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Drilling wastewater generated during oil and gas operations presents a complex
environmental challenge due to its highly variable composition, large volumes, and the
presence of hazardous organic and inorganic contaminants. Conventional treatment
approaches, although widely implemented, often fail to achieve consistent performance
under dynamic operating conditions and increasingly stringent environmental
regulations.

This review provides a comprehensive and forward-looking analysis of drilling
wastewater management by integrating treatment technologies with emerging
concepts of circular economy, data-driven intelligence, and uncertainty quantification.
The characteristics and sources of drilling wastewater are examined to highlight their
inherent variability and associated treatment challenges. Conventional, advanced, and
hybrid treatment technologies are critically evaluated in terms of efficiency, limitations,
and applicability for water reuse and resource recovery. Circular economy strategies,
including water recycling, material recovery, and zero liquid discharge (ZLD), are also
assessed from a sustainability perspective.

In addition, the role of machine learning in performance prediction, process
optimization, and real-time monitoring is discussed, alongside uncertainty quantification
approaches such as probabilistic modeling and Bayesian inference for risk-informed
decision-making. From an industrial perspective, the integration of intelligent modeling
and uncertainty-aware frameworks enables more reliable, adaptive, and efficient
treatment systems.

Despite these advancements, challenges remain in data availability, model
transferability, system integration, and economic feasibility. This review establishes
a unified framework that bridges environmental engineering, data science, and
sustainability, providing a pathway toward intelligent, circular, and resilient drilling
wastewater treatment systems.
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1. Introduction
Drilling wastewater management has
become a critical component of upstream
oil and gas operations due to increasingly
complex environmental, operational, and

regulatory challenges associated with drilling

activities (Lebedev and  Cherepovitsyn
2024). As exploration expands toward
deeper, geologically heterogeneous, and

environmentally sensitive regions, large
volumes of wastewater containing drilling
fluids, cuttings, formation water, and chemical
additives are generated. These waste streams
pose significant risks to soil, surface water, and
groundwater systems if not properly treated.
In response, regulatory agencies worldwide
have introduced stricter discharge limits, zero-
pollution policies, and reporting requirements,
compelling operators to adopt more reliable
and sustainable wastewater management

practices (Adverse).

Drilling wastewater is inherently complex
and dynamic, with composition varying
continuously depending on
fluid

conditions.

geological

formations,  drilling formulations,

and operational Conventional
treatment approaches primarily based on
physical, chemical, and biological processes
have been widely applied; however, they often
rely on fixed design assumptions and are not
well-suited to handle such variability (Tsolakis,
Harrington et al. 2023). As a result, treatment
performance can be inconsistent, particularly

under fluctuating field conditions.

Conventional review studies on drilling
wastewater treatment are typically based
on static, technology-centric assessments, in
which treatment processes are described under
fixed assumptions and idealized conditions.
In this context, the term static refers to
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approaches that do not explicitly account for
temporal variability, fluctuations in wastewater
composition, or changes in operational
conditions. As a result, such assessments often
overlook the dynamic behavior of real systems
and provide limited insight into how treatment
performance evolves over time (Ghasemi,

Akbari et al. 2025).

In contrast, drilling wastewater systems
are inherently dynamic, characterized by
continuously changing composition, flow
rates, and physicochemical properties due to
variations in geological formations, drilling
phases, and operational practices. A dynamic
approach therefore refers to systems that
evolve over time and incorporate real-time
data, adaptive modeling, and feedback-driven
control mechanisms. These approaches enable
continuous adjustment of treatment processes
in response to changing inputs, improving
accuracy, efficiency, and robustness (Yang,
Diao et al. 2022).

Consequently, modern wastewater

management requires an integrated and
dynamic framework that combines real-time
monitoring, data-driven intelligence, and
uncertainty-aware modeling. The growing
application of machine learning, advanced
sensing technologies, and probabilistic
methods reflects this shift toward adaptive
systems capable of capturing variability and
supporting more reliable and optimized
treatment performance (Smol, Adam et al.
2020, Matheri, Mohamed et al. 2022, Zong and

Guan 2025).

In parallel, the transition from linear waste
disposal toward circulareconomy principles has
introduced new opportunities for sustainable
wastewater management. Circular approaches
emphasize water reuse, resource recovery,
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and waste minimization, transforming drilling
wastewater from an environmental liability
into a potential resource. Strategies such as
recovery of hydrocarbons, recycling of drilling
materials, and implementation of zero liquid
discharge (ZLD) systems contribute to reducing
environmental impact while improving
economic efficiency. ZLD refers to a treatment
approach in which all wastewater is processed
to eliminate liquid discharge, leaving only
solid residues and enabling maximum water

recovery (Scheidt, Li et al. 2018).

Another critical modern

wastewater

aspect of
management is uncertainty
quantification, which addresses the inherent
variability and unpredictability of drilling
wastewater systems. Variations in composition,
operational  conditions, and treatment
performance introduce significant uncertainty
that cannot be adequately captured by
deterministic models. Probabilistic approaches,
including Bayesian inference and Monte Carlo
simulation, provide a more realistic framework
for evaluating system performance, assessing
risks, and supporting decision-making under

uncertain conditions.

Despite recent advancements, existing

review studies often treat treatment
technologies, machine learning applications,
circular economy strategies, and uncertainty
quantification as separate domains. There
remains a lack of integrated frameworks that
simultaneously address these interrelated
aspects. Unlike previous reviews that focus
primarily on individual technologies or isolated
optimization methods, this study integrates
machine learning, uncertainty quantification,
and circular economy principles into a unified
This

enables a more realistic representation of

framework. integrated  perspective

drilling wastewater systems, where variability,
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data-driven intelligence, and resource recovery
must be addressed collectively.

To highlight the contribution of this work
in relation to existing literature, a comparative
summary of recent studies is provided in
Table 1.
scope, methodology, and level of integration,

The table outlines differences in

emphasizing the unique contribution of
the present study in combining treatment
technologies with intelligent and uncertainty-
aware approaches.

This
transparent  methodology  to
comprehensive coverage and scientific rigor.

review adopts a structured and

ensure

Peer-reviewed publications were collected
from major scientific databases, with particular
emphasis on recent studies (2022-2025) to
capture the latest developments in treatment
technologies, machine learning applications,
and circular economy strategies.

Overall, this work provides a holistic and
framework  for
that
engineering, data science, and sustainability

forward-looking drilling

wastewater management integrates

principles. By treatment

technologies, intelligent modeling, uncertainty

combining

quantification, and circular economy concepts,
the study aims to support the development
of adaptive, efficient, and environmentally
responsible wastewater treatment systems for
the oil and gas industry.

(Table 1)
overview of

presents a comparative

recent studies, highlighting
their methodologies, key contributions, and
limitations, and demonstrating how the
present study addresses existing gaps through
an integrated framework combining machine
learning, uncertainty quantification, and

circular economy principles.
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Table 1. Comparative Summary of Recent Studies on Drilling Wastewater
Treatment Technologies and Approaches
Study Methods/ — e Gap Addresse
(Author, Year) Scope Approach Key Contribution Limitations in This Study
- Review of Highlighted effi- I This study
Oilfield ; ) ; Limited :
(Wei, Zhang et wastewater physical, ciency of hybrid integration of integrates ML
chemical, and systems for ; and adaptive
al. 2019) treatment b | data-driven deling f
technologies membrane complex waste- optimization modeling for
processes water optimization
Incorporates
Demonstrated Membrane predictive
(Chang, Lee et Msé:);?rrrw]:-nkia;?d Experimental +  high removal fouling and maintenance
al.2019) oily wastewater modeling efficiency of UF/  high energy and ML-based
y RO systems demand fouling
prediction
Circular Emphasized Limited Apggg;glrﬁ;lar
(Smol, Adam et economy in Con;ce)ﬁz;al + trargs(l)tlljc:?eto app(ljlﬁﬂ;(:%n to specifically to
al. 2020) wastewater framework recovery and wastewater drilling
systems reuse systems specifically wastewater
systems
Identified need
Advanced for integration Lack of Introduces
(Lawan, Kumar wastewater ~ Comprehensive  of advanced real-time real-time
et al. 2023) treatment review oxidation and operational ~ monitoring and
technologies hybrid analysis Al-driven control
processes
Characteristics Provided Limited
(Ferpgndes, and treatment Experimental + detailed predictive Integrates ML to
Ramisio et al. challenges of analvtical characterization modelin handle variability
2024) drilling y of wastewater ca abilitg and prediction
wastewater variability P y
; Assessed . ,
(Gangwar, Environmental | .. cycleand  environmental Limited focus ~ Combines LCA
impacts of . : on optimization  with ML and
Rawat et al. iIfield environmental risks an d adapti decisi
2025) oilfie analysis treatment and adaptive e?|5|on—supkport
wastewater impacts systems rameworks
Proposed
. Integrates
Circular resource Lack of . 9
Conceptual + recovery P circular economy
(Zhang 2025) aec?ggé?és case studies pathways for reailn'fclemfa?i/é’;em with intelligent
PP wastewater 9 control systems
reuse
Demonstrated Applies ML
. Hybrid Experimental improved High cost for system
(Dkéa;cl‘lljrrzwgz,gaul treatment (membrane + contaminant and system optimization
: systems chemical) removal complexity and cost
efficiency reduction
Demonstrated Proposes
Al-driven and Digital twin, IoT, potential of Data scarcity unified
Recent Advances digital and ML autonomous -, integration framework
wastewater intearation and adaptive challenges combining ML,
systems 9 treatment 9 UQ, and circular
systems economy
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(Figure 1) illustrates the overall system  quantification, and decision-making pathways,
architecture  linking drilling wastewater  including water reuse, resource recovery, and
characteristics with treatment processes,  zero liquid discharge (ZLD).

machinelearning-based monitoring,uncertainty
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Figure 1. Integrated Framework for Intelligent and Circular Drilling Wastewater Treatment

2. Characteristics of Drilling Wastewater

Drilling wastewater is a highly complex and
heterogeneous mixture whose composition
varies significantly depending on the type
of drilling fluid used, geological formation
characteristics, operational practices, and
the stage of drilling (Pereira, Sad et al. 2022,

Basu, Shaw et al. 2025). Fundamentally, the
wastewater derives from both water-based
and oil-based drilling muds, each contributing
distinct chemical and physical attributes to
the waste stream (Zhang, Li et al. 2024). Water-
based muds typically introduce bentonite,
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barite, polymers, and various inorganic
salts, whereas oil-based muds contribute
emulsified hydrocarbons, synthetic base oils,
surfactants, and stabilizing agents, resulting in
a wastewater matrix with elevated oil content
and more persistent organic compounds.
This duality creates substantial variability in
wastewater behavior, treatment difficulty,
and environmental impact, requiring tailored
mitigation strategies for different operational
contexts (Ahmed, Alsaihati et al. 2021).

Beyond mud-related constituents, drilling
wastewater often contains a suite of hazardous
and potentially toxiccontaminants derived from
boththeformationandthedrilling processitself.
These include heavy metals such as chromium,
cadmium, lead, arsenic, and barium, which
may leach from formations or be introduced
through additives. Additionally, the wastewater
can contain high concentrations of dissolved
solids, suspended clay particles, nitrogenous
compounds, biocides, corrosion inhibitors,
lubricants, and degradation byproducts of
drilling chemicals. The combination of organic
and inorganic pollutants many of which
exhibit low biodegradability, high mobility,
or strong affinity for particulates complicates
separation and treatment processes. Moreover,
the presence of hydrocarbons, surfactants,
and emulsifiers often leads to the formation
of stable oil-water emulsions that resist
conventional treatment methods such as
simple gravity separation or basic chemical
coagulation (Barcelona, Gibb et al. 1983).

A further challenge associated with drilling
wastewater is the lack of standardization
in both its composition and in reporting
practices across different operators and
regions. Variability in drilling technology, fluid
formulation, geological strata, and regulatory
frameworks results in wastewater profiles that
are difficult to compare or generalize (Zhang, Xu
et al. 2022). For example, wastewater generated
in shale gas basins may carry high levels of
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dissolved salts and formation minerals, whereas

Offshore drilling operations often exhibit
elevated hydrocarbon content and synthetic
additives due to the widespread use of oil-
based and synthetic-based drilling muds in
these environments. These fluids are preferred
in offshore operations because they provide
enhanced wellbore stability, improved
lubrication, and better performance under high-
pressure and high-temperature conditions.
However, theiruse results in wastewater streams
enriched with emulsified hydrocarbons, base
oils, and chemically stabilized additives that
are more persistent and difficult to treat (Loss,
Cavali et al. 2026).

In addition, stricter operational requirements
in offshore drilling, such as preventing
formation damage and maintaining drilling
efficiency, further drive the use of such complex
fluid systems.

Overall, drilling wastewater represents
a multifaceted environmental challenge
characterized by chemical complexity,

operational variability, and analytical uncertainty.
These characteristics underscore the need for
flexible, adaptive, and intelligent treatment
frameworks capable of addressing both expected
and unforeseen variations in wastewater
composition (Garg, Kumari et al. 2024).

(Table 2) summarizes the physical, chemical,
and operational characteristics of drilling
wastewater, highlighting the wide variability
in composition that complicates treatment
design and performance prediction.

(Figure 2). Composition and variability of
drilling wastewater derived from water-based
and oil-based drilling muds, highlighting the
diversity of suspended solids, hydrocarbons,
salts, surfactants, polymers, heavy metals,
and chemical additives that contribute to
compositional uncertainty across formations
and drilling stages.

(Figure 3). Characteristics and variability
of drilling wastewater originating from
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water-based and oil-based drilling muds,
illustrating the diverse chemical additives and
contaminants present, as well as the dynamic

variability in key parameters such as salinity,
pH, total suspended solids (TSS), and sludge
content across drilling stages and formations.

Table 2. Typical Characteristics of Drilling Wastewater
(Thacker, Carlton Jr et al. 2015, Jin, Zhang et al. 2022, Pereira, Sad et al. 2022)

Typical Concentration Primary Environmental
Components Range Source Concern
Total Suspended TSS: 1,000-50,000 Drill cuttings Limited integration
Physical Solids (TSS), turbidity, =~ mg/L; Oil droplets: . 9% of data-driven
drilling mud

oil droplets 50-5,000 mg/L

optimization

TDS: 5,000-200,000

Salts (Na*, CI), mg/L; Heavy metals:

Chemical (Inorganic)

Formation fluids, Membrane fouling

o and high energy
Ba, G, Pb 0.1-100 mg/L additives demand
Hydrocarbons, Oil & grease: 100- Oil-based muds, Limited application

Chemical (Organic) 10,000 mg/L; COD:

surfactants, additives 500-20,000 mg/L

to drilling wastewater

synthetic additives i,
specifically

pH: 10-6; Salinity:

pH, salinity, 200,000-5,000 mg/L;

Operational Variability temperature

Drilling phase,
geological formation

Treatment instability,
process inefficiency

Temperature: 90-20C

Ranges are indicative and may vary depending on geological formation and drilling conditions

O

Qil-Based
Drilling Muds

Hydrocarbons

ol ™

@

Water-Based
Drilling Muds

Suspended
Solids

Heavy

Metals

I TII

Compositional uncertainty in
drilling wastewater varies across
formations and drilling stages

Figure 2. Composition and Variability of Drilling Wastewater from Water-based and Oil-based Muds
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Figure 3. Key Characteristics and Variability of Drilling Wastewater

3.Conventional and Advanced
Treatment Technologies

Although a wide range of physical,
chemical, biological, and hybrid treatment
technologies has been proposed for drilling
wastewater management, their performance
and applicability vary significantly depending
on wastewater composition, operational scale,
and site constraints (Dhadumia, Paul et al. 2025).
Therefore, a purely descriptive comparison is
insufficient for engineering decision-making.
A critical evaluation considering treatment
efficiency, energy demand, economic
feasibility, and technology maturity is required
to identify realistic and scalable solutions for
industrial deployment (Yang, Sun et al. 2023).

Drilling ~ wastewater treatment has
traditionally relied on a combination of physical,
chemical, and biological processes designed to
reduce suspended solids, remove emulsified oil,
neutralize hazardous constituents, and meet
environmental discharge or reuse requirements

(Ajao 2024).Physical treatment methods serve as
theinitial barrieragainstlarge quantities of solids
and dispersed contaminants. Techniques such
as sedimentation, screening, and centrifugation
are commonly employed to separate drill
cuttings and heavy particulates. Flotation
systems, including dissolved air flotation,
further enhance the removal of oil droplets
and fine solids by promoting their aggregation
and rise to the surface. Although these physical
processes are simple, robust, and widely
adopted in field operations, they often lack the
capability to address dissolved contaminants
or the chemically stabilized emulsions formed
in oil-based and synthetic drilling systems. As
a result, physical methods alone rarely achieve
the stringent quality necessary for reinjection,
reuse, or environmentally compliant discharge
(Liu, Li et al. 2024).

Chemical treatment technologies represent
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another critical component of drilling
wastewater management, particularly due to
their ability to destabilize emulsions, precipitate
dissolved metals, and oxidize recalcitrant
organic pollutants. Coagulation-flocculation
processes use metal salts or polymers to
aggregate colloids and reduce turbidity, forming
sludge that can be removed by sedimentation
or filtration. Chemical oxidation, using agents
such as ozone, hydrogen peroxide, or persulfate,
targets persistent hydrocarbons and additives
that resist biological degradation. Meanwhile,
advanced chemical approaches involving
electrocoagulation and  electro-oxidation
offer improved performance with fewer
chemical inputs, although they require higher
energy consumption and more sophisticated
infrastructure. Despite these advancements,
chemical treatments often generate substantial
volumes of secondary waste, such as sludge
or spent reagents, which necessitate careful
handling and disposal. Moreover, the efficiency
of chemical processes can be highly sensitive to
variations in wastewater composition, pH, and
salinity, making their optimization challenging
in dynamic drilling environments (De Maman,
da Luz et al. 2022).

Biological treatment methods, though less
commonly applied to drilling wastewater, have
gained attention as sustainable alternatives
capable of degrading organic pollutants
through microbial metabolism. Systems such as
activated sludgereactors, fixed-film bioreactors,
and constructed wetlands have shown potential
for removing biodegradable hydrocarbons,
nitrogenous compounds, and some drilling
additives. Phytoremediation, using plants
to uptake or transform contaminants, offers
another environmentally friendly approach,
particularly for land-based systems. However,
the high salinity, presence of biocides, and
complex organic mixtures characteristic of

Journal of Gas Technology . JGT , Volume 10 / Issue 2 / 2025

drilling wastewater often inhibit microbial
activity and reduce treatment efficiency.
Consequently, biological processes typically
require significant pretreatment or dilution to
become viable, limiting their applicability in
many upstream operations (Jain, Majumder et
al. 2020).

In recent years, hybrid and membrane-
based technologies have emerged as
promising solutions capable of achieving
higher treatment efficiencies while recovering
water for reuse. Membrane filtration processes
such as  microfiltration,  ultrafiltration,
nanofiltration, and reverse osmosis can
effectively remove fine particulates, dissolved
organics, and salts, depending on membrane
pore size and configuration. Hybrid systems
that integrate membranes with physical or
chemical pretreatment, advanced oxidation,
or biological processes can address a broader
spectrum of contaminants and reduce fouling.
Nonetheless, membrane technologies are
frequently constrained by high capital and
operational costs, energy requirements, and
susceptibility to fouling by oil, suspended
solids, and scaling constituents. Furthermore,
managing concentrated reject streams remains
a significant challenge, especially in offshore or
remote drilling locations where disposal options
are limited (Warsinger, Chakraborty et al. 2018).

Overall, the range of technologies available
for drilling wastewater treatment reflects a
balance between robustness, efficiency, cost,
and operational feasibility. While conventional
approaches continueto play afoundationalrole,
advanced and hybrid systems offer enhanced
performance but bring new challenges related
to cost, energy use, and sludge management.
As drilling operations expand into more
demanding environments and regulatory
expectations tighten, there is a growing need
for treatment solutions that are both scalable
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and adaptable to highly variable wastewater
compositions. This underscores the importance
of intelligent optimization strategies, circular
resource recovery, and uncertainty-aware
design elements that increasingly define
the future landscape of drilling wastewater
management (Li, Tiraferri et al. 2025).

Despite their widespread use, conventional
physical and chemical treatments often fail
to achieve consistent effluent quality under
highly variable drilling wastewater conditions.
Advanced technologies such as membrane
filtration and electrochemical processes
offer superior contaminant removal but
are frequently constrained by high energy
consumption, fouling, and operational
complexity (Yuan and He 2015). Moreover,
many proposed treatment methods remain
at laboratory or pilot scale, highlighting a gap
between academic development and industrial
implementation. These limitations underscore
the need for adaptive, intelligence-assisted,
and uncertainty-aware treatment frameworks
capable of responding to fluctuating influent
characteristics (Pereira, Sad et al. 2022).

From a technology readiness perspective,
only a limited number of drilling wastewater
treatment methods have reached full industrial
maturity.  Physical  separation, chemical
coagulation, and dissolved air flotation systems
generally exhibit high TRL values (8-9), whereas
biological treatment, advanced oxidation, and
hybrid membrane systems often remain at pilot
or demonstration stages (TRL 5-7). This disparity
in maturity highlights the importance of
integrating emerging technologies cautiously
and in combination with proven treatment
processes (Teodoriu and Bello 2021, Pouran
Manijily, Alborzi et al. 2024).

Recent advancements in drilling wastewater
treatment increasingly rely on the integration
of advanced treatment technologies with
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machine learning and probabilistic modeling
approaches.  While  physical, chemical,
biological, and membrane-based processes
provide the fundamental mechanisms for
contaminant removal, their performance
is often constrained by the highly variable
composition and dynamic operating conditions
of drilling wastewater (Bai, Li et al. 2026).

Machine learning (ML) techniques enable the
modeling of complex, nonlinear relationships
between process parameters and treatment
performance, allowing for improved prediction
accuracy, real-time monitoring, and adaptive
optimization of treatment systems. In parallel,
probabilistic approaches such as uncertainty
quantification (UQ), Bayesian inference, and
Monte Carlo simulation provide a systematic
framework  for  evaluating  variability,
propagating uncertainties, and supporting risk-
informed decision-making (Kalhormohammadi
and Khoramipour 2025).

The integration of these data-driven and
probabilistic methods with conventional and
advanced treatment technologies enhances
system robustness, improves operational
efficiency, and enables more reliable
performance under fluctuating conditions. This
combined approach facilitates the transition
from static, design-based treatment strategies
to dynamic, intelligent, and adaptive systems
capable of meeting increasingly stringent
environmental and regulatory requirements.

(Table 3) summarizes key treatment methods
based on target contaminants, performance,
energy demand, cost, and technology readiness
level (TRL), highlighting their advantages and
limitations for industrial-scale applications.

The comparison highlights the trade-
offs between treatment efficiency, energy
consumption, and operational complexity,
emphasizing the need for integrated and
adaptive treatment strategies.
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Table 4. Comparative Evaluation of Pressure Enhancement Techniques

Primar Typical Ener;
Treatment 2 o gy Sludge / Key Industrial-
Technology Target Removal Demand CAPEX/OPEX* TRL .
Category ) By-products  Scale Limitations
Contaminants  Performance (kWh/m?)
Ineffective for fine
. Sedimentation / Coarse solids, High solids particles and
Physical . X Low-Moderate <0.1 Low / Low 9 K R
Screening cuttings residue dissolved
pollutants
High
. . . Fine solids, oil . . Concentrated . '9
Physical Centrifugation Moderate 0.2-05 Medium/Medium 8-9 ) maintenance,
droplets solids o K
limited oil removal
Sensitive to
Dissolved Air QOil, grease, fine influent
Physical I AV I -9 o I Moderate-High  03-0.6 Medium/Medium  8-9 QOily sludge I u
Flotation (DAF) solids variability and
chemical dosing
Coagulation-  Colloids, emulsified High chemical  Sludge handlin
Chemical 9 ) o Moderate-High  0.1-05  Low/Medium  8-9 9 g 9
Flocculation oil, metals sludge and disposal costs
High energy and
) Chemical Oxida- Recalcitrant . . . - . 9 9y
Chemical ) ) High 1-4 High / High 6-7  Minimal solids reagent
tion (AOPs) organics )
consumption
Electrocoagulation Metal Electrode
Chemical g. . Oil, metals, COD High 2-6 Medium /High  6-7 hydroxide fouling and
/ Electro-oxidation
sludge energy demand
Activated Sludge /  Biodegradable Biological Salinity and
Biological L 9 9 ) Moderate 0.3-1.2  Medium/Medium  5-7 9 o .y .
Biofilm organics sludge biocide inhibition
Constructed L. footprint
Biological onstructe Organics, nutrients Low-Moderate <0.2 Low / Low 5-6 Biomass arge 0,0 p.rln !
Wetlands slow kinetics
Membrane- C trated Fouling by oil and
embrane MF / UF 755, oil droplets High 052  High/Medium 7.8 —Cnconiated Fodling by ofan
Based reject solids
] . - Fouling, scaling,
Membrane- NF /RO DISSOIVEd. salts, Very High 2-6 High / High 7-9 ngh-s.allnlty concentrate
Based organics brine )
disposal
. . . System complexity
) Physical + Broad contaminant . . . Mixed waste
Hybrid Systems Membrane / AOP spectrum Very High 2-8 High / High 6-7 streams and control

requirements

*CAPEX/OPEX: qualitative order-of-magnitude comparison (Low / Medium / High).

4. Circular Economy Integration

The integration of circular economy
principlesinto drilling wastewater management
represents a significant shift from traditional
linear disposal practices toward strategies that
conserve resources, reduce environmental
burdens, and enhance operational resilience
(Digitemie, Onyeke et al. 2025). In drilling
operations, water reuse and re-injection have
emerged as central components of circularity,
particularly in regions where water scarcity

and regulatory constraints make fresh water
procurement increasingly challenging. Treated
drilling wastewater can be reused directly
in mud formulation, rig wash operations,
or hydraulic systems after appropriate
conditioning, thereby reducing the demand
for freshwater intake. Additionally, re-injection
into deep geological formations offers an
alternative disposal pathway that minimizes
surface contamination risks. However, re-injection
requires that wastewater quality meet strict
chemical and particulate thresholds to prevent
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reservoir damage and clogging, which in turn
underscores the importance of advanced
treatment methods and real-time monitoring
systems capable of ensuring consistent water
quality under variable operational conditions
(Jamshidi, Saen et al. 2025).

A fundamental opportunity for circularity
lies in the recovery and valorization of valuable
components embedded  within  drilling
wastewater. Materials such as bentonite, barite,
and high-value hydrocarbons are routinely lost
duringdrillingoperationsdespitetheirsignificant
economic and functional importance in mud
formulation. Advanced separation techniques,
including hydrocycloning, membrane filtration,
and tailored chemical treatments, allow for
the recovery of these materials with sufficient
purity for reuse. For example, barite a weighting
agent with considerable market value can be
separated from finersolidsandrecycledinto new
mud systems, reducing material consumption
and operational costs. Similarly, hydrocarbons
recovered from oil-based mud waste streams
can be refined and reintegrated into drilling
or other industrial processes. The ability to
recover and repurpose these constituents
not only minimizes waste generation but also
transforms drilling wastewater from a liability
into a secondary resource stream, reinforcing
the economic viability of circular practices (Lihu
and Jiahe 2025).

Zero liquid discharge (ZLD) presents an
ambitious but powerful approach within the
circular economy framework, particularly for
offshore environments or isolated drilling
sites where wastewater disposal options are
limited. ZLD systems aim to eliminate liquid
effluents entirely by combining evaporation,
crystallization, and advanced concentration
technologies to separate water and recover
solid residues. While ZLD offers near-total
environmental protection and maximum
resource recovery, it is often associated with
high energy consumption, significant capital
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costs, and the need for robust pre-treatment
to prevent scaling and fouling within thermal
systems. Nonetheless, emerging innovations
such as forward osmosis, membrane distillation,
and hybrid thermal-membrane processes are
reducing the barriers to ZLD implementation,
suggesting that future drilling operations
may increasingly adopt closed-loop systems
with minimal to zero discharge footprints
(Panagopoulos and Michailidis 2025).

Life cycle assessment (LCA) provides
critical insights into the broader sustainability
implications of circular drilling wastewater
strategies. ThroughLCA, trade-offsamongenergy
consumption, emissions, material recovery, and
environmental impacts can be systematically
evaluated across the entire treatment and reuse
chain. For instance, while advanced membrane
systems may offer high contaminant removal
efficiency and support water reuse, they may
also incur higher energy footprints compared
to simpler, conventional options (Thompson
and Dvorak 2024). Conversely, resource recovery
processes may offset environmental burdens by
reducing the need for virgin material extraction,
thereby yielding net-positive sustainability
outcomes. LCA studies also highlight the
importance of operational context, as the
environmental benefits of circular strategies
may vary depending on site-specific factors such
as energy mix, waste composition, regulatory
requirements, and logistical constraints.
Ultimately, integrating LCA into decision-making
enables operators to design drilling wastewater
management systems that maximize circularity
while minimizing unintended environmental
trade-offs.

Overall, circular economy integration
represents a transformative pathway for drilling
wastewater management, shifting the industry
toward more sustainable, resource-efficient,
and low-impact operations. By closing material
and water loops, recovering valuable resources,
adopting ZLD technologies, and employing
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LCA-driven optimization, drilling activities
can move closer to achieving fully intelligent
and circular wastewater systems that support
long-term environmental and economic
sustainability (Kundu, Dutta et al. 2022).
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(Table 4) illustrates key circular economy
strategies for drilling wastewater, emphasizing
water reuse, resource recovery, and zero liquid
discharge pathways alongside their associated
benefits and challenges.

Table 4. Circular Economy Pathways in Drilling Wastewater Management (Albusaimi, Al Dabbous et al. 2024,
Gaurina-Medimurec, Simon et al. 2024, Digitemie, Onyeke et al. 2025)

Circular Strategy  Recovered Resource

Technology Used

Benefit Main Challenge

Water reuse Treated water

Membranes, AOP

Reduced freshwater use  Quality consistency

Material recovery Barite, bentonite

Flotation, separation

Cost savings Separation efficiency

Hydrocarbon recovery Base oil

Skimming, extraction

Resource valorization ~ Emulsion stability

ZLD Salts, solids

Evaporation, crystallization

Zero discharge High energy demand

(Figure 4) illustrates the circular economy-
oriented framework for drilling wastewater
management, highlighting how treatment
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Figure 4. Circular Economy Pathways in Drilling Wastewater Management

(Figure 5). Circular economy pathways for
drilling wastewater management, illustrating
how treatment processes enable closed-loop
waterreuse and recovery of valuable materials

such as barite, bentonite, and hydrocarbons,
with optional life cycle assessment to evaluate
energy use and emission reduction benefits.
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Figure 5. Circular Economy Framework for Drilling Wastewater
Management with Life Cycle Considerations

5. Data-Driven Intelligence in

Treatment Optimization

The application of data-driven intelligence  relationships that are often too complex to
in drilling wastewater treatment has emerged  capture using traditional mechanistic models.
as a powerful enabler for enhancing  One of the most prominent ML applications in
system performance, reducing operational  this domain is performance prediction, where
uncertainties, and supporting adaptive  algorithms learn from historical datasets to
decision-making (Zhou, Shi et al. 2023). Machine ~ estimate contaminant removal efficiency,
learning (ML), in particular, provides the ability =~ optimal chemical dosing, membrane fouling
to model highly nonlinear relationships  rates,orenergy consumption.Predictive models
between wastewater characteristics, treatment  allow operators to forecast treatment outcomes
processes, and performance outcomes under varying wastewater compositions,
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enabling proactive adjustments and reducing
reliance on trial-and-error approaches. These
capabilities are especially valuable in drilling
contexts, where wastewater properties shift
rapidly due to changesin geological formations,
mud formulations, and drilling phases (Matheri,
Mohamed et al. 2022, Kalhormohammadi and
Khoramipour 2025).

Machine learning also plays a critical role in
real-timemonitoring,wheresensor-derived data
streams such as turbidity, conductivity, pressure,
flow rates, and oil-in-water concentrations are
processed to provide continuous insight into
treatment system health. ML-driven monitoring
frameworks can filter noise, detect subtle
patterns, and identify emergent deviations
that may not be apparent through manual
observation. Coupled with edge computing
and Internet of Things (loT) technologies,
these systems
diagnostic capabilities, improving operational
visibility even in remote or offshore drilling
environments. Beyond monitoring, ML offers
significant advancements in process control
and anomaly detection, wherein algorithms
autonomously adjust process
such as coagulant dosage, pH, aeration rate,
or membrane backwash cycles to maintain
optimal performance. Anomaly detection
models often based on unsupervised learning
or neural network autoencoders can identify
abnormal behaviors indicative of equipment
failure, fouling events, or chemical imbalances
before they escalate into costly operational
disruptions (Tawfik 2024).

A wide range of machine learning algorithms
has been applied to drilling wastewater
treatment optimization, each offering distinct
advantages depending on the complexity of
the dataset and the nature of the prediction or
classification task (Cangialosi, Bruno et al. 2021).
Artificial neural networks (ANNs) are widely used

enable near-instantaneous

parameters
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for modeling nonlinear and multi-dimensional
process relationships, particularly when dealing
with large datasets and complex interactions
among treatment variables. Support vector
machines (SVMs) excel in classification tasks
and are effective when datasets are moderate
in size but require robust separation of classes,
such as distinguishing normal from abnormal
operating Random forest
provide strong performance in both regression
and classification tasks while offering
interpretability through feature importance
metrics that help identify influential process
Other approaches
include gradient boosting machines, deep
learning  architectures, process
regression, and reinforcement learning, which
further expand the analytical capabilities for
process optimization, adaptive control, and
policy development. The diversity of available
algorithms enables tailored model selection
based on specific treatment objectives and
data characteristics.

states. models

parameters. emerging

Gaussian

Despite these advancements, the successful
application of data-driven  approaches
depends heavily on data quality, availability,
and representativeness. Drilling wastewater
datasets often suffer from issues such as
sparse measurements, inconsistent sampling
protocols, missing values, and limited long-
term monitoring, all of which restrict model
robustness. Additionally, operating conditions
in drilling environments such as intermittent
sampling, harsh field conditions, and rapid shifts
in wastewater composition can introduce noise
and variability that undermine model accuracy.
A major challenge lies in transferability, as
models trained on data from one region, mud
formulation, or treatment system may not
generalize effectively to others. Differences in
contaminant profiles, sensor configurations,
and process dynamics can cause significant
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performance degradation when models are
applied outside their training domain. To
address these challenges, techniques such as
data augmentation, domain adaptation, hybrid
mechanistic-ML modeling, and uncertainty
quantification are increasingly employed to
enhance model reliability and interpretability
across diverse operational settings (Alsabaa,
Gamal et al. 2022).

Overall, data-driven intelligence provides
a transformative foundation for optimizing
drilling wastewater treatment by enabling
predictive accuracy, real-time responsiveness,
and autonomous process control. As sensor
technologies improve and data availability
expands, machine learning will play an
increasingly central role in designing
intelligent, adaptive treatment systems capable
of navigating the variability and complexity
inherent in drilling wastewater management
(Fisher, Wang et al. 2025).

While machine learning provides powerful
tools for prediction,
process control, its effectiveness in drilling

wastewater treatment is strongly influenced

optimization, and
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by data uncertainty and operational variability
(Aparna, Swarnalatha et al. 2024). Sensor
noise, missing data, and temporal changes
in wastewater composition can significantly
affect model accuracy and generalizability.
Therefore, uncertainty quantification is not
a complementary addition but a critical
component for reliable ML deployment
(Zidaoui 2024). Integrating uncertainty-aware
ML models enables probabilistic prediction
performance rather than
deterministic estimates, thereby supporting

of treatment

risk-informed operational decisions (Asad and
Everhart 2025). These probabilistic outputs can
directly inform circular economy strategies by
identifying operating conditions under which
water reuse, material recovery, or zero-liquid-
discharge pathways remain both technically
feasible and economically viable (Pandey and
Technology 2025).

(Table 5) categorizes
learning applications in drilling wastewater

major machine
treatment, linking algorithm types to specific
operational tasks, data inputs, and performance
improvements.

Table 5. Machine Learning Applications in Drilling Wastewater Treatment (Olukoga, Feng et al. 2021,
Sundui, Ramirez Calderon et al. 2021, Kalhormohammadi and Khoramipour 2025)

ML Task Algorithm Input Data Output Key Benefit
Performance prediction ANN Water quality, flow Removal efficiency Nonlinear modeling
Classification SVM Sensor data Normal/fault Robust detection

Optimization Random Forest

Process parameters

Optimal settings Interpretability

Anomaly detection Autoencoders

Time-series data

Fault signals Early warning

(Figure 6) presents a data-driven intelligent
treatment framework in which machine
learning, real-time sensor data, and uncertainty

quantification support adaptive optimization
of drilling wastewater treatment, resource
recovery, and water reuse.
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Figure 6. Data-Driven Intelligent Framework for Drilling Wastewater Treatment Optimization

6. Uncertainty Quantification in
Treatment Modeling

In drilling wastewater treatment systems,
uncertainty arises not only from wastewater
composition and operational conditions but also
from data-driven models used for performance
prediction and optimization. When machine
learning models are applied without explicit
consideration of uncertainty, decision-making
may be biased toward overly optimistic outcomes
(Al-Dahidi, Alrbai et al. 2024). Consequently,
uncertainty quantification provides the analytical
foundation for integrating machine learning
into robust and resilient treatment frameworks,
ensuring that circular economy objectives such as
reuse and resource recovery are achieved under
realistic and variable field conditions (Nagpal,
Siddique et al. 2024).

Uncertainty quantification has become an
essential component of drilling wastewater
treatment modeling due to the inherently
variable and unpredictable nature of wastewater
characteristics, operational conditions, and
treatment system responses. One of the primary
sources of uncertainty arises from input variability,
as drilling wastewater composition changes
continuously with geological formations, mud
formulations, chemical additives, and drilling

stages (Khalili, Ahmadi et al. 2023). These
fluctuations affect contaminant loads, salinity, pH,
and the presence of oils and emulsifiers, making
it difficult to predict treatment performance
using fixed-input models. Additionally, model
structure uncertainty stems from the simplifying
assumptions typically used in mechanistic or
empirical models, such as linear relationships,
steady-state conditions, or uniform reaction
kinetics. These assumptions rarely hold under real
field conditions, especially for processes involving
membrane fouling, chemical dosing dynamics,
or biological degradation. Parameter estimation
uncertainty further complicates the task, as
key parameters such as reaction rate constants,
adsorption coefficients, or fouling indices are
often derived from limited orinconsistent datasets,
leading to calibration errors that propagate
throughout the model (Shokir, Sallam et al. 2024).

To address these challenges, researchers
increasingly  contrast  deterministic  and
probabilisticmodelingapproaches.Deterministic
models rely on fixed input values and produce
single-point predictions, which can be useful for
initial design or operational planning but fail to
capture the range of possible outcomes under
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variable conditions. In contrast, probabilistic
models incorporate statistical distributions to
represent uncertainty in inputs, parameters,
or model structure, generating a spectrum of
possible results rather than a single prediction.
This probabilistic perspective is more aligned
with the fluctuating reality of drilling operations,
where treatment performance, contaminant
removal efficiency, or system reliability may vary
significantly from day to day. By quantifying the
likelihood of different scenarios, probabilistic
approaches provide a more comprehensive
understanding of system behavior and are
better suited for guiding operational strategies
in environments where variability is the norm
(Nooraiepour, Masoudi et al. 2021).

Bayesian methods and Monte Carlo
simulations play pivotal roles in modern
uncertainty quantification frameworks for
drilling  wastewater treatment. Bayesian
approaches allow model parameters to be
updated continually as new data become
available, offering a dynamic mechanism for
refining predictions and reducing uncertainty
over time (Rasouli, Karimpour-Fard et al. 2025).
Thisis particularly beneficial in treatment systems
equipped with real-time monitoring sensors,
where continuous data streams can enhance
model accuracy and adaptability. Bayesian
inference also provides posterior distributions for
parametersand predictions,enablingtransparent
uncertainty characterization and improved
decision-making under incomplete information.
Monte Carlo simulations, on the other hand,
use repeated random sampling to propagate
input uncertainties through the treatment
model, producing probability distributions of
outputs such as effluent quality, sludge volume,
or energy consumption. These simulations are
especially useful for evaluating operational risks,
identifying worst-case scenarios, and estimating
the likelihood of regulatory compliance under
varying wastewater conditions.

The integration of uncertainty quantification
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into treatment modeling offers significant
implications for risk-informed decision-making.
By explicitly accounting for variability and
unknowns, operators can develop treatment
strategies that are resilient rather than merely
optimized for average conditions. Probabilistic
insights enable more informed choices regarding
treatment technology selection, operational
setpoints, contingency planning, and investment
decisions. For example, uncertainty-aware
models can reveal whether a membrane system
is likely to experience fouling beyond acceptable
limits, whether chemical dosing needs to
be adjusted to accommodate fluctuations
in solid content, or whether reuse water will
consistently meet reinjection quality standards.
Furthermore, incorporating uncertainty into
decision frameworks facilitates compliance
with environmental regulations by highlighting
conditions under which treatment systems may
fail to meet discharge criteria, allowing operators
to implement safeguards before violations occur.
Ultimately, uncertainty quantification enhances
both environmental protection and operational
reliability by supporting decisions that are robust,
adaptive, and grounded in the probabilistic
realities of drilling wastewater management
(Iseri, Iseri et al. 2025).

The integration of machine learning,
uncertainty quantification, and circular economy
principles enables a shift from reactive wastewater
treatment toward intelligent and risk-informed
circular systems. Machine learning models
provide real-time predictions and optimization
strategies, uncertainty quantification characterizes
the reliability of these predictions, and circular
economy frameworks translate model outputs
into resource-efficient decisions (Lin, Wei et al.
2023). For example, uncertainty-aware ML models
can identify optimal recovery pathways for barite
or hydrocarbons while quantifying the probability
of meeting reuse or discharge standards. This
integrated approach supports resilient system
design, minimizes environmental risk, and
enhances economic performance under highly
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variable drilling conditions (Sircar, Yadav et al. 2021).

To translate emerging treatment
technologies, machine learning, and circular
economy principles into practical applications,
a clear and structured implementation roadmap
is required. (Figure 1) presents an integrated
framework for intelligent and circular drilling
wastewater management, illustrating how
physical treatment processes, data-driven
intelligence, and uncertainty-aware decision-
making can be systematically combined within
a closed-loop system (Rotan, Goettel et al. 2024).

The proposed roadmap begins with
comprehensive wastewater characterization using
online and offline sensors to capture temporal
variability in key parameters such as oil content,
salinity, and suspended solids (Nautiyal, Mishra
et al. 2025). These data streams serve as inputs
to machine learning models trained to predict
treatment performance, optimize operating
conditions, and detect anomalies in real time.
Uncertainty quantification methods, including
probabilistic modeling and Bayesian inference,
are then applied to characterize the reliability
of model predictions and propagate data and
model uncertainties through the decision-making
process (Gaurina-Medimurec, Simon et al. 2024).

Based on uncertainty-aware  model
outputs, risk-informed decisions are made
regarding treatment pathways, water reuse,
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material recovery, or zero-liquid-discharge
implementation.Circulareconomy objectivesare
operationalized by selecting recovery strategies
that maximize resource value while maintaining
regulatory compliance and system robustness
under variable conditions (Daramola, Apeh et
al. 2023). Feedback from treatment performance
and recovery outcomes is continuously used to
update models and reduce uncertainty, enabling
adaptive and self-optimizing operation over
time (Kandpal, Jaswal et al. 2024).

The proposed roadmap can be summarized
in the following steps:
1. Real-time wastewater characterization and
data acquisition;
2. ML-based performance prediction and
operational optimization;

3. Uncertainty
assessment;

quantification ~ and  risk

4. Circular economy-based decision-making
(reuse, recovery, ZLD),

5. Feedback-driven model
adaptive control.

updating and

(Table 6) identifies the principal sources of
uncertainty in drilling wastewater treatment
systems and summarizes the probabilistic
methods used to quantify their impact on
modeling accuracy and decision-making.

Table 6. Sources and Methods of Uncertainty Quantification (Iskandarani, Wang et al.
2016, Reichert and Technology 2020, Belia, Neumann et al. 2021)

Uncertainty Source Description

Modeling Method Decision Impact

Changing wastewater

Input variability composition

Monte Carlo Risk estimation

Parameter uncertainty  Poorly calibrated constants

Bayesian inference Robust design

Model uncertainty

Simplified assumptions

Ensemble models Confidence bounds

Operational uncertainty Sensor noise, failures

Probabilistic ML Reliability

(Figure 7) illustrates an uncertainty-aware
decision-making  framework in  which
probabilistic modeling, real-time sensor data,

and machine learning jointly inform adaptive
control of drilling wastewater treatment and
resource recovery.
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(Figure 8). Conceptual framework for  uncertainty are propagated through Bayesian
uncertainty quantification and probabilistic  inference and Monte Carlo simulation to
decision-making in  drilling wastewater  supportrisk-informed and adaptive operational
treatment, illustrating how multiple sources of  control.
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Figure 8. Conceptual Framework For Uncertainty Quantification In Drilling Wastewater Treatment Systems
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7. Application of Artificial Intelligence
in Operational Systems

The application of artificial intelligence (Al) in
drilling wastewater treatment has evolved from
theoreticalmodelingtopractical,operation-level
implementation. Al technologies enable real-
time monitoring, adaptive control, predictive
maintenance, and decision support, allowing
treatment systems to respond dynamically to
highly variable wastewater characteristics. This
section highlights the key operational roles of Al
in modern wastewater treatment systems (Sajib,
Jaman et al. 2025).

7.1. Real-Time Process Monitoring

Real-time monitoring is a fundamental
component of Al-enabled wastewater treatment
systems. By integrating advanced sensors with
machine learning algorithms, key parameters
such as total suspended solids (TSS), oil content,
salinity, and pH can be continuously tracked.
Al models analyze incoming data streams to
detect variations in wastewater composition
and identify trends that may not be visible
through conventional monitoring methods. This
capability enables early detection of process
deviations and supports more responsive and
accurate system control (Shaaban 2025).

7.2. Al-Based Process Control

Al-driven control systems allow for the
automaticadjustmentof operational parameters
in response to changing conditions. Machine
learning models can optimize variables such
as chemical dosing, pH levels, and flow rates in
real time, improving treatment efficiency and
reducing chemical and energy consumption.
These systems operate within closed-loop
control frameworks, where continuous feedback
from sensors is used to update control decisions
dynamically. This approach enhances system
stability and ensures consistent performance
under fluctuating operational conditions
(Anyanwu, Agunwamba et al. 2026).
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7.3. Predictive Maintenance

Predictive maintenance is another key
application of Al in wastewater treatment
operations. By analyzing historical and real-
time data, Al models can detect early signs of
equipment degradation, including membrane
fouling, pump inefficiencies, and mechanical
wear. This enables operators to perform
maintenance activities proactively rather than
reactively, reducing downtime, extending
equipment lifespan, and lowering operational
costs. Predictive maintenance also improves
system reliability and minimizes the risk of
unexpected failures.

7.4. Anomaly Detection

Al-based anomaly detection systems are
designed to identify abnormal behavior in
treatment processes. These systems can detect
deviations from normal operating conditions,
such as sudden changes in contaminant levels,
unexpected process fluctuations, or sensor
malfunctions. Early identification of anomalies
allows for rapid corrective action, preventing
system failures and ensuring compliance with
environmental regulations. This capability is
particularly important in complex and variable
drilling environments (Anyanwu, Agunwamba
et al. 2026).

7.5. Decision Support Systems

Al-driven decision support systems provide
operators with actionable insights to guide
wastewater management strategies. These
systems can evaluate multiple scenarios and
recommend optimal decisions, such as whether
to reuse treated water, discharge it, or recover
valuable resources. By integrating operational
data, predictive models, and uncertainty
analysis, decision support tools enhance
operational efficiency and support more
informed and sustainable decision-making
processes (Jin, Liu et al. 2025).
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7.6. Industrial Implementation Challenges

Despite the advantages of Al in operational
systems, several challenges remain in large-
scale implementation. Data availability and
quality continue to be significant limitations,
as many operations lack sufficient high-
resolution datasets for effective model
training. Sensor reliability and maintenance
are also critical concerns, particularly in harsh
drilling environments. In addition, integrating
Al systems with existing infrastructure can
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be complex and may require significant
investment and technical expertise. Addressing
these challenges is essential for the successful
adoption of Al-driven wastewater treatment
systems in industrial settings (Jin, Liu et al.
2025).

(Table 7) summarizes representative pilot-
scale applications of intelligent and circular
drilling  wastewater treatment systems,
highlighting key technologies, performance
outcomes, and operational conditions.

Table 7. Representative Pilot-Scale and Industrially Relevant Applications of Intelligent and Circular Drilling
Wastewater Treatment (Ejairu, Aderamo Et Al. 2024, Aryanti, Nugroho Et Al. 2025, Ferri And Bolelli 2025)

Application Area Scale Approach Demonstrated Benefit Key Limitation
Solids & oil removal Industrial Centrifugation, DAF Robust bulk removal Limited dissolved
removal

Cherrglocr?ircétlasmg Pilot ML-based optimization Reduced reagent use Data availability
Drilling fluid monitoring  Field-like ANN, RF models Improcvoerir%rlocess Model transferability
Barite recovery Industrial Physical separation ~ Reduced material costs Recovery efficiency

. Lower freshwater .
Water reuse Pilot Membrane systems Fouling, energy use
demand

8. Challenges and Limitations

Despite significant advancements in drilling
wastewater treatment technologies and the
growing integration of intelligent and circular
approaches, several challenges and limitations
continue to hinder large-scale implementation
and operational efficiency. These limitations span
data availability, technological performance,
machine learning applicability, operational
constraints, and economic and regulatory factors
(Ghasemi, Akbari et al. 2025).

8.1. Data-Related Limitations

One of the primary challenges in developing
intelligent wastewater treatment systems
is the lack of standardized and high-quality
datasets. Drilling wastewater characteristics vary
significantly across locations and operations,

leading to inconsistent sampling and data
heterogeneity. In many cases, available datasets
are limited in size, poorly structured, or lack
temporal resolution, which restricts their
usability for machine learning applications.
These limitations directly affect model training,
validation, and generalization, reducing the
reliability of data-driven approaches (Liu, Dong
et al. 2026).

8.2.Technological Limitations

Although advanced treatment technologies
such as membrane filtration and advanced
oxidation processes offer high removal
efficiencies, they are often associated with
operational challenges. Membrane fouling
remains a critical issue, leading to reduced
performance and increased maintenance
requirements. Additionally, many advanced



| 110

processes are energy-intensive, resulting in
higher operational costs and environmental
burdens. Sludge generation and management
also present ongoing challenges, particularly
in chemical and biological treatment systems,
where disposal and handling can be complex
and costly (Tian, Ma et al. 2026).

8.3. Machine Learning Limitations

While machine learning provides powerful
tools for modeling and optimization, its
application in drilling wastewater treatment
is constrained by several factors. Model
transferability remains a major issue, as models
trained on one dataset may not perform well
under different operational conditions. Data
scarcity and variability further limit model
robustness, while noise and uncertainty in
measurements can affect prediction accuracy.
These limitations highlight the need for more
robust, interpretable, and adaptable machine
learning frameworks (Tian, Ma et al. 2026).

8.4. Operational Challenges

Real-world implementation of advanced and
intelligenttreatmentsystemsisoftencomplicated
by harsh operating environments typical of
oil and gas operations. Extreme temperatures,
high salinity, and variable flow conditions can
affect both treatment processes and monitoring
systems. Sensor reliability and maintenance pose
additional challenges, particularly for real-time
data acquisition. Furthermore, achieving fully
integrated, real-time control systems requires
significant infrastructure and technical expertise,
which may not always be available (Zhou, Deng
et al. 2025).

8.5. Economic and Policy Constraints

The adoption of advanced treatment
technologies and intelligent systems is often
limited by high capital and operational
expenditures. Technologies such as membrane
systems and zero liquid discharge (ZLD) require
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substantial investment, which may not be
economically feasible in all cases. In addition,
regulatory frameworks vary across regions
and may lack clear guidelines for emerging
technologies. Limited financial incentives
and policy support further slow the transition
toward circular and sustainable wastewater
management practices (Zhou, Deng et al. 2025).

9. Future Directions

Future advancements in drilling wastewater
treatment are expected to be driven by the
convergence of intelligent systems, advanced
sensing technologies, and circular economy
strategies. These developments aim to transform
conventional treatment approaches into
adaptive, efficient, and sustainable systems
capable of operating under highly variable and
uncertain conditions (Dhadumia, Paul et al. 2026).

9.1.Intelligent and Autonomous
Treatment Systems

The development of intelligent and
autonomous treatment systems represents a
key direction for future research and industrial
implementation. Artificial intelligence (Al)-
driven control strategies can enable real-time
adjustment of operational parameters such as
chemical dosing, flow rates, and membrane
pressures. These systems have the potential
to evolve into fully self-optimizing treatment
plants that continuously learn from operational
data, improving efficiency, reducing human
intervention, and enhancing system reliability
under dynamic conditions (Wang, Li et al. 2025).

9.2.Integration of Machine Learning,
Uncertainty Quantification, and
Digital Twins

The integration of machine learning (ML),
uncertainty quantification (UQ), and digital twin
technologies offers significant opportunities
for advancing wastewater treatment systems.
Digital twins virtual replicas of physical systems
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can simulate process behavior in real time,
allowing for predictive analysis and scenario
evaluation. When combined with ML and
UQ, these systems enable real-time adaptive
control, improved prediction accuracy, and
risk-informed  decision-making, supporting
more robust and resilient treatment operations
(Dhadumia, Paul et al. 2026).

9.3. Advanced Sensing and Data
Infrastructure

Future systems will increasingly rely on
advanced sensing technologies and data
infrastructure to support continuous monitoring
and control. The deployment of Internet
of Things (loT) devices and high-frequency
sensors enables real-time data acquisition for
key parameters such as salinity, oil content,
and suspended solids. These technologies
improve data availability and quality, which are
essential for training machine learning models
and enabling responsive, data-driven system
management.

9.4.Expansion of Circular Economy
Strategies

Circular economy principles will play an
increasingly important role in the future of
drilling wastewater management. Advancements
in zero liquid discharge (ZLD) technologies

11|

will enhance water recovery efficiency and
reduce environmental discharge. In addition,
improved resource recovery techniques such
as the extraction of hydrocarbons, salts, and
valuable minerals will contribute to economic
value generation and waste minimization. These
developments support the transition toward
closed-loop systems that maximize resource
utilization and sustainability (Wang, Li et al. 2025).

9.5. Policy and Industrial Implementation

The successful implementation of advanced
and intelligent wastewater treatment systems
will depend on supportive regulatory
frameworks and industry adoption. Future
efforts should focus on developing clear
regulations for emerging technologies,
establishing standardized operational
guidelines, and providing economic incentives
forsustainable practices.Collaborationbetween
academia, industry, and policymakers will be
essential to accelerate technology deployment
and ensure that innovative solutions are
effectively translated into large-scale industrial
applications (Loss, Cavali et al. 2026).

(Table 8) outlines the major technical, data-
related, and policy-driven gaps in current
drilling wastewater management practices and
highlights future research directions toward
intelligent and circular treatment systems.

Table 8. Research Gaps and Future Opportunities (Matheri, Mohamed et al. 2022,
Adedayo-Ojo, Shad et al. 2025, Waware, Nagalli et al. 2025)

Gap Current Limitation

Future Direction

Data availability

Fragmented datasets

Standardized databases

ML deployment

Limited real-time use

Sensor-ML integration

Circular adoption

High capital cost

Policy incentives

System intelligence

Manual control

Autonomous treatment systems

Figure 9 presents a future-oriented vision of
Al-driven and zero-liquid-discharge-enabled
wastewater management integrated across the

oil and gas value chain, highlighting long-term
sustainability and investment pathways.
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10. Conclusion

This review has presented a comprehensive
and integrated analysis of drilling wastewater
treatment by bridging conventional and
advanced treatment technologies with
emerging approaches in machine learning,
uncertainty quantification,and circulareconomy
principles. The findings demonstrate that while
physical, chemical, biological, and membrane-
based processes remain the foundation of
contaminant removal, their effectiveness is
often constrained by the highly variable and
dynamic nature of drilling wastewater systems.

The integration of data-driven intelligence,
particularly machine learning, enables improved
prediction, monitoring,and adaptive optimization
of treatment processes under fluctuating
operational conditions. In parallel, uncertainty
quantification provides a robust framework
for addressing variability and supporting
risk-informed  decision-making.  Together,
these approaches enhance system reliability,
operational efficiency, and resilience, moving
beyond traditional static treatment strategies
toward dynamic and adaptive system design.

From a sustainability perspective, the
adoption of circular economy strategies such as
water reuse, resource recovery, and zero liquid
discharge (ZLD) offers significant potential to
reduce environmental impacts while improving
resource efficiency and economic performance.
These strategies support the transition from
linear waste management practices to closed-
loop systems that valorize wastewater streams
and minimize environmental footprint.

Despite  these advancements, several
challenges remain, including limited data
availability, difficulties in model generalization,
highoperational costsofadvancedtechnologies,
and integration barriers in real-world industrial
environments. Addressing these limitations
will require the development of standardized
datasets, improved sensing and monitoring
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infrastructure, and scalable frameworks that
integrate artificial intelligence into operational
systems.

Future developments are expected to focus
on autonomous treatment systems, digital twin
technologies, and fully integrated, Al-driven
platforms capable of real-time optimization
and decision-making. Such advancements will
play a critical role in achieving sustainable and
resilient wastewater management in the oil and
gas industry.

Overall, this study highlights the importance
of interdisciplinary integration in advancing
drilling wastewater treatment. By combining
engineering processes with data science
and sustainability principles, the proposed
framework provides a pathway toward
intelligent, adaptive, and circular wastewater
management systems capable of meeting
future environmental and industrial challenges.

Nomenclature

Al Artificial Intelligence

ANN Artificial Neural Network
AOP Advanced Oxidation Process
CE Circular Economy

DAF Dissolved Air Flotation
DT Digital Twin

loT Internet of Things

LCA Life Cycle Assessment
ML Machine Learning

MLD Minimal Liquid Discharge
NF Nanofiltration

0&G Oil and Gas

RO Reverse Osmosis

SVYM Support Vector Machine
DS Total Dissolved Solids
78S Total Suspended Solids
UQ Uncertainty Quantification
WBM Water-Based Mud

OBM Oil-Based Mud

ZLD Zero Liquid Dischargr
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