertainty related to the time at which
boundary-dominated ow commences.49 Terminiello et al.
© 2023 The Author(s). Published by the Royal Society of Chemistry
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(2020) compared the use of four different DCAs for unconven-
tional resource evaluation-the Arps' modied hyperbolic model,
Duong modied model, Stretch exponential, and power expo-
nential methods. The Arps' model gave a similar result as the
two latter methods.50 Despite various types of modications to
the Arps' model, a combination of different methods, the Arps'
model has proven to give relatively similar results. When the
number of wells is large, the use of the Arps' model to get
reliable production forecasts is usually laborious, cumbersome,
time-consuming, and error-prone due to a large amount of data
processing, hence efforts have been made to automate this
process.51

Several approaches have been developed for oil and gas
production forecasting. These range from a computerized
statistical approach to arrive at unbiased interpretations,29,30

and other statistical approaches such as standard principal
component analysis and regression.52 The use of fuzzy pattern
recognition and neural networks, which integrate DCA, type-
curve matching, and reservoir simulation or history matching
also gained recognition,53 however, the training of such a model
is equally laborious and time-consuming. The probabilistic
approach is also a common method that provides a measure of
uncertainty in reserve estimates. An example of a probabilistic
method used mostly is the Bayesian theorem or
computation.54–58 Patzek et al. (2013) proposed the use of
a simple scaling theory and growth model for forecasting the
production of hydraulic fracture wells completed in gas reser-
voirs.59,60 Recently, the applications of supervised ML, deep
learning (DL), and articial intelligence (AI) have been
implemented.51,61–66 While these methods provide automated,
improved uncertainty of the distribution of forecasts, and
various optimizing methods, it is important for the model to be
“well calibrated-biased”. Hagoort (2003) proposed an auto-
matic, computer-aided analysis using nonlinear regression in
gas reservoirs where the production rate vs. time is matched
without working through an elaborate processing stage.63 This
Fig. 8 Workflow for a new systematic approach of forecasting net wate

© 2023 The Author(s). Published by the Royal Society of Chemistry
relatively simple physical model of the production behavior was
studied using vertical wells and may not be applicable to hori-
zontal wells. Kianinejad et al. (2019) developed an AI-based DCA
model to generate an estimated ultimate recovery (EUR) by
creating a predictive model using part of the data and using the
remaining dataset to train the model. While it is a fast auto-
mated method,51 limitations such as the generation of non-
physical results over a long-term forecast have been reported.

More recently, Jiang et al. (2021) used ML algorithms to
predict PW volume in the New Mexico section of the Permian
Basin. One shortcoming of their work is that machine learning
does not account for the three major phases (i.e., early, middle,
and late) in the production lifecycle of a typical petroleum
eld.67 When a trained ML model is based on the combined
historical data, there is a high chance that the ML method will
either overestimate or underestimate the PW volume. Usually,
a large amount of data is involved, and the solution is to group
the wells by the types of well, reservoir, uid, eld, or county to
quantify the PW volume. If an ML algorithm is used, such
grouping will require a different model rendering the predictive
process and results cumbersome and less efficient for practical
applications.

The reliance on AI-based DCA for statistical analysis is
a detriment to reservoir engineering principles. This oen
leads to unrealistic and unreliable forecasts and reserve esti-
mates. The type curves are difficult to generalize for uncon-
ventional reservoirs. In addition, there are issues related to
scaling, for example, a model that works for one well may be
suboptimal in detecting similar production trends in different
wells, leading to large forecast errors.64 Additionally, these
methods follow a curve-tting optimization algorithm and
clustering/pattern recognition techniques, which still found
their basis in the Arps' model and could be more expensive in
implementation. As an alternative to the use of ML, AI, or DL
to quantity PW volume on an aggregate level, Arps' DCA is
a worthwhile technique and ideally suited for quantifying the
r production that can potentially be exported for beneficial reuse.

Environ. Sci.: Adv., 2023, 2, 508–528 | 515
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associated PW volumes of an oil and gas eld. Coincidentally,
the analytical techniques and tools for executing DCA are
mature and well-recognized in the petroleum industry as well
as affiliated sectors such as nance and relevant government
agencies.28,68,69

The Arps' model remains the simplest, easiest, and most
common method to use for forecasting production hence it is
applied in our current evaluation. Therefore, given its relative
simplicity, proven predictive capability, and popularity, this
paper invokes the traditional Arps' DCA model to quantify PW
volumes to aid the disposal and applications of produced
“wastewater” streams for benecial reuse. Most importantly, we
explore the applicability of Arps' models at different scales of
interest, which include well, reservoir, eld, and the country as
Fig. 9 (a) Disposed water volumes from conventional and unconvention
the Permian Basin.

516 | Environ. Sci.: Adv., 2023, 2, 508–528
deemed appropriate to the problem at hand on a case-by-case
basis.

2 Materials and methods
2.1 DCA and type-curve techniques

In this paper, we employed a hyperbolic decline function of the
Arps' model to forecast the production rates of oil, gas, and
water during the hydrocarbon decline phases for both conven-
tional and unconventional wells. Furthermore, a normalized
type-curve was exploited to generate production forecasts for
horizontal wells and then it was applied to the new drills. In
essence, we have taken a fundamental assumption that new
production wells would be mainly horizontal, hence our
al wells by county as of December 2021. (b) Historic produced WOR of

© 2023 The Author(s). Published by the Royal Society of Chemistry
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proposed application of current horizontal-well prediction
results to future new wells. Another underlying assumption,
which is fundamental to any DCA application, is that the factors
that inuenced historic performances would continue to drive
future performances.

Against the foregoing background, this paper developed
a new systematic approach for predicting water production in
the Permian Basin at the county level using the Arps' DCA
technique. The proposed systematic approach includes the
evaluation of existing producing wells and future development
wells, which led to a robust prediction of the produced-water
rates and volumes for the Permian Basin aggregated at the
county level. Furthermore, the workow and case study pre-
sented consider extensive drilling for the next 38 years in the
petroleum industry within the Permian Basin. We expect that
the proposed workow and ndings can be readily extended to
other basins and geographical locations across the world to
quantity PW volumes at any aggregate level of interest.

2.2 Data source, soware, and workow

The dataset used in this evaluation was obtained from Enverus
(drilling info and Prism database). The production history,
including produced oil, water, gas, and water-injection volumes
were extracted and loaded into PHDwin, a commercial DCA
soware. Because DCA is very sensitive to the quality and
appropriateness of the underlying historic production data, the
robustness of the results obtained is subject to the accuracy and
reliability of the reported historic produced-water volumes.
Fig. 8 outlines the workow employed in this study.

2.3 Permian Basin as a case study for evaluating produced
water

The Permian Basin, which straddles Southeastern New Mexico
and West Texas, is one of the largest and most prolic petro-
leum basins in the US.70,71 As a result, this basin generates an
enormous volume of PW, making it suitable for this study as an
appropriate PW benchmark for other basins in the US and
elsewhere. Focusing on the West Texas area, the Permian
consists of the Midland and Delaware, the Central Basin Plat-
form, Eastern Shelf, Northwest Shelf, and Val Verde basins. In
total, the subject basin comprises 58 producing counties and
over 147 374 wells, both vertical and horizontal (data source:
Enverus-Drilling info).

In terms of the disposed water volume to date, most counties
have a large volume that is signicant for benecial reuse
potential (Fig. 9a). For clarity, conventional wells in this context
refer to vertical wells and low-deviation (<50° inclination) wells,
while unconventional wells are strictly horizontal and highly
deviated wells.

From available records (Fig. 9b), the historically produced
WOR in the Permian exhibits a wide variation of 13.1 to 21.2,
with an arithmetic average of 15.9 for conventional wells and
4.5–13.5, with an arithmetic average of 6.4 for unconventional
wells. Between the years 2011–2021. Most importantly, there is
no clear and consistent WOR trend. Indeed, the absence of
a clear historic WOR trend in Fig. 9b makes the use of WOR as
© 2023 The Author(s). Published by the Royal Society of Chemistry
the basis of predicting future PW proles very challenging and
non-unique, especially at the basin level as required for the
target applications. Conversely, as it would be demonstrated
shortly, such a wide variation in WOR does not affect the
applicability of the systematic predictive approach introduced
because this new approach is not premised on WOR, which is
a ratio of the two different quantities, i.e., water and oil
production rates in the decline phase. Therefore, our proposed
utilization of the Arps' model to evaluate each of the oil and
water phases during the decline phase is inherently more robust
because it tracks individual phases, rather than their individual
trends being obscured in the use of volumetric ratios such as
WOR. Although it was originally developed for predicting oil
production, the applicability of the Arps' model for forecasting
the accompanying water production during the oil-decline
phase is well established.72

3 Theoretical calculations
3.1 Analysis of existing wells

A reliable production forecast is dependent on Arps' parame-
ters and the assumptions used. The b-factor of 0–1 in Arps'
model is acceptable when the reservoir is sandstone, lime-
stone, etc. For instance, Ambastha and Wong (1995) showed
that the b-factor of a hyperbolic function is in the range 0 < b <
1 when considering the oil production from a sedimentary
basin (sandstone and limestone) with a waterood recovery
mechanism. However, in practice, we oen observe values
much greater than 1.0, especially before the onset of the true
boundary-dominated ow.60,73 For unconventional reservoirs,
the b-factor is not easy to determine because it depends on the
degree of data scatter.74 Long et al. (1987) demonstrated that
the decline curves of the wells characteristically exhibit b > 1
using the hyperbolic-overlay technique for rocks that are
fractured and tight or relatively tight. The hyperbolic b expo-
nents (with an average of 1.7) characterizing thousands of
producing wells were determined, and it was concluded that
b exponents exceeding 1.0 are typical for the production
performance character of wells in many areas of the US.75

Given that the production data in our case do not exhibit such
high variation from the tted trend, the b-factors are consid-
ered reliable for each forecast. Extrapolation of the hyperbolic
declines over long periods of time frequently results in unre-
alistically high reserves hence a minimum decline rate must be
specied to convert the curve tting from the hyperbolic
function to the exponential. Typically, values in the range 0–
10% are used for the minimum decline rate.

Different types of plots can be used to represent the data
ranging from rate/time, rate/cumulative, log–log plots of water/
oil cut versus time/cumulative, etc.76 Duong (2011) proposed the
use of a log–log plot of rate vs. cumulative production for
fracture-dominated wells in unconventional-reservoir.
However, the rate/time DCA is the most reliable technique
and presents typical decline curves based on the production
data gathered from an unconventional reservoir.36,77 Other
methods complement the traditional decline rate, such as the
rate integral method, which smoothens the time–rate curve
Environ. Sci.: Adv., 2023, 2, 508–528 | 517
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without the introduction of an external smoothening mecha-
nism.78 For this evaluation, the rate–time curve was used in the
representation of each forecast. Both existing horizontal and
vertical wells were analyzed, however, the workow for hori-
zontal wells is detailed below.

Leveraging the available production history, a projection was
made for each of the existing horizontal wells in the Permian
Basin. The general premises and assumptions for the existing
wells in the DCA conducted are:

�Wells classied as either shut-in or drill uncompleted
(DUC) were excluded.

�All wells drilled before the year 2016 were evaluated with
one aggregate decline curve per county.

�Type curves were established using only the wells drilled in
the year 2017 for each county because the majority of the
horizontal drilling started around that year.

�Wells drilled from the year 2017 to 2021 were evaluated as
a group every year. This is because the wells drilled in different
years have different initial decline rates.

�Specically, the b-factor values of the type curves were used
for all cases. For the year 2021 forecast, due to the paucity of
data, both the b-factors and an initial nominal decline rate from
the type curves were used.
Fig. 10 (a) Typical production history showing a continuous increase in
existing horizontal wells in Midland County for (b) oil, (c) gas, and (d) wa

518 | Environ. Sci.: Adv., 2023, 2, 508–528
�A 5% minimum decline rate was assumed for the projec-
tion, i.e., the rate at which the curves change from using
a hyperbolic model to the exponential model.

Most of the production data at the county level do not exhibit
decline trends because new wells are being drilled concurrently
(Fig. 10a), especially for the horizontal well production proles.
To capture the varying decline rates, i.e., 2017–2021, we
analyzed individual forecasts (Fig. 10b–d).

For future drills, projection is based on the area available
within the target basins while considering the areas, existing
well spacing, well count, rig count, and lateral lengths of wells.
However, the analysis does not include conventional wells
because horizontal-well drilling has been predominant recently
and is expected to be sustained far into the foreseeable future.
Furthermore, for simplicity, the potential effects of the parent–
child interactions are ignored in this work.
3.2 Target areas for drilling and well count

A polygon drawn around the target area of the existing hori-
zontal wells was used to estimate the total development area
considered in this evaluation (Fig. 11). In this assessment, we
had to deal with more than 10 different layers of development
oil and gas production in Midland County. Production forecasts for
ter.

© 2023 The Author(s). Published by the Royal Society of Chemistry
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Fig. 11 A typical example of drainage-area estimation for Midland
County.
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(such as Bone Spring, Spraberry, Wolfcamp A, B, C, and D), as
shown in Fig. 12, for the horizontal well development. From the
geologic map, there may be a high density of horizontal wells,
but they are not landed within the same layer, hence it is
difficult and tedious to determine the number of horizontal
wells per layer. The relatively simple approach undertaken in
this work informed the decision not to explore the details of the
well density and the potential impacts on a layer-by-layer basis.

A reasonable assumption was made to handle the develop-
ment of multiple layers by estimating a general well density that
Fig. 12 A cross-section of the Delaware, Central Platform, and Midland

© 2023 The Author(s). Published by the Royal Society of Chemistry
encompasses drilling all horizons. On average, these well
densities range from 4–20 wells per section. This was assessed
by focusing on the area with the greatest concentration of the
horizontal wells to estimate the well density for all the
combined layers. In building scenarios in terms of the well
density, we have (i) the high cases are based on the maximum
number of the well densities observed; (ii) the base case is
premised on the number of the predominant well density per
section, and (iii) the low case refers to either the minimum or
average minimum well density per section.

Additionally, we utilized the weighted average lateral length
combined with the well density noted in the foregoing to
ascertain an empirical drainage area per well (Fig. 13), i.e.,
width × length = empirical drainage area. The target area,
number of wells per section, total drainage area, undrained
area, and the required well number to drain these regions were
calculated. For example, if we have 20 wells per section, that will
give about 264  spacing between wells (i.e., 5280 /20).
Combined with a 10 000  lateral length, this gives an empir-
ical drainage area of 2 640 000 2 (60 acres). The total number of
wells that can be drilled to drain the target area was determined,
and then the number of wells for future drilling was estimated
by removing the number of existing wells from the total. For
instance, if the target area is 120 000 acres and the existing
number of wells is 1200, the total number of wells is estimated
to be 2000 (120 000/60), while the future drilling is 800 wells.
3.3 Rig count and drilling rate

Three scenarios (low, base, and high cases) were considered to
capture the changes associated with the rig count over time.
sub-basins.79
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Fig. 13 Lateral lengths of existing horizontal wells between 2016 and 2017.
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Based on Baker Hughes' data, the rig count for the four districts
7B, 7C, 8, and 8A was estimated as 48, 103, 337, and 45,
respectively.
Fig. 14 Rig-count assumptions for districts 7B, 7C, 8, and 8A (Permian B

520 | Environ. Sci.: Adv., 2023, 2, 508–528
Based on history, the higher end of the rig count was not
used because of constraints related to the current availability of
rig personnel to handle rig operations, drilling, and completion
asin).

© 2023 The Author(s). Published by the Royal Society of Chemistry
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Table 2 Summary of the projected annual rig and well counts

District County

Rig count assumption

Number of production wells per year
(at an estimated drilling and completion
rate of 18 days per well)

Low case Base case High case Low case Base case High case

7B Coke 3 5 6 60 95 120
Irion 2 3 3 40 60 60
Reagan 3 6 7 60 120 140
Upton 12 21 25 240 420 500
Sub-total 20 35 41 400 695 820

7C Fisher 2 4 6 40 80 120
Sub-total 2 4 6 40 80 120

8 Andrews 6 9 12 52 168 240
Crane 3 4 5 60 80 100
Culberson 3 4 6 60 80 120
Ector 1 2 3 20 40 60
Glasscock 7 11 15 140 220 300
Howard 16 25 34 320 500 680
Loving 16 25 34 320 500 680
Martin 23 35 43 460 700 860
Midland 19 28 38 36 560 760
Mitchell 1 1 20 20
Pecos 5 8 11 100 160 220
Reeves 15 22 30 300 440 600
Ward 5 7 10 100 140 200
Winkler 4 6 8 80 120 160
Sub-total 123 187 250 2048 3728 5000

8A Borden 1 2 20 40
Cochran 1 2 20 40
Dawson 2 3 4 60 60 80
Gaines 1 2 20 40
Garza 1 2 3 20 40 60
Hockley 1 2 20 40
Kent 1 2 20 40
King 1 2 20 40
Lubbock 1 2 20 40
Scurry 2 3 4 60 60 80
Yoakum 2 3 4 42 60 80
Sub-total 7 18 29 182 360 580

Total 152 244 326 2670 4863 6520
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materials, as well as several other controlling factors. Therefore,
the current rig count (as of June 2022) was used as the base-case
projection, while the low and high-case assumptions were
based on the rig-count history from 2016 to date (Fig. 14). Table
2 summarizes the rig-count assumptions for counties' low,
base, and high cases. For the drilling-rate assumptions,
industry information revealed that the drilling-and-completion
time of an average of 3-mile-long horizontal wells ranged from
15 to 20 days. As a result of this empirical information, a base-
line average drilling time of 18 days was used for each 3-mile
horizontal well considered in the present study.
3.4 Decline-rate predictions

The type curves generated are based on the weighted-average
lateral length of existing wells drilled in the period 2016–2017
for each county. The concept of normalized type curves is not
new80–82 and it is usually suitable to dene the production of
© 2023 The Author(s). Published by the Royal Society of Chemistry
prospective wells in which details of the subsurface character-
izations are not yet well established or for the purpose of scoping
studies. In this study, a type-curve represents the reservoir, eld,
or county's typical well behavior, which is calculated by gathering
production volumes from the child cases and initializing them to
a common starting point in time. From that starting point, all the
well's volume is averaged for each month, and a single repre-
sentative curve is generated with a known initial nominal decline
and b-factor. The initial decline rate is the curve's steepness,
while the b-factor determines the rate of change in the decline
rate. This was accomplished for each county (Table 3). In prin-
ciple, this approach assumes that the weighted average lateral
length of the existing wells would also be the lateral length of the
new drills. Table 3 summarizes the type curve parameters
underlining the forecasts. The primary objective was to deter-
mine the quantities Di and b-factor, which are important
parameters to invoke the Arps' model.
Environ. Sci.: Adv., 2023, 2, 508–528 | 521
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Table 3 Estimated type-curve parameters for oil, gas, and water
decline by county

County

Horizontal wells

b-Factors
Initial decline rate,
Di (/yr)

Gas Oil Water Gas Oil Water

Andrews 0.5 1.0 1.0 0.8 3.9 2.6
Borden 2.5 1.7 1.2 3.8 14.2 8.4
Cochran 1.0 1.9 1.4 2.4 4.4 3.2
Coke 1.5 1.0 1.5 2.1 1.2 8.1
Crane 2.5 1.4 0.5 6.1 2.8 0.2
Culberson 1.9 1.2 0.6 2.1 2.4 1.1
Dawson 1.0 1.7 1.7 2.5 7.6 14.7
Ector 0.7 1.4 1.8 0.3 4.2 6.4
Fisher 0.6 0.8 1.9 0.6 2.2 2.3
Gaines 0.5 1.3 2.5 0.1 0.3 0.9
Garza 1.6 1.8 0.4 3.3 13.1 0.2
Glasscock 2.2 1.1 1.2 1.0 5.0 6.3
Hockley 0.2 1.5 0.5 1.9 3.0 0.6
Howard 2.8 1.3 1.4 2.5 6.3 5.6
Irion 2.7 1.0 1.0 0.7 6.9 8.4
Kent 0.6 0.9 1.4 0.7 0.9 0.6
King 0.5 1.5 1.8 2.1 0.2 0.3
Loving 1.2 1.2 1.2 2.8 5.2 3.0
Lubbock 1.4 2.5 1.3 0.8 0.8 0.0
Martin 1.9 1.1 1.1 1.3 4.7 3.5
Midland 1.9 1.1 1.1 1.1 4.7 5.4
Mitchell 0.5 1.4 1.1 0.8 13.3 11.9
Pecos 1.6 1.2 1.1 2.3 3.5 2.7
Reagan 3.0 1.1 1.0 0.6 5.0 2.3
Reeves 1.0 0.8 0.4 1.0 1.5 1.0
Scurry 2.5 1.5 0.8 1.8 2.7 4.5
Upton 0.5 1.1 1.1 2.0 4.5 6.8
Ward 2.4 2.1 1.5 5.8 10.0 4.3
Winkler 1.4 1.6 1.0 1.5 2.9 1.7
Yoakum 2.5 1.9 1.5 0.1 3.1 3.0

§ MMbbl/d – million barrel per day.

{ bbl/bbl – barrel/barrel.
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4 Results and discussion
4.1 Application to Midland County

Midland County in Texas has a target area of 594 171 acres to be
drilled. It has more than 19 815 wells drilled and completed to
date. This well count includes production, injection, and
disposal wells. About 8710 wells were active with 96% hydro-
carbon producers. The DCA of the existing horizontal and
vertical wells was based on the number of active hydrocarbon
producers, while new drills are premised on the assumptions
stated earlier. Fig. 15, 16 and Table 4 present a detailed outlook
of the target area, the number of wells per section or the
reservoir layer, lateral length, and well count per layer, as well as
the corresponding type curves generated for this county. Fig. 17
depicts the overall production projections for vertical, hori-
zontal, and new drills under the low, base, and high-case
scenarios.

For each county in the Permian Basin, a similar analysis was
carried out to project future production proles in the low, base,
and high cases. The combination of all the production forecasts
from these counties is presented in Fig. 18. This represents
522 | Environ. Sci.: Adv., 2023, 2, 508–528
production from existing vertical and horizontal wells, in
addition to expected future wells. At a maximum annual average
rate of 5 MMbbl per day§ of oil and 20 MMbbl per day of water,
the cumulative producible volumes of oil and water expected
over the next 38 years are 51.4 and 211 Bbbl, respectively.

In terms of cumulative WOR over the next 38 years, this work
projects a range of 3.8–4.2 bbl/bbl for the Permian Basin
(conventional and unconventional wells). It is noteworthy that
the projected cumulative WOR range of 4.7–5.0 bbl/bbl{ for
vertical wells does not agree with the widespread predictions of
7.0 and 12.0 bbl/bbl published by previous researchers.22,24 The
overestimation can partly be explained by the effects of the
shale boom and the advent of drilling long lateral or horizontal
wells; hence, the premises of Lee et al. (2002) and Arowoshola
et al. (2011) work must be considered and rationalized before
applying their WOR predictions. Apart from the differences in
the predictive methods accounting for the variances in pro-
jected cumulative WOR estimates, other controlling factors
include differences in the statistics and types of wells and
reservoirs underlying the various studies. Based on eld data
recorded since the publication of the works of Lee et al. (2002)
and Arowoshola et al. (2011), the WOR of the Permian Basin was
established to be less than 5.0 bbl/bbl (Fig. 9b). Thus, in the
period 2012 to 2022, the predictions made by these workers
overestimated the actual WOR values in that period by a factor
of 1.4–2.4. Given their relatively poor performance in the period
under review, it is considered that the predictions of Lee et al.
(2002) and Arowoshola et al. (2011) deserve to be treated with
serious caution and relatively low condence, especially for the
Permian Basin.

However, it is worthy of note that a more recent study con-
ducted by Wright (2022), who was quoting James (2022), re-
ported a WOR of 3.6 bbl/bbl as being more representative.15,83

The closeness of the WORs reported by Wright (2022) and our
current work, coupled with the non-satisfactory agreement
between the predictions of previous workers and the actual
WOR of the Permian Basin in 2012–2022, underscore the
robustness and appropriateness of the new systematic method
that we have proposed in this paper as well as its potential for
practical applications.
4.2 Estimated volume of the produced water disposed

One of the ways PW is managed in the petroleum industry is by
reusing for secondary and tertiary recovery processes, such as
water injection, chemical and polymer ooding, and steam
ooding. Some are injected into the dedicated wells drilled to
dispose of PW into non-productive zones (i.e., SWD). Fig. 19
shows the reported water-injection rates in the Permian Basin
for oil recovery and disposal between 1990 and 2021. The
dataset indicates that the range of volume/rate disposed of
SWD wells is 0.1–0.17 MMbbl per day, irrespective of the
varying number of active wells, while that employed for the
purpose of improved oil recovery ranges from 4.4–6.3 MMbbl
© 2023 The Author(s). Published by the Royal Society of Chemistry
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Fig. 15 (a) Map of Midland County area, Texas, showing the distribution of horizontal wells. (b) Reservoir interval with the lateral-length
distribution per layer and well count.

Fig. 16 Type curves generated using the existing active horizontal wells.

Table 4 Minimum and maximum number of wells per section in the
Midland County

Reservoir interval

Number of wells per
section

Minimum Maximum

Above Upper Spraberry 1 1
Upper Spraberry 1 1
Middle Spraberry 3 3
Lower Spraberry 4 5
Midland vertical 1 1
Dean 2 2
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per day. These historic statistics suggest that the total PW rate
managed within the industry in the period under review was
4.5–6.5 MMbbl per day.

From the database, it is estimated that low, base, and high
cases of 6.5, 5.8, and 4.5 MMbbl per day of PW, respectively,
were used. On deducting these estimated PW utilization rates
from the “combined PW rate forecast” as shown in Fig. 19, we
arrived at the net rate of the remaining PW that needs to be
disposed of by other means. This is the net amount that would
be available for productive uses or benecial reuse in the
future.
Wolfcamp A 12 13
Wolfcamp B 6 7
Wolfcamp C 12 13
Wolfcamp D 4 5
Jo Mill 5 5
Lower Pennsylvanian and Mississippi 6 7
Woodford and below 10 10
4.3 Projection of produced water

Based on this work, the maximum-projected water production
rate that will be accessible for benecial reuse, such as agri-
cultural and manufacturing industries as well as municipal
© 2023 The Author(s). Published by the Royal Society of Chemistry Environ. Sci.: Adv., 2023, 2, 508–528 | 523
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Fig. 17 Annual oil and water production forecasts for Midland County.

Fig. 18 Annual oil and water production forecasts for Permian Basin.
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uses is estimated as 8–16 MMbbl per d. Fig. 20 shows the
production forecasts of the different realizations. For proper
planning, it is noteworthy that these peak net PW rates are ex-
pected to occur in the period 2023–2027, regardless of the
Fig. 19 Historic water-injection rates either for disposal or oil and gas r

524 | Environ. Sci.: Adv., 2023, 2, 508–528
scenario (low, base, or high case) under consideration. In
summary, the cumulative net volumes of PW available for
benecial reuse over the next 38 years are estimated as 34, 89,
and 149 Bbbl in the low, base, and high cases, respectively.
ecovery purposes.

© 2023 The Author(s). Published by the Royal Society of Chemistry
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Fig. 20 Forecasts of PW rates expected from the Permian Basin for
potential utilization by external industries.
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5 Scope for further studies

Despite the large range of uncertainties associated with several
input data and assumptions in this work, the resulting
production proles are reasonable. However, potential threats
to the stability of these results include (i) disruptive effects of
the energy transition on oil, and gas development and
production; (ii) impacts of operational uptimes, and integrated
system capacities, which are at risk of erosion as the various
producing elds mature and facilities age; as well as (iii)
disruptive effects of new technologies, which may improve
recovery efficiencies, and reduce well count per unit recovery.
Therefore, it is recommended that future studies on this subject
should monitor the foregoing factors and other considerations.
Based on new insights and updates, enhancements to the
present work should be explored to generate improved
upstream production proles of PW that would potentially be
available for benecial reuse in the Permian Basin, Texas, and
elsewhere.
6 Conclusion

Following a critical review of the existing techniques and limi-
tations of previous works, a new systematic method has been
developed for quantifying and predicting the net amount of the
produced water obtainable from the development and produc-
tion activities in a petroleum basin for potential utilization of
such wastewater in other (external) industries. Based on the
coarse-level subsurface and well information, statistics of dril-
ling activities, and historic performance datasets, the new
method is predicated on the well-established Arps' DCA model
and normalized type curves. While this method is fairly time-
consuming in data preparation and quality check, it offers
simple and easy steps for the prediction of PW proles that may
be available for benecial reuse at aggregate scales. Taking the
Permian Basin as a case study, the applicability and robustness
of the proposed method were demonstrated. The following are
the specic concluding remarks for the Permian Basin:
© 2023 The Author(s). Published by the Royal Society of Chemistry
(a) Due to the lack of consistent historic trends, WOR is not
robust for predicting produced-water proles. In retrospect, the
outlook of PW rates from Permian was signicantly over-
estimated by previous workers.

(b) The PW rate is expected to peak at about 8–16 MMbbl per
day in the period 2023–2027.

(c) Some 34–149 Bbbl of PW is expected to be available to
external industries over the period 2022–2060.

(d) As more data and increased insights become available,
scope exists to reduce underlying uncertainties and rene the
forecasts of PW generated for the Permian Basin in this study.
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