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Abstract: The fast pace of urban development and increasing intensity of precipitation
events have made managing urban stormwater an increasingly difficult challenge. Hydro-
logic models are commonly used to predict flows and assess the performance of stormwater
controls, often based on a hypothetical yet standardized design storm. The Storm Water
Management Model (SWMM) is widely used for simulating runoff in urban watersheds.
However, calibration of SWMM, as with all hydrologic models, is often plagued with
issues such as subjectivity, and an abundance of model parameters, leading to delays and
inefficiencies in model development and application. Further development of modeling
and simulation tools to aid in design is critical in improving the function of stormwater
management systems. To address these issues, we developed an integration of PySWMM
(a Python wrapper (tool) for SWMM) and Pymoo (a Python package for multi-objective
optimization) to automate the SWMM calibration process. The tool was tested using a
case study urban watershed in Fredericksburg, VA. This tool can employ either a single-
objective or multi-objective approach to calibrate a SWMM model by minimizing the error
between prediction and observed values. This tool uses performance metrics including
Nash-Sutcliffe Efficiency (NSE), Percent Bias (PBIAS), and Root Mean Square Error (RMSE)
Standardized Ratio (RSR) for both single-event and long-term continuous rainfall-runoff
processes. During multi-objective optimization calibration, the model achieved NSE, PBIAS,
and RSR values of 0.73, 17.1, and 0.52, respectively; while the validation period recorded
values of 0.86, 13.1, and 0.37, respectively. Additionally, in the single-objective optimization
test case, the model yielded NSE values of 0.68 and 0.73 for the calibration and validation,
respectively. The tool also supports parallelized optimization algorithms and utilizes Ap-
plication Programming Interfaces (APIs) to dynamically update SWMM model parameters,
accelerating both model execution and convergence. The tool successfully calibrated the
SWMM model, delivering reliable results with suitable computational performance.

Keywords: automatic calibration; multi-objective calibration; single objective calibration;
urban stormwater modelling

1. Introduction

Urban areas are expanding globally to accommodate a growing population and mi-
gration to cities [1-3]. This results in increases in impervious surfaces, disrupting the
hydrologic cycle, causing increased runoff from the landscape into streams and rivers, more
severe urban flooding, and degrading water quality throughout inland waters [4-7] and
estuaries [8,9]. These rapid and spatially variable changes in urban hydrology increase the
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complexity of accurately simulating and calibrating models, particularly under conditions
that are both dynamic and spatially heterogeneous.

The effectiveness of strategies for controlling runoff quantity and quality in urban
areas relies heavily on computational hydraulic, hydrologic, and water quality (H/H/WQ)
modeling that simulates runoff, defines flood and/or water quality treatment scenarios,
and assesses the efficacy of proposed stormwater management strategies. Among the
available models, the Storm Water Management Model (SWMM), an open-source model
developed by the United States Environmental Protection Agency (USEPA), stands out as
one of the most widely used models for simulating both the quantity and quality of urban
runoff [10-12].

The effectiveness of SWMM in representing the complex relationship between rainfall
and runoff largely depends on the characteristics of the watershed, the drainage network,
and numerous input parameters. SWMM input data can be categorized into hydrological
and hydraulic parameters [13]. Some of these parameters are derived from direct mea-
surements using appropriate technical methods, while others are initially estimated and
subsequently refined through the calibration process [14]. Calibration involves minimizing
the differences between observations and model predictions. Calibration is crucial for
achieving reliable simulation results, especially in the context of a rapidly changing urban
environment [15,16].

The calibration of SWMM parameters can be accomplished using manual or automatic
methods. Manual calibration, using a “trial-and-error,” method that relies heavily on the
expertise and judgment of the model user to iteratively adjust parameters until an accept-
able fit is achieved. This process is time-consuming, labor-intensive, and requires a high
level of expertise, making it less suitable for calibrating large-scale models [17,18]. Manual
calibration also tends to overlook the complex interactions between parameters and their
collective impact on model results [19]. In contrast, automatic calibration employs com-
putational methods such as genetic algorithms (GAs) [20], non-dominated sorting genetic
algorithms (NSGAs) [21-23], and dynamically dimensioned search (DDS) methods [7,24] to
efficiently explore a wide range of parameter combinations. These algorithms can quickly
identify near-optimal parameter datasets, enhancing the accuracy and robustness of the
model being calibrated [25,26].

The SWMM computational engine was primarily developed in the C programming
language [27,28]. Various enhancements and commercial adaptations of SWMM have intro-
duced advanced graphical user interfaces (GUIs) and expanded functionalities, including
PCSWMM [29], Innovyze [30] and SWMM GUI [31]. The SWMM model has limitations
in directly manipulating data and creating custom files or plots due to its lack of built-in
tools for advanced data handling and visualization [32-34]. These constraints complicate
automatic calibration, necessitating additional programming or the use of external tools
to streamline the calibration process and effectively interpret results. In 2020, the Open
Water Analytics organization released PySWMM, a third-party open-source package, which
integrates the SWMM interface with Python and the SWMM application [34]. This package
leverages SWMM’s computational engine to simulate the rainfall-runoff process, but it
does not include an automatic calibration procedure.

A review of the recent literature was conducted to investigate state-of-the-art tech-
niques for the automatic calibration of SWMM models. These previous studies commonly
utilized heuristic algorithms that emulate biological processes and mimic aspects of natural
systems for automatic model parameter optimization reduces human influence, thereby
improving modeling efficiency and credibility [35-39]. Recent studies have employed
single-objective and multi-objective optimization approaches. Single-objective optimiza-
tion focuses on minimizing the error between simulation and observation using a single
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objective function, such as root mean square error (RMSE) [40,41] or Nash-Sutcliffe Ef-
ficiency (NSE) [42,43]. In multi-objective optimization for model calibration, commonly
used objectives include minimizing NSE, RMSE, PBIAS, and the correlation coefficient,
R? [44-46].

Current research outcomes have improved precision and efficiency in automatic
parameter calibration, thereby enhancing the overall applicability and effectiveness of
the hydrologic model. However, these heuristic algorithms have improved calibration
efficiency, most existing studies do not fully leverage multi-objective optimization, lack
support for parallel computing to efficiently handle complex models, and have not fully
exploited the potential of global search algorithms. As a result, they often face challenges
with the high computational demands of complex multi-objective optimization and tend to
focus on single-objective calibration instead [47-49].

Another limitation of recent studies in model calibration is the restricted number of
parameters considered, which can lead to incomplete calibration, overlook interactions
between parameters, and result in a model that lacks robustness and fails to generalize
effectively across different scenarios [50,51]. Influential parameters can vary from one
basin to another, so identifying these parameters for the specific area under study is crucial.
Current research in model calibration often fails to integrate sensitivity analysis with the
calibration process, which can result in overlooking parameters and their interactions for
the case under study [52,53].

Several automated calibration tools have been developed and applied to hydrologic
models, including parameter estimation (PEST) [14] and SWMM calibration using python
(SWMMCALPY) [23]. PEST is a widely used general-purpose optimization tool, but its
application to SWMM typically requires extensive external scripting and does not natively
support multi-objective optimization. SWMMCALPY is an automated calibration tool for
SWMM developed in Python that streamlines the calibration process using genetic algo-
rithms and other heuristic methods. While it is a valuable resource, it supports modification
of only a limited set of parameters and lacks built-in support for parallelization, which
restricts its scalability and efficiency in large-scale or high-performance computing appli-
cations. In contrast, the tool developed in this study, integrating PySWMM and Pymoo,
allows dynamic control over all SWMM parameters via Python APIs, supports a wide
range of evolutionary algorithms, and facilitates both single-objective and multi-objective
optimization within a flexible and scalable framework. Additionally, the tool incorpo-
rates parallelization capabilities, which significantly improve computational efficiency and
convergence speed, particularly in large-scale or high-dimensional calibration problems.
These capabilities position our approach as a practical and extensible advancement in the
automated calibration of SWMM.

Despite advancements in automated calibration techniques, several limitations persist
in existing tools and recent studies. One major gap is the limited application of multi-
objective optimization, which restricts the ability to balance competing performance criteria
during calibration. In addition, another limitation relates to the exploration methods
used in optimization algorithms. Parameter space exploration is often inefficient, relying
on simplistic or locally confined search strategies that may fail to identify optimal or
near-optimal solutions in high-dimensional calibration problems. Moreover, many tools
also suffer from an absence of built-in parallel computing capabilities, which limits their
scalability and increases computational burden, especially for large-scale urban models.

Another significant limitation is the restricted number of parameters available for
calibration, along with the lack of embedded sensitivity analysis modules to help users
prioritize influential variables. Furthermore, many tools lack integration with modern
APIs, making it difficult to dynamically update model parameters without regenerating
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input files, which reduces overall flexibility and automation potential. The lack of sim-
plicity and user-friendliness in tool design also creates a barrier for broader adoption,
particularly among practitioners. Lastly, limited visualization capabilities make it challeng-
ing to interpret optimization progress, understand parameter performance, or compare
calibration results.

To improve the reliability and efficiency of stormwater model calibration, we de-
veloped a tool that integrates PySWMM with Pymoo and supports single-objective and
multi-objective calibration using commonly adopted performance metrics such as NSE,
RMSE, and PBIAS, and it is compatible with a broad range of optimization algorithms.
Built-in sensitivity analysis was incorporated in the tool to assist in identifying the most
influential parameters, allowing for more targeted and effective calibration. The objective
of this paper is to demonstrate the application of the developed calibration tool by applying
it to the calibration of a SWMM model across selected test cases. The tool’s effectiveness is
then evaluated based on its ability to enhance model accuracy and streamline the workflow
for stormwater system modeling.

2. Materials and Methods
2.1. PYSWMM-PYMOO Linkage

PySWMM (version 2.0.1) is a Python wrapper for the Storm Water Management
Model (SWMM) developed by McDonnell et al. (2020) [34]. PySWMM provides an easy-
to-use interface for interacting with the SWMM engine, enabling users to control, modify,
and extend SWMM simulations directly using Python code, facilitating automation of
tasks, integration with other Python libraries, and enhanced flexibility in conducting
complex simulations Application Programming Interfaces (APIs) in SWMM are highly
efficient, enabling users to programmatically modify model input parameters and retrieve
output results, which facilitates dynamic interaction with the simulation process. Using
the PyYSWMM AP], all input parameters can be systematically extracted and adjusted,
allowing full control over the model configuration during automated calibration. This
feature allows users to read and write SWMM input files (.inp), enabling the manipulation
of the model structure and modification of input data. Additionally, running the model
through PyYSWMM produces binary output files (out), which can be accessed for extracting
simulation results and further analysis.

Pymoo is a Python package designed for multi-objective optimization, offering a
wide range of algorithms for solving complex optimization problems. It is particularly
well-suited for problems where multiple objectives may compete and must be balanced.
Pymoo provides a highly customizable and extendable framework, allowing users to define
their own optimization problems, choose from various optimization algorithms (like GA,
NSGA-II, or differential evolution), and visualize the trade-offs between objectives through
identification and visualization of Pareto fronts. The integration of Pymoo with Python
makes it an ideal tool for solving challenging optimization problems [54-56].

The integration between PySWMM and Pymoo, as illustrated in Figure 1, enables a
seamless and dynamic exchange of data between the two modules. The calibration process
using the integrated PySWMM-Pymoo framework follows the steps outlined below, which
systematically link parameter generation, model execution, and performance evaluation in
an automated loop.
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Figure 1. PYSWMM-PYMOO linkage.

Step 1: Model Setup and Parameter Identification

The SWMM model is developed using meteorological, geomorphological, and ge-
ographic data, followed by identification of influential parameters through sensitivity
analysis for calibration.

Step 2: Generation of Candidate Parameters using Pymoo

The Pymoo optimization algorithm generates candidate parameter sets that represent
potential combinations of influential parameters likely to improve model performance.

Step 3: Parameter Update via PySWMM API

Each parameter set is dynamically applied to the SWMM model using PySWMM'’s API,
enabling real-time updates without manual file editing and improving
automation efficiency.

Step 4: Model Execution and Output Evaluation

The updated SWMM model is run using PySWMM, and simulated outputs are evalu-
ated against observed data using objective functions.

Step 5: Performance-Based Optimization Search

The Pymoo optimization algorithm evaluates each solution using performance metrics
and iteratively refines the search by favoring better-performing parameter sets.

Step 6: Convergence Check and Final Solution

The calibration iterates until termination criteria are met, returning an optimal param-
eter set that minimizes error between observed and simulated flows.

The presented automated calibration links model execution with optimization al-
gorithms to improve simulation accuracy. It begins with defining objective functions,
which are evaluated through repeated simulations as the optimizer explores parameter
combinations. By iteratively adjusting parameters to minimize error, the process yields a
well-calibrated model and offers a faster, more objective alternative to manual calibration,
especially for complex, large-scale systems.

This study employs a single objective and multi-objective function for automatic
calibration to assess the effectiveness of the PySWMM-Pymoo tool for calibrating SWMM.
Of the several single-objective optimization algorithms available in the Pymoo package,
(Particle Swarm Optimization) PSO and NSGAII were chosen for their ability to avoid
local optima, adaptively adjust the search space, and globally optimize complex nonlinear
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functions, along with their robust convergence properties. This tool also leverages parallel
computing to improve the convergence rate of the SWMM calibration process.

PSO is well-suited for single-objective problems involving nonlinear and continuous
parameter spaces, offering efficient convergence and relatively low computational cost.
NSGA-II was chosen for multi-objective calibration due to its ability to maintain solution
diversity and generate a well-distributed Pareto front, making it ideal for balancing compet-
ing objectives such as NSE, PBIAS, and RSR. Both algorithms have been widely applied in
environmental and hydrologic applications and are supported natively within the Pymoo
framework, making them practical and effective choices for this study.

2.2. Case Study Description

The study area lies within the City of Fredericksburg, VA (see Figure 2a) in northeastern
Virginia that is tributary to the Rappahannock River and the Chesapeake Bay estuary.
Fredericksburg is a relatively compact urban center located at the transition between
Virginia’s Piedmont and Coastal Plain physiographic provinces. Within the City is the
historic Virginia Electric Power Company (VEPCO) canal. Originally, the canal extended
from a water intake on the Rappahannock River, upstream of the former site of Embry
Dam, and discharged back into the river at a now defunct hydropower station. While
the canal still follows its original course, the upstream dam has been removed, thus all
inflows from the river have been blocked, so the only water entering the canal comes
from either runoff from the contributing drainage area of the canal or it is pumped from
the Rappahannock River. A pump station is present at the canal outlet to provide this
capability. The contributing drainage area is known as the Canal sewershed. The location
and boundary of the sewershed, along with the monitoring station, are shown in Figure 2b.
Monitoring locations were established just upstream of the watershed outlet and at the
point where the mainstream discharges into the canal. A sewershed is like a watershed,
except it is in an urban area; often drainage boundaries are determined by roof lines and/or
storm drains and conveyance.

Figure 2. Cont.
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Figure 2. Maps display (a) the geographic location of Fredericksburg, VA, and (b) the delineated
sewershed boundary.

The canal sewershed spans 5.20 km? of highly urbanized area (Figure 3), featuring
a mix of land uses including residential (30.2%), transportation (17.6%), commercial and
medical center (12.2%), and industrial (7.1%). Breakdown of land use in the City of
Fredericksburg is provided in Table 1.

Landuse
:l Comumercial

- Transportation

[ High-density residential

| Medium density residential

- Park

[ ] Industrial

| Medical centers

E Mixed use

- Planned development/residential

- Planned development/commercial
Institutional

1.5km

Figure 3. Land use map of City of Fredericksburg.

Long-term precipitation data from the nearby Corbin, VA station (USC00442009)
indicate that the area experiences its wet season during late spring through summer.
Monthly average precipitation from May to July is relatively high, ranging from 101 mm to
105 mm, and coincides with frequent convective storm activity. These months also record
the highest number of days with rainfall > 2.5 mm, occurring between 6.1 and 7.1 days
per month, which reflects the frequency of storm events during this period. In contrast,
the dry season begins around August, with average monthly precipitation decreasing and
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continuing to decline through November (85 mm) and December (92 mm), accompanied by
fewer rainfall days and lower intensity. This seasonal variation allows the selected April-
December period to capture a wide range of hydrological conditions, from high-intensity,
short-duration events during the wet season to drier conditions with less frequent rainfall.
Therefore, using this period for the study ensures that the model is calibrated for both
storm runoff and base flow conditions under realistic seasonal variability.

Table 1. Percentage of coverage for each land use class.

Landuse Percentage of Coverage
Residential 30.2
Transportation 17.6
Commercial and medical centers 12.2
Planned development/commercial 11.0
Preservations and parks 10.2
Industrial 7.1
Institutional 47
Planned development/residential 3.7
Mixed-use 3.3

2.3. Monitoring

Several monitoring stations were installed within the sewershed and in nearby Freder-
icksburg to measure the quantity and quality of runoff during and immediately after storm
events. For a complete description of these sites and results, the reader is referred to [7,57].

The monitoring locations used for model calibration are shown in Figure 4. These
monitoring stations include just upstream of the watershed outlet, at the point where
the main stream discharges into the canal, and within a subcatchment characterized by
commercial land use.

J ;
Mainstream Monitoring Station |8

X 2 Sl N
@Outlet Monitoring Station

o PR S
» "

¥

Commercial Monitoring Station [

1

Figure 4. Monitoring locations used for model calibration.

2.4. Base SWMM Model

A SWMM model of the canal sewershed was developed based upon GIS data pro-
vided by the City of Fredericksburg, supplemented by field data of the conveyance network
collected in summer of 2021. The model includes 74 sub-catchments, 156 conduits (links),
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and 156 nodes (junctions) [58]. ArcGIS Pro 2.8.2 was used to delineate the subcatchments
based on a 1-m resolution Digital Elevation Model (DEM) supplied by the City of Freder-
icksburg [59].

The SWMM model also requires various inputs including precipitation, tempera-
ture, soil properties, hydraulic systems and infrastructure specifications, land use, and
topography. Rainfall data were loaded into the model as a time series, demonstrating the
rainfall volume recorded by rain gauges at the monitoring station. Temperature data were
obtained from the closest NOAA station—Corbin, VA (station ID: USC00442009)—Ilocated
approximately 15 km from Fredericksburg, VA, using recent records from the National
Climatic Data Center (NCDC) [60]. The model simulates evaporation rates based on daily
minimum and maximum air temperature.

The rainfall time series used for model input had a 5-min time step, which was
selected to match the resolution of flow monitoring data and to accurately capture the
short-duration, high-intensity rainfall events typical of urban stormwater systems.

The infiltration mechanism in SWMM was simulated using the Green-Ampt ap-
proach [61] and the parameters included in this method, such as suction head, hydraulic
conductivity, and initial moisture deficit, were obtained from the Web Soil Survey Ge-
ographic (SSURGO) database provided by the U.S. Department of Agriculture Natural
Resources Conservation Service [62].

The dynamic wave algorithm was chosen for flow routing in SWMM because it pro-
vides the most detailed and physically realistic simulation of flow hydraulics in urban
drainage systems. Groundwater flow and interaction with surface water are simulated
by a simplified Darcy’s law, which is driven by the aquifer bottom elevation, factors of
groundwater-surface water interaction, unsaturated upper zone depth, saturated ground-
water table elevation, aquifer porosity, and hydraulic conductivity in the saturated zone [63].
The elevation of the groundwater table was quantified using Digital Geologic Data for City
of Fredericksburg and Spotsylvania County [64]. These parameters drive the flow between
the aquifer and the stream, calculating the groundwater movement based on both the levels
of the ground and surface water.

The model incorporated measured sub-hourly rainfall data and daily temperature
data as input. The base model underwent partial manual calibration before starting
automatic calibration.

2.5. Sensitivity Analysis

In this study, the integrated PySWMM-Pymoo tool was employed to perform sensi-
tivity analysis and automated calibration of the SWMM model for both single and multi-
objective scenarios. Sensitivity analysis was conducted to identify the most impactful
parameters, which were subsequently utilized in the calibration process by targeting these
influential parameters.

Parameter sensitivity analysis was conducted using the one-at-a-time (OAT) approach,
which involves varying each input parameter individually while keeping the others fixed.
This method allows for the assessment of the impact of each parameter on the results,
specifically examining the total flow over the entire simulation period and peak flow. By
measuring and comparing these effects, we evaluated how each parameter influences
overall flow behavior.

. Qotal (Pl- + AP, Py — pJO) — Qtotal (pl-, Pisi = pJO)
Stotat,i(%) = - x 100 (1)
Qtotal (Pi, Pj;éz' = P]- )
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Qpeak (Pl- + AP, Py = P]Q> — Qpeak (Pi, P = pjo)
Qpeak(P,, Py = P°)

Speak,i(o/o) = x 100 (2)

where:

Stota,i(%) = Sensitivity of the total flow to the input P; parameter

Speak,i(%) = Sensitivity of the peak flow to the input P; parameter

Qmean = Overall average of the flow rate over the simulation period

Qpeak = Maximum flow rate over the simulation period

P; = Input Parameter

AP; = Increment applied to P;

Pjo = Baseline (original) values of all other input parameters P; where j # i

The range of each parameter used in the sensitivity analysis was determined based
on a combination of sources, including recommendations from the SWMM user manual,
parameter values commonly reported in peer-reviewed studies, and practical modeling
experience from previous applications in urban watersheds with similar land use and
hydrologic characteristics.

While the OAT sensitivity analysis method has known limitations, particularly its
inability to account for interactions between parameters, we selected it for this study due to
its computational efficiency, simplicity, and ease of interpretation, which make it well-suited
for the initial development and demonstration of the calibration tool.

2.6. Hydrologic Calibration and Validation

The model was calibrated using flow data collected from 15 April to 30 December
2021—a period that encompasses both the wet and dry seasons in the study area. This
timeframe includes months characterized by frequent, high-intensity storm events as
well as periods with lower-intensity but more sustained rainfall. As a result, the calibra-
tion captures a wide spectrum of hydrologic conditions, enabling the model to simulate
both peak storm flows and base flow conditions with greater accuracy and reliability.
Calibration is a critical step in enhancing the accuracy and reliability of hydrological
simulations, as it involves adjusting model parameters to closely match observed data.
To guide this process, a sensitivity analysis was first performed to identify the parame-
ters that have the greatest influence on model performance. Once these key parameters
were identified, optimization techniques were used to refine them. Depending on the
calibration goals, either single-objective or multi-objective optimization methods can be
applied. Single-objective optimization focuses on improving one performance metric, while
multi-objective optimization considers multiple metrics simultaneously to achieve a more
balanced and comprehensive calibration. In this study, the NSGA-II algorithm was applied
for multi-objective optimization, while the PSO algorithm was used for single-objective
optimization tasks.

The objective formulation considered in this study was minimizing total flow volume
error. NSE, PBIAS, and RSR have been employed as metrics that assess aspects of the
performance of the calibrated model. The near-optimal results represent a balance among
these metrics [65].

" (0; —P)?
NSE:l——an:1( ! ;) 5 (3)
i—=1 (Oi - O)
n F— .
pBIAs = Liz1 (B = Oi) | 109 )

n
i—1 Oi
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Y (0 — P)?
RSR — S;zlz)vés‘f _ i—1(O; 1)2 )
" JE(0-0)

where:

O, = Observed flow at time

P; = Predicted flow at time

O = Mean of the observed flow

n = Number of observations

After completing calibration, the model was run for a validation period to assess
its performance and ensure its accuracy. Validating a SWMM model after calibration is
essential to ensure it performs reliably. This involves testing the model using independent
datasets that were not part of the calibration process. By applying the same metrics
including NSE, PBIAS and RSR, the validation process checks whether the model can
accurately reproduce observed data under different conditions.

2.7. Stepwise Calibration Approach

In this study, a systematic and robust stepwise calibration approach was employed
to calibrate the SWMM model for a large and complex urban sewershed. The sewershed
consists of multiple drainage paths and subcatchments, which collectively form smaller
sub-sewersheds, each contributing uniquely to the overall hydrologic response. To manage
model complexity and improve efficiency, calibration began by selecting a representative
subset of subcatchments, those directly contributing to the mainstream flow and supported
by available monitoring data. This subset was used to calibrate key hydrologic parameters,
particularly those governing infiltration and base flow, under observed conditions.

Once satisfactory calibration was achieved for this subset, the calibrated parame-
ters, especially those related to base flow and infiltration, were transferred to similar
subcatchments throughout the rest of the sewershed. This transfer was justified based
on comparable land use, soil characteristics, and drainage patterns across subcatchments.
Although spatial variability exists, this assumption is common in urban hydrologic mod-
eling where monitoring data are limited. It allows for hydrologic consistency across the
watershed while reducing computational burden and calibration time. The final model
was then refined by calibrating influential parameters at the full sewershed scale to ensure
accurate representation of both localized responses and cumulative watershed behavior.
This stepwise method not only streamlines the calibration process but also enhances model
reliability and efficiency.

In the optimization approach, the calibration process is enhanced by transitioning
from a floating-point format to an integer-based representation for certain parameters. This
technique effectively reduces the search domain by discretizing real-valued parameters
to integers or restricting them to a specific number of decimal places. By doing so, the
optimization process becomes more efficient, as it focuses on a narrower, predefined
parameter space. This method not only simplifies the computational process but also
ensures that the calibration aligns more closely with realistic, practical values, improving
the overall accuracy and reliability of the model.

3. Results and Discussion
3.1. Sensitivity Analysis Results

Sensitivity analysis was conducted to narrow the set of parameters included in the cal-
ibration process [66,67]. This analysis aimed to evaluate the relative influence of individual

SWMM input parameters on simulated flow, to distinguish influential and non-influential
parameters. In SWMM-based studies, sensitivity analysis is a common practice, often
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implemented using the OAT method, where each input parameter varies while others
remain constant—being the most prevalent technique [47,68].

A literature review revealed that the most sensitive parameters are often site-specific.
Based on the prior literature [7,11,20,24,69,70], the guidelines from the SWMM model man-
ual, and practical modeling experience, 15 hydrological parameters have been consistently
recognized as influential and are frequently cited in various studies. The parameters and

their specific ranges are detailed in Table 2.

Table 2. Selected input parameters for sensitivity analysis.

Category Parameter Physical Effect Range Unit
The percentage of land in a
Imp sub-catchment that is characterized by [0.0, 100] %
impervious cover.
The width of the surface flow path
Width contributes to sheet flow within a [100, 10,000] m
subcatchment.
Manning’s n for overland flow over the
N-imperv impervious portion of a given [0.01, 0.05] _
subcatchment.
Subcatchments Manning’s n for overland flow over the
Characteristics N-perv pervious portion of a given [0.01, 0.5] _
subcatchment.
Depth of depression storage on the
DS-imperv impervious portion of a given [0.5, 3] mm
subcatchment.
Depth of depression storage on the
DS-perv pervious portion of a given [1,6] mm
subcatchment.
Percent of the impervious area of a given
Zero-Imperv sub-catchment without any capacity for [18, 32] %
depression storage.
Percent of the impervious area of a given
Suction sub-catchment without any capacity for [12,110] mm
Infiltration depressi.on storagg. . .
Characteristics Conduct > {08 e bt method. 1202001 /b
. Initial moisture shortfall in the soil for
InitDef the Green-Ampt infiltration model. [01,0.56] -
Conduit Manning’s roughness coefficient
Characteristics Roughness assigned to a specific conduit or open [0.011, 0.015] _
channel.
Al Groundwater flow coefficient. [0,1] _
Groundwater B1 Groundwater flow exponent. [0, 10] _
Characteristics A2 Groundwater flow coefficient. [0, 1] _
B2 Groundwater flow exponent. [0, 10] _

The chosen parameters characterize subcatchments, channels, and the flow of ground-
water and surface water. Imp, width, N-imperv, N-perv, DS-imperv, DS-perv and Zero-
Imperv are associated with subcatchment properties. Suction, Conduct, and InitDef are
Green-Ampt equation parameters that represent soil infiltration characteristics. Roughness
or conduit’s Manning’s n represents the resistance to water flow within a conduit. A1, B1,
A2, and B2 are groundwater and surface water flow parameters that determine the rate of
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lateral groundwater flow between the aquifer and the node. These coefficients calculate
groundwater flow based on the levels of groundwater and surface water.

By making tweaks to each parameter, the resulting changes in simulated peak flow and
total flow volume at the sewershed outfall were compared to the values from the manually
calibrated model. The percentage changes, representing the parameter sensitivities, were
then sorted, ranked (as shown in Table 3), and the results of the sensitivity analysis of
parameters are provided in Figure 5.

Table 3. Rank of input parameters for sensitivity analysis.

Parameter Total Flow Volume Peak Flow
Maximum Maximum
Percentage Variation Rank Percentage Variation Rank
Imp 2.29 5 123.67 1
Width —0.04 10 —11.42 5
N-imperv 0.03 11 —3.97 10
N-perv 0.03 12 5.63 8
DS-imperv -0.49 6 —22.35 3
DS-perv 0.048 9 2.17 11
Zero-Imperv 0.25 7 6.93 6
Suction 0.00001 15 0.00001 15
Conduct 0.004 13 4.99 9
InitDef —0.0001 14 —0.0001 14
Roughness 7.96 3 17.01 4
Al 0.23 8 —0.12 13
Bl —14.64 2 0.13 12
A2 4.93 4 6.67 7
B2 23.95 1 —23.04 2
Total flow
2] —— Imp —e— DS-perv —e— Roughness

—o— Width Zero-lmperv —o— Al

20 A —e— N-imperv —e— Suction —e— Bl

—e— N-perv Conduct —o— A2

—e— DS-imperv —o— |nitDef —eo— B2

15 A

10 A

% change in total flow

-5

-10

-15

=75 =50 =25

0 25

50

% change in identified parameter

75 100

Figure 5. Cont.
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Figure 5. Sensitivity analysis of 15 selected parameters with respect to (a) total flow volume (b) peak flow.

The maximum percentage variation represents the highest relative change in total flow
volume or peak flow resulting from individual parameter adjustments, and was calculated
using Equations (1) and (2) under different incremental changes applied to each parameter.

Input parameters were identified as influential based on the magnitude of their impact
on model outputs. Consistent with the method used by Barco et al. (2008) [70], the ranking
was determined using the maximum percentage change as the evaluation metric (Table 3).

The parameters with the greatest impact on model outputs for total flow volume and
peak flow were identified as the most influential, with their sensitivity varying between
these metrics, as shown in Figure 5. Sensitivity analysis results show the parameter
associated with imperviousness, and groundwater has the most impact on both total flow
volume and peak flow. In this study, by evaluating the impact of each parameter on both
total flow volume and peak flow, the 13 parameters including Imp, Width, N-imperv,
N-perv, DS-imperv, DS-perv, Zero-Imperv, Conduct, Roughness, A1, B1, A2, and B2 were
identified as influential parameters and were subsequently used for the calibration of the
SWMM model.

3.2. SWMM Model Calibration Results

The model was calibrated using a selection of influential parameters with appropriate
search bounds for each. The objective was to minimize errors between predicted and
observed values.

In this study, an evolutionary algorithm was employed for model calibration. This
optimization method iteratively explores each parameter’s domain by generating a pop-
ulation of potential solutions, evaluating their performance, and selecting the fittest in-
dividuals to form the next generation. Through successive generations, the algorithm
refines the search, gradually converging on the optimal or near-optimal solution within the
parameter domain.
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Two examples, one of single-objective optimization and one of multi-objective op-
timization, are presented in the following section to demonstrate the model’s ability to
calibrate using either a single objective function or multiple objective function.

3.2.1. Single Objective Calibration

In this section, the SWMM model for the entire sewershed, including 74 sub-
catchments (Figure 6), was calibrated using a single objective function.

Legend
Junctions
Outfalls
Storages
Conduits

Orifices

Weirs
fl 1 Subcatchments

Figure 6. The SWMM model of entire catchment.

Calibrating a SWMM model for a sewershed is performed through an effective and
systematic approach by starting with a smaller portion of the sewershed containing several
subsets of subcatchments. The first step involves selecting subcatchments that directly
contribute to the mainstream in the sewershed and focusing on calibrating this portion of
the entire sewershed. This simplifies the system and allows for more precise calibration of
both base flow during dry periods and storm peak flow during wet periods.

The rationale for selecting this subset of subcatchments lies in their hydrologic signifi-
cance and data availability. This portion of the sewershed contains a monitoring station at
its outlet, enabling reliable calibration against observed flow data. Because these subcatch-
ments are the main contributors to streamflow in the canal, the calibrated base flow and
infiltration parameters derived from this area provide a strong foundation. These parame-
ters were then extended to the remaining subcatchments based on hydrologic similarity.
Given the comparable land use, soil types, and drainage infrastructure across the sewer-
shed, this approach allowed for effective parameter transfer while maintaining physical
relevance. Subsequent full-system optimization ensured that the transferred parameters
were further refined and adapted to local conditions, supporting both model accuracy and
computational efficiency.
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A subset of 19 subcatchments within this sewershed was selected for calibration of
base flow parameters. These subcatchments contribute to the mainstream of the sewershed,
which ultimately discharges into the canal, as illustrated in Figure 7.

/) \‘ 5
L\ )
;5,
@® Junctions —— OQrifices
A Outfalls = Weirs
M Storages | | Subcatchments bk
—— Conduits

Figure 7. The subset of subcatchments within the sewershed.

This section of the sewershed, comprising 19 selected subcatchments, drains into the
canal through a culvert and conduit at the confluence point. Streamflow measurements
were taken at the culvert inlet. By using observed flow values at the downstream of this
portion of the sewershed, the model can be calibrated to simulate both base flow and storm
flow. Once this subset of subcatchments is calibrated, the calibrated base flow parameters
were applied to the rest of the sewershed.

The transferability of calibrated parameters across the sewershed is supported by the
similarity in physical and hydrologic characteristics among the subcatchments, including
land cover, impervious surface coverage, and drainage configurations. The base flow and
infiltration parameters, initially calibrated using observed data from a representative subset
of subcatchments, were applied to the remaining areas with comparable conditions.

The objective function focused on maximizing NSE and utilized the PSO optimization
algorithm to determine the calibrated parameters. The PSO works by simulating a group of
particles (potential solutions) that move through the parameter space, guided by both their
own best-known positions and the best-known positions of the swarm as a whole. Over
multiple iterations, the particles adjust their positions, converging on the near-optimal
solution based on collective and individual experience.
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The optimization algorithm was configured to use 25 swarms with 200 iterations to
calibrate the SWMM model of the entire sewershed. The initial calibration began with a
manually calibrated model that had an NSE value of 0.22. As the iterations progressed, the
NSE value improved, demonstrating the effectiveness of the optimization process.

The algorithm employed two termination criteria: the first was a maximum number of
iterations, set at 200, and the second was based on convergence tolerance. Specifically, the
algorithm would terminate if the improvement in the objective value fell below a threshold
of 0.0001 for 30 consecutive iterations. The convergence behavior of the PSO algorithm
over generations is illustrated in Figure 8. The convergence behavior shown in Figure 8
illustrates how the PSO algorithm progressively improves the objective function (NSE)
over successive iterations. The steady upward trend in the curve reflects the automatic
calibration tool’s ability to explore the parameter space and converge toward an optimal or
near-optimal solution. The flattening of the curve near the final iterations indicates that
the algorithm is reaching stability, with minimal improvement in NSE, which satisfies the
convergence threshold. This demonstrates the effectiveness of the PSO in calibrating the
model with reasonable computational efficiency.

0.6 1

0.54

NSE

0.3

0.2

0 25 50 75 100 125 150 175
Iteration

Figure 8. Convergence of single objective optimization.

To calibrate the model, observations from the outlet of the sewershed were utilized.
The results of the calibration over two calibration and validation periods are shown in
Figure 9.

The calibration process was demonstrated to be highly effective, with prediction results
closely aligned with the observed data for both the calibration and validation periods, as
illustrated in Figure 9. This indicates that the model accurately captures the underlying
system dynamics, leading to reliable predictions.

The predicted and observed peak flows and total flow volumes at 5-min intervals, ob-
tained through single-objective optimization, are presented in Tables 4 and 5. These results
highlight the model’s ability to accurately replicate both storm event peaks, time to peak,
and base flow conditions. The tables include data for both the calibration and validation
periods, allowing for a clear comparison of the model performance in capturing maxi-
mum streamflow as well as low-flow behavior. The strong agreement between observed
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and predicted values demonstrates the model’s effectiveness in simulating short-duration,
high-intensity storm events, crucial for flood risk assessment and stormwater planning.
Additionally, the accurate representation of low-flow conditions supports long-term model
reliability and is essential for evaluating water quality and baseflow-related processes.

Calibration

—— Prediction (NSE=0.68)
—-= Observation

B Rainfall

0.7 2
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0.6

o
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o
=
(=)}
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0.3

0.2
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0.1

0.0

12

(a)
Validation

0
061 _ Tprediction (NSE=0.73)r ] [ k '

—-= Observation
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0.3 1
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Figure 9. Comparison between the observed and simulated flow (a) calibration and (b) validation
periods for single objective calibration.
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Table 4. Predicted and observed maximum peak flows at 5-min intervals during the calibration and
validation periods from single objective calibration.

Date Category Peak Flow (cms) Time To Peak (min)
Prediction Observation Prediction Observation
26 July 2021 High Flow 0.339 0.308 65 70
17 August 2021 High Flow 0.246 0.238 135 120

Table 5. Predicted and observed flow volume at 5-min intervals during the calibration and validation
periods from single objective calibration.

Date Category Flow Volume (m®)
Prediction Observation
19 July 2021-20 July 2021 Low Flow 1.68 1.71
17 August 2021-18 August 2021 Low Flow 4.2 4.35

3.2.2. Multi-Objective Calibration

To demonstrate the capability of the integrated link in calibrating the SWMM model
based on multi-objective functions, a commercial subcatchment within the study area
was selected. This is a small subcatchment within the larger sewershed, characterized
by commercial land use, covering an area of 2630.5 m?. This subcatchment includes 5
conduits and 6 junctions, as displayed in Figure 10. A monitoring station was located at the
outlet of this subcatchment, recording water flow at 5-min intervals. This data is used as
observations to compare with predicted flow and was used to calibrate the SWMM model.

@ Junctions
A Outfalls
= Conduils
] Subcatchments

Figure 10. Commercial subcatchment for multi-objective calibration.

To calibrate the SWMM model for the commercial subcatchment, three objective
functions (f1, {2, and £3) were defined: maximizing NSE (f1), minimizing PBIAS (f2), and
minimizing RSR (£3). The NSGA-II algorithm was used to optimize these objectives and
identify the best solution. The algorithm generates some population based on different
combinations of input parameters and then ranks these solutions into fronts based on
dominance, with the first front comprising the non-dominated solutions. NSGA-II was
then applied with crossover and mutation to evolve the population while maintaining
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diversity through a crowding distance mechanism. Over successive generations, the
algorithm converges with a set of optimal trade-off solutions, known as the Pareto front.

The Pareto front in this multi-objective calibration example represents a set of near-
optimal solutions for the three functions, highlighting the trade-offs between the competing
objectives. The Pareto front with different objectives of this example is shown in Figure 11.
The Pareto front resulting from the NSGA-II multi-objective optimization illustrates the
trade-offs among NSE, PBIAS, and RSR. Each point on the Pareto front represents a non-
dominated solution where improvement in one objective would lead to a compromise in
another. The spread of solutions along the Pareto front reflects the optimization algorithm’s
ability to maintain diversity in the population while approaching optimal trade-offs. This
flexibility is essential in urban hydrologic modeling, where stakeholders may prioritize
different aspects of model performance depending on the performance metric. The results
of muti-objective calibration (Figure 11) show that increasing NSE values are generally
associated with decreasing RSR, indicating improved model accuracy and a better match
between observed and simulated flows. However, as NSE increases, PBIAS also tends to
increase, suggesting a rising bias, reflecting underestimation in the model output. This
trade-off reveals that while the model improves its overall efficiency (higher NSE) and
reduces the residual error ratio (lower RSR), it may do so at the expense of increased bias.
These trends highlight the need to balance multiple objectives in calibration, as optimizing
one metric can sometimes lead to compromises in others.

-0.72
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0.66

0.52

0.64

0.62

Figure 11. Pareto front in multi-objective calibration.

To evaluate the accuracy and reliability of the calibrated model, its results were
compared to observed data from both the calibration and validation periods, as shown in
Figure 12. The comparison of calibrated and measured flow processes across four rainfall
events indicates that the NSE, PBIAS, and RSR values are within acceptable ranges. This
demonstrates a strong agreement between the simulated and observed flows.
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Figure 12. Comparison between the observed and simulated flow: (a) calibration and (b) validation

periods for multi-objective calibration.

The results for calibration and validation periods for the multi-objective calibration

are provided in Table 6.

The comparison of simulation results, presented in Figure 12 and Table 6, indicates
that the automatic calibration tool effectively calibrates the SWMM model to predict runoff
for both the calibration and validation periods. The results, based on the criteria by
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Moriasi et al., 2007 [65], fall into the “Good” and “Very good” categories for calibration and
validation periods, respectively.

Table 6. Statistical indices of streamflow during calibration and validation periods, based on results
from the multi-objective optimization.

Statistical Index Calibration Validation Model Performance
NSE 0.73 0.86 Good/ Very good
PBIAS (%) 17.1 13.1 Good
RSR 0.52 0.37 Good/Very good

The predicted and observed peak flows, time to peak, and total flow volumes at
5-min intervals during the calibration and validation periods, obtained through multi-
objective optimization, demonstrate the model’s ability to effectively capture both high-
flow and low-flow conditions (Tables 7 and 8). The close agreement between observed
and simulated values highlights strong model performance, which is critical for accurate
flood risk assessment and stormwater infrastructure planning. In addition to replicat-
ing peak flow behavior, the model also captures low-flow dynamics, which are impor-
tant for base flow estimation and water quality modeling. These results further sup-
port the reliability and robustness of the model calibrated through the multi-objective
optimization framework.

Table 7. Predicted and observed maximum peak flows at 5-min intervals during the calibration and
validation periods from multi-objective calibration.

Date Category Peak Flow (x10% cms) Time To Peak (min)
Prediction Observation Prediction Observation
4 June 2021 High Flow 32.73 35.68 35 30
22 June 2021  High Flow 7.84 7.36 15 10

Table 8. Predicted and observed flow volume at 5-min intervals during the calibration and validation
periods from multi-objective calibration.

Date Category Flow Volume (x10* m?)
Prediction Observation
3 June 2021-5 June 2021 Low Flow 55.24 56.91
17 June 2021-18 June 2021 Low Flow 110.85 118.92

4. Conclusions

This study introduces a novel calibration tool for SWMM by integrating PyYSWMM
with Pymoo. This tool capitalizes on the capabilities of PySWMM, Pymoo, and Python
for automated calibration. This developed tool is designed to leverage PySWMM's API
capabilities for systematic adjustments of SWMM model parameters, while utilizing Py-
moo’s advanced optimization algorithms to be able to use parallel search techniques to
efficiently identify near-optimal values. The PySWMM-Pymoo tool supports both single
and multi-objective automated calibration, making it suitable for event-based and continu-
ous simulations. Furthermore, the tool performs sensitivity analysis prior to calibration,
identifying influential parameters specific to the study area.

The PySWMM-Pymoo tool was applied in a case study sewershed in Fredericksburg,
VA, demonstrating its feasibility and applicability. The developed tool was applied to
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calibrate a single subcatchments using multi-objective calibration and an entire catchment’s
sewershed using single-objective calibration.

In single-objective optimization, the PSO algorithm was employed to maximize the
NSE value. Calibrating the SWMM model for the entire sewershed followed a systematic
and efficient approach, starting with a smaller section of the sewershed comprising a
group of subcatchments that are the primary contributors to runoff. The parameters were
fine-tuned for this group of subcatchments and then extended to the entire sewershed
for comprehensive calibration. The NSE values from this test case for the calibration and
validation phases were 0.68 and 0.73, respectively, demonstrating the reliability of the tool
in achieving accurate calibration of the SWMM model.

For multi-objective optimization, the NSGA-II algorithm was employed to calibrate
the SWMM model, focusing on three objectives: NSE, PBIAS, and RSR. These objectives
were used to calibrate a subcatchment within a larger sewershed. The NSE, PBIAS, and
RSR values obtained for the calibration period were 0.73, 17.1, and 0.52, respectively, while
for the validation period, they were 0.86, 13.1, and 0.37. These results demonstrated the
model’s capability to effectively calibrate the SWMM model.

While the developed tool demonstrates strong potential for automating SWMM cal-
ibration, several limitations should be acknowledged. The sensitivity analysis relied on
OAT method, which does not capture interactions between parameters and may limit
comprehensive understanding of parameter influence. Additionally, the calibration was
based on a relatively short monitoring period due to data availability. Future research
should explore the use of global sensitivity analysis methods to better quantify parameter
interactions, extend the tool to support stormwater quality calibration, and investigate
hybrid or adaptive optimization strategies to enhance performance across a wider range of
hydrologic and watershed conditions.

Overall, the results indicate that this tool is particularly well-suited for calibrating
storm runoff simulations in urban sewersheds, where complex drainage networks and
spatial variability in hydrologic responses require sophisticated and adaptable modeling
approaches. By streamlining and automating the calibration process, the tool helps improve
model accuracy and efficiency, supporting better-informed decisions in urban stormwater
planning and management. Overall, it offers a practical and extensible framework for
developing and applying more robust models in urban stormwater systems.
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