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Text A.1 Data preprocessing and temporal harmonization
The raw dataset included hourly influent flow rates, water quality indicators, chemical dosing rates, operational parameters, and meteorological variables. Prior to analysis, all datasets were subjected to quality control and harmonized to a consistent temporal resolution.
Outlier removal: Outliers were identified based on instrument-recording errors and process-related plausibility checks. Observations were removed when they were negative, physically impossible, clearly outside the operational range of the wastewater treatment plants, or attributable to sensor malfunction, maintenance activities, or data transmission errors. Typical examples included records in which the influent total nitrogen (TN) concentration was lower than the influent ammonium nitrogen (NH4+-N) concentration. In addition, negative or zero values in the influent flow series were truncated to the physical lower bound of 0.1 m3/h.
Missing-value imputation: Missing values in continuous time-series data were imputed using linear interpolation. Specifically, short-term gaps in influent flow rates, water quality concentrations, pH, and air temperature were filled by time-based linear interpolation. For longer gaps, the median value observed at the same hour on adjacent days was used when comparable operating conditions could be confirmed. Records were excluded from subsequent analysis when data gaps were excessively long or coincided with abnormal operating conditions. Missing rainfall values were not interpolated and were treated as no-rainfall periods in subsequent analyses.
Temporal harmonization: Because different variables were recorded at different temporal resolutions, all datasets were harmonized to an hourly scale. Variables originally recorded at sub-hourly resolution were aggregated into hourly averages or hourly totals according to their physical meaning. Rainfall was aggregated as hourly cumulative precipitation, whereas air temperature, water quality concentrations, and pH were expressed as hourly averages. Chemical dosing rates were originally recorded as daily totals and were allocated to the hourly scale in proportion to the hourly influent flow rate of the corresponding day. Operational parameters, such as dissolved oxygen setpoints and return flow ratios, were assumed to remain constant within the same day and were therefore assigned directly to each hourly record. Daily or lower-frequency measurements were matched to the corresponding hourly records only when temporal consistency could be ensured. The temporal coverage, original resolution, preprocessing methods, and missing-value treatment for each variable are summarized in Table A1.
Table A1 Data categories, time periods, resolutions, sources, and preprocessing methods.
	Data category
	Variable
	Time period
	Original resolution
	Unified resolution
	Data source

	Influent flow
	Influent flow rate
	Jan – Dec 2022
	Hourly
	Hourly
	Wastewater treatment plant (WWTP) monitoring system

	Water quality
	Influent and effluent COD
	May – Sep 2022
	Hourly / routine records
	Hourly
	

	
	Influent and effluent TN
	May – Sep 2022
	Hourly / routine records
	Hourly
	

	
	Influent and effluent TP
	May – Sep 2022
	Hourly / routine records
	Hourly
	

	
	Influent and effluent NH4+-N
	May – Sep 2022
	Hourly / routine records
	Hourly
	

	
	pH
	May – Sep 2022
	Hourly
	Hourly
	

	Chemical dosing
	Chemical dosing rate
	May – Sep 2022
	Daily
	Hourly
	

	Operational parameters
	Key process parameters
	May – Sep 2022
	Daily / operation records
	Hourly
	

	Meteorological data
	Rainfall, air temperature
	May – Sep 2022
	Hourly
	Hourly
	China Meteorological Data Service Centre


[bookmark: OLE_LINK28][bookmark: OLE_LINK3]Text A.2 Development of baseline flow prediction models
Text A.2.1 Data preprocessing and identification of rainfall-affected periods
To construct the baseline domestic wastewater flow, this study developed time-series prediction models based on hourly influent flow data from the WWTPs. The raw data were first processed by standardizing timestamp formats, resampling to an hourly scale, and sorting chronologically. Invalid and missing values in the influent flow series were filled using linear interpolation. If a small number of missing values remained after interpolation, forward filling and backward filling were further applied to ensure the continuity of the hourly time series.
Rainfall data were mainly used to identify rainfall events and their subsequent impact periods. An hour was classified as a rainfall period when the rainfall depth in that hour was greater than 0. For adjacent rainfall events, if the intervening dry interval was short, the events were treated as part of the same continuous rainfall-affected process. Because background groundwater infiltration in the study area was relatively weak, abnormal increases in influent flow during the rainy season were assumed to be mainly caused by rainfall and post-rainfall sewer network responses. Therefore, positive residuals between the observed influent flow and the predicted baseline flow were used to represent rainfall-related inflow and infiltration (I/I) increments.
The dataset was split chronologically into training and testing subsets, with the first 80% of the time-series data used for model training and the remaining 20% used for model testing. This chronological split avoided temporal information leakage caused by random partitioning and was appropriate for continuous time-series data such as WWTP influent flow.
Text A2.2 Random forest model
The random forest (RF) model was used to capture nonlinear relationships between influent flow and temporal features, historical statistical features, and lagged flow features. The model inputs  included basic temporal features, categorical temporal features, historical statistical features, and lagged flow features (Table A2). The basic temporal features included hour, day, month, year, day of week, day of year, and week of year. The categorical temporal features included weekday indicator, weekend indicator, season, and intraday time period. The historical statistical features included the 24 h and 72 h rolling mean influent flows. The lagged flow features included influent flow at 1 h, 2 h, 3 h, 6 h, 12 h, and 24 h before the prediction time.
To reduce the influence of differences in numerical scales among variables, Min-Max normalization was applied to influent flow, rolling mean flow, lagged flow, and other numerical variables. The RF regression model was configured with 200 decision trees, a maximum tree depth of 15, a minimum of 5 samples required for node splitting, and a minimum of 2 samples per leaf node. The square-root strategy was used for feature selection at each split, and a fixed random seed was set to ensure reproducibility. The main model parameters are summarized in Table A3. Model outputs were inverse-transformed to restore the predicted values to the original flow scale.
Text A.2.3 Long short-term memory network model
The long short-term memory network (LSTM) model was used to characterize temporal dependencies in the influent flow series. To enhance the ability of the model to identify periodic variations, sine–cosine encoding was applied to the hour and weekday variables, generating four periodic features: hour sine, hour cosine, weekday sine, and weekday cosine. The model inputs included normalized influent flow and these four periodic temporal features (Table A2).
Considering the pronounced diurnal pattern of WWTP influent flow, a 24 h time step was used in the LSTM model; that is, the influent flow and periodic features from the previous 24 h were used to predict the influent flow at the current time. The model adopted a two-layer stacked LSTM architecture. The first LSTM layer contained 64 units and returned the full sequence, while the second LSTM layer contained 32 units to further extract temporal features. A dropout layer with a dropout rate of 0.2 was applied after each LSTM layer to reduce the risk of overfitting. The output layer was a fully connected layer that predicted the normalized influent flow at the current time.
The model was trained using the Adam optimizer, with mean absolute error (MAE) as the loss function. The maximum number of training epochs was set to 100, the batch size was set to 32, and 10% of the training data were used as the validation set. Early stopping was applied during training. Specifically, training was terminated when the validation loss did not decrease for 10 consecutive epochs, and the model parameters corresponding to the lowest validation loss were retained. The main model parameters are listed in Table A3.
Text A.2.4 Prophet model
The Prophet model was used to represent the trend, daily seasonality, and weekly seasonality of influent flow. Considering the pronounced seasonal characteristics of the regional climate and influent flow fluctuations, a season-specific modelling strategy was adopted. The year was divided into spring, summer, autumn, and winter (Table A2). Spring included April and May, summer included June to August, autumn included September and October, and winter included November to March of the following year. During seasonal transition periods, the predictions from adjacent seasonal models were smoothly connected to avoid abrupt changes in the baseline flow caused by seasonal switching.
For each season, the Prophet model included daily and weekly seasonal components and used an additive seasonality mode. The changepoint prior scale was set to 1, the seasonality prior scale was set to 10, and both daily and weekly seasonality were included. During model training, an iterative residual-filtering strategy was used to identify and remove abnormal disturbance points. Specifically, a Prophet model was first trained using the samples from the corresponding season to generate the predicted baseline flow. Residuals were then calculated as the difference between observed influent flow and predicted baseline flow, and abnormal points were identified using a  criterion. After removing the abnormal points, the model was retrained. This process was repeated for a maximum of 10 iterations, with k set to 1.1.
Multiple stopping criteria were used during the iterative modelling process. Iteration was terminated early when the Anderson–Darling test of the residual distribution satisfied the predefined stability condition, when the maximum positive residual was lower than the predefined threshold, or when the correlation between predictions from two consecutive iterations exceeded 0.999. The main model parameters are provided in Table A3. After model training, the season-specific models were used to generate a complete hourly baseline flow series. Missing baseline flow values caused by seasonal transitions or local data gaps were filled using time-based interpolation, followed by forward and backward filling, to obtain a continuous baseline domestic wastewater flow series.
In the final identification of I/I, only positive anomalous residuals in which the observed influent flow exceeded the predicted baseline flow were treated as rainfall-related flow increments. This prevented negative residuals from being misclassified as extraneous water intrusion. To reduce misclassification caused by single-hour fluctuations, a 3 h moving-window majority voting approach was applied to smooth the wet-period labels.
Test A.2.5 Model evaluation metrics and selection criteria
Model prediction performance was evaluated using mean absolute error (MAE) and root mean square error (RMSE):


where (n) is the number of samples,  is the observed influent flow, m3/h, and  is the model-predicted influent flow, m3/h. MAE reflects the average absolute magnitude of prediction errors, whereas RMSE is more sensitive to large errors.
Because the objective of this study was not merely short-term flow forecasting but the construction of a baseline domestic wastewater flow, model selection was based not only on prediction error but also on the ability of each model to characterize daily and weekly periodicity, prediction stability, dependence on lagged flow variables, and interpretability.

Table A2 Input variables of the baseline flow prediction models
	Model
	Input variable category
	Specific variables
	Purpose

	RF
	Basic temporal features
	Hour, day, month, year, day of week, day of year, week of year
	Characterize flow variations at different temporal scales

	
	Categorical temporal features
	Weekday indicator, weekend indicator, season, intraday time period
	Distinguish differences between weekdays and weekends, seasons, and intraday periods

	
	Historical statistical features
	24 h rolling mean, 72 h rolling mean
	Represent short- and medium-term flow variation trends

	
	Lagged flow features
	
	Characterize temporal dependence in influent flow

	LSTM
	Flow sequence
	Normalized flow during the previous 24 h
	Represent the flow variation process over the preceding 24 h

	
	Periodic temporal features
	Hour sine, hour cosine, weekday sine, weekday cosine
	Characterize daily and weekly periodicity

	Prophet
	Time-series variables
	Timestamp and hourly influent flow
	Construct trend, daily seasonality, and weekly seasonality components

	
	Seasonal grouping variables
	Spring, summer, autumn, winter
	Account for seasonal differences in flow fluctuations

	
	Residual identification variable
	Residual between observed influent flow and predicted baseline flow
	Iteratively identify and remove abnormal disturbance points



Table A3. Main parameter settings of the baseline flow prediction models
	Model
	Parameter
	Setting

	RF
	Data split
	80% training and 20% testing in chronological order

	
	Normalization
	Min-Max normalization

	
	Number of trees
	200

	
	Maximum tree depth
	15

	
	Minimum samples for split
	5

	
	Minimum samples per leaf
	2

	
	Maximum features
	Square root

	
	Random state
	42

	LSTM
	Data split
	80% training and 20% testing in chronological order

	
	Validation split
	10% of the training data

	
	Normalization
	Min-Max normalization for flow

	
	Sequence length
	24 h

	
	Input dimension
	5 variables

	
	LSTM layers
	64 units and 32 units

	
	Activation function
	tanh

	
	Dropout rate
	0.2

	
	Optimizer
	Adam

	
	Loss function
	MAE

	
	Epochs
	100

	
	Batch size
	32

	
	Early stopping
	Patience = 10

	Prophet
	Seasonal modelling
	Spring, summer, autumn, and winter

	
	Seasonality mode
	Additive

	
	Daily seasonality
	Included

	
	Weekly seasonality
	Included

	
	Changepoint prior scale
	1

	
	Seasonality prior scale
	10

	
	Maximum iterations
	10

	
	Residual filtering
	 criterion, k = 1.1

	
	Positive residual threshold
	Used for final I/I identification

	
	Wet-period smoothing
	3 h moving-window majority voting

	
	Stopping criteria
	Residual stability, high prediction correlation, or maximum iteration


Text A.3 Development of the WWTP mechanistic model
Text A.3.1 Model configuration
WWTP B features parallel AAO and AO treatment lines with a flow distribution ratio of 1:1. The model consists of screens, grit chambers, AAO, AO, secondary clarifier, and sand filters. Screens, grit chambers, and sand filters were simplified as non-reactive separation units. The AAO and AO bioreactors were represented by multiple completely mixed reactors in series to approximate plug-flow behavior: the AAO line was divided into anaerobic, anoxic, and aerobic zones (with symmetric structure, identical dimensions and operating conditions for the same functional zones); the AO line was divided into anoxic and aerobic zones. Reactor volumes followed the as-built dimensions. The secondary clarifier was simulated using a three-layer model coupled with biological reactions and fixed sludge withdrawal; Polyaluminium chloride (PAC) was dosed before the clarifier for chemical phosphorus removal. Part of the settled sludge was returned to the bioreactors, and the remainder was sent to thickening and dewatering.
The sludge thickener also used a three-layer model with Polyacrylamide (PAM) addition; dewatering was simplified as a non-reactive unit with solid removal efficiency based on plant records. Key operating parameters: internal recycle ratio 200% for AAO (aerobic to anoxic) and 300% for AO (aerobic to anoxic); external recycle ratio 75%; DO controlled at 3 mg/L in aerobic zones. Hydraulic connections were modeled using non-reactive pipe modules. Main reactor volumes and operating conditions are summarized in Table A4 and Table A5.
Table A4 Configuration of the WWTP B.
	Section
	Parameter
	Value
	Unit

	AAO
	Pre‑anaerobic zone
	2293.8
	m3

	
	Anaerobic zone
	2293.8
	m3

	
	Anoxic zone
	10000.0
	m3

	
	Transition zone
	3336.0
	m3

	
	Aerobic zone
	18766.9
	m3

	AO
	Anoxic zone
	10155.5
	m3

	
	Aerobic zone
	39539.0
	m3

	Secondary clarifier
	10112.0
	m3



Table A5 Key operating conditions for model calibration.
	Configuration
	Flow description
	Value
	Unit

	General conditions
	Temperature
	20
	℃

	
	pH
	7.2
	pH unit

	AAO aerobic zone
	DO
	3.0
	g O2/m3

	AO aerobic zone
	DO
	3.0
	g O2/m3

	Internal recycle (AAO)
	Aerobic→anoxic
	200
	%

	Internal recycle (AO)
	Aerobic→anoxic
	300
	%

	External recycle
	Secondary clarifier→bioreactors
	75
	%



Text A.3.2 Sensitivity analysis
The model parameters include influent characteristics, reactor geometry, operational parameters, and influent fractionation and stoichiometric parameters. The first three categories were set according to plant records. For influent fractionation and stoichiometric parameters, the SUMO‑4N model contains 384 kinetic/stoichiometric parameters and 15 wastewater fractionation parameters. To reduce computational burden, parameters that do not vary with external conditions were kept at default values. A total of 35 kinetic parameters and 15 fractionation parameters were selected for local sensitivity analysis.
A one‑at‑a‑time perturbation method was applied, and the relative sensitivity factor (RSF) was calculated as:

where  and  are the parameter values before and after perturbation, respectively, and  and  are the corresponding model outputs. Parameters with |RSF|≥0.1were considered sensitive and were prioritized during calibration. The sensitivity analysis results for key parameters are summarized in Table A6.
Table A6 Sensitivity analysis results of key SUMO parameters.
	Parameter
	Unit
	|RSF|
	Influence factor

	μAOB
	g O2/m3
	0.16, 0.71, 1.43
	TN, TP, -N

	KO2,AOB
	g O2/m3
	0.48
	-N

	KO2,NHx,AOB
	g O2/m3
	0.71
	TP

	KNHx,NH2OH,AOB
	g N/m3
	0.71, 0.48
	TP, -N

	μNOB
	1/d
	0.24
	TN

	KSB
	g COD/m3
	0.15, 0.71, 0.48
	TN, TP, -N

	KSB,NO
	g COD/m3
	0.71
	TP

	KSB,NO2
	g COD/m3
	0.11
	TN

	KO2,OHO
	g O2/m3
	0.48
	-N

	KO2,OHO,NO2
	g O2/m3
	0.13
	TN

	qPAO,PP
	1/d
	0.71
	TP

	qHYD
	1/d
	0.71, 0.48
	TP, -N

	frVSS,TSS
	%
	0.29, 0.10
	TP, -N

	frSCCOD,TCOD
	%
	0.14
	TP

	frSCOD,TCOD
	%
	0.14
	TP

	frVFA,SCCOD
	%
	0.14
	TP

	frSU,SCCOD
	%
	2.35, 0.15, 0.57, 0.10
	COD, TN, TP, -N

	frXU,TCOD
	%
	0.29, 0.29
	TP, -N

	frSPO4,TP
	%
	0.14, 0.10
	TP, -N



Text A.3.3 Steady-state calibration
Steady-state calibration was performed to bring the model to a stable operating condition. The simulation period was 30 days with a 1 h recording interval. Input data consisted of monthly average influent flow, water quality, and operating conditions from May to September 2022. After steady-state simulation using the default kinetic parameters, the model was further calibrated by manually adjusting stoichiometric and kinetic parameters based on engineering experience.
Currently, no universal standard exists for digital model accuracy in wastewater treatment. The WERF guidelines recommend that relative errors for steady-state simulation be controlled between 5% and 20%. The steady-state calibration results are shown in Table A7. The monthly average simulated effluent values agreed well with observed data, with all relative errors below 10%, indicating satisfactory model performance for subsequent dynamic simulation.
Table A7 Steady-state calibration results.
	Month
	COD
	TN
	NH4+-N
	TP

	
	Observed (mg/L)
	Simulated (mg/L)
	Observed (mg/L)
	Simulated (mg/L)
	Observed (mg/L)
	Simulated (mg/L)
	Observed (mg/L)
	Simulated (mg/L)

	May
	25.455
	25.592
	11.997
	12.039
	0.615
	0.620
	0.264
	0.266

	June
	26.131
	26.417
	12.398
	12.119
	0.782
	0.800
	0.213
	0.215

	July
	26.590
	26.138
	12.529
	12.490
	0.911
	0.896
	0.197
	0.195

	Aug
	22.553
	22.921
	12.866
	12.701
	0.957
	0.962
	0.157
	0.155

	Sep
	24.377
	24.394
	12.586
	12.580
	0.711
	0.701
	0.183
	0.178


[bookmark: OLE_LINK1]Text A.4 Scenario-based performance evaluation
Text A.4.1 GHG emission
Our study exclusively evaluated GHG emissions during the operational stage of wastewater treatment and in-plant sludge treatment, as the operational stage contributed to the vast majority of life-cycle emissions[1]. This included direct emissions and indirect emissions from energy and chemical consumption.
Direct emission: The SUMO‑4N model implemented in the Dynamita SUMO platform was used to simulate direct GHG emissions during the operation of the WWTP. The model describes the metabolic pathways of key microbial groups in biological wastewater treatment and simulates the production and release of CH4, N2O and CO2 in each treatment unit. 
CH4 production is mainly associated with the degradation of organic matter under anaerobic conditions and is influenced by dissolved oxygen, nitrate, ammonium, and volatile fatty acids[2]. In the SUMO‑4N model, CH4 primarily originates from the conversion of organic substrates by methanogens in anaerobic tanks. Part of the dissolved CH4 can be transported into subsequent anoxic or aerobic tanks via internal recirculation and hydraulic conveyance, and is then stripped from the liquid phase to the gas phase under aeration disturbance and surface diffusion.
Direct N2O emissions are mainly related to the metabolism of ammonia‑oxidizing bacteria (AOB)[3]. The SUMO‑4N model considers two main N2O generation pathways: (i) N2O formation through the oxidation of hydroxylamine (NH2OH) during nitrification, and (ii) N2O generation via AOB denitrification under conditions of insufficient dissolved oxygen and nitrite accumulation.
Direct CO2 emissions in the SUMO‑4N model consider CO2 generated from the oxidation of fossil carbon in the influent. The fossil carbon fraction in influent total organic carbon was set to the default value of 10% to estimate CO2 emissions from fossil carbon oxidation[4]. In addition, the transformation of the external carbon sources by biological processes, although relatively complex, largely follows the assumption that two-thirds of the carbon source is used for catabolism and one-third for anabolism. In this study, methanol was assumed to be the carbon source. Therefore, the CO2 emission from carbon source conversion can be estimated using a conversion coefficient of 0.92 kg CO2-eq/kg CH3OH[5].
To deal with the different nature of the generated GHG emissions (CO2, CH4, and N2O) on Global Warming potential (GWP), they are converted into units of CO2 equivalents (CO2-eq).


where  is the direct emission from WWTPs (kg/h),  is the CH4 emission simulated by SUMO (kg/h),  is the N2O emission simulated by SUMO (kg/h),  is the fossil‑source CO2 simulated by SUMO (kg/h), and  is the fossil‑source CO2 caused by external carbon source addition (kg/h),  is the daily consumptions of methanol (kg/d). The GWPs of CH4 and N2O are 28 and 265 kg CO2‑eq/kg, respectively (IPCC, 2019)[6].
[bookmark: OLE_LINK29]Indirect GHG emissions: Indirect GHG emissions mainly include those from electricity and chemical consumption. The indirect emissions of the WWTP (, kg CO2-eq/d) were calculated using Eq. (6) – (8).



where  and  are the CO2 equivalents of consumed electricity and chemicals (kg CO2-eq/d), is the emission factor for electricity (kg CO2/kWh), taken from the provincial average CO2 emission factor for electricity in 2023 calculated by the Ministry of Ecology and Environment and the National Bureau of Statistics.  is the energy consumption of the WWTP (kWh/d). ,  and  are the emission factors for methanol, PAC, PAM, and NaClO, respectively (kg CO₂‑eq/kg), taken from the Guidelines for Carbon Emission Accounting of Urban Wastewater Treatment Plants.  and  are the daily consumptions of methanol, PAC, PAM, and Sodium hypochlorite (NaClO, kg/h), respectively. All emission factors are listed in Table A8.
Table A8 Emission factors for electricity and chemicals.
	Name
	Emission factor（kg  /kg）

	Electricity
	0.53

	Methanol
	0.61

	PAC
	1.62

	PAM
	1.48

	NaClO
	0.99


Text A.4.2 Operating cost accounting
Operating cost accounting focused on electricity and chemical costs, because these two components are directly affected by hydraulic loading and operational adjustment[7]. Other cost components, including labor, maintenance, depreciation, construction, and sludge disposal costs, were not included. The unit costs of electricity and each chemical are shown in Table A9.
Table A9 Unit costs of electricity and chemicals
	Item
	Unit cost

	Electricity
	0.619 CNY/kWh

	Methanol
	2640 CNY/ton

	PAC
	1350 CNY/ton

	PAM
	15000 CNY/ton

	NaClO
	850 CNY/ton



Text A.4.3 Rainfall‑induced I/I event identification, scenario classification and model input setup
Rainfall event identification: To construct rainfall‑induced I/I scenarios, independent rainfall events were identified from hourly rainfall data. Two rainfall periods separated by a dry interval of at least 6 consecutive hours were treated as independent events. To avoid interference from negligible rainfall, only events with a total rainfall depth greater than 1 mm were defined as effective rainfall events and used for subsequent rainfall‑induced I/I analysis. For each effective event, total rainfall depth, rainfall duration, and maximum hourly rainfall intensity were extracted.
Scenario classification: The rainfall‑induced I/I scenarios were classified according to the event‑total rainfall depth, following the thresholds of the Chinese precipitation grade standard (GB/T 28592‑2012). Because the study focuses on the impact of individual rainfall events on WWTP operation, scenario classification based on event‑total rainfall depth is more appropriate than using 24 h or 12 h accumulated rainfall. Five rainfall‑induced I/I scenarios were included in the SUMO simulations: no rain (dry‑weather baseline), light rain (1.0–9.9 mm), moderate rain (10.0–24.9 mm), heavy rain (25.0–49.9 mm), and rainstorm (50.0–99.9 mm). Severe rainstorm (100.0–249.9 mm) and extraordinary rainstorm (≥250.0 mm) were excluded from the regular scenario simulations. The exclusion reasons are: according to the local rainfall intensity equation, rainfall events reaching these grades correspond to return periods generally greater than 100 years, and the resulting rainfall‑induced I/I volume may increase the WWTP influent flow to more than 1.5 times the design capacity. Under such extreme conditions, the treatment system may not maintain stable normal operation, and flow restriction or bypass discharge is likely to be triggered. Therefore, these extreme events were considered beyond the scope of this study, which focuses on controllable WWTP operation under rainfall‑induced I/I disturbances.
Baseline selection and rainfall‑induced I/I volume estimation: To enable a fair comparison among different rainfall‑induced I/I scenarios, a dry‑weather day with no rainfall in the preceding 48 hours was selected as the baseline day. The influent flow rate and pollutant concentrations of this baseline day were used as the dry‑weather reference values  and . The rainfall‑induced I/I volume for each rainfall scenario () was estimated using the rainfall–I/I quantitative relationship established in Section 3.1 of the main text. For the incompletely separate sewer system studied, the total I/I volume of a rainfall event was linearly correlated with the event‑total rainfall depth per unit area of the combined sewer catchment. The specific regression coefficients and the derivation of the relationship are presented in Section 3.1. The I/I volumes of the five included scenarios were calculated using this relationship together with the event‑total rainfall depth of each grade.
Influent concentration adjustment: When I/I enters the sewer network, the WWTP influent flow increases while the pollutant load from domestic sewage remains approximately constant. Consequently, influent pollutant concentrations are diluted. In addition, stormwater runoff carries pollutants washed from the ground surface, which may partly offset the dilution effect. To account for these two opposing effects, the influent concentration of each pollutant under a given rainfall‑induced I/I scenario was calculated using a mass‑balance mixing equation:

[bookmark: _Hlk232001303]Where  is the influent concentration of pollutant k under the rainfall‑induced I/I scenario (mg/L);  is the dry‑weather baseline influent flow rate (m3/h);  is the dry‑weather baseline influent concentration of pollutant k (mg/L);  is the rainfall‑induced I/I flow rate (m3/h) for the scenario;  is the concentration of pollutant k in the infiltrated water (stormwater runoff plus possible groundwater), mg/L. The values of  for COD, TN, TP, and NH4+‑N were adopted from a literature compilation of urban stormwater runoff quality[8] (Table A10).
Table A10 The values of 
	Flow description
	Value
	Unit

	COD
	267.92
	mg/L

	TN
	4.35
	mg/L

	TP
	0.57
	mg/L

	
	1.9
	mg/L



Constant operating parameters across scenarios: To isolate the independent effect of rainfall‑induced I/I on WWTP performance, all process operating parameters were kept identical to the dry‑weather baseline scenario across the five rainfall‑induced I/I scenarios. Specifically： Internal recycle ratio: 200% for the AAO line and 300% for the AO line; External recycle ratio (return sludge ratio): 75% for both lines; Aeration control: DO setpoint at 3 mg/L in aerobic zones; Carbon source and phosphorus removal chemical (PAC) dosages: kept constant (not adjusted with influent flow or concentration); Flocculant (PAM) and disinfectant (sodium hypochlorite) dosages: adjusted proportionally to the influent flow rate, at rates of 4 g/t and 10.5 g/t of influent, respectively.
Text A.5 Multi‑objective optimization method for synergistic reduction of pollutants and GHG emissions 
Text A.5.1. Decision variables and optimization settings
The heavy-rain scenario was selected as the representative optimization condition because it caused marked increases in nitrogen fluctuation, operating cost, and GHG emissions. Dissolved oxygen (DO), internal recirculation ratio (), and external recirculation ratio () were selected as decision variables because they directly affect nitrification, denitrification, sludge concentration, recirculation energy consumption, and process-related GHG emissions.
The variable ranges were determined based on actual plant operation, engineering experience, and preliminary SUMO simulations. A Box-Behnken design was used to construct response surface surrogate models, and NSGA‑II was used to identify Pareto‑optimal solutions. The objectives are to minimize the comprehensive water‑quality (WQ) index (combining peak TN and NH4+‑N), total GHG emissions, and total operating cost.
[bookmark: _Hlk232271947]Table A11 Decision‑variable ranges and NSGA‑II parameters used for multi‑objective optimization.
	Category
	Parameter
	Value/Range

	Decision variable
	DO
	1.0-4.0 mg/L

	
	
	100%-400%

	
	
	40%-100%

	Box–Behnken level
	DO
	1.0, 2.5, 4.0 mg/L

	
	
	100%, 250%, 400%

	
	
	40%, 70%, 100%

	NSGA‑II
	Population size
	100

	
	Offspring number
	50

	
	Crossover probability
	0.9

	
	Mutation probability
	1/3

	
	Maximum generations
	200



Text A.5.2. Response surface surrogate models
To reduce the computational burden of directly coupling SUMO with NSGA‑II, second‑order polynomial surrogate models were developed for each process line. The general form of the response surface model was:

Where represents each response variable, including WQ, operating cost, or GHG emissions. The coefficients 𝛽 were estimated from the Box-Behnken simulation results. The variables DO, and  are expressed in mg/L, %, and %, respectively. Operating cost is expressed in 104 CNY, and GHG emissions are expressed in t CO2‑eq. Linear terms describe individual parameter effects, quadratic terms describe nonlinear responses, and interaction terms describe coupled effects between two parameters.
Text A.5.3. Fitted surrogate model equations
The fitted surrogate models used for multi‑objective optimization are listed below. Terms with negligible coefficients were not retained in the final expressions.
For the AAO process:




For the AO process:




Text A.5.4. Model adequacy of response surface models
The response surface models showed acceptable fitting performance for subsequent optimization. The coefficients of determination were generally close to 1, and the coefficients of variation were below 10%, indicating good model reliability. The predicted R2 values of the TN models were lower than those of the other responses, suggesting that TN was affected by more complex interactions under I/I disturbance (Table A12). Nevertheless, the overall fitting statistics and significance tests indicated that the models were sufficient for identifying operational trends and Pareto‑optimal regions.
Table A12 Goodness‑of‑fit statistics of response surface surrogate models.
	Model
	Std. Dev.
	Mean
	C.V. (%)
	R2
	Adjusted R2
	Predicted R2
	Adeq. Precision

	AAO‑TN
	0.2615
	12.60
	2.0700
	0.9842
	0.9557
	0.7471
	18.9634

	AO‑TN
	0.9499
	14.22
	6.6800
	0.9670
	0.9075
	0.7716
	11.1570

	AAO‑NH4+‑N
	0.0607
	2.84
	2.1400
	0.9983
	0.9953
	0.9729
	58.9699

	AO‑NH4+‑N
	0.0878
	2.26
	3.8900
	0.9954
	0.9872
	0.9270
	36.8073

	AAO‑Cost
	0.0145
	10.62
	0.1366
	1.0000
	1.0000
	0.9999
	900.7151

	AO‑Cost
	0.0196
	17.64
	0.1108
	1.0000
	1.0000
	1.0000
	1623.6872

	AAO‑GHG
	0.1851
	102.03
	0.1815
	1.0000
	1.0000
	0.9998
	58.6727

	AO‑GHG
	1.04
	161.29
	0.6442
	0.9999
	0.9999
	0.9992
	262.4666


Text A.6 Machine learning-based quantification of inflow and infiltration


Fig. A1 24-hour distribution characteristics of Influent data


[bookmark: _Hlk232023432]Fig. A2 Weekly distribution characteristics of influent data

Table A13 Summary of performance evaluation of three models
	Model
	RMSE
	MAE
	R1
	R2

	RF
	686.27
	514.08
	0.94
	0.96

	LSTM
	664.74
	431.56
	0.92
	0.98

	Prophet
	705.44
	521.26
	0.83
	0.81



Note: R1, correlation between the predicted and observed values; R2, correlation between the predicted values and the observed values lagged by one time step.
Fig. A3 Relationship between predicted wet periods, I&I volume, and rainfall for the WWTP in the separate sewer catchment: (a) May; (b) June; (c) July; (d) August; (e) September; (f) An example rainfall event.



Fig. A4 Relationship between predicted wet periods, I&I volume, and rainfall for the WWTP in the incompletely separate sewer catchment: (a) May; (b) June; (c) July; (d) August; (e) September; (f) An example rainfall event.
[bookmark: OLE_LINK12]Text. A7 Effects of inflow and infiltration on pollutant removal and GHG–cost performance
The rainfall-induced I/I scenarios were constructed based on the empirical rainfall–I/I relationship established in Section 3.1. In that section, rainfall-induced I/I was first identified as the excess influent flow above the Prophet-predicted baseline domestic wastewater flow. Event-scale analysis showed that total rainfall depth was the dominant driver of I/I, and the normalized I/I volume increased by 154.7 m3/km2 for each 1 mm increase in rainfall depth.
For scenario simulation, four rainfall events representing light rain, moderate rain, heavy rain, and rainstorm were selected according to the rainfall classification criteria. Their 24-h rainfall depths were 9.1, 20.8, 35.4, and 53.2 mm, respectively (Table A14). The corresponding event-scale I/I volumes were estimated using Eq. (5) in the main text. The I/I volume was then distributed over the 24-h rainfall period according to the hourly rainfall pattern, and a 4-h delay was applied to represent the hydraulic response time between rainfall input and influent flow increase at the WWTP. Finally, the rainfall-induced I/I flow was superimposed on the baseline domestic wastewater flow to generate the scenario-specific 24-h influent flow profiles used in the SUMO simulations (Fig. A5).
Table A14 Rainfall depths used for rainfall-induced I/I scenario construction
	Scenario
	Light rain
	Moderate rain
	Heavy rain
	Rainstorm

	24-h rainfall depth (mm)
	9.1
	20.8
	35.4
	53.2




Fig. A5. Scenario-specific 24-h influent flow and hourly rainfall under rainfall-induced I/I conditions: (a) 24-h influent flow profiles of the WWTP under different rainfall-induced I/I scenarios with a 4-h hydraulic response delay; (b) hourly rainfall depth over 24 h.
To further quantify the integrated effects of rainfall-induced I/I on effluent quality, operating cost, and carbon emissions, sensitivity coefficients were calculated for each indicator using Eq. (6). The results are summarized in Table A13.
	

	（19）


where S is the sensitivity coefficient of a given indicator to rainfall-induced I/I;  is the change in the indicator;  is the value under the baseline dry-weather scenario;  is the value under the k-th I/I scenario;  is the change in influent flow, namely the I/I volume;  is the influent flow under the baseline scenario; and  is the influent flow under the k-th scenario. Indicators were classified as extremely sensitive when >2, highly sensitive when 1<≤2, moderately sensitive when 0.5<≤1, and weakly sensitive when ≤0.5. A positive S indicates a positive response to influent flow, whereas a negative S indicates an inverse response.
Table A15 Sensitivity coefficients of effluent quality, operating cost, and carbon-emission indicators under rainfall-induced I/I scenarios
	Indicator
	Sensitivity coefficient

	Effluent quality
	COD
	-0.11

	
	TN
	-0.02

	
	TP
	-0.10

	
	NH4+-N
	1.52

	Operating cost
	Electricity cost
	3.85

	
	Chemical cost
	0.25

	
	Unit wastewater treatment cost
	0.66

	GHG emission
	Direct CO2 emissions
	0.08

	
	Direct CH4 emissions
	0.13

	
	Direct N2O emissions
	0.59

	
	Electricity-related indirect emissions
	3.85

	
	Chemical-related indirect emissions
	0.18

	
	Unit wastewater carbon emissions
	0.49



[bookmark: OLE_LINK10]Text. A8. Significance ranking of operational variables
Analysis of variance was used to identify the dominant factors affecting each response. For both treatment lines,  was the dominant factor affecting nitrogen‑related water‑quality indicators (Table A16), whereas  was the dominant factor affecting operating cost and GHG emissions. This indicates that wet‑weather operation should control internal recirculation to reduce energy consumption while using external recirculation to stabilize nitrogen removal.
Table A16 Dominant operational factors identified from response surface analysis.
	Response
	AAO process
	AO process
	Interpretation

	TN
	＞＞DO
	＞DO＞
	External recirculation strongly affects sludge concentration and nitrogen‑removal stability.

	NH4+‑N
	＞DO＞
	＞DO＞
	External recirculation and DO jointly regulate nitrification capacity.

	Operating cost
	＞＞DO
	＞DO＞
	Internal recirculation dominates pumping energy demand.

	GHG emissions
	＞＞DO
	＞＞DO
	Indirect emissions from electricity consumption dominate the carbon response.
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