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Text S1 The evolution of CSO-related policies and regulations.
The enaction of CSO-related regulations and recommendations forms a crucial basis for CSO control and management. Some developed countries and regions (e.g., the United States, European Unions, Japan) are leading the CSO control and management worldwide and have developed a relatively integral framework. Compared with developed countries, developing countries like China lack systematic laws and regulations for CSOs, and most of their contents are dispersed in relevant standards. For a long time, guidance for CSO control technologies has been lacking for most governments in developing countries, which resulted in long-term obstacles in the perspective of technologies and society. Dividing the evolutionary process into three phases, Figure 1 presents a summary of historical regulations and policy in the CSO sector and outlines the recent trends that would affect the sustainability of UDS. Since the 1960s, the regulations firstly originated in developed regions, with the main focus gradually shifting from discharge permission (since the 1960s) to overflow control and monitoring (since the 1990s). Moreover, the capacity optimization of flow reduction, conveyance, and storage before rainwater enters sewer systems raised more attention since the 1990s. And recently, green infrastructure and smart technology for management, and reducing impact on the entire environment have emerged, as an essential part of the sustainability of sewer systems.


Text S2 Regulation development and discharge permission of CSOs.
As shown in Figure 1, the first stage is the development of regulation and discharge permission in CSO management sector. In the US, the Federal Water Pollution Control Act was first proposed to control CSO pollution at the national level in 1965, with the Clean Water Act (CWA, 1975), and the National CSO Control Strategy (1989) being Subsequently raised [1]. Finally, CSOs were incorporated into the National Pollutant Discharge Elimination System (NPDES) permitting program [2]. In the scope of these policies, they established a three-phased approach requiring municipalities after amendment to control CSOs with details in the following paragraphs: (1) implementation of the nine minimum technology-based controls (NMC), and adopt a long-term control plan (LTCP), (2) LTCPs implementation, and (3) post-construction compliance monitoring [3]. Similarly, a few developed countries also take action to involve CSOs in legislation and regulations at an earlier date. Japan developed CSO Control Countermeasures and Tentative Guidance in 1982, while the United Kingdom (UK) proposed The Urban Wastewater Treatment Regulation in 1994 [4] and the European Union (EU) first published Urban Waste Water Treatment Directive (UWWTD) in 1991. Overall, CSO control targets (i.e., biochemical oxygen demand (BOD) load, rainfall intensity, and technical requirements were suggested in these policies.
During the period when the CSO control policy was initially proposed, CSO discharges have been identified as an important environment problem. As a result, discharge permissions were included in these initial policies and regulations. In the US, Congress amended the CWA as the “Wet Weather Water Quality Act of 2000” to constrain CSO pollution control at the legal level, which requires CSO discharge permits to be issued under the CWA to comply with the CSO Control Policy (1994). And UWWTD published by EU request a system of preauthorization for all wastewater discharge (including CSOs) in wastewater treatment plants. Furthermore, the River Basin Management Plan proposed in Water Framework Directive (WFD) in 2000, which aimed at protecting and improving water quality in Europe, highlighted to control CSO pollution to restore polluted receiving aquatic environment to achieve a healthy status [5]. Under these circumstances that control strategies were only briefly mentioned, local governments have enough flexibility to take specific measures. Common approaches and action guidance are demonstrated in Figure 1: (1) Limit on the number of overflows, (2) Requirements for dilution, and (3) Max total volume, or max number of days of overflow. In the 21st century, after experiencing the process that the mature CSO control technologies have developed a lot driven by related policies, CSO discharge control moved away from technology-based limits to water quality-based limits [6]. That is, in contrast to the unguaranteed water quality of CSO discharge, protection, ecological security and reuse of receiving aquatic environment is becoming the ultimate goal of CSO control.

Text S3 CSO control strategies in related policies.
Entering the 21th century, the significance of CSO control became apparent with the increasing conflict between CSO events and urbanization processes, so CSO-related policies turned to provide practical control guidance. As shown in Figure 1, Japan attached more importance to the development and application of CSO treatment technologies representatively, while Germany focused on the application of decentralized storage facilities to achieve flow reduction. These differences are consistent with the different sewer construction and urban land area. On the one hand, in Japan, the Ministry of Land, Infrastructure, Transport, and Tourism (MLIT) established the committee on improvement measures of combined sewer systems (CSSs) in 2001 and the CSO Improvement Target in 2002. And CSO pollution problem was formally incorporated into the law in the revised Sewage Service Act in 2003 [7]. The developed technologies included four aspects: impurity screening, high-speed filtration, high speed clarification, and bromination disinfection. The improvement measures of CSSs mainly included particulate removal, high-velocity filtration, coagulation or separation, monitoring, and disinfection. After that, Guidance to Developing an Efficient Combined Sewer System (2008) was issued as national guidance adjusting implementation to local conditions. On the other hand, setting CSO retention tanks is described by several guidelines in Germany [8], and capacity design depends on factors like the catchment area, population area, population density, historical rainfall patterns, and so on. With the introduction of relevant policies and regulations, standards for different types of centralized rainwater treatment facilities, construction methods, and design parameters for retention structures, storage tanks, filters, and control devices have been gradually improved. Overall, three aspects of CSO control strategies can be described in the following sentences and Figure 1: (1) flow reduction: source infiltration facilities, complete or partial CSOs to SSSs renovation, etc. (2) flow conveyance: pipeline collection and interception capacity upgradation, WWTPs treatment capacity upgradation and process modification (3) flow storage: constructing storage tanks, tunnels, etc. Policies proposed in Japan mainly reflected aspect 1 and 2, while German policies focused on control strategies of aspect 3.
Moreover, the US put emphasis on monitoring and modeling of CSOs in this period, aimed at investigating the response of sewer systems to various precipitation events, the characteristics of the overflows, and the water quality impacts that result from CSOs. Combined Sewer Overflows Guidance for Monitoring and Modeling provides guidelines for using monitoring and modelling in the development and implementation of a CSO program [9]. Several following guidelines present guidance on developing a post-construction compliance monitoring program [10,11], evaluating whether post-construction compliance monitoring projects meet the requirements of the CSO control policy. As flexibility is a key principle of CSO control, these regulations also provided guidance on how to assist small communities that have limited resources investment in more advanced CSO monitoring and modeling to simply estimate a CSO occurrence and volume.
Furthermore, CSO management in the US started to move toward greener and smarter development, which encourages green infrastructure (GI) and advanced monitoring data to offer CSO management support to related organizations. Figure 1 demonstrates policies developed in the EU and UK during this period. A series of policy on GI memos were issued by the USEPA between 2007 and 2011, culminating in the 2014 publication of the Green CSO Plans. This plan aims to help municipalities integrate GI into their CSO control strategies. Balancing GI’s potential for runoff reduction and less cost-effective expense, USEPA incorporated GI into NDPES permits and CSO LTCPs and changed their stance from traditional gray infrastructure to a combined “gray-green” strategy. In Japan, under the guidance to promote new technology applications and efforts to provide appropriate advice for municipalities [12], some innovative and efficient technologies, such as the Wet Weather Wastewater Treatment Method and floating debris catcher devices, arose in different cities. A simulation assessment of different CSO management scenarios in the EU and UK indicates that GI has a benefit/cost ratio one order of magnitude higher than gray solutions due to several additional benefits it entails, so “gray-green” infrastructure is a suitable option for the trade-off between effectiveness and cost. Recently, the Storm Overflow Discharge Reduction Plan was published (2022, UK) and sets stringent new targets for CSO control. Overall, countries and states adopted increasingly strict sewer system design criteria which reduced CSO discharge loads to protect receiving water bodies, as well as expected to dispel any adverse ecological impacts caused by CSOs in the future.

[bookmark: _Hlk185182827]Text S4 Implications for CSO-related management policy in developing countries.
[bookmark: _Hlk185860621]For developing countries or rapidly urbanizing areas, it’s urgent to establish a unified framework for CSO pollution control and management. Based on developed countries' experience, CSO control and management for GHG reduction is a long-term, complicated, systematic process that requires sustained actions. There are three essential aspects. Firstly, CSO pollution should be involved in national water law to fulfill the basic requirements for CSO control. Secondly, it’s paramount to incorporate CSO into the national pollution discharge permit system, clarifying the permittees of CSO discharge and their responsibilities. Thirdly, it’s imperative to establish ultimate and phased targets for CSO-related control and management. The focus should shift gradually from reducing the frequency, volume and total pollutant load to achieving the economic-environment-balanced status of CSO control. In conclusion, the effective control of CSOs relies on implementing policy and targeted actions under a unified legislative framework, supported by developing technologies based on sustainability and innovation.

[bookmark: _Hlk185247252]Text S5 Additional explanatory notes on emission boundary demarcation.
This review adapts the life cycle assessment (LCA) method expansion approach to define emission boundaries. Taking comprehensive methodologies incorporating integrated factor methods, subtractive processes, system functionalities, and their extended appendages into consideration [13]. This approach sprung from the academic discussion after the second amendment of ISO 14044 in 2020, which is dedicated to clarifying the largely confusing hierarchy to address the multi-functionality issue of the LCA method. This cross-scale research approach is capable for descriptive clarity and ease of comprehension, and the main focus on network-based processes, which mainly include combined sewer systems and separate sewer systems.
In the operational phase of sewer networks, systems are categorized based on their construction into separate stormwater systems/independent sewage networks and combined sewer systems. Additionally, types of networks include gravity flow sewage networks, pressurized sewage networks, and vacuum sewer systems. The gravity flow sewage network, relying on natural gravity for flow, is the most prevalent, accounting for over 95% of sewer systems. Pressurized sewage networks are predominantly dictated by specific requirements such as head demands. Vacuum sewer systems, distinct from traditional networks due to their high flow velocity and vacuum pressure conditions, may have challenging-to-assess impacts on greenhouse gases and microbiota within the pipes.
Many countries' urban sewage networks are a hybrid of separate and combined systems. In these instances, sewage network infrastructure encompasses both sewage and combined stormwater networks, considering the intermixing of stormwater and sewage, thus necessitating greenhouse gas emission considerations.
Referencing the 'Urban Water System Carbon Accounting and Emission Reduction Pathways Technical Guide', the study primarily concentrates on carbon dioxide, methane, and nitrous oxide emissions during the operational phase of the UDS lifecycle. It is essential to recognize the primary role of sediments and biofilms in these processes. Initially, the accumulation degree and biological characteristics of the sediments directly impact the forms of carbon storage and release within them. Biofilms, as microbial communities attached to the network and sediment surfaces, play a crucial role in carbon metabolism and transformation. The composition and activity level of these microbial communities directly influences the generation and emission of greenhouse gases like methane. Therefore, the state of sediments and biofilms is the starting point for studying carbon emission issues. Biofilm research predates that of sediments. Throughout the stages of biofilm attachment, growth, development (community succession), stability, and renewal shedding, bacteria are the predominant components, playing a leading role. These bacteria proliferate extensively, forming the core biological part of the biofilm.


Text S6 Detailed information about physically-based models.
[bookmark: _Hlk170219152][bookmark: _Hlk170219171][bookmark: OLE_LINK4]Physically-based models, grounded in the principles of physical processes, describe relationships amidst explanatory parameters pertaining to the simulated process [14,15]. Important input factors include geometric characteristics and boundary conditions of pipelines, catchment conditions, soil properties, the area of impermeable areas and the digital elevation model of the simulated area [16-18]. As shown in Table S2, apart from regular hydrological and hydraulic models, popular open-source and commercial models such as stormwater management model (SWMM), Mike Urban, InfoWorks, and MOUSE utilize extrapolated radar rainfall data to predict CSO volumes [15]. Among the open-source and commercial models including the storm water management model (SWMM), Mike Urban, InfoWorks and MOUSE, SWMM is typically open-source software that can model dynamic urban hydrology and water quality on a single event or continuous basis. For instance, Roseboro et al. [19] leveraged SWMM to quantify and compare CSO volumes under current and future storms, revealing the impact of climate change on CSO events and the effectiveness of GI practices which is crucial for designing sustainable urban stormwater management systems. Urban hydrological regimes evolve with the accelerated urbanization process, especially are sensitive to extreme rainfall and reduction of permeable surfaces that can aggravate urban flood risk [15]. Therefore, scholars are reconfiguring the SWMM model by linking different algorithms or programming languages to improve the practicality of the SWMM model in different prediction and management scenarios. For example, Ghodsi et al. [20] proposed a novel model in conjunction with R-language utilities for SWMM modeling, assessing the positive effectiveness of GI/LID use to reduce stormwater runoff and CSOs at the city-scale. Additionally, MOUSE is a catchment and urban drainage model, which also has been applied in CSO prediction, for example, Schaarup-Jensen et al investigate how the choice of rainfall time series influences the extreme events statistics of max water levels in manholes and CSO volumes, emphasizing great importance to minimize the uncertainties with regards to long term prediction of maximum water levels of CSO in drainage system [21]. Infoworks is another common commercial hydrologic hydraulic model for simulating sewer flow and rainfall-runoff process [15]. This model has achieved dependable performance in predicting CSO behavior, such as, Viviana M. Morales et al. and M. Abdellatif et al used Infoworks to simulate and predict CSO volume, duration and frequency in Chicago and Cheshire. Climate change has highlighted the further need for reliable precipitation forecast models and climate models to enhance CSO predictions [15,21]. High-resolution radar forecasts improve the short-term predictability of small-scale features and maintain their accuracy, while regional climate change models (RCM) provide diverse future rainfall scenarios for long-term projections [22]. Therefore, integrating appropriate climate models and reliable data sources is vital, as changes in rainfall patterns significantly impact CSO prediction results.

Text S7 Detailed information about statistical models.
[bookmark: _Hlk170219200][bookmark: _Hlk170219213][bookmark: _Hlk170219221]Statistical models explain the relationship between variables and different overflow characteristics using data-driven techniques, often predicting the probability of CSO occurrence with a certain confidence interval [23,24]. Compared to physically-based models, statistical models are advantageous due to fewer input data requirements, reduced time consumption, and fewer requirements for physical and chemical knowledge [15]. These models effectively simulate a limited number of CSO events and enhance prediction capabilities through model combinations [25-27]. Statistical models typically rely on long-term rainfall event statistics, employing methods such as multiple linear regression model, Monte Carlo simulation, the Generalized likelihood Uncertainty Estimation (GLUE), extrapolation method, and Gaussian Process Emulator (GPE) [24,25,28-31]. Additionally, Nonstructural methods such as model predictive control (MPC) enhance CSO-prediction models by combining mixed linear dynamic formulations, quadratic programs, and ensemble-based chance-constrained models [30]. The concept of an unstructured approach allows for system-wide optimization by updating sewer state and climate data dynamically [32].

Text S8 Detailed information about AI-based models.
[bookmark: _Hlk170219239][bookmark: _Hlk170219394][bookmark: _Hlk170219702][bookmark: _Hlk170219712]AI-based models address the inherent uncertainty of datasets, making them highly sought-after for UDS operation management [15]. Artificial Neural Network (ANN) has been proven to effectively replace hydraulic model schemes, enhancing automation and efficiency through a modified data normalizing technique [33,34]. However, ANN models heavily depend on real-time flow monitoring at overflow structure to provide antecedent flow rate data. Correspondingly, deep learning techniques, such as recurrent neural network (RNN), long short-term memory (LSTM), and gate recurrent unit (GRU), excel at extracting features from raw data using multiple hidden layers [35]. LSTM models, for instance, improve the accuracy of water depth prediction in CSO chambers by introducing additional input features when observational information is limited or missing [36]. Factors such as rainfall characteristics, inflow and infiltration, flow rate, and water level are typically obtained via sensors in sewer systems. Furthermore, the sewage flow in pipelines shows different trends according to social phenomena and climate change factors, leading to potential data bias caused by data imbalance. Therefore, the modeling process should include factors such as atmospheric humidity, time of day, and day of the week. Building frameworks that bridge big data algorithms and physics-based numerical models, accurate prediction of CSO location and time traces in a time frame of seconds becomes a reality [37].
Text S9 SeweX model.
As a dynamic model, SeweX model was developed initially to predict the dynamics of sulfide and volatile fatty acid (VFA) production in sewers, which describe biological, chemical and physical processes and involved three major types of microbiological activity: FB, SRB, and methanogenic archaea (MA). Shortly after that, Guisasola et al. [38] proposed an extension for SeweX model to include the methane formation process into the calibrated model, which could analyze the distribution pattern of the methane in the pipeline. However, SeweX is difficult to simulate large-scale sewers owing to its high computation demand [39]. And it assumed that the biofilm activity is uniform throughout the whole pipeline, for instance, the maximum methane production rate (kCH4) is kept constant when applying SeweX model while biofilm activities vary with different wastewater compositions and locations in sewers. Especially, the long-term differences in soluble chemical oxygen demand (sCOD) concentrations along the pipeline would result in different MA in biofilm and thus different kCH4 [40]. Therefore, the predictability of the SeweX model was inaccurate in the methane production simulation.
Table S1 Statistical summary of CSO concentrations of 1400+ samples. (Adapted from [41])
	Concentration
	TSS
(mg/L)
	COD
(mg/L)
	BOD
(mg/L)
	TN
(mg/L)
	TP
(mg/L)
	KjN
(mg/L)
	NH4
(mg/L)
	NO3
(mg/L)
	NO2
(mg/L)

	Min
	1
	15
	13
	1
	0.4
	0
	0
	0.0
	0.00

	Avg
	193
	245
	95
	18
	2.4
	17
	10
	0.6
	0.10

	Max
	2200
	1900
	550
	91
	13
	90
	35
	2.0
	0.75



Table S2 CSO models (physically-based, statistical, and artificial intelligence-based models) for volume prediction.
	Study area
	Model categories
	Methods adopted
	Model input
	Model output
	Application
	References

	European Union + UK (EU28)
	physically-based models
	Hydrological model
	Precipitation data; Catchment parameters; Sewage hydraulic characteristics
	Volume and duration
	First model to attempt CSO volume and duration quantitative analysis. This hydrological model may be used to support an assessment of CSO mitigation strategies with related benefits and costs at the regional scale, before delving into specific studies to support local design.
	[42]

	Philadelphia, US
	physically-based models
	Hydrological and hydraulic models
	Sewage hydraulic characteristics, Climate change related factors
	Volume
	This study discusses methods to develop a representative 12-month tide record and improve the boundary conditions in Philadelphia Water Department (PWD) models. This model can be applied to classify tidal zones for planning, management and compliance purpose.
	[43]

	Buffalo, New York, US
	physically-based models
	SWMM
	Precipitation data, Catchment parameters
	Volume
	This study reveals the impact of climate change on CSO events and the effectiveness of GI practices which is crucial for design sustainable urban stormwater management systems.
	[19]

	Buffalo, New York, US
	physically-based models
	SWMM, R-language
	Precipitation data, Catchment parameters
	Volume
	This study observes variations in the predicted CSO reductions across the various management scenarios, and develop the identification most effective locations of GI/LID. In general, this model substantially enhanced the utility of SWMM for evaluating the effectiveness of GI/LID deployment as a CSO management strategy at the city scale, and the methodology can be adapted to cities with similar CSO issues.
	[20]

	Chicago, US
	physically-based models
	IUHM, SWMM, InfoWorks-CS
	Precipitation data, Catchment parameters and Sewage hydraulic characteristics
	Volume, Duration and Frequency
	This framework proved effective in CSO's volume, frequency and duration prediction as it yields simulation results of existing conditions that match well with available records. The study also provides insights into the importance of system operation on CSO occurrence and magnitude. This study recommends to take adaptive management of the tunnel during storm events to minimize the impact of CSOs.
	[16]

	Frejlev, Denmark
	physically-based models
	MOUSE
	Precipitation data, Catchment parameters and Sewage hydraulic characteristics
	Volume and Starting time
	All simulations are performed by means of MOUSE LTS model. This study investigates how the choice of rainfall time series influences the extreme events statistics of max water levels in manholes and CSO volumes and emphasis on great importance to minimize the uncertainties with regards to long term prediction of maximum water levels and CSO in drainage system.
	[21]

	Cheshire, England
	physically-based models
	GCM, InfoWorks
	Precipitation data and Catchment parameters
	Volume, Duration and Frequency
	This paper quantifies the spilling volume, duration and frequency of CSO to receiving waters using three global climate models (GCMs) under high and low emissions climate change scenarios.
	[44]

	Toledo, Ohio
	physically-based models
	GCMs, SWMM
	Precipitation data, Catchment parameters, Sewage hydraulic characteristics and Climate change related factors.
	Volume, Duration and Frequency
	First, this study achieves future rainfall through the Coupled Model Intercomparison Project Phase 5 (CMIP5). Then, rainfall-runoff modeling was employed using SWMM to study the response of CSO outfalls to future rainfall. This model firstly estimates potential impact of rainwater harvest (RWH) in mitigating the climate change on combined sewer system.
	[45]

	Valence, France
	physically-based models
	GCM/RCM, InfoWorks 
	Precipitation data, Catchment parameters, Sewage hydraulic characteristics and Climate change related factors.
	Volume and Frequency
	This study elaborated future rainfall time series with a fine step, where the proposed approach is based on simulation results in the framework of the Euro-Cordex program. In this work, the extent of climate change impact on water cycle and the possibility of taking CSOs into account in stormwater management structure design are both estimated, and therefore this model can be used by local authorities to develop adaptation strategies in order to mitigate future rainfall effects on the sewer network operation. 
	[46]

	Cumberland, Maryland
	statistical models
	Multiple linear regression model
	Precipitation data
	Volume
	This work uses publica data on CSOs precipitation over a span of 16 years to identify a new critical rainfall intensity threshold that triggers likely CSO incidence, and uses a multiple linear regression model to predict CSO volume using rainfall event characteristics. This indicator and modeling approach can help CSS municipalities assess the performance of their sewer system over time, especially to evaluate the effectiveness of efforts to reduce CSOs.
	[24]

	Frejlev, Denmark
	statistical models
	GLUE, Monte Carlo simulation
	Precipitation data and Catchment parameters.
	Volume and Water level
	This paper proposed a Monte Carlo based methodology for stochastic prediction of both maximum water levels and CSO volumes based on operations of the urban drainage MOUSE model. In this work, a new methodology based on statistic of characteristic rainfall parameters and correlation with drainage system predictions for the assessment of return periods was proposed, which was more reliably to predict return periods.
	[28]

	Copenhagen, Denmark
	statistical models
	Extrapolation method
	Precipitation data, Catchment parameters and Sewage hydraulic characteristic.
	Volume
	This study develops performance control extrapolation method to extrapolate yearly CSO volume reduction by simulating a limited number of CSO events, and find that this method showed a tendency to overestimate the performance of the control while applied to a real case. Therefore, the results suggest to use a mix of different performance indicators when evaluating control performance in conditions of data scarcity, as real time control strategies is strongly affected by yearly variation, non-linearity and interactions among the elements of the system.
	[25]

	Grand Duchy, Luxembourg
	statistical models
	Gaussian Process Emulator (GPE)
	Precipitation data
	Volume
	This study considers short-term rainfall time series as training parameters for the GPE. And this emulator also can be applied to consecutive short-term simulations based on real observed rainfall time series with a high accuracy.
	[29]

	Barcelona, Spain
	statistical models
	MIQP-MPC, QP-MPC
	Precipitation data and Sewage hydraulic characteristics
	Volume
	This study compares two methods, which are quadratic program MPC based on linear dynamic formulations and quadratic program MPC with optimizable overflows and accumulated overflow penalty, utilizing a case study. Experiments show that performance of quadratic program MPC are equivalent to the predictions of the mixed integer variant, but is computing faster.
	[30]

	Aarhus, Denmark
	statistical models
	ECC-MPC
	Precipitation data and Sewage hydraulic characteristics
	Volume
	This study is about framework for ensemble-based chance-constrained model predictive control (ECC-MPC) applied to sewer systems. The framework uses ensemble forecasts and distribution estimation to handle uncertainty propagation and constraint formulation. The performance of the EEC-MPC is evaluated through simulations and compared with the conventional CC-MPC, finding that EEC-MPC would work as an alternative approach to CC-MPC with the comparable performance. The ECC-MPC framework is a practical alternative to CC-MPC that avoids the computational difficulty of analytical propagation of distributions while maintaining comparable performance. The ECC-MPC framework has better applicability to more general systems such as non-Gaussian and/or nonlinear control problems.
	[31]

	Avondale, Auckland
	artificial intelligence-based models
	Feed-forward back-propagation ANN
	Precipitation data and Sewage hydraulic characteristics.
	Volume and Flow rate.
	This study applies a feed-back, back-propagation Artificial Neural Network (ANN) model to forecast the occurrences of wastewater overflows in a CSS. Through a modified data normalizing technique, this ANN model enhanced its performance and could indicate a good accuracy in the forecasted sewer overflow rates. However, this model is heavily dependent on the availability of the real-time flow monitoring at the overflow structure to provide to provide antecedent flow rate data.
	[34]

	Detroit, Michigan, US
	artificial intelligence-based models
	LSTM, SWMM, MLP
	Precipitation data and Sewage hydraulic characteristics.
	Volume, Duration, Water level, Starting time and location.
	This paper proposes a new methodology that bridges big data algorithms and physics-based numerical models to improve sewer overflow predictions. Using deep learning (DL) approach for time-series forecasting and various period data sets for model training, this ML framework can accurately predict the location and time traces of sewer overflow volumes in a time frame of seconds.
	[37]



[bookmark: _Hlk185516540]Table S3 Summarization of CSO models for volume prediction.
	Model
Category
	Data Input
	Data output
	Advantages
	Limitations
	Application

	physically-based models
	Precipitation data; Catchment parameters; Sewage hydraulic characteristics; Climate change related factors.
	Volume, frequency, and duration.
	Many commercial and open-source models.
Ground in physical principles and can simulate a wide range of scenarios.
	High computational cost and knowledge requirement. Complex and time-consuming to set up.
	This category is grounded in the principles of physical processes, describe relationships amidst explanatory parameters pertaining to the simulated process and are suitable for complex systems with well-defined physical characteristics.

	statistical models
	Precipitation data, Catchment parameters and Sewage hydraulic characteristic.
	Volume.
	Fewer input data required.
Faster to compute.
Lower knowledge requirement.
Effective in simulating limited events.
	May not accurately capture all physical processes.
Limited by available data.
Less effective for predicting extreme events.
	This category explains the relationship between variables and different overflow characteristics using data-driven techniques, often predicting the probability of CSO occurrence with a certain confidence interval.

	AI-based models
	Precipitation data and Sewage hydraulic characteristics.
	Volume, duration, water level, starting time, location. and flow rate.
	Can handle uncertainty and noisy datasets.
Effective for learning from raw, unstructured data.
Can adapt to changing conditions (e.g., climate, social phenomena).
	Require large datasets.
Lack transparency in decision-making (black-box models).
High computational demands for training deep learning models.
	This category addresses inherent uncertainty of datasets, making them highly sought-after for UDS operation management.




Table S4 Sewer GHG models.
	Category
	Methods/models adapted
	Input factors
	Output factors
	Equation
	Application and performance
	References

	Kinetic model
	First-order kinetic model
	Duration, ratio of unbiodegradable components and COD
	CH4 production (mL)
	
	The first-order kinetic model can reflect microbial hydrolysis by cumulative CH4 production. When methanogenesis phase was completed, some organic matter such as UBCOD still remains in the wastewater. Therefore, the parameter c was introduced to refine the primary first-order kinetic model. It can be concluded that this simulation performed a good fitting effect except for the absolute parameters (i.e., macro-parameters such as initial delay and final CH4 production).
	[47]

	Kinetic model
	Modified Gompertz model
	Duration, lag phase ().
	Cumulative CH4 yield at time t
	 
	The modified Gompertz model in this study fitted the experimental results better than the first-order kinetic model, because this model takes in account the initial CH4 retardation generated during the microbial acclimatization phase by using the delay parament λ. It’s possible to clarify the differences in CH4 production in different urban emission locations and water quality, and to infer the CH4 release path, so that targeted inhibition measures can be taken for the peak locations and thus achieve emission reductions.
	[48]

	Kinetic model
	Half-order kinetic equation
	Bulk fermentable COD concentration and rate constant for methane production
	Areal CH4 production rate
	
	The proposed model may be useful in practical applications to determine the contribution of sewer sediments to the overall sewer network emissions.
	[49]

	Empirical equations
	N/A
	Temperature of sewer wastewater, flow, pipe diameter, pipe slope
	CH4 emission rate in kg CH4/(km*day)
	
	This model was appropriate for gravity sewers and included five reaction procedures. Taken precipitation reaction, biochemical reaction in various medium, attachment of methane, convection process of methane in sewers, and pH change into consideration, this model was mainly based on engineering parameters in pipeline.
	[47]

	Empirical equations
	N/A
	Temperature of sewer wastewater, pipe diameter, operation parameters of pump
	CH4 emission rate in kg CH4/(km*day)
	
	This model was appropriate for surcharged sewers, in which forintermittent pumping situations exist. Its application required derivation of a basis for the modeled number and average length of pumping cycle every day.
	[47]

	Empirical equations
	N/A
	Temperature of sewer wastewater, HRT, fullness degree of sewers, methane yield coefficient, slope of sewers, wall-shear stress.
	CH4 production, mg/L
	

	This model was developed for gravity sewer. The fitness of this model showed that R2>0.88. However, some errors exist between measurement and simulation owing to overlooked substrate concentration and pipe size.
	[50]

	Empirical equations
	seweX
	Surface area to volume ratio of pipe, hydraulic retention time of the particular slug(h)
	Concentration of dissolved CH4
	
	This simple predictive model provides a means for water authorities to estimate the dissolved methane concentrations in their rising main networks and thus estimate the methane emissions from other pressurized sewerage systems of similar characteristics. 
	[51]

	Empirical equations
	seweX
	Surface area to volume ratio of pipe, hydraulic retention time of the particular slug (h)
	Mass CH4 emission per unit volume of wastewater (kg/m3)
	
	The model was developed from field survey data of combined gravity-flow sewers located in a peri-urban area, central Thailand and validated with field data of a sewer system of the Gold Coast area, Queensland, Australia. Application of this model to improve construction and maintenance of gravity-flow sewers to minimize GHG production and reduce global warming is presented.
	[52]

	Empirical equations
	N/A
	Temperature, and removed COD loading (kgCOD day -1)
	Methane production rate (1 m-2 day -1)
	

	This study correlated CH4 emission with removed organic loading rate, and ambient air temperature in a full-scale anaerobic waste stabilization pond.
	[53]

	Empirical equations
	Biofilm model
	Long-term average sulfate concentration in the wastewater, mgS/L; the long-term average sCOD concentration in the wastewater, mgCOD/L.
	The maximum methane production rate of sewer biofilm
	
	This study firstly developed biofilm model and proposed empirical equations describing the long-term effect of sulfate and sCOD concentrations on the maximum methane production rate of sewer biofilm (kCH4). It revealed that the increase of sulfate concentrations decreased the kCH4, while increase of sCOD concentrations enhanced kCH4. This empirical equation waits for further validation using more comprehensive datasets.
	[39]




Table S5 Models and methods used in various studies to measure GHG emissions. (Adapted from Upadhyay et al. [54])
	No
	Methods/ model
	Description
	Advantages
	Disadvantages
	References

	1
	Eddy covariance
	Measures vertical concentration gradients of gases
	1. Measure continuous fluxes over a longer period.
2. Extensive spatial coverage.
3. Higher precision.
	1. Highly expensive.
2. Complex data processing.
3. Dependence on atmospheric conditions.
4. Required experienced operators.
	[55,56]

	2
	Surface Floating chamber
	Floating chambers are used to measure the fluxes between the atmosphere and water surface
	1. Most convenient and economical method.
2. Easy and precise measurements.
3. Can be transported and deployed easily.
4. Can be connected to real-time measurement.
	1. No standard design.
2. Restricted to a limited area of measurements.
3. Influenced by physical factors such as wind speed.
4. Labour costly.
5. Artificial turbulence created by chambers can estimate fluxes up to five times higher.
	[56-59]

	3
	Diffusion model
	1. To quantify the gas fluxes across the water–air interface.
2. The model relies on water–air concentration gradient and gas transfer velocity.
	Very quick model.
	1. Gas transfer velocity is difficult to measure and typically relies on different parameters (e.g., wind speed, water flow).
2. Large data uncertainty.
	[58,60]

	4
	Soil and Water Assessment Tool (SWAT)-empirical based water quality models
	An extension of the semi distributed Soil and Water Assessment Tool.
	Allows for fine-resolution estimates of basin-scale N2O emission.
	neglect the anthropogenic nitrogen emissions from terrestrial systems and river water quality response processes.
	[61-63]

	5
	River network model
	Have integrated factors to explore the magnitude and variability of aquatic N removal in individual basins
	Various water body types are integrated at the global scale in a river network context.
	This model does not include indirect denitrification or denitrification associated with off-channel features (e.g., floodplains, riparian zones) and therefore provides a conservative estimate of anthropogenic N2O emissions.
	[64,65]

	6
	Power-law scaling (PLS) model
	Parameterized riverine N2O emissions using two denitrification Damköhler numbers.
	Capture GHG emissions correctly as the boundary conditions change
	This model often ignores riverine N2O inputs from external sources (surface runoff and groundwater inputs) and sinks (complete denitrification and atmospheric release during downstream water transport before sampling sites).
	[66,67]

	7
	Emission factor methods
	Include the formulation of emission factors used to link the GHG emissions for a particular source to the amount of activity causing the emission.
	Easy to calculate.
	There are large regional variations between emission factors indeed, which are not fully exploited.
	[67-70]

	8
	Dynamic land ecosystem model 
	A process-based model that couples vegetation dynamics to the cycles of water, carbon, nitrogen, and phosphorus. It is a grid-based fully distributed model that computes temporally and spatially explicit fluxes of water, greenhouse gases, and element storage (carbon and nitrogen) in terrestrial ecosystems.
	Can effectively address the small stream processes by incorporating the sub grid routine processes without conducting model simulation at fine resolution.
	The processes of CO2 evasion from large water bodies and carbon burial in rivers and lakes is simplified or ignored.
	[71]



Table S6 The effect and applicability of stormwater control measures (SCM): Bio-retention (BR), green garden (RG), permeable pavement (PP), green roof (GR), and green median (GM). (Adapted from [72] by the author)
	SCM
	Installation location
	Runoff reduction rate (%)
	Construction cost (￥/m2)
	Maintenance cost (￥/m2)
	reference

	BR
	R, P, T, G
	40-81
	159.7-671.8
	27.6-40.49
	[73-75]

	GG
	R, P, S, G
	30.335-44.06
	185.6–727.6
	31.9–85.4
	[76]

	PP
	P, R, S, T
	20–75
	155.47–1003.12
	6.21–16.4
	[74-77]

	GR
	R, P, M
	45-70
	495.55–1079.26
	1.8–172.68
	[73,77-79]

	GM
	R, P, S, T, G
	11-47.9
	42.3-720.8
	2.6-11.7
	[74,79,80]


Note: R: the residential area; P: parking lot; S: sports area; T: transportation area; G: greenspace; M: building site.

Table S7 Treatment performances of CSO-CWs for the main target pollutants.
	Parameter
	Operation parameters and treatment performance

	
	[81]
	[82]
	[83]
	[84]
	[85]
	[82]

	Scheme
	VF + FWS, 3 years
	VF + FWS, 3 year
	VF (RSF)
	VF
	GI+ grey infrastructure
	VF+FWS

	Size (m2)
	13000
	7000
	N/A
	500
	N/A
	3720

	COD
	83.2% (54.1–94.3%)
	74–98%
	>84%
	80%
	N/A
	N/A

	TP
	64.6% (33.6–87.4%)
	45–75%
	N/A
	45-75%
	N/A
	N/A

	NH4+-N
	63.8% (28.9–87.8%)
	72-99%
	>96%
	72%
	N/A
	N/A

	CSO interception
	82% (45-100%)
	N/A
	N/A
	N/A
	above 20%
	52.7%-95.4%


Note: VF: vertical filter; FWS, free water surface; RSF: retention soil filter.

Table S8 Technological compact treatment alternatives for CSO flow treatment.
	Study area
	System
	Purpose
	Performance
	References

	Boudonville, France
	Coagulation with ferric chloride solution (CLARFER), aluminum salts (WAC HB)
	TSS and heavy metals removal
	Turbidity removal: >86%
	[86]

	Kaerby, Denmark
	PAX dosing point before the HydroSeparator followed by a dosing point for PAA + CW
	TSS, P removal, and disinfection
	Turbidity removal: 89.8%
Phosphate removal: 26.6%
Enterococcus removal: 1.3–3.5 log
	[87]

	Synthetic CSO
	The adsorption and photo-reduction – a composite catalyst of TiO2 and Graphene
	Zn2+ removal
	Zn2+ removal: 20.3 ± 0.04% increase
	[88]

	Ruhr, Germany, simulated CSO
	UV disinfection and ozonation
	Disinfection
	E. coli reduction: 2.2~3.5 log
Coliform bacteria reduction: 1.7~3.3 log
	[89]

	N/A
	UV disinfection with coagulation
	UV transmission increase
	Increase on UVT: 78%
	[90]

	Lake Garda,
Italy
	A dynamic rotating belt filter, adsorption on granular activated carbon and UV disinfection
	TSS, COD and E. coli removal
	TSS removal: >90%
COD removal: >69%
E. coli removal: >99%
	[91]

	Germany
	Adsorption: Biochar
	Specific pollutants removal
	Acetaminophen removal: 94.1%
Naproxen removal: 97.7 %
	[92]

	London, Ontario, Canada.
	Microsieve-based filtration followed by UV irradiation, and Chemical pre-treatment followed by microsieve-based filtration and UV irradiation
	TSS removal and UV transmittance (UVT) increase
	TSS removal: 73%,
UVT increase: 14% to 32%
	[93]

	Alberta, Canada
	coagulation-flocculation-sedimentation (CFS), catalytic ozonation using carbon, iron, and peroxide-based catalysts.
	MPs, turbidity removal
	during CFS treatment:turbidity reduction rate of above 60%
Ozonation alone: more that 80% degradation efficiency of easily oxidizable MPs
	[94]




[bookmark: _Hlk185712243]Figure S1 Definition of LCA method in this review. a) Life cycle assessment stages in the present study: phases, list of inventory classifications. b) a scheme of the LCA system boundaries.
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