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Climate change is accelerating globally, raising significant concerns regarding the environmental risks 
associated with combined sewer overflows (CSOs). These rainfall events lead to the excessive discharge 
of multiple pollutants into natural waters. However, greenhouse gas (GHG) emissions from CSOs, which 
are crucial for carbon neutrality in urban water systems, remain fragmented. Using the life-cycle assess-
ment method expansion approach, this study breaks down the formation and discharge processes of CSOs 
and uncovers the underlying mechanisms driving GHG emissions during each period. Given the complex-
ity and uncertainty in the spatial distribution of GHG emissions from CSOs, the development of standard 
monitoring and estimation methods is vital. This study identifies the factors influencing GHG emissions 
within the urban drainage system (UDS) and defines the interactive GHG emission boundaries and 
accounting framework related to CSOs. This framework is expanded to consider the hybrid nature of 
urban engineering and hydraulic interactions during the CSO events. Advanced modeling technologies 
have emerged as essential tools for predicting and managing GHG emissions from CSOs. This review pro-
motes comprehensive data-driven methods for predicting GHG emissions from CSOs, fully considering 
the inherent heterogeneity of CSOs and the impact of multi-source contaminants discharged into aquatic 
environments. It emphasizes refining emission boundary definitions, novel accounting practices adapting 
data-driven methods, and comprehensive management strategies in line with the move toward carbon 
neutrality in the UDS. It advocates the adoption of solutions including advanced technologies and artifi-
cial intelligent methods to mitigate CSO-related GHG emissions, stressing the significance of integrating 
low-carbon solutions and a comprehensive data-driven management framework in future research 
directions.

© 2025 THE AUTHORS. Published by Elsevier LTD on behalf of Chinese Academy of Engineering and 
Higher Education Press Limited Company. This is an open access article under the CC BY-NC-ND license 

(http://creativecommons.org/licenses/by-nc-nd/4.0/). 
1. Introduction 

Since the industrial revolution, the relationship between global 
warming and greenhouse gas (GHG) emissions into the atmo-
sphere has attracted considerable attention. Water is involved in 
many material and energy flows as it passes through the transport, 
treatment, and discharge processes. Consequently, urban water 
cycles are complex sources of prominent GHGs, including carbon 
dioxide (CO2), methane (CH4), and nitrous oxide (N2O). The empha-
sis on GHG emissions parallels the hotspots of wastewater decon-
tamination [1]. Apart from estimating GHG emissions from the 
wastewater sector, meticulous delineation of system boundaries 
is also essential for GHG management, as previous carbon account-
ing may not be absolutely solid and emission boundaries change 
with external factors such as climate and economic factors [2]. In 
addition to traditional hotspots (wastewater treatment plants 
(WWTP), estuary, and riverine ecosystems) in urban water sys-
tems, recent concerns have gradually focused on combined sewer 
overflows (CSOs) [2–6]. Pollutants discharged into urban water 
systems through unorthodox pathways in the urban drainage sys-
tem (UDS; including CSOs and sewage leaks) have gradually 
become the dominant GHG emission sources [7]. Most developed
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countries maintain their drainage systems with a high proportion 
of combined sewer systems (CSSs), thus, CSO pollution is a major 
concern for wet weather pollution management in most developed 
countries. Under the pressures of population growth and climate 
change, particularly in extremely wet weather, CSOs have 
increased because of the insufficient hydraulic capacity of CSSs to 
collect water flows [8]. These overflows accumulate from a pollu-
tant array of human activities conducted by rainwater flush, and 
from untreated wastewater and are then discharged into river bod-
ies [9,10]. Evidence suggests a substantial influence of CSOs on 
chemical oxygen demand (COD) and total suspended solid (TSS) 
levels in receiving waters [11]. CSOs present adjacent or even more 
severe pollutant loads and flow volumes than treated effluents 
released from municipal treatment plants [12]. Moreover, the for-
mation of CSOs can negatively affect the operations of wastewater 
collection and treatment systems. Therefore, CSO discharge has the 
potential to generate direct and indirect GHG emissions in the 
water sector during extreme weather conditions, negatively affect-
ing the achievement of carbon neutrality in urban water systems.

Resolving the GHG emission challenge posed by active CSOs 
worldwide requires the definition of boundaries, sources, sinks, 
and assessment approaches for these emerging GHG emission 
sources. Previous studies [1,2] have focused on exploring network 
boundaries, including sewers, WWTPs, and structures. However, 
influenced by climate change, the frequent interactions between 
urban water systems and city scales unavoidably increase the com-
plexity of material flows, thus complicating the boundary defini-
tion of GHG emissions. In the existing carbon accounting 
framework, the negative CSO-related impact (e.g., influent concen-
tration, chemical consumption, and energy consumption) is uncon-
sciously included in the actual emission inventory data. However, 
CSO-related GHG emissions have not been fully investigated, and 
their impacts, particularly in terms of the carbon footprint within 
the UDS have not been uncovered. Drawing on the water– 
energy–carbon nexus framework [5], this review introduces a 
novel perspective. It integrates the CSO discharge with processes 
within a wider scale of urban water system management. Similar 
to the WWTP estimation, GHG emissions from CSOs can be divided 
into direct and indirect emissions. The direct emissions include 
CO2,  N2O, and CH4. Indirect emissions are life-cycle emissions 
based on electricity and chemical consumption in interactive 
urban wastewater management systems in engineering and 
hydraulics. Previous studies [13–15] identified several operational 
mechanisms and reactions in various wastewater sectors. The bio-
chemical reaction process in water environments, sewers, and 
sewer sediment layers, particularly N2O and CH4 production, as 
well as the accumulated volumes of CSOs, are crucial areas of this 
study [2,16]. 

Previous studies on GHG emissions from CSOs are only briefly 
mentioned in this section. Furthermore, researchers [1,8,17] have 
conducted quantitative estimations of GHG emissions from sewer 
systems and water environments, emphasizing the isolated influ-
ence of these factors on the wastewater sector. Obviously, these 
studies fall into the misconception of CSO discharge as the sole 
GHG source, overlooking the complicated processes of CSO forma-
tion, transfer, and release. Moreover, the dynamic uncertainty of 
the urban water cycle driven by increasingly severe extreme 
weather is a significant factor that influences the accounting pro-
cess. The variability of this complicated process hampers the gen-
eralizability of practical and model-based research. Great 
uncertainties concerning existing GHG estimations caused by 
CSO persist: ① lack of guidance for explicit carbon emission 
sources and boundaries; ② limited availability of mathematical 
and data-driven models for long-term estimation and monitoring; 
and ③ lack of integrated CSO control techniques to mitigate the 
impact of CSOs on the entire environment. Overall, the GHG
41
emissions from CSOs are of serious concern and require immediate 
attention. 

This review aims to ① uncover the potential for CSO-related 
GHG emissions from legislative framework development, ② define 
CSO-related emission boundaries and influencing factors, and ③ 
explore integrated data-driven pathways that synergize the reduc-
tion of pollution and GHG emissions from CSOs. CSO-related poli-
cies, regulations, and standards are summarized in three stages 
aligned with carbon neutrality goals. Key GHG emission sources 
and boundaries (e.g., riverine ecosystems, pipelines, and external 
chemical and energy use) are reviewed, along with their mecha-
nisms and influencing factors. Mathematical models from the per-
spective of CSO prediction as well as GHG production and emission 
in riverine and sewer systems are also systematically summarized 
and compared. A comprehensive urban CSO control system that 
integrates mitigation technologies and data-driven methods across 
the UDS was proposed, leading to a GHG-focused strategy. This 
review highlights CSOs as significant GHG sources and emphasizes 
the need for integrated, low-carbon wastewater management
solutions.
2. Involving CSO regulations and recommendations towards 
sustainability and carbon neutrality 

The enactment of CSO-related regulations and recommenda-
tions forms a crucial basis for CSO control and management. The 
timeline (Fig. 1) of historical regulations and policies from the 
1957s in the CSO sector can be divided into three phases (Texts 
S1–S4 in Appendix A). The transition towards a sustainable and 
carbon-neutral UDS is marked by the integration of traditional 
and innovative infrastructure (e.g., grey-green infrastructure), 
which has been driven by CSO-related policies in the past five dec-
ades [18–20]. This transition has been recognized for its indirect 
reduction [21] in energy use, direct [5], and indirect carbon foot-
prints [22,23], spanning initial construction to long-term 
emissions. 

2.1. Global situation of CSO pollution 

Following the implementation of policies and regulations to 
mitigate CSO pollution, CSOs are subject to discharge permissions 
and treated to remove contaminants that threaten the public envi-
ronment. However, according to recent reports on urban water sys-
tems worldwide [24–26], CSO pollution remains a significant issue 
and poses an intermittent risk to water quality. Table S1 in Appen-
dix A summarizes the global CSO pollution loads. For example, in 
the United Kingdom (UK), national monitoring data demonstrate 
a remarkable rise in CSO numbers in recent years, and the number 
of CSO events and discharge structures has remained elevated over 
the past three years [24–26]. These hydraulically overloaded CSOs 
result in chronic pollution impacts across significant stretches of 
rivers (owing to widespread elevated ammonia and/or reduced 
dissolved oxygen) [27]. Although the UK completed the installation 
of monitoring devices for CSOs by 2023, other countries have not 
established integral monitoring systems, making them more vul-
nerable to unassessed overflow risks. Despite these efforts, CSO 
pollution remains a significant threat to urban water quality 
worldwide. Furthermore, the frequency of CSO events is likely to 
increase because of factors that disturb the urban water cycle, such 
as climate change with more frequent extreme weather events 
[28,29], aging sewage systems in combination with additional 
groundwater input, and urbanization combined with increased 
impermeable surface areas [30–34]. Overall, current efforts 
towards CSO control have yielded unsatisfactory outcomes and 
CSOs continue to transport heavy pollutants to urban water bodies.
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Fig. 1. A summary of historical regulations legislation, and policy in the CSO sector and the recent trends that would affect the carbon neutrality of the sewer system. GI: 
green infrastructure, NPDES: National Pollutant Discharge Elimination System, Max: maximum. 
2.2. Further development 

Furthermore, involving CSO control as part of UDS management 
in carbon-neutral policy [35,36] regimes to mitigate environmental 
impacts is inevitable. Therefore, developing clean energy technolo-
gies and reducing GHG emissions are crucial to achieving CSO con-
trol and carbon neutrality [37]. Taking a step toward achieving this 
milestone in the UDS, CSO-related policies have served as guidance 
while taking action for CSOmanagement. Furthermore, the recogni-
tion of emission potential, identification of clear emission bounda-
ries, and practical engineering solutions are crucial for GHG 
emission management in the UDS. 

3. Identification of emission hotspots from CSOs 

Limited by the complex interactive nature of CSO events in the 
UDS, mechanistic studies of emission boundaries and distribution 
are scarce. This review can only infer the reasons and extend the 
emission boundaries from the available literature and engineering 
experience. In the scope of a UDS, CSOs are often accompanied by 
pollutant discharges into water bodies, discharges from pumping 
points in wet weather, and overloaded WWTP operations. 
Although most countries have identified WWTPs as emission 
sources in their carbon accounting frameworks, CSOs are currently 
overlooked as potential emission hotspots in sewer systems 
[2,38,39]. CSO discharge can be regarded as a special event that 
disturbs the direction of material and energy flow. Fig. 2 presents 
a schematic of direct and indirect CSO-related GHG emissions from 
source to sink in the UDS. These emission boundaries were defined 
42
using the life-cycle assessment (LCA) method expansion approach 
(Text S5 and Fig. S1 in Appendix A) [40]: ① Urban water systems 
where CSOs are discharged: mainly riverine ecosystems; ② static 
urban wastewater management systems: WWTPs and ancillary 
network infrastructure; and ③ boundaries of urban engineering 
and hydrology interactions: including sewage conduits, sewer net-
works, and pumping stations. This review considers interactive 
boundaries, a crucial concept that encompasses the final destina-
tion of CSOs and the activities influenced by them, such as receiv-
ing waters and external energy consumption. All of these factors 
play key roles in CSO management and GHG estimation. Employing 
a cross-scale approach [41], the following sections discuss CSO-
related GHG emission hotspots in the UDS, as well as the corre-
sponding mechanisms and influencing factors within these units. 

3.1. GHG emission in sewers 

Sewer systems, which are essential components of UDS, are 
responsible for collecting and transporting wastewater from resi-
dential areas to WWTPs. These systems contribute to GHG emis-
sions, particularly CH4 and N2O. Although studies [14,17,42–44] 
on CO2 and N2O are scarce, we can only describe the critical pro-
cesses and factors related to CH4 formation as emission boundaries 
in sewer systems. ① Sewer type and operating conditions. Sewer 
systems are operationally divided into rising main and gravity 
sewers (the main sewer category of CSSs in dry weather) [17]. In 
gravity sewers, stagnant wastewater flow creates an anaerobic 
state and solids deposition, which enhances CH4 production from 
the bulk-phase or slime sources [1]. ② Biological mechanisms.
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Fig. 2. Schematic of GHG emissions from source to sink due to CSOs in the UDS. 
GHG emissions originate from anaerobic, anoxic, or aerobic biolog-
ical processes that occur in sewer sediments, bulk water, and bio-
films that grow on pipe walls [45]. ③ Hydraulic and environmental 
factors. Water level changes, temperature differences, and pressure 
differences drive the gas emissions from sewer systems [2]. Driven 
by the CSO storage effects [46], as the headspace of the sewer sys-
tem is eliminated, the volume of water filling the sewers moves air 
upstream to the nearest drop structure, creating high airflow rates 
during CSO events. 

Another key process is that as sewers continue to operate at 
high water levels during CSO events, their hydraulic parameters 
approach those of rising main sewers, increasing CH4 solubility 
due to pressure changes in the sewers. Consequently, CH4 trapped 
in the wastewater and sediment phases within the pipeline enters 
natural waters with CSO discharge, likely disturbing the spatiotem-
poral distribution pattern of CH4 and causing uncontrolled emis-
sions of CH4. Based on current laboratory experiments and 
models, most studies [47] have focused on CH4 production rather 
than emissions in sewer systems [2]. Comprehensive hydraulic 
conditions during CSO events, such as the mixing of water and air-
flow and complex topologies, make it more difficult to scientifically 
account for CSO-driven carbon emissions from sewers. 

3.2. GHG emission in riverine ecosystem 

Increasing evidence has demonstrated that global riverine 
ecosystems are vital sources of GHG emissions [7,48,49]. Inland 
waters emit approximately 20% (4.3 petagram carbon per year 
(Pg-C a 1 )) of the global carbon budget into the atmosphere [50]. 
In the study of GHG emissions from riverine systems, research 
has been conducted on CO2,  CH4, and N2O emissions [48,51]. The 
influencing factors are summarized below. ① Extreme weather 
and hydrological conditions. The intensity and frequency of 
extreme weather, and hydrological conditions drive the gas emis-
sions from riverine systems. During rainfall events, CSO discharges
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are accompanied by pump station drainage and sediment distur-
bance from pipelines, which input a substantial number of organic 
pollutants into the receiving water [4]. ② Pollutant inputs, includ-
ing nutrient loads and dissolved CH4. The scoured sewer sediments 
introduce quantities of nitrogen- and phosphorus-containing 
materials to the riverine, contributing 20.9%–44.6% and 35.66%– 
47.3% of total nitrogen (TN) and total phosphorus (TP) mass, 
respectively, in the receiving water body [52]. Simultaneously, 
the flashed wastewater mixed with rainwater contains dissolved 
CH4, which can be rapidly released into the atmosphere. ③ Anoxic 
and anaerobic conditions. Under these circumstances, riverine sys-
tems are highly susceptible to rapidly entering anoxic/anaerobic 
conditions, which promote GHG emissions from the riverine sys-
tems. Furthermore, riverine GHG emissions from CSOs may even 
have a delayed nature compared to CSO events, which requires 
in-depth exploration due to the temporal–spatial heterogeneity 
of gases in riverine systems.

3.3. Electrical energy consumption 

The dramatic increase in flow over a short period during wet 
weather puts pressure on the operation of sewer systems, particu-
larly the wastewater collection and transportation systems. The 
increasing frequency of extreme weather events (e.g., extreme pre-
cipitation, catastrophic floods, droughts, heat-cold waves, and 
storms) has exacerbated this pressure. Electrical energy consump-
tion is becoming a critical hotspot for energy intensity and GHG 
emissions in UDS. A case study [13] in Delhi, India revealed that 
wastewater transportation accounted for 45.3% of the total daily 
energy use in the UDS. The proportion of energy used during the 
operational phase was 70%, of which 79% was electrical energy. 
Pumps used for wastewater lifting and transportation in sewers 
also contribute to indirect GHG emissions, which are calculated 
using emission factors (EF) [53]. This EF should be optimized 
according to local realities and situations.
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3.4. Chemical consumption 

When CSOs occur in the UDS, flows mixed with wastewater and 
stormwater reach the WWTPs. This leads to an overloaded opera-
tion of the WWTPs and lower organic compound concentration in 
the influent. The most intuitive GHG emissions are the additional 
chemicals used to treat low-carbon and high-flow wastewater 
transported to WWTPs [15,54]. Furthermore, it is reasonable to 
speculate that overflow can render the inefficient operation of 
WWTPs, necessitating carbon-intensive measures to maintain 
their functionality. 

3.5. Innovations for carbon accounting: clearer boundaries and 
methodology shift 

There is a knowledge and data gap in our understanding of the 
spatiotemporal distribution and intensity of GHG emissions during 
CSO events in the UDS. Owing to complexities, monitoring limita-
tions, and costs, GHG estimation remains challenging due to incon-
sistent and unclear emission boundaries. To define clearer 
emission boundaries, enhanced research on microscopic processes 
during CSO events is crucial, as it could increase the clarity of the 
emission boundaries and facilitate accurate carbon attribution. 
Improving data monitoring and collection is fundamental to bridg-
ing this gap. The requirements for data acquisition include: ① CSO 
water quality and quantity; ② hydraulic parameters (e.g., water 
level, flow rate, and even sediment thickness) within the network 
during CSO events; ③ operational parameters of the ancillary net-
work infrastructure in sewer systems, for example, influent flow 
and electrical energy consumption per day; ④ monitoring data of 
water quality and quantity in receiving water bodies before and 
after the occurrence of CSOs. Carbon accounting methods including 
the EFs and direct measurement methods, are restricted by data 
collection and regional differences. By quantifying the EF changes 
in UDS parameters including specific CSO events in different 
regions or cities, a global emission inventory can be established 
based on full-scale measurements and comprehensive data collec-
tion. The implementation of this pathway underscores the need to 
navigate data availability and address the variability in the nature 
of CSOs, as we explore in the next section.
4. Estimation method and supportive model of CSO-related GHG 
emission 

Although imperfect, the development of mathematical models 
offers a solution to CSO issues. These models bridge the gap 
between laboratory experiments and large-scale predictions by 
establishing reasonable quantitative relationships for CSO-related 
environmental factors and identifying their correlations with 
GHG emissions. Therefore, such modeling can serve as a powerful 
tool to support UDS in the operational management and develop-
ment of mitigation strategies. Owing to the temporalspatial 
heterogeneity of GHG emissions during CSO events, researchers 
have preliminarily explored the modeling framework correspond-
ing to each emission boundary of the CSOs. By varying the key 
parameters across different types of drainage systems and altering 
the driving mechanisms of the models, the accuracy and granular-
ity of GHG emission estimations from CSOs were improved. Fig. 3 
illustrates the integrated modeling framework proposed in the fol-
lowing sections, as well as its data needs, relevant architecture, and 
further development potential. 

Notably, several studies have investigated CSO models that 
emulate the overflow volume, duration, and other parameters 
[55,56]. The impacts of anthropogenic discharge (e.g., urban run-
off) on riverine nitrogen and carbon transportation have been pro-
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gressively elucidated, along with the GHG generation model in 
sewer systems [51,57]. In the subsequent sections, existing estima-
tion methods corresponding to GHG emissions caused by CSOs are 
systematically summarized and discussed to refine the estimation 
system (Fig. 3) of CSO-related GHG emissions in the UDS. 

4.1. CSO models: monitoring data for basic physical and chemical 
parameters 

The first step in mapping full-scale GHG emissions, particularly 
those without mature models, is a deep dive into hydrological con-
nectivity and micro-scale reactions during CSO events. CSO models 
provide basic physical and chemical parameters for GHG estima-
tion and serve as essential prediction bridges between sewers 
and riverine environments. As shown in Fig. 3, the water quantity 
and quality models mainly constitute the sewer–river water mod-
els, which predict the CSO volume and pollutant loads for GHG 
estimation. 

4.1.1. Modeling of CSO volume 
These models can be roughly classified into three primary cate-

gories: physically-based, statistical, and artificial intelligence (AI)-
based models (Texts S6–S8 in Appendix A) [54]. In terms of project-
ing GHG emissions related to CSOs, models that predict CSO volume 
can assist in estimating ① direct emissions: how much wastewater 
mixed with stormwater floods into the riverine ecosystem, and ② 
indirect emissions: how much stormwater enters the WWTPs, 
causing inefficiencies. Tables S2 and S3 in Appendix A summarize 
the studies that utilized these three models to predict overflow vol-
umes. Physically-based models, grounded in the principles of phys-
ical processes, describe the relationships among the explanatory 
parameters of the simulated process [58]. Important input factors 
include the geometric characteristics and boundary conditions of 
pipelines, catchment conditions, soil properties, area of imperme-
able areas, and the digital elevation model of the simulated area 
[56,59–62]. Statistical models explain the relationship between 
variables and different overflow characteristics using data-driven 
techniques, often predicting the probability of CSO occurrence 
within a certain confidence interval [8,63]. Compared to 
physically-based models, statistical models are advantageous 
owing to fewer input data requirements, reduced time consump-
tion, and fewer requirements for physical and chemical knowledge 
[56]. These models effectively simulate a limited number of CSO 
events and enhance prediction capabilities through model combi-
nations [64–66]. AI-based models address the inherent uncertainty 
of datasets, rendering them highly suitable for UDS operation man-
agement [56]. Deep learning techniques, such as recurrent neural 
networks, and long short-termmemory, excel at extracting features 
from raw data usingmultiple hidden layers [67]. Furthermore, sew-
age flow in pipelines shows different trends according to social phe-
nomena and climate change factors, such as atmospheric humidity, 
time of day, and day of theweek should be included in themodeling 
process. By building frameworks that bridge big data algorithms 
and physics-based numerical models, the accurate prediction of 
CSO location and time traces in a time frame of seconds can be real-
ized [68]. 

4.1.2. Modeling of CSO pollutant load 
Mathematical water quantity and quality models within sewer 

systems are typically employed to assess the CSO pollutant loads. 
Ideally, an integrated modeling method should be applied to esti-
mate the impact of CSOs on current water quantity and quality. 
These approaches are in synergy with hydrological and hydrody-
namic models of the UDS and receiving waters, and consider their 
interaction [69,70]. Water quantity models (e.g., physically-based 
models) are elaborated in Section 4.1.1, which allows for a detailed
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Fig. 3. Integrated models for GHG estimation from CSOs, their data needs, relevant architectures, and potential for further development. 
and accurate design and analysis of sewerage infrastructure. To 
model the impact of CSO on surface water quality, only a single 
pollutant is considered, for example, an indicator of organic matter 
content such as biological oxygen demand (BOD). This may not be 
sufficiently comprehensive to define the quality of the receiving 
water, because other pollutants may also be important. Under 
these circumstances, water quality models can be used within 
sewer systems, however, their performance is generally poor [2]. 
As an option, sample CSO emissions can be applied to the calibra-
tion of the regression model for predicting CSO pollutant loads, and 
this approach is heavily dependent on the high quality of samples 
and the monitoring of CSOs [71,72]. Another option is to predict 
the TSS and COD loads of CSO events using the rainfall and CSO vol-
ume characteristics [73]. However, these datasets are not always 
valid; for example, sewer systems worldwide can have various lay-
outs and sources of sewage (e.g., different household and industrial 
wastewater). Moreover, CSO concentrations often vary over time 
due to ‘‘first flush” or other processes in the overflow events. We 
found that this requires knowledge and effective data on the rela-
tive impact of certain pollutants on receiving waters; however, 
such knowledge may not be available in data-scarce areas or coun-
tries. Furthermore, addressing the impact of CSOs on water quan-
tity and quality in sparsely observed areas has become an urgent 
problem. 

4.2. Sewer GHG models 

Detector techniques (the tracer dispersion method and optional 
gas imaging infrared video camera) are traditional measurement 
technologies for CH4 in sewers. However, owing to the complex 
measurement environment, these techniques exhibit inaccuracies 
in temporal and spatial variability and are impractical for long-
term quantification. Consequently, advanced monitoring methods 
and mathematical or machine learning (ML)-based models are cru-
cial for CH4 estimation, providing a robust tool for refining 
methane EF in sewer systems. Currently, there is no direct model 
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for the CO2 and N2O emission processes in sewers [2]. Although 
no standardized model for CH4 emissions from urban drainage pipe 
systems exists, several studies have developed kinetic or empirical 
models that consider the main factors influencing CH4 emissions 
and biochemical processes, thereby providing preliminary mea-
surement tools. Table S4 in Appendix A summarizes the represen-
tative CH4 models used in previous studies. A detailed analysis of 
the CH4 modeling for these two categories is presented in the fol-
lowing two sections. 

4.2.1. Kinetic models 
As shown in Table S4, the kinetic models describe the primary 

biochemical processes within the pipeline and predict the changes 
in CH4 concentrations based on the measured kinetic parameters. 
Biological reactions have been modeled as biofilm processes in 
most sewer models such as the SeweX models [74]. As a dynamic 
model, the SeweX model (Text S9 in Appendix A) was used to ana-
lyze the distribution pattern of CH4 in the pipeline. However, 
SeweX is computationally intensive and assumes uniform biofilm 
activity throughout the pipeline, which may not reflect variations 
in the wastewater composition and biofilm activity [75,76]. Other 
kinetic models, such as the first-order kinetic model and modified 
Gompertz model, have also been applied to monitor CH4 produc-
tion. The first-order kinetic model only simulates cumulative CH4 

production after stabilization, because it cannot be calibrated for 
the acclimatization phase of microorganisms at the beginning of 
the reaction. Modifying the model (Table S4) by introducing 
parameter c to account for the different reaction kinetics of soluble 
inert components in wastewater, this model achieves a good fitting 
effect except for the absolute parameters (e.g., macro-parameters 
such as initial delay and final CH4 production) [77]. Including the 
lag time ( s an important indicator of substrate biodegradability 
and utilization rate, the modified Gompertz model outperforms the 
predicted and measured CH4 yields compared to the first-order 
kinetic model [78]. However, kinetic models can be limited by 
unknown elements or changes in wastewater composition and

k) a
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often overlook the biochemical processes that occur in sediments 
along the pipeline [47]. Therefore, integrating empirical equations 
that describe parameter changes in sewers would enhance the 
applicability of these models.

4.2.2. Empirical equations 
Empirical equations for CH4 production and emission in sewers 

are derived from extensive laboratory-scale data and provide sim-
pler expressions than kinetic models. Table S4 lists the empirical 
equations developed in previous studies and their performances 
in simulating CH4 production. Previous kinetic models have been 
developed based on the fitted correlation between CH4 production, 
pipe area-to-volume ratio, and hydraulic retention time (HRT) in 
fully pressurized sewers [14]. Owing to less interference from 
external climatic conditions, most empirical equations fit better 
with pressurized sewer system performance [79]. A longer HRT 
and more comprehensive reaction conditions lead to higher CH4 

emissions in gravity sewers [79]. There remains a research gap in 
addressing the equal potential for CH4 production and emissions 
from gravity sewers and monitoring real-time changes in the CH4 

emission procedure when urban runoff and stormwater are flushed 
into the UDS. Recent studies [1,5] have focused on CH4 emissions 
from gravity sewers. These models integrate multiple biochemical 
and physical processes (e.g., chemical precipitation reaction pro-
cesses, biochemical reaction processes in different media and their 
interfaces, and convection processes in sewer up space) [75,77,80]. 
Collectively, these studies aimed to provide comprehensive models 
for predicting CH4 emissions from gravity sewers by incorporating 
diverse reaction processes and environmental factors. These mod-
els offer a foundation for a recognized CH4 production and emission 
measurement model. However, further validation using more com-
prehensive datasets is required to enhance their application. 

4.3. Riverine GHG models 

Researchers have increasingly emphasized the importance of 
GHG emissions in riverine ecosystems at a global scale 
[48,49,81], whereas the crucial work is the establishment of a reli-
able simulation framework for GHG emissions in such a compli-
cated environment. Existing studies have begun to involve more 
emission sources in their research network, such as external 
sources (e.g., surface runoff and groundwater inputs) and sinks 
(e.g., complete denitrification and atmospheric release during 
downstream water transport before sampling sites) [81]. However, 
large uncertainties related to existing simulations have persisted, 
perhaps because of methodological bias, data scarcity, and an inad-
equate or uneven understanding of the environmental factors driv-
ing riverine GHG emissions. Therefore, there is an urgent need to 
develop an efficient model that fully considers riverine GHG 
sources, sinks, and transformation processes during hydrological 
transport. Previous studies [81,82] have primarily focused on 
simulating or monitoring single GHG emissions, particularly N2O 
emissions, under varying temporal and spatial conditions. Under 
these circumstances, some researchers have started to monitor 
GHG emissions driven by climate change, however, enhancing 
the prediction accuracy of GHG emissions involving anthropogenic 
nitrogen and carbon emissions from urban runoff and CSOs 
remains challenging. Table S5 in Appendix A summarizes the quan-
tification methods and models used in various studies to measure 
GHG emissions from riverine environments. To address GHG emis-
sions from an entire riverine ecosystem, several models have been 
developed by coupling the river network nitrogen or carbon 
removal model with measured reaction rates and integrating the 
GHG emission model with the soil and water assessment tool. 
Additionally, power-law scaling and dynamic land ecosystem 
models were employed to assess riverine GHG emissions. How-
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ever, most models primarily assume GHG production from 
instream biogeochemical processes. It is crucial to consider the 
process of gas exchange across the water–air interface and external 
nitrogen and carbon sources from urban areas. Only a few methods 
exist for quantifying GHG emissions from freshwater systems, such 
as the eddy covariance method [82], floating chamber method [83], 
flux gradient methods, and diffusion models [84]. The advantages 
and limitations of these methods are summarized in Table S5. 
Notably, river characteristics such as flow conditions, water depth, 
and water level must be considered during modeling. Section 4.1 
suggests that data-driven models can be used to estimate these 
characteristics, as demonstrated by studies simulating global river-
ine GHG emissions from different streams [85]. 

4.4. Strategic GHG emission estimation 

As shown in Fig. 3, by integrating GHG emission models in sew-
ers and riverines, GHG models in the UDS provide a broad-scale 
perspective, whereas CSO prediction models serve as detailed anal-
yses for evaluating CSO-related GHG emissions. Therefore, employ-
ing a systematic approach to carbon accounting is instrumental in 
understanding the complex water cycle within the UDS. From the 
perspective of a comprehensive framework, these approaches 
share common key parameters and information (Fig. 3). Assessing 
water quality and quantity in terms of social–economic factors, 
along with sewer characteristics and geographical conditions is 
crucial for evaluating GHG potential. Addressing data availability 
and quality and filling the modeling gaps between GHG estimation 
and CSOs at the micro- and macro-scales are key points for further 
development. It is important to consider the impact of extreme 
weather events within this framework and conduct a thorough 
assessment of the carbon–nitrogen cycle to clarify control strate-
gies [86,87]. 
5. Mitigation of GHG emission associated with CSOs 

Recognizing the potential for emissions highlights the need for 
practical engineering solutions. The reduction in CSO volume and 
pollutant load is expected to be effective in mitigating GHG emis-
sions. To date, different technologies for CSO control have been 
developed, such as increasing the storage capacity of stormwater, 
extending detention or retention facilities, and developing sewer 
separation and treatment technologies. In most regions, changing 
the existing CSSs into separate drainage systems (i.e., sewer and 
stormwater systems) is often prohibitive, and the reduction of pol-
lution cannot be guaranteed because of some pipe deficiencies 
[88]. Therefore, this section only reviews control strategies that 
do not modify sewer construction. State-of-the-art strategies to 
mitigate GHG emissions from CSOs are presented in Fig. 4, and 
the mechanisms of GHG reduction are also summarized. Overall, 
these strategies can be classified as ‘‘Front of the pipe” mitigation, 
‘‘In the pipe” monitoring, and ‘‘End of the pipe” treatment. Further-
more, this chapter emphasizes the potential of employing data-
driven technologies for CSO mitigation and proposes an integrated 
CSO control framework for future research and practical 
applications. 

5.1. ‘‘Front of the pipe” mitigation 

The aim of ‘‘Front of the pipe” mitigation is to prevent stormwa-
ter from entering sewer systems as much as possible. External 
storage and treatment of stormwater and runoff prior to entering 
CSSs during intense rainfall can reduce CSOs, often referred to as 
stormwater control methods (SCMs), within the urban water man-
agement framework [89]. Considering the limited suitable space in
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Fig. 4. Mechanisms and strategies involved in different actions to mitigate GHG emissions associated with CSOs from source to ‘‘End of pipeline”. 
the catchment and the tension in urban land use, these types of 
SCMs commonly occur as to maximize the use of space within 
the city. This is known as low-impact development infrastructure 
in sustainable UDS (SuDS) and sponge cities in other regions 
[90]. Existing solutions, including hydraulic buffers, physicochem-
ical filtration and adsorption systems, bioretention processes, 
flocculant-assisted bioretention, and underground separation units 
based on the gravity of centripetalism, are presented in Fig. 4. 
Table S6 in Appendix A summarizes the effects of common SCMs 
and their applicability. 

GI in SuDS, including green roofs, infiltration swales, and other 
nature-based solutions [91], can retain stormwater, mitigate runoff 
peaks, and further remove specific contaminants associated with 
stormwater runoff (e.g., suspended loads) [91–93]. That is, SuDS 
can mitigate the GHG emissions of CSOs by increasing runoff catch-
ment time, reducing the volume, and removing the pollutant loads 
of runoff [94]. However, despite its promising performance in 
urban stormwater management, GI cannot completely replace tra-
ditional gray infrastructure (e.g., gutters, drains, pipes, and reten-
tion basins) in terms of cost-effectiveness. Several comparative 
studies have illustrated that GI combined with gray infrastructure 
is a better option for peak flow and pollutant load reduction than 
individual infrastructure [95,96]. Simultaneously, GI and gray 
infrastructure were found to have different mechanisms of CSO 
mitigation. GI with outlet control can better reduce the CSO vol-
ume, whereas gray infrastructure is better at reducing the fre-
quency [96]. Furthermore, SuDS can sustain a long-term 
reduction in CSO volume with a reduction ratio ranging from 
50%–90% [94]. The long-term CSO reduction capacity of each GI 
is vitally important owing to continuous climate change. Apart 
from increasing stormwater management capacity locally, GI also 
has a low environmental impact throughout the entire life cycle 
of the sewer system, owing to the reduced need for the production 
of construction materials in particular, as well as reduced indirect 
GHG emissions (e.g., fuel consumption) during the construction 
process [97]. The rain garden was estimated to have total and 
net carbon reductions of 1927.41 and 809.99 tonnes CO2 equiva-
lent (tCO2e) respectively, using the LCA method, and GI was 
assessed to improve the annual GHG mitigation level by 45.9% in 
a city-scale UDS [98,99]. A comprehensive simulation of the inter-
action between GI and CSO outfalls with continuous, long-term 
rainfall event data is needed, and integrated GI deployment strate-
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gies for reducing CSOs during high-intensity rainfall events require 
further investigation. 

5.2. ‘‘In the pipe” monitoring 

‘‘In the pipe” monitoring aims to operate the existing infrastruc-
ture in the UDS. Along with the digitization of the water sector, 
real-time control (RTC) has proven to be an efficient method of 
CSO reduction [89,100,101]. Equipped with sensors and flow con-
trol actuators, the RTC can fully utilize the pipeline capacity of stor-
age and conveyance and make real-time operation decisions 
regarding actuator settlings in the UDS [100,102,103]. The tradi-
tional RTC methods include heuristic control (HC) and model pre-
dictive control (MPC). HC uses preset rules to control UDS, thus 
lacking adaptability to changes in environmental conditions (e.g., 
fluctuations in water quantity and quality during rainfall), result-
ing in poor CSO mitigation performance [104]. MPC typically out-
performs the HC methods, because it uses short-term rainfall 
prediction, UDS model simulation, and optimization algorithms 
to optimize the operation strategy at each control time point 
[100,105,106]. However, the performance of MPC is limited by 
the accuracy of rainfall prediction and the computing speed of its 
optimization algorithm [100,102]. Fortunately, MPC applications 
are facilitated by the use of wireless technologies and autonomous 
control of gates, valves, and pumps within the pipeline network. 

With the widespread use of deep learning (DL) approaches in 
urban water management [107], RTC methods based on reinforce-
ment learning (RL) and deep RL (DRL) have also been implemented 
for UDS operation [100,102,104,108–110]. DRL uses experimental 
trials and relatively simple feedback to train an RL agent to control 
the UDS in real-time through a closed-loop framework employ-
ment [104]. In other words, it is more suitable for RTC scenarios 
than HC and MPC [110]. Moreover, the performance of the RL con-
troller is sensitive to the formulation of the deep neutral network, 
thereby requiring a large number of computational resources to 
achieve performance enhancement. Additional efforts have also 
been made to make communication more robust from the perspec-
tive of the control architecture. Zhang et al. [103] proposed a 
decentralized RTC method for overflow reduction based on 
multi-agent RL (MARL) to enhance communication robustness, 
achieving the reduction of CSO volume by 14.39%–21.36% 
compared to currently-used rule-based control (RBC) in synthetic
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rainfalls of the real-world case. More RL strategies, such as central-
ized and fully decentralized methods, for optimizing control effects 
and communication robustness, and more robust and fail-safe 
options for communication failures still have extensive research 
potential. 

5.3. ‘‘End of the pipe” treatment 

Intercepting and processing CSOs at the end of the pipeline is 
the final hurdle in mitigating their impact on GHG emissions in 
urban water systems. Existing strategies regarding end-of-pipe 
treatment for CSOs and their mechanisms of GHG reduction are 
shown in Fig. 4. Overall ‘‘End of the pipe” treatment strategies 
can be divided into nature-based treatment (e.g., constructed wet-
lands (CWs)) and technological compact treatment. Among the 
CWs used for CSO treatment, vertical flow CWs, also known as 
retention soil filters (RSFs), are popular and consist of a planted 
media bed in which water percolates. As shown in Table S7 in 
Appendix A, RSFs have been extensively studied in terms of their 
treatment performance for conventional target pollutants includ-
ing COD, TP, and ammonia nitrogen (NH4 

+-N), as well as peak flow 
reduction, showing high removal efficiencies and stability. 

The technologically compact treatment can be achieved using 
in-line treatment methods such as disinfection, adsorption, or 
chemical coagulation before discharge [89,111]. Table S8 in Appen-
dix A summarizes the alternatives for CSO technological compact 
treatment and their performance in pollutant load removal. These 
treatment technologies can remove the total suspended solid (TSS), 
phosphate, and organic matter from CSOs. Although the removal 
efficiency of emerging contaminants has been fully investigated 
(Table S8), studies on their application in the treatment of emerg-
ing contaminants in CSO flows are currently lacking. This research 
gap may be attributed to the lag in the proposal of a technological 
compact treatment for CSO control and the lagged application of 
physically-based models such as the stormwater management 
model (SWMM) in CSO flow modeling. Characterized by intricate 
sources of pollutants in different phases (e.g., solid and liquid 
phases), an in-depth analysis of the multi-source pollution of CSOs 
underpins the development of control processes. 

5.4. Calling for integrated CSO control frameworks 

Cities have limited resources for controlling CSO-related GHG 
emissions. Hence, to maximize the cost-effectiveness of existing 
and future CSO control strategies and mitigate GHG emissions, the 
proposed solution should be equipped with advanced control tech-
nologies and data-driven methods [112,113]. Although previous 
studies have assessed the impact of RTC methods with different 
types of GI and other SCMs [105,114–117], there is still a need to 
apply more complex RTC schemes (e.g., MPC, RBC, or even DL-
based RTC scheme) to improve GI controls, analyzing how to imple-
ment and distribute GIs gradually based on environmental priority 
to avoid CSOs. Simultaneously, the need for polishing CSO control 
strategies to improve storage and conveyance capacities during 
minor- and medium-sized rainfall events by smart control of 
stormwater inflows in UDS has also emerged. To compare the per-
formance of different RTC strategies (i.e., MPC and RBC) integrating 
a large-scale distribution of GIs, Jean et al. [117] proved that the sce-
nario combining GI with MPC is a better strategy to avoid almost all 
CSO events. Future studies should continue to integrate MPC and 
other emerging RTC methods with GI and other SCMs to determine 
how these technologies complement each other. Meanwhile, from 
the perspective of GHG emission mitigation in the entire life cycle 
to reduce the CSO discharge impact, an integrated framework 
involving ① more advanced control processes to reduce CSO vol-
umes and contaminants, ② more comprehensive and emerge ncy-
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capable data-driven technologies to manage urban water systems, 
and ③ larger scale urban facilities such as WWTPs and riverine 
ecosystems to control CSOs from the whole city perspective is 
urgently needed, which could provide new and fundamental 
changes in the way UDSs reduce their GHG emissions .

6. Challenges and limitations while implementing carbon 
neutrality practices 

Based on state-of-the-art research, the current understanding of 
CSO-related GHG emissions in the UDS contains significant gaps 
and contradictory findings. The observed limitations and chal-
lenges are as follows: 

(1) Beyond CSOs in CSSs, sanitary sewer overflow (SSO) caused 
by illicit connections between pipelines, and structural and func-
tional failures [118] in separate sewer systems pose a serious 
threat by introducing high concentrations of contaminants into 
aquatic environments in China. It is common to illegally connect 
sewage pipes to stormwater pipes in developing countries. There-
fore, SSOs also contribute to urban pollution during wet weather 
[119]. CSOs and SSOs contribute to GHG emissions, however, few 
studies have comprehensively reviewed this issue. Therefore, a 
broader focus on carbon emission boundaries, footprints, and veri-
fication systems regarding the operational failure of pipelines is 
urgently required, and the differentiated situations of CSOs and 
SSOs in urban areas should also be considered. 

(2) A clear definition of emission boundaries for CSOs is crucial 
for effective carbon management. Research on the microscopic 
physical, chemical, and biological processes can clarify emission 
boundaries and assess emission dynamics. For instance, it is urgent 
to uncover regular patterns of GHG emission during CSO forma-
tions and discharge and to parse the transformation regulation of 
pollutants and GHG between different reaction media. Long-term 
observations of CSO events, including multi-frequency sampling 
and analysis during CSO events, are essential to accurately quantify 
their effects on water parameters, hydrological patterns, and GHG 
emissions. This requires the deployment of additional online moni-
toring equipment and comprehensive monitoring programs. 

(3) Data-driven UDSs could offer novel methods of CSO mitiga-
tion and management, overcoming challenges in carbon account-
ing, such as data scarcity, low information accuracy [120], and 
strong spatiotemporal heterogeneity. For example, dynamic data 
scarcity in real-time water quality and quantity during CSO events 
hinders the realization of GHG prediction and monitoring. These 
approaches require advanced computational power for detailed 
forecasts and improved hardware and mathematical techniques. 
We believe that ML and DL will fundamentally transform UDS 
management and operation in response to climate change and 
environmental challenges. Furthermore, wastewater-based epi-
demiology can enhance CSO monitoring and provide insights into 
public health and wellbeing [121]. 

(4) Implementing integrated CSO control strategies toward car-
bon neutrality faces resistance and trade-offs. The outcomes of the 
CSO control, operational costs, and GHG emissions are conflicting. 
Moreover, quantifying the trade-off between potential benefits 
and investment necessity remains challenging. Wastewater is 
dynamically linked to water, energy, and carbon emissions in the 
urban water cycle [122,123]. Considering CSO control strategies 
at different scales, their contribution to carbon emission control 
demonstrates different outcomes. Contractions arise between car-
bon loss management in wastewater and direct carbon emission 
control in the UDS [2]. To guide future CSO management, system-
atic simulations can be implemented to optimize construction pro-
grams according to different urban economic and social 
characteristics, and then seek environmentally friendly and eco-
nomical control strategies.
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These challenges and limitations demonstrate that the applica-
tion of data-driven CSO control strategies in a UDS is not limited to 
technological innovation. A whole-system perspective is necessary 
to transform UDS operations, and technologies should be adapted 
to local conditions. Simultaneously, it should be realized that the 
mitigation of GHG emissions caused by pipeline issues (e.g., illicit 
connections of sewer pipelines to stormwater pipelines or miscon-
nections of stormwater pipelines to sewer pipelines [88]) is a root-
based solution for GHG emission reduction in the entire UDS, com-
pared to the utilization of WWTP operation or conducting end-of-
pipe control. Therefore, transitioning from CSO emission risk 
management to comprehensively sustainable GHG management 
from the source (i.e., drainage pipe network) to the sink (i.e., natu-
ral water or WWTPs) in the UDS represents a future direction. 

7. Conclusions 

This comprehensive review elucidates policies, dynamics, and 
control strategies for GHG emissions from CSOs. As guidance to 
deal with CSOs, related policies have gradually identified the 
reduction of CSO impact on the entire environment as an emerging 
objective. Concerning the GHG emission sources of CSOs, GHG 
emissions in riverine ecosystems where CSOs flood during rainfall 
events are noteworthy. The extra electrical and chemical consump-
tion due to stormwater overflooding also accounts for indirect GHG 
emissions. 

The application of models in CSO-related GHG emission estima-
tion is still at an early stage asmost studies focus onmodeling speci-
fic processes of CSO in the UDS (e.g., CSO volume and frequency), 
GHG generation in sewer systems, and GHG emissions in riverine 
ecosystem driven by various factors. Comprehensive process models 
for carbon emissions have yet to be developed. The application of 
mathematical technologies, particularly ML and DL have not been 
fully exploited, despite lessons learned from the innovative use of 
DL technology in the RTC method. A promising future in which 
CSO-related GHG emission models are applied with integrated data-
bases in UDS management will help governments capture real-time 
dynamic data on CSO emissions and their environmental impacts. 

Given the potential of AI in the digital and intelligent manage-
ment of urban water systems, we consider how these transitions 
can be applied to practical implementation and management 
strategies. We assert that addressing the GHG emissions challenge 
cannot be confined to traditional isolated technologies to mitigate 
CSOs. Integrated control systems incorporating runoff reduction, 
optimization of sewer operations, and efficient end-of-pipe treat-
ment have been proposed as emerging methods to address the 
complexity of GHG emissions in networks. If the city is not flooded, 
using data-driven technologies (e.g., RTC and CSO modeling) could 
provide a more applicable CSO control strategy that maximizes the 
impact of a single control method and reduces the negative CSO 
impact on the entire environment. 

We envision a future in which, from the perspective of a safe and 
smart city, three-step development routes from the full-scale mech-
anism of GHG dynamics influenced by CSOs, the practical applica-
tion of data-driven technologies, the trade-off between cost and 
effectiveness, and finally, achieving active carbon emission control 
from CSOs will be developed. This approach contributes significantly 
contributions to achieving carbon neutrality in urban wastewater 
systems, reinforcing the importance of integrating data-driven tech-
nologies with practical urban water system management. 
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