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A B S T R A C T

Hydrological models, like the Stormwater Management Model (SWMM), play a crucial role in water resource 
management. However, their effectiveness often depends on calibration based on historical rainfall-runoff 
events. Typically, calibration of urban drainage models is based on a select few observed rainfall-runoff 
events, which can be chosen from a broader dataset using various selection methods. This study explores the 
interaction between event selection criteria and objective functions in hydrological modelling. Four event se
lection approaches (Rainfall Depth (RD), Maximum Rainfall Intensity over a Five-Minute Interval (H5), Mean 
Intensity (MI), and Hyetograph Centre of Mass (HCM)) and six objective functions, were tested using high- 
resolution data from 42 rainfall-runoff events in an urban catchment area. Additionally, this research con
ducts a Global Sensitivity Analysis (GSA) of the drainage model parameters using the Morris method through an 
innovative integration of Mat-SWMM and the Sensitivity Analysis for Everybody (SAFE) Toolbox, creating a 
robust framework for assessing how various uncertain input parameters affect the hydrological model outputs. 
This integration facilitates the GSA process and allows researchers to conduct sensitivity studies on SWMM 
models using widely available tools. It provides a reproducible, scalable, and computationally efficient frame
work suitable for handling hydrological datasets of various sizes. Results reveal that sensitivity to model pa
rameters varies significantly depending on the characteristics of the rainfall events. Only five influential 
parameters, out of the ten tested parameters, were identified and subsequently optimised using a genetic 
algorithm.

The study highlights the strengths of different event selection criteria for specific outputs: the RD criterion 
provided accurate estimates for total runoff volume, whereas the HCM and H5 criteria performed better in 
estimating peak flow rates. The results show that traditional objective functions, such as the squared difference, 
are particularly sensitive to the choice of the calibration event selection approach.

1. Introduction

Modelling hydrological processes serves as a critical tool for simu
lating watershed processes and supporting water resource management. 
However, their reliability is constrained by challenges in model identi
fication, which stem from parameter uncertainty inherently associated 
with data limitations, model structural inadequacies, and observational 
errors (Manovam and Todini, 2006). Model identification refers to the 
process of defining a model structure and selecting appropriate param
eter values that best represent the physical system under study. The 

inherent complexity of hydrological systems, compounded by varied 
land-use patterns, slopes, and coverage in the urbanized area, leads to 
complex interactions between different urban drainage structures and 
systems for wastewater and stormwater. These complexities are 
magnified by the varying temporal and spatial scales at which these 
interactions occur, which in turn escalate data requirements and adds to 
the model’s complexity (Hamel and Tim, 2014). These factors, com
bined with the often-limited availability of detailed data, make it diffi
cult to obtain a physically meaningful set of model parameters (Beven, 
2006).
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Hydrological models are simplified representations of natural sys
tems, so model parameters lose clear physical meaning and instead act 
as conceptual tools to simulate real-world behaviours. Because of this, 
there is no straightforward link between observed data and model pa
rameters, which means parameter estimation process should be done 
indirectly. This model estimation process includes adjusting model pa
rameters using location-specific historical data to improve the alignment 
between simulated and observed hydrological responses, which known 
as model calibration. The effectiveness of these calibration processes can 
be attributed to three main aspects: the approach for identifying optimal 
parameter sets, refinement of model optimisation, and the choice of data 
for calibration and validation (Beven, 2012).

One key challenge in model calibration is the difficulty of achieving 
parameter identifiability. This issue stems from three main sources of 
uncertainty: (i) data limitations, (ii) model uncertainty, and (iii) un
certainties in observations (Beven and Binley, 1992). Data limitations 
occur due to the limited availability of hydrological measurements 
across both space and time, often leading to overparameterization and 
equifinality, where different parameter combinations produce similarly 
accurate results (Beven, 2001). Model uncertainty arises from the sim
plifications made in representing real-world hydrological processes, as 
models use mathematical formulations that may not fully account for 
the intricate interactions between water, energy, and vegetation 
(Sorooshian and Gupta, 1983; Sivapalan et al., 2003). Lastly, un
certainties in observations result from measurement errors, equipment 
limitations, and the challenge of capturing hydrological variables at an 
appropriate scale (Blöschl and Sivapalan, 1995; Kuczera and Mrocz
kowski, 1998).

One key factor influencing parameter identifiability is the number of 
observations used for calibration. While increasing the number of cali
bration events can contribute to a broader representation of system 
behaviour, it only partially mitigates parameter equifinality. This is 
because the model outputs, such as total basin outflow, may be insen
sitive to certain parameters, meaning that variations in those parameters 
do not result in distinguishable changes in the output. When adjusting a 
large number of parameters with limited observational data, multiple 
parameter sets can produce similar model performance, leading to 
equifinality, non-uniqueness, and non-identifiability (Beven, 2001; 
Jakeman and Hornberger, 1993; Blöschl and Sivapalan, 1995; Mor
adkhani and Sorooshian, 2008; Beven and Freer, 2001). Studies have 
shown that increasing the number of observations can improve param
eter identifiability and reduce equifinality (Kuczera and Mroczkowski, 
1998, her and Chaubey, 2015). Recently, Wu et al. (2024) demonstrated 
that using 3–5 events in the calibration process can significantly 
decrease the model uncertainty and equifinality while providing proper 
model performance. Moreover, the resolution of land use cover data of 
the catchment area was found to have a high influence on model per
formance and uncertainty (Rahimi and Ebrahimian, 2024). 
Low-resolution land cover data (like data derived from coarse-resolution 
satellite imagery) may lead to overestimating or underestimating hy
drological responses and increase model uncertainty (Hatt et al., 2004; 
Walsh et al., 2005; Balha et al., 2023). To mitigate the impact of data 
limitations and uncertainties in observations, this study draws on a rich 
20 years dataset from the Cascina Scala experimental area. It includes 
long-term hydrological records and detailed land use data, capturing 
diverse hydrological responses. The large pool of high-resolution data 
strengthens model calibration and validation, reducing model uncer
tainty and improving parameter identifiability, making this site an ideal 
case study for various hydrological modelling research (Barco et al., 
2008a; Wang and Altunkaynak, 2012; Granata et al., 2016; Azar et al., 
2025).

Reduce the number of model parameters that need to be estimated 
(calibrated) is considered an effective strategy for addressing equifin
ality and enhancing the identifiability of parameter values (Hornberger 
et al., 1985; Jakeman & Hornberger, 1993; Wagener et al., 2001; Mor
eda et al., 2006). Parameter reduction also helps improve computational 

efficiency and faster the calibration process (Muleta and Nicklow, 2005; 
Knighton et al., 2016).

Sensitivity analysis is a fundamental procedure in hydrological 
modelling to determine the impact of various input parameters on the 
model outputs. This analysis is generally categorized into two main 
approaches: local and global. Local sensitivity analysis changes one 
input parameter at a time around a predefined baseline to see how it 
affects outputs (Song et al., 2015). However, this approach has signifi
cant limitations, particularly in complex models, where numerous 
nonlinear relationships exist between input and output variables (Shin 
et al., 2013; Zhan et al., 2013). The current work used global sensitivity 
analysis (GSA), which assesses the influence of all parameters simulta
neously, thereby providing a more comprehensive understanding of 
their collective impact on output uncertainty (Baker et al., 2022; Baker 
et al., 2023).

Event-based calibration, which focuses on distinct rainfall-runoff 
events, is favoured over continuous method for its flexibility and abil
ity to target informative events, leading to more robust and generaliz
able model calibration (Hossain et al., 2019; Singh and Bárdossy, 2012). 
A main challenge in event-based calibration is choosing which events to 
use for calibration and which for validation. The goal is to select events 
that reflect the full range of expected conditions, so the model remains 
accurate and reliable.

The impact of calibration event selection on urban drainage model 
performance has been subject of previous research (Tscheikner-Gratl 
et al. 2016; Kleidorfer et al. 2009; Schütze et al. 2002; and Mourad et al. 
2005). Tscheikner-Gratl et al. (2016) calibrated water levels in a 
catchment’s outflow pipe using 10 different rain events. In the results of 
this work, while some events were successfully replicated in calibration, 
the calibrated models varied in their ability to predict other events and 
produced different flooding volumes when applied to design storms. 
Kleidorfer et al. (2009) compared calibration results from the five 
longest duration events against the five highest peak flow events in 
combined sewer overflow (CSO) volumes. They found that using the 
longest duration events could reduce the number of required measure
ment sites for successful calibration. Schütze et al. (2002) noted that 
calibrating based on discrete events was time-efficient compared to full 
time series calibration, but it introduced additional uncertainties. 
Mourad et al. (2005) demonstrated the sensitivity of stormwater quality 
model calibration to the selection and number of events used.

Even though the studies cited above bring to the fore the effects of 
event selection on model calibration, it can also be noted that they have 
specific limitations in relation to the research methodologies employed. 
First, it can be noted that they consider only a limited range of generally 
available options when selecting calibration events. Secondly, they 
mainly employ the traditional event-based approach. Finally, it is 
common for these studies to depend on a limited number of events, 
which may not fully represent the range of scenarios that may be 
encountered by a model.

In hydrological modelling, manual calibration uses a trial-and-error 
to adjust parameters by comparing observed and simulated data, 
through metrics like NSE, and RMSE. While potentially accurate, it is 
time-consuming and subjective. To overcome these limitations, cali
bration is shifted to automated, framed as an optimisation problem 
aiming to determine parameter set that best aligns with specific opti
misation objectives. These objective functions quantify how well the 
model replicates observed catchment behaviours.

Numerous research have explored hydrological models performance 
under numerous objective functions. Wu and Liu (2014) found that 
using sum of absolute errors is a viable option that delivers enhanced 
performance within an automated calibration framework. Fowler et al. 
(2018) examined eight objective functions across five conceptual model 
structures, focusing on multi-year droughts in the east and south of 
Australia. Houshmand Kouchi et al. (2017) conducted a study where 
they applied three different optimisation algorithms together with five 
different objective functions within a SWAT model to calibrate monthly 
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discharges in two watersheds in Iran. Moussa and Chahinian (2009)
evaluated single and multi-objective functions for a lumped 
rainfall-runoff model in the Gardon catchment, Southern France, high
lighting how parameter calibration heavily depends on the selected 
criteria. Garcia et al. (2017) assessed the sensitivity and robustness 
within rainfall-runoff model of an array of objective functions, each one 
focusing on varying discharge transformations or low-flow indices to 
amalgamations of such functions.

Even with the availability of the wide-ranging studies cited above, it 
can still be noted that there is a gap in research specifically paying 
attention to the estimated parameter values resulting from varying 
calibration event selection approaches and objective functions. Based on 
our best knowledge, no previous studies have examined how the inter
action between event selection criteria and objective function choice 
influences both the calibration process and the resulting model behav
iour. This gap extends to the influence of these parameters on the 
interpretation of hydrological processes in the watersheds under study. 
Understanding how different calibration event selection approaches and 
objective functions affect the model’s calibrated parameters is crucial 
for ensuring model accuracy and applicability. Researchers have ana
lysed event selection and chosen the objective function separately, but 
their effects on model calibration, sensitivity and performance together 
is not fully understood. This understanding not only impacts the model’s 
performance but also informs our comprehension of the hydrological 
processes within the studied catchments. These parameters can yield 
insights into the watershed’s behaviour, influencing decisions on water 
management and conservation strategies. This research gap indicates a 
potential area for further investigation. Delving into how these opti
mised parameters are derived and their implications for hydrological 
process interpretation could significantly enhance the effectiveness and 
applicability of hydrological models.

The primary aim of this research is to understand how different 
calibration event selection approaches and objective functions influence 
the calibrated parameters of hydrological models, which is essential for 
ensuring model accuracy and applicability. To the best of our knowl
edge, no prior studies in the literature have explored the interaction 
between event selection criteria and objective functions in hydrological 
modelling. This study examines various calibration event selection ap
proaches and objective functions in an experimental urban catchment 
located in the city of Pavia (Northern Italy), using 42 high-resolution 
rainfall-runoff events with the Stormwater Management Model 
(SWMM). Additionally, a Global Sensitivity Analysis (GSA) of the 
drainage model parameters was conducted using the Morris method 
through a novel integration of Mat-SWMM and the Sensitivity Analysis 
for Everybody (SAFE) Toolbox. This framework provides a 

comprehensive approach to assess the impact of different uncertain 
input parameters on the model’s outputs.

2. Case study and data

The Cascina Scala urban catchment, described more deeply in the 
studies by Barco et al. (2008b) and Todeschini et al. (2019), is located in 
Pavia, northern Italy (Fig. 1). This catchment, which is primarily used 
for residential purposes with approcimatly 1500 inhabitants, covers an 
area of 12.7 ha and is characterized by a slope from northwest to 
southeast, averaging 0.15 %. The land is connected to the sewer system, 
with around 62 % of the area being impervious, comprising 22.4 % roofs 
and 39.6 % streets and paved surfaces. The remaining 38 % of the area is 
pervious. The sewer system in this catchment is combined and con
structed from standard concrete pipes, with a Manning’s roughness co
efficient n = 0.0147 s m− 1/3, which is within the typical range for 
concrete pipes reported in the literature (Davis, 1952). The catchment is 
divided into 42 subbasins, each drained by a pipe. The catchment 
design, featuring egg-shaped sewer sections and an average slope of 
0.042 m/m, helps maintain high flow velocities and minimizes sediment 
deposition. The detailed characteristics of each sub-catchment, 
including slope, area, and ratio of pervious to impervious surfaces, can 
be found in Giudicianni et al. (2023).

Rainfall events at Cascina Scala area were monitored using two 
tipping-bucket rain gauges. These gauges possess a sensitivity of 0.2 mm 
and a funnel area of 1,000 cm2. Additionally, runoff data at the terminal 
reach of the sewer network were captured using an ultrasonic depth 
meter strategically positioned upstream of a Venturi flume until June 
2000 and after that, bubble flow meter was used instead of ultrasonic 
depth meter.

For the rainfall-runoff simulation in this study, a representative 
subset of rainfall events was meticulously chosen based on specific 
criteria to ensure the reliability and relevance of the data. These criteria 
include: 

• Reliable Instrumentation: ensuring regular operation of rain gauges 
and the flow meter was crucial. This means that the selected events 
must report neither recorded failures in the instrumentation nor 
occurrences of pressurized flow conditions that could skew the data.

• Minimum Total Rainfall Depth: each event in the subset needed to 
have a total rainfall depth of at least 5 mm. This criterion ensures that 
the selected events have enough rainfall to impact the runoff, making 
them relevant for the study.

• Minimum Rainfall Intensity: the intensity of the rainfall during these 
events should be equal to or greater than 0.1 mm/min. This 

Fig. 1. Cascina Scala experimental catchment, Pavia, Italy.
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minimum intensity threshold is important for filtering out lighter 
rainfall events that might not affect the runoff dynamics in the urban 
watershed.

• Minimum Rainfall Depth over a Short Duration: The events should 
exhibit a maximum rainfall depth of at least 2 mm over a 15-minute 
period.

After reviewing a list of potential events, forty-two were selected as 
matching the criteria mentioned above. These events are described in 
detail in Table 1. The steps for selecting and splitting events for cali
bration and validation are explained in Section 3.3. In a related study, 
Todeschini et al. (2018) studied the placement strategies and cumulative 
effects of wet-weather control practices for intermunicipal sewerage 
systems, adopting for the analysis a continuous series of rainfall events 
acquired in Pavia from August 2006 to July 2007. The values of pre
cipitation depth and duration for that year are consistent with the cor
responding ranges for events reported in the current study. Moreover, in 
Todeschini et al. (2019), some of the events used in the current study 
were used for an analysis aimed at testing an innovative first flush 
identification methodology. The selected subset of storms proved 
effective in characterizing the dynamics of different types of pollutants 
in wet-weather runoff. These findings suggest that the rainfall events 

selected for this study are appropriate for urban catchments and can be 
used in wider hydrological and water quality studies.

3. Methodology

The methodological framework adopted in this study is depicted in 
Fig. 2. The first stage is the development of the Hydrology Module and 
the Hydraulics Module for the case study using the EPA Storm Water 
Management Model (SWMM). These modules are key parts of the 
SWMM and are designed to simulate hydrological processes and water 
movement through the system. The hydrograph is the output from these 
modules, displaying how wet weather flow or runoff changes over time 
in response to precipitation events. The methodology’s next phase in
volves determining the influential parameters that have a significant 
effect on the hydrograph. To achieve this goal, the Morris method of 
sensitivity analysis methodically changes each parameter to determine 
its impact on the output of the model. This process is achieved using 
Mat-SWMM, together with the Sensitivity Analysis for Everybody 
(SAFE) Toolbox. Mat-SWMM plays the role of the interface linking 
MATLAB and SWMM to enable an exchange and analysis of data that is 
simple. Consequently, the SAFE Toolbox is employed to perform the 
Morris sensitivity analysis. This is an important phase for narrowing 

Table 1 
Main characteristic of the 42 rainfall events used in the study. Parameters include rainfall duration (minutes), rainfall depth (mm), maximum 5-minute rainfall in
tensity (mm), peak flow rate (m3/s), antecedent dry period (days), and hyetograph centre of mass.

Event 
No.

Rainfall duration 
(min)

Rainfall depth 
(mm)

Maximum intensity rainfall over a five- 
minute (mm)

Peak flow rate 
(m3/s)

Antecedent dry period 
(d)

Centre of 
Mass

1* 11 12.8 8.8 0.96 4.2 0.68
2 197 11.8 2.7 0.25 0.5 0.27
3** 539 22.6 1.16 0.18 36.2 0.55
4** 108 16.4 4.5 0.55 10.8 0.53
5* 23 15.6 7.5 0.88 4.8 0.46
6* 50 7 1.8 0.33 10 0.28
7* 64 11 3.4 0.38 1.8 0.46
8* 215 10.6 1.3 0.16 0.9 0.53
9* 247 3.8 0.4 0.03 0.3 0.65
10** 443 18.6 1.7 0.26 11 0.55
11* 111 8.4 1 0.16 3.3 0.63
12* 380 15.8 2.3 0.26 0 0.55
13* 100 4.8 0.8 0.11 0.6 0.58
14* 862 18 0.4 0.03 5.7 0.52
15* 964 23.4 0.8 0.13 1.2 0.40
16* 248 12.6 2 0.23 25.9 0.75
17* 231 16.2 1.5 0.21 6.8 0.50
18* 286 7 5.1 0.06 14.2 0.40
19* 666 10.4 0.3 0.03 1.6 0.57
20* 487 19.2 1.64 0.22 0.7 0.41
21** 14 12.8 8.8 0.97 14.1 0.97
22** 308 12.8 1.6 0.13 3.8 0.46
23** 237 16.2 1.5 0.21 6.3 0.55
24 161 11 3.9 0.39 11.7 0.28
25 93 7.8 4 0.27 3.5 0.19
26** 17 5.8 4 0.30 10.0 0.43
27 28 7.4 2.7 0.24 1.0 0.61
28 110 8.4 1 0.16 3.3 0.67
29** 445 8.6 1.8 0.06 14.3 0.40
30 51 10.6 2.3 0.26 2.1 0.64
31 155 16.2 2.8 0.29 2.1 0.43
32 18 25 3.9 0.25 3.8 0.50
33 22 7.4 4.4 0.30 14.8 0.44
34 102 14.4 6.7 0.43 5.9 0.33
35 62 5.8 3.2 0.30 0.2 0.43
36 38 15.2 7.9 0.34 2.5 0.40
37 70 15 6 0.45 7.0 0.23
38 115 7.2 1.4 0.16 30.7 0.34
39 32 8.4 3.1 0.28 18.7 0.56
40 36 21.2 7.4 0.53 0.8 0.58
41 22 14.2 8.4 0.44 10.0 0.72
42 47 14.4 5.8 0.21 4.1 0.49

* event used for calibration stage.
** event used for validation stage.
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down the parameters that will be calibrated. After the sensitivity anal
ysis, the influential parameters are fine-tuned through an optimisation 
process employing a Genetic Algorithm (GA), where the GA and SWMM 
integration is enabled by Mat-SWMM. These parameters are iteratively 
adjusted by the GA to optimise the performance of the model, with the 
objective of either maximising or minimising an objective function 
reflecting the hydrograph prediction’s accuracy. Through the process of 
optimisation, critical parameters are calibrated precisely, which en
hances the accuracy and reliability of the model. In this study, the model 
calibration process is framed as a hydrological model identification 
problem, in which the goal is to determine a set of parameter values that 
best reproduces observed hydrological responses under uncertainty. The 
problem is ill-posed due to equifinality, non-uniqueness, and un
certainties. To address these challenges, we adopt a structured meth
odology that integrates sensitivity analysis, parameter reduction, and 
optimisation using high-resolution, long-term data from an experi
mental catchment.

3.1. EPA-SWMM model description

The EPA-SWMM (Environmental Protection Agency − Storm Water 
Management Model) is a conceptual Runoff-Route model designed for 
both rural and urban settings. It is suitable for event-based modelling. It 
accommodates spatial variability by categorising catchment areas into 
homogeneous and smaller sub-catchments. The model simulates hy
drological processes using three main algorithm groups: surface runoff 
algorithms, loss algorithms, and conveyance algorithms (Rossman, 
2010; Rossman and Huber, 2016).

Surface runoff algorithms generate hydrographs from sub- 
catchments using nonlinear reservoir routing methods (Huber and 
Dickinson, 1988). Loss algorithms estimate stormwater losses due to 
depression storage, infiltration, and evaporation. Depression storage 
represents the initial losses that accumulate in surface depressions and 
do not directly contribute to runoff. In this study, evaporation is not 
taken into account, considering the limited temporal interval charac
teristic of the event-based modelling. The Horton technique was 
employed to calculate infiltration losses, where infiltration rate starts 
high and decreases over time until it reaches a minimal constant rate 
when the soil gets saturated. Overland flow calculations apply the law of 
conservation of mass, guaranteeing accurate accounting of water 
entering and leaving sub-catchments (Rossman and Huber, 2016). 
Additionally, the conveyance algorithms use dynamic wave routing, 
which consider flow’s continuity and momentum, making a detailed 
analysis of the stormwater drainage system’s flow characteristics 

available.
In SWMM, the role of the parameters is pivotal in defining the 

characteristics of the area under study and refining the rainfall-runoff 
simulations. They are generally divided into two types: inferred and 
measured parameters. The measured parameters denote the real mea
surements on the ground, like conduit dimensions and junction eleva
tions. These parameters make quantifiable explicit data about the area 
being studied available. On the other hand, inferred parameters such as 
the Manning coefficient and depression storage are not measured 
directly in the field and introduce uncertainty in the model. Such pa
rameters need careful adjustment to reduce inconsistencies in the 
rainfall-runoff simulations. Regarding the present study, ten inferred 
parameters are chosen for parameter estimation process, as shown in 
Table 2, along with their variability ranges, which are based on Rossman 
(2010). The sensitivity of these parameters is initially assessed using the 
Morris method to determine the parameters that are the most influen
tial. Subsequently, a genetic algorithm is used to estimate the 
parameters.

As detailed by Riaño-Briceño et al. (2016), Mat-SWMM is an 
open-source, adaptable software package designed to enhance simula
tion results analysis and system editing. As an interface tool, Mat-SWMM 
integrated MATLAB functionalities into the SWMM code. It enables 
users to take advantage of the visualisation and computational prowess 
of MATLAB together with the simulation features of SWMM. In this 
study, Mat-SWMM was utilized to combine SWMM with MATLAB’s 
genetic algorithm toolbox.

Mostly used in event-based calibration, the event-by-event approach 
usually generates unique calibrated parameters for each rainfall event. 
Nevertheless, this technique has numerous limitations because of its 
characteristic variability and possible inconsistencies. In most cases, this 
approach needs post-calibration synthesis, such as averaging, which 
may fail to accurately represent precise event nuances. Recent de
velopments in modelling tools and automation, such as R package for 
SWMM, PySWMM, and Mat-SWMM, have led to the adoption of an in
tegrated event calibration approach (Assaf et al. 2024; Giudicianni et al. 
2023). This new method, which is the one used in this work, marks a 
significant advancement in stormwater modelling. It calibrates all 
events collectively, addressing the fragmentation and inconsistency of 
the traditional approach and offering a more holistic representation of 
stormwater dynamics. It also eliminates the need for post-calibration 
synthesis, enhancing model generalizability and applicability.

3.2. Morris method sensitivity analysis

In this study, sensitivity analysis was employed using the Morris 
method (Morris, 1991) to evaluate the influence of uncertainties in the 
input parameters on the rainfall-runoff model’s performance. This 
method is effective for identifying key influential parameters, especially 
when the number of uncertain parameters is high and/or the model 

Fig. 2. Research methodology flowchart.

Table 2 
Model parameters selected for calibration process, including their notations and 
corresponding ranges of variation. The ranges are extracted from Rossman 
(2010).

Parameter Notation Range of 
variation

Manning coefficient for roof (s/m1/3) nroof 0.008–0.030
Manning coefficient for street (s/m1/3) nstreet 0.008–0.055
Manning coefficient for the pervious area (s/m1/ 

3)
nper 0.10–0.35

Depression storage on impervious area (mm) Simp 1.00–3.54
Depression storage on pervious area (mm) Sper 2.54–5.08
Maximum infiltration rate (mm/hr) Imax 58–170
Minimum infiltration rate (mm/hr) Imin 1–57
Decay coefficient (1/hr) decay 2–7
Manning roughness for conduit (s/m1/3) ncond 0.008–0.02
Width coefficient (− ) Wc 1–2
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computational time is expensive (Cappato et al. 2022). The Morris 
method evaluates how individual parameter variations affect model 
outputs by computing gradients at multiple randomly selected points in 
the parameter space. This is achieved by altering the value of each 
parameter (pi) by a constant quantity (Δi) at time along a specific path 
(trajectory j) in the model’s parameter space. After each parameter is 
altered, a new initial point is selected for further adjustments along a 
different trajectory. when the model is run with these varying parameter 
combinations, the impact, known as the elementary effect (EE), of each 
parameter on the selected model output f (like total volume or peak flow 
rate) is computed using the following formula: 

EEpi(j) =
f(p1,⋯, pi + Δ,⋯, pM) − f(p)

Δ
(1) 

The mean elementary effect (μ) for each parameter is then calculated by 
averaging these effects, following the methodologies outlined by Morris 
(1991), Campolongo et al. (2007), Ruano et al. (2012), and Janetti et al. 
(2019). A larger μ value for a parameter indicates a higher sensitivity of 
the model output to that parameter. Furthermore, to account for the 
effects with opposing signs, which could reduce the magnitude of the 
elementary effect, the absolute mean elementary effect (μ*) is computed 
as follows: 

μ*
pi =

1
r
∑r

j=1

⃒
⃒EEpi(j)

⃒
⃒ (2) 

where r denotes the aggregate number of trajectories. While the Morris 
method’s standard approach uses multiple trajectory sizes, we examined 
various magnitudes to find out their impact. There is a need for the 
number of trajectories to strike a balance: such a number should be 
adequately large enough to produce significant results, lessening vari
ance in µ*, while still being small enough to ensure efficient time for 
calculation, given that the model has evaluated me = r(M + 1) times, 
with M representing the total number of input parameters considered in 
the sensitivity analysis. Our findings show that the employment of r =
1500 archives a desirable balance between efficiency and accuracy. This 
number of trajectories makes it possible to conduct a comparative 
analysis of the relative impact of each parameter on the output of the 
model (Reinecke et al., 2019; Campolongo et al., 2007). In addition, the 
elementary effects (σ) standard deviation is determined with the aim of 
assessing whether the impact of the parameter on the output of the 
model is linear or involves interactions with other parameters. When the 
σ is large compared to the μ*, it implies that there is a nonlinear inter
action or relationship with other parameters (Reinecke et al., 2019; Feng 
et al., 2019; Morris (1991). Sensitive parameters are identified by 
computing the absolute elementary effects (μ) of each of the 10 pa
rameters across all 42 rainfall events to ensure a comprehensive 
assessment of parameter behaviour across a wider range of conditions.

In this study, the sensitivity analysis is performed using an innova
tive integration of Mat-SWMM and the Sensitivity Analysis for Every
body (SAFE) Toolbox, creating a robust framework for assessing how 
various uncertain input parameters affect the hydrological model’s 
outputs. Mat-SWMM acts as a bridge between SWMM and MATLAB, 
enabling smooth data exchange between the two. This integration al
lows the use of powerful analysis tools within MATLAB, including the 
SAFE Toolbox. The SAFE Toolbox, developed by Pianosi et al. (2015), is 
a flexible, standalone tool designed for global sensitivity analysis across 
different computational environments, including MATLAB. In this 
study, the SAFE Toolbox is used to systematically assess how changes in 
various input parameters affect the SWMM model’s outputs, specifically 
runoff volume, peak flow rate, and time to peak flow rate. The innova
tive integration of Mat-SWMM with the SAFE Toolbox makes this pro
cess efficient and effective, enabling a thorough global sensitivity 
analysis within the SWMM framework. The integration of global sensi
tivity analysis into SWMM through this method is a novel contribution 
of the present work, providing an easy and efficient way to manage the 

complex interactions between model parameters. By combining the 
strengths of Mat-SWMM and the SAFE Toolbox, this study introduces a 
novel and powerful method for enhancing the performance of hydro
logical models. This integration marks a significant step forward in 
applying global sensitivity analysis to SWMM, offering a more stream
lined and effective approach to improving model accuracy and reli
ability in hydrological predictions.

3.3. Calibration validation process

From the initial pool of 42 rainfall events (Table 1), sixteen events 
were selected for the model calibration phase based on hydrological and 
statistical criteria, ensuring representation of the overall rainfall events 
characteristics, including total rainfall depth, peak flow rate, varying 
seasons, dry periods and event durations. Four calibration selection 
strategies were employed, each selecting eight events from 16 events 
allocated for calibration. For the validation, eight events were chosen 
from the remaining 26 events and were selected to exhibit similar sta
tistical characteristics to the sixteen events used for calibration. This 
careful selection ensured consistency in the characteristics of the data
set, allowing for valid and reliable comparison across different calibra
tion strategies. This segregation of events into calibration and validation 
sets ensures that each calibration strategy was uniformly evaluated 
against an identical dataset, which ensures that any advantage that may 
have been gained from the overlapping events in both the calibration 
and validation sets was excluded.

In the present study, four distinct criteria are employed in calibration 
event selection: Rainfall Depth (RD), Maximum Rainfall Intensity over a 
Five-Minute Interval (H5), Mean Intensity (MI), and Hyetograph Centre 
of Mass (HCM). For each criterion, events were first ranked accordingly, 
for example, in the RD approach, events were ranked by rainfall depth, 
whereas in the H5 approach the rank was based on maximum rainfall 
intensity within a period of five minutes. Events were then alternately 
selected (1st, 3rd, 5th, and so on) to form the calibration set. This 
technique results in a dataset that preserves the characteristics defined 
by the selection criteria defined, which is selected to represent the 
calibration set for that specific criterion.

The first selection criterion is Rainfall Depth (RD), which ranks the 
calibration events based on the total accumulated rainfall. This 
approach ensures that the calibration dataset encompasses a wide range 
of precipitation events, from low to high rainfall depths, thereby offering 
a comprehensive representation of the different rainfall scenarios that 
could influence rainfall-runoff process.

The second selection criterion is Mean Intensity (MI), which ranks 
calibration events according to the average rainfall intensity over the 
duration of each event. The incorporation of a range of mean intensity 
scenarios enables the model to capture a wider spectrum of rainfall 
patterns, spanning from mild, extended events to more intense, short- 
duration occurrences. This variability in rainfall scenarios improves 
the model’s capability to simulate and predict diverse hydrological re
sponses, thereby enhancing its overall robustness and accuracy.

The third selection criterion is the Maximum Rainfall Intensity over a 
Five-Minute Interval (H5), which ranks calibration events according to 
the highest rainfall intensity observed within any five-minute segment 
of the event. Including various H5 scenarios ensures the model en
counters to a spectrum of peak intensity events, ranging from moderate 
increases to extreme downpours. Incorporating these scenarios allows 
the model to effectively account for short-duration, high-intensity 
rainfall events, which, despite their short occurrence, can significantly 
influence hydrological responses.

The centre of mass of the hyetograph is the fourth criterion of event 
selection, which orders events based on coordinates identified as the 
mean precipitation and the time that equally divides the precipitation 
volume (ensuring equal volumes on the left and right). Values were 
standardised to introduce fairness to comparisons among events of 
various durations and levels of precipitation. This involves categorising 
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all heights based on maximum height and each time by the event’s 
duration. Consequently, each event achieves a variation between 0 and 
1 for both precipitation depth and duration. Such standardisation gua
rantees that both the duration of the event and precipitation depth are 
assigned equal importance. For instance, an event with a long duration 
but low precipitation will be comparable to an event with high intensity 
but short duration.

3.4. Objective functions

Based on an extensive review of the literature (Table 3), the objective 
functions applicable to studying deviations between simulated and 
observed values can be methodically categorised into four different 
groups, each of which is characterised by its distinct methodological 
approach to quantifying and minimising these deviations: 

• Group I − In this group, the objective functions are designed to 
decrease the squared differences between the simulated and squared 
values. Squaring the deviations places greater weight on larger er
rors, making these criteria particularly useful when it is important to 
emphasize larger discrepancies more than smaller ones.

• Group II − Minimization of Absolute Deviations: In this category, the 
criteria do not square the deviations, reducing their sensitivity to 
larger discrepancies. Usually, this approach is employed in instances 
where the main objective is to reduce the general magnitude of errors 
without over-emphasising the larger errors.

• Group III: In this category, the objective functions use numerous 
transformations, including taking the square root or applying loga
rithmic transformations to both simulated and observed runoff 
values before the least squares computations are applied. Such a 
transformation can assist in stabilising the variance and rendering 
the data more normally distributed, which can give benefits to 
certain kinds of statistical analysis.

• Group IV – Aggregated Multi-Objective Approaches: multi-objective 
techniques in modelling offer a significant advantage by enabling the 
combination of various objective functions within a custom-built 

framework. These techniques can be employed through the deriva
tion of aggregated or combined objective functions. This approach 
involves merging multiple objectives into a single composite metric, 
simplifying the optimisation process while still capturing the essence 
of multiple criteria.

In this study, at least one representative function of each group has 
been selected and tested. The selection was based on recommendations 
derived from the literature and preliminary analyses, which are not 
reported in this paper. Table 3 presents the objective functions described 
and the formulation group to which they belong.

3.5. Goodness-of-fitness

In the present study, the evaluation of the calibration and validation 
performance involves the employment of goodness-of-fit indices, as 
recommended by numerous scholars (Legates and McCabe, 1999). For 
this purpose, two main efficiency criteria were selected: the Coefficient 
of Efficiency (CE), also known as the Nash-Sutcliffe Efficiency (NSE), 
and the Root Mean Square Error (RMSE). For these indices, the formulas 
are as follows: 

• Coefficient of Efficiency (CE) is given by the equation:

CE = 1 −

∑Nr
k=1(Vm,k − Vp,k)

2

∑Nr
k=1(Vm,k − Vm)

2 (3) 

• Root Mean Square Error (RMSE) is calculated as:

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
Nr

∑Nr

k=1

(
Vm,k − Vp,k

)2

√
√
√
√ (4) 

Where Vm,k represents the measured variable, Vp,k is the predicted 
variable, Vm is the mean of the measured variable and Nr denotes the 
total number of records.

Equations (3) and (4) (for CE and RMSE, respectively) quantify the 
model’s predictive accuracy by conducting a comparison of the simu
lated (predicted) data against the observed (measured) data. The CE 
represents a normalised statistic that determines the comparative 
magnitude of the residual variance compared to the measured data 
variance. The RMSE is an available measure of the average magnitude of 
the error. In this study, CE and RMSE were applied as standard goodness- 
of-fit measures to evaluate the model’s performance after calibration. 
Although these indices can also serve as optimisation criteria, our focus 
here is on their role in assessing how well the calibrated model re
produces observed behaviour. To ensure a consistent and comprehen
sive evaluation, these measures were applied to three relevant 
hydrological variables: total volume, peak flow rate, and time to peak. 
This consistent evaluation allows for a fair and comprehensive com
parison of model performance across different objective functions and 
calibration strategies and ensures that all relevant aspects of hydrograph 
behaviour are assessed.

4. Results and discussion

4.1. Sensitivity analysis results

The Morris method is adopted for conducting sensitivity analysis of 
SWMM parameters. This method was employed to evaluate the sensi
tivity of 10 uncertain model parameters: nroof, nstreet, nper, Simp, Sper, Imax, 
Imin, decay, ncond, and Wc (as listed in Table 2). The analysis focuses on 
three hydrologic metrics: the total runoff volume, the peak flow rate and 
the time to peak flow rate. The focus on both global and instantaneous 

Table 3 
Description of each objective function tested for model calibration.

Name Group Formula Reference

Squared 
Difference 
(SD)

I SD =
∑Nr

i=1

∑Nt,i

j=1
(Qp,i,j − Qm,i,j)

2
Diskin and 
Simon (1977)

NSE I
NSE = 1 −

∑Nr
i=1

∑Nt,i
j=1(Qp,i,j − Qm,i,j)

2

∑Nr
i=1

∑Nt,i
j=1(Qm,i,j − Qm,i,j)

2
Nash and 
Sutcliffe 
(1970)

Absolute 
Error (Abs)

II Abs =
∑Nr

i=1

∑Nt,i

j=1

⃒
⃒Qp,i,j − Qm,i,j

⃒
⃒ Legates and 

McCabe 
(1999)

Index of 
Agreement 
(IoA)

II
IoA = 1 −

∑Nr
i=1

∑Nt,i
j=1

⃒
⃒Qp,i,j − Qm,i,j

⃒
⃒

2
∑Nr

i=1
∑Nt,i

j=1
⃒
⃒Qm,i,j − Qm,i,j

⃒
⃒

Willmott 
et al. (2012)

NSE- sqrt III NSE − sqrt =

1 −

∑Nr
i=1

∑Nt,i
j=1(

̅̅̅̅̅̅̅̅̅̅
Qp,i,j

√
−

̅̅̅̅̅̅̅̅̅̅̅
Qm,i,j

√
)
2

∑Nr
i=1

∑Nt,i
j=1(

̅̅̅̅̅̅̅̅̅̅̅
Qm,i,j

√
−

̅̅̅̅̅̅̅̅̅̅̅
Qm,i,j

√
)
2

Chiew et al. 
(1995)

Volume and 
Peak (Q&P)

IV
Q&P =

∑Nr

i=1

(
Peakp,i − Peakm,i

Peakm,i

)2
+

(
Volumep,i − Volumem,i

Volumem,i

)2

Barco et al. 
(2008a)

Nt,i and Nr are the number of time instants in the generic i-th rain event and the 
number of rain events considered for optimisation, respectively. Qm,i,j and Qp,i,j 
are the measured and predicted flow rate, respectively, at the j-th time and in the 
i-th rain event. Qm,i,j is the mean value of the measured flow rate. Peakm and 
Peakp are the measured and predicted peak flow rate, respectively. Volumem,i 
and Volumep,i are the measured and predicted volume, respectively.
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flow-controlled variables ensures that the analysis captures both the 
cumulative water volume generated by rainfall events and the maximum 
instantaneous flow rate. The sensitive parameters are identified by 
computing the absolute elementary effects μ* of each of the 10 param
eters first and then taking their sum. A threshold is then established at 5 
% of this total sum. Parameters with μ* values exceeding this threshold 
are classified as sensitive. The analysis is applied event by event across 
the entire dataset, which includes 42 events.

Without losing generality, we present the full results of sensitivity 
analysis for a selected event (Figs. 3 and 4) as representative examples. 
The complete set of sensitivity results across all events is available in the 
Supplementary Materials (S1–S3), allowing readers to assess the 
robustness and consistency of sensitivity analysis under various event 
conditions. Fig. 3 illustrates the convergence behaviour of the absolute 
value of the mean elementary effect (μ*) which has been computed for 
each model parameter across an increasing number of model evalua
tions (parameter trajectories) for a specific event (event 8). As detailed 
in Section 3.2, analyses were conducted using 1500 parameter trajec
tories to ensure the stability of parameter rankings. The plot shows that 
the μ* values for all parameters tend to stabilise as the number of model 
evaluations increases for the three metrics, indicating robust parameter 
rankings. This convergence analysis underlines the stability of param
eter rankings across the model evaluations, thereby validating the reli
ability of the sensitivity assessment conducted using the Morris method. 
This finding is also observed when analysing all events in the dataset.

Fig. 4 presents the absolute means and standard deviations of the EEs 
for the various model parameters concerning the total volume (Fig. 4.a), 
peak flow rate (Fig. 4.b), and time to peak flow rate (Fig. 4.c). For the 
total volume, Simp stands out with the highest μ*, approaching 1200, and 
a relatively small standard deviation, indicating its substantial influence 

and consistent impact on the total volume (Fig. 3.a; Fig. 4.a). nstreet and 
Wc also show relatively high μ* values with moderate standard de
viations, suggesting their notable effects on total volume. In contrast, the 
other seven parameters (nroof, ncond, nper, Sper, Imax, Imin, and decay) 
show low μ* values, falling below the sensitivity threshold, signifying 
their minimal impact on this metric. The peak flow rate is most sensitive 
to nstreet, followed by Wc, ncond, and nroof, respectively (Fig. 3.b; Fig. 4.b). 
The peak flow rate metric is insensitive to the Simp, nper, Sper, Imax, Imin, 
and decay in case of event 9. For the time to peak flow rate, nstreet, Wc, 
ncond, nroof, and Simp exceed the sensitivity threshold, highlighting their 
noteworthy impact on peak flow timing.

To develop a comprehensive evaluation of model parameter sensi
tivity, the Morris sensitivity analysis method is applied to all events in 
the dataset. This approach allows the evaluation of the influence of each 
parameter on the three target metrics across various hydrological sce
narios. The results of this sensitivity analysis are summarised in Table S1 
for total volume, Table S2 for peak flow rate and Table S3 for time to 
peak flow rate. These tables present the μ* values for each parameter 
across the entire dataset event by event. Parameters that exceed the 
sensitivity threshold are highlighted in bold, indicating that they are 
crucial factors in the modelling process.

For the total volume (Table S1), Simp consistently exhibits the highest 
μ* across all events, highlighting that it is the most sensitive parameter, 
significantly influencing the total volume of discharge in the model. The 
parameters nstreet and WC also demonstrate significant sensitivity in 
various events, frequently exceeding the sensitivity threshold. 
Conversely, parameters such as nper, Imax, Imin, and decay generally show 
low μ* values, often near zero or less than the sensitivity threshold, 
indicating their relatively minor impact on the total volume of 
discharge. The ncond parameter displays moderate sensitivity in some 

Fig. 3. Convergence of the mean elementary effect absolute value (μ*) of the 10 model parameters across increasing numbers of model evaluations for event 8. (a) μ* 
of the total volume, (b) μ* of the peak flow rate and (c) μ* of the time to peak flow rate. The parameters analysed include Simp, nstreet, Wc, nroof, ncond, nper, Sper, Imax, 
Imin, and decay, as represented by different coloured markers.
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events. For instance, ncond has a μ* value of 714.7 at event 36 and 641.9 
at event 27, indicating a notable impact on these events, though it is not 
as consistently influential as Simp or nstreet. However, ncond show small 
μ*, under sensitivity threshold, in several events. These findings indicate 
that the sensitivity of certain parameters can vary across different 
events, highlighting the importance of conducting sensitivity analysis 
for all events in the dataset.

Table S2 presents the mean elementary effect absolute values (μ*) of 
the ten model parameters for peak flow rate across 42 events in the 
dataset. The analysis reveals that nstreet and Wc consistently surpass the 
sensitivity threshold across all events. Additionally, ncond shows signif
icant sensitivity in many events, although it falls below the sensitivity 
threshold in a few events. The parameters nroof and Simp also show sig
nificant sensitivity in certain events, while they remain insensitive in 
others. This variability in parameter sensitivity across different events 
underscores the complex nature of urban hydrological processes. 
Conversely, parameters like the nper, Sper, Imax, Imin and decay generally 
exhibit lower µ* values, suggesting they have a lesser impact on peak 
flow rate.

The sensitivity analysis for time to peak flow rate, as shown in 
Table S3, shows a similar pattern to the sensitivity results for the peak 
flow rate. nstreet, ncond and Wc consistently show significant sensitivity 
across all events. The parameters Simp and nroof demonstrate variable 
sensitivity from event to event; while they show moderate sensitivity in 
several events, they are also insensitive in some instances. Also, the nper, 
Sper, Imax, Imin and decay show low μ* values, falling below the sensi
tivity threshold for all events.

Table 4 summarizes the sensitivity of ten model parameters to three 

target metrics—total volume, peak flow rate, and time to peak flow
—across all 42 events.

The sensitivity analysis results for the three metrics provide critical 
insights into the varying influences of model parameters on urban hy
drological modelling. For total volume, Simp emerges as the dominant 
parameter, with Wc and nstreet consistently showing significant sensi
tivity across all events. In contrast, for peak flow rate, nstreet and Wc are 
more critical. Some parameters exhibit variability in sensitivity between 
events, showing μ* values above the sensitivity threshold in some cases 
and below it in others (e.g., ncond for the total volume metric, and nroof, 
and Simp for peak flow rate). This variability in parameter sensitivity is 

Fig. 4. Mean elementary effects (μ*) with standard deviations for model parameters evaluated for three key hydrological outputs: (a) total runoff volume (m3), (b) 
peak flow rate (m3/s), and (c) time to peak flow (minutes). The parameters include Simp, nstreet, Wc, nroof, ncond, nper, Sper, Imax, Imin, and decay.

Table 4 
Summary of parameter sensitivity for total volume, peak flow rate, and time to 
peak flow across 42 events. “Always” indicates consistent significant sensitivity 
across all events, “Sometime” denotes variable sensitivity from event to event, 
and “Never” reflects parameters that remain below the sensitivity threshold 
across all events.

Total Volume Peak Flow Time to Peak Flow

nroof Never Sometime Sometime
nstreet Always Always Always
nper Never Never Never
Simp Always Sometime Sometime
Sper Never Never Never
Imax Never Never Never
Imin Never Never Never
decay Never Never Never
ncond Sometime Sometime Always
Wc Always Always Always
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more pronounced in the peak flow rate analysis, suggesting that pa
rameters affecting peak flow rate are more influenced by specific event 
characteristics such as rainfall intensity.

To better illustrate the influence of rainfall characteristics on 
parameter sensitivity, a summary table has been provided in the sup
plementary material (Table S4). This table outlines how the sensitivity 
of SWMM parameters varies with RD, H5, MI, and HCM, based on the 
results from 42 rainfall-runoff events.

The sensitivity analysis results reveal that model parameter sensi
tivity varies depending on the target metrics. This finding underscores 
the importance of conducting sensitivity analyses for different hydro
logical metrics to gain a comprehensive understanding of the influences 
of various parameters. Moreover, the analysis indicates that parameter 
sensitivity is not static but can change with varying external conditions, 
such as rainfall depth. For example, the sensitivity of infiltration pa
rameters (Imax, Imin and decay) increases with rainfall depth when total 
volume and peak flow rate are the metrics. These parameters exhibit 
zero µ* values during low rainfall depth events, as the rainfall is easily 
absorbed by the soil in pervious areas, so that the infiltration capacity is 
not exceeded, and changes in Imax, Imin and decay don’t significantly 
alter the total volume or peak flow rate. However, when the rainfall 
depth increases, more water reaches the pervious surfaces, saturating 
the soil and activating infiltration limitations, causing their EEs to rise as 
the rainfall depth increases. Additionally, the sensitivity of Simp to peak 
flow rate also varies with changes in rainfall depth. During low rainfall 
depth events, a significant portion of rainfall is stored in surface de
pressions on impervious areas before contributing to runoff making 
small changes in Simp have a great effect on when runoff begins and the 
magnitude of peak discharge. Therefore, Simp shows the highest EE 
among all parameters, as it is the dominant parameter influencing peak 
flow rate in low depth events. However, as rainfall depth increases, the 
depression storage reaches capacity quickly, leading to immediate 
transfer of excess rainfall to runoff, which reduces the Simp relative 
importance. Instead, Wc and nstreet take over as the primary controls of 
peak flow rate at high rainfall depths as these parameters determine how 
water flows across surfaces and through the drainage system.

Moreover, during events with high H5 (like events 1, 5 and 41), the 
parameters related to flow conveyance, such as nstreet, Wc and ncond, 
increase in sensitivity due to critical role that roughness of street sur
faces and conduits plays in determining how quickly and efficiently 
water is transported.

Overall, the Morris method was used to identify the most influential 
input parameters affecting various model outputs within their uncer
tainty ranges. This sensitivity analysis provides a robust framework for 
evaluating how input parameters contribute to model uncertainty, 
allowing parameters with minimal impact on model outputs to be 
assigned standard values, thereby reducing model uncertainty and 
computational complexity. Previous research has established the Morris 
method as an optimal sensitivity analysis technique due to its ability to 
easily remove or substitute failed simulations and its lower computa
tional cost relative to other methods (Campolongo et al., 2007). A 
comparative study on the computational expense of sensitivity analyses 
for an energy balance model with similar simulation times to those used 
in the present paper (1–2 min per run) demonstrated that the Morris 
method is significantly more cost-effective, requiring only a few tens of 
runs compared to the hundreds or thousands needed by other methods 
(Nguyen and Sigrid, 2015).

The findings from the Morris analysis are instrumental in guiding 
model parameter estimation by identifying parameters to which the 
model is sensitive and insensitive (Herman et al., 2013). The analysis 
described in this work indicates that the five parameters (nper, Sper, Imax, 
Imin and decay) do not significantly affect model outcomes; thus, during 
calibration their values are fixed in accordance with default values from 
the SWMM manual (Rossman, 2015) which are respectively 0.15 s/m1/3, 
2.6 mm, 117 mm/hr, 17 mm/hr, and 5 hr-1, allowing the optimisation 
efforts to focus on determining the values of the sensitive parameters. It 

worth noting that these default values are within the bounds covered 
with the Morris analysis, therefore being eligible as “reference values”. 
Five parameters (Simp, Wc, nstreet, nroof and ncond) are found to be sen
sitive based on the sensitivity analysis results for the three metrics across 
all events. Consequently, these five parameters are considered in the 
parameter estimation process. As discussed in previous studies, reducing 
the number of calibration parameters is a well-established strategy to 
mitigate equifinality (Beven, 2006; Beven and Binley, 1992). By limiting 
the calibration to the most sensitive parameters, the model becomes 
better constrained, reducing non-uniqueness and improving the likeli
hood of identifying parameter sets that are both statistically valid and 
hydrologically meaningful. This is particularly critical in the context of 
ill-posed inverse problems, where the number of observations is often 
insufficient to support the calibration of a large parameter set (Jakeman 
and Hornberger, 1993; Kuczera and Mroczkowski, 1998). Moreover, 
focusing on influential parameters helps enhance the efficiency and 
interpretability of the calibration process, while improving the model’s 
predictive reliability across different hydrological conditions. In line 
with the broader concept of model identification, this strategy 
strengthens the correspondence between observed system behaviour 
and model representation, thus contributing to a more robust and 
defensible modelling framework under uncertainty (Wagener and 
Hoshin, 2005; Her and Chaubey, 2015).

A second sensitivity analysis was conducted for each of the six 
objective functions used in the study. The Morris method was applied to 
assess how changes in each parameter influence the objective function’s 
value and to evaluate how parameter sensitivity varies across different 
functions. This analysis aims to ensure that the objective functions are 
sensitive to the parameters being optimised during calibration process, 
so that the differences observed in the calibrated parameter values are a 
direct result of the objective function characteristics, rather than being 
influenced by insensitive or irrelevant parameters. The analysis is 
applied on an event by event across the entire dataset, which includes 42 
events, and a summary of results is presented in Table 5.

The results confirm that five parameters (Simp, nstreet, Wc, ncond, and 
nroof) were consistently identified as sensitive across all six objective 
functions. This result serves as a validation of the parameter selection 
process. Since the same set of influential parameters was used to cali
brate the model under each objective function, any differences observed 
in the resulting parameter values or model outputs can be more likely 
attributed to the intrinsic characteristics of the objective functions.

4.2. Parameter optimisation results

The parameter estimation process focuses on the five identified 
sensitive parameters (Simp, Wc, nstreet, nroof and ncond). This section 
presents the results of the optimisation process applied to the calibration 
sets, highlighting how different calibration event selection criteria and 
objective functions impact the estimation of these key parameters. Fig. 5
provides a comprehensive comparison of 24 different optimised values 
for each parameter, resulting from the combination of four calibration 
event selection criteria (RD, H5, MI, and HCM) and six objective func
tions (SD, Abs, NSE, NSE-sqrt, Q&P, and IoA).

The results for nroof (Fig. 5.a) highlight the variation in calibrated 
values across different combinations of event selection approaches and 
objective functions. The nroof values range from 0.0080 to 0.029 s/m1/3, 
with the RD approach tending to produce higher values across most 
objective functions. Fig. 5.b shows the results for nstreet, which indicate 
variation depending on the calibration event selection approach. The RD 
approach consistently produces higher nstreet values across most objec
tive functions. In contrast, the H5, MI, and HCM approaches yield lower 
and more consistent nstreet values.

Fig. 5.c presents the optimisation results for Simp, which indicate 
substantial variation in Simp values depending on the combination of 
calibration approach and objective function. The Simp values range from 
1.1 to 3.5 mm, highlighting the critical and combined role of calibration 
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event selection approaches and objective functions in influencing the 
estimation of this key parameter, which has been identified as having 
the highest influence on total volume. Fig. 5.d underscores the signifi
cant influence of both calibration event selection approaches and 
objective functions on the estimation of ncond. The SD and Abs objective 
functions tend to predict higher roughness values; however, the results 
from these objective functions do not show consistency over the 
different selection criteria.

The Wc results (Fig. 5.e) show that the RD approach generally pro
duces lower Wc values, while the MI, H5, and HCM approaches often 
push the Wc value to its upper limit of 2.0. Notably, it appears that the 
optimiser pushes the Wc values toward this upper limit in many cases. 
However, this upper limit cannot be increased due to the physical 
meaning of Wc, which is constrained to a range between 1.0 and 2.0 
(refer to Section 3.1). These results underscore the significant impact of 
both the calibration event selection approaches and the objective 
functions on the estimation of these key parameters, which directly in
fluence the hydrological predictions of the SWMM model.

Fig. 6 presents the normalised parameter values across different 
calibration event selection approaches and objective functions. These 
normalised values are obtained by dividing each parameter’s value by 
the upper limit of its corresponding range, resulting in values that range 
from 0 to 1. This normalisation facilitates the comparison of different 
parameters on a common scale. The 32 different parameter sets dis
played in Fig. 6 demonstrate the sensitivity of SWMM model parameters 
to the calibration event selection approach and objective functions used.

The results show that the choice of the calibration event selection 
method greatly impacts the consistency of the calibrated parameter sets 
within the same objective function. Specifically, when using the H5, MI, 

and HCM approaches, the resulting parameter sets tend to exhibit less 
variability across the same objective functions (except for nroof and, to 
some extent, for nstreet). In contrast, the RD approach leads to signifi
cantly different parameter sets for the same objective functions 
compared to the H5, MI, and HCM approaches. In other words, while the 
H5, MI, and HCM approaches generally produce similar parameter sets 
within a given objective function, the RD approach introduces more 
variability, resulting in greater differences in the calibrated parameter 
sets. This difference can likely be attributed to the nature of the RD 
criterion, which can include both long, low-intensity storms and short, 
intense storms, introducing greater hydrological heterogeneity. This 
variability may activate different runoff generation mechanisms, lead
ing to more diverse sensitivity patterns in model parameters, especially 
in urban drainage systems where storage, and surface runoff respond 
non-linearly to rainfall intensity and temporal distribution.

However, it should be noted that the relationships between the pa
rameters are complex and non-linear, meaning that even small changes 
in the parameter set can lead to significant changes in model perfor
mance (Fatone et al., 2021; Peng et al., 2023). These nonlinear in
teractions can cause similar parameter sets to produce different model 
performance metrics when applied under different calibration ap
proaches. A comprehensive comparison of model performance is pre
sented in Section 4.3.

A cross-performance analysis between objective functions was con
ducted to evaluate how a parameter set optimised for one objective 
function performs when evaluated under alternative objective functions. 
The aim of this analysis is to determine if the differences in the 
parameter calibrated values obtained in this study come from the 
intrinsic characteristics of each objective function, associated with the 

Table 5 
Sensitivity analysis of the six objective functions to 10 SWMM parameters, across 42 events. The numbers represent the count of events in which each parameter 
exceeds the sensitivity threshold, with the corresponding percentage of total events shown in parentheses.

nroof nstreet nper Simp Sper Imax Imin decay ncond Wc

SD 38 (90.4 %) 42 (100 %) 0 42 (100 %) 0 0 0 0 42 (100 %) 39 (92.9 %)
Abs 35 (83.3 %) 42 (100 %) 0 42 (100 %) 0 0 0 0 40 (95.2 %) 42 (100 %)
NSE 37 (88.1 %) 42 (100 %) 0 42 (100 %) 0 0 0 0 42 (100 %) 41 (97.6 %)
NSE-sqrt 36 (85.7 %) 41 (97.6 %) 0 42 (100 %) 0 0 0 0 41 (97.6 %) 40 (95.2 %)
Q&P 29 (70.7 %) 42 (100 %) 0 42 (100 %) 0 0 0 0 40 (95.2 %) 42 (100 %)
IoA 31 (73.8 %) 42 (100 %) 0 42 (100 %) 0 0 0 0 40 (95.2 %) 41 (97.6 %)

Fig. 5. Parameter estimation results for the five sensitive parameters identified in the study: (a) nroof, (b) nstreet, (c) Simp, (d) ncond and (e) Wc. These results are based 
on the optimisation of the calibration set across different combinations of calibration event selection approaches: RD (blue), H5 (red), MI (yellow) and HCM (purple) 
and objective functions (SD, Abs, NSE, NSE-sqrt, Q&P, and IoA).
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random patterns in the optimisation, or weak identifiability in the 
optimisation. In this analysis, parameter sets optimised for one objective 
function (e.g., SD, Abs, etc.) are evaluated on all other objective func
tions. This analysis was applied to the four selection criteria (RD, H5, MI, 
and HCM). The performance of each optimised parameter set was nor
malised with respect to its own self-evaluation. For a parameter set 
optimised using objective function fi, its performance when evaluated 

under another objective function fj was normalised using the following 
expression: 

Nij =
fj(pi)

fi(pi)

where fj(pi) is the performance value of the parameter set pi (optimised 

Fig. 6. Normalised parameter values across different calibration event selection approaches and objective functions. The figure is divided into four panels (a, b, c, d), 
each corresponding to one of the calibration event selection approaches: Rainfall Depth (panel a), H5MinutesMax (panel b), Mean Intensity (panel c), and Hyeto
graph Mass Center (panel d). Within each panel, the normalised parameter values of the five sensitive parameters—nroof (blue), nstreet (orange), Simp (yellow), ncond 
(purple), and Wc (green)—are shown across eight objective functions: SD, Abs, NSE, NSE-sqrt, Q&P, and IoA.

Fig. 7. Normalised cross-objective function performance matrices for parameter sets optimised under six different objective functions (SD, Abs, IoA, NSE, NSE_sqrt, 
and Q&P), evaluated using four event selection criteria: RD, MI, HCM, and H5. Each cell shows the normalised performance value, with diagonal values set to 1.00. 
Off-diagonal values indicate the relative performance of a parameter set optimised for one objective function when evaluated under another.
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for fi) evaluated under objective function fj and fi(pi) is the original 
performance of the same parameter set under its own objective function.

Each matrix in Fig. 7 presents the normalised performance of opti
mised parameter sets for a specific event selection criterion when 
evaluated under different objective functions. Each diagonal element 
(values in bold) is set to 1.00, as it represents the self-evaluated per
formance for the corresponding function. The off-diagonal values indi
cate the relative performance of each optimised parameter set when 
tested against different objective functions.

The findings indicate that the performance of parameter sets opti
mised for one function degrades when evaluated under an alternative 
function. This degradation ranged from 13 % to approximately 200 % in 
some cases. This finding indicates that optimisation is function-specific, 
and one parameter set does not perform equivalently across different 
objectives. The observed variability in parameter values is thus more 
likely due the function-specific nature of the calibration process rather 
than equifinality or random effects introduced by the optimisation 
algorithm.

4.3. Model performance

The comparison of performance for the four calibration selection 
criteria (RD, H5, MI, and HCM) and six objective functions (SD, Abs, 
NSE, NSE-sqrt, Q&P, and IoA) is conducted using three key hydrological 
metrics: total volume, peak flow, and time to peak. Fig. 8 and Fig. 9
present the calibration and validation results for total volume, peak flow 
rate, and time to peak, using the CE and RMSE, respectively.

The calibration results for total volume (Fig. 8.a and 9.a) show that 
the calibration approach based on RD demonstrates the highest CE 
values (ranging from 0.77 to 0.88) and lowest RMSE (ranging from 
113.7 m3 to 93.8 m3) across all objective functions. The RD approach 
achieves CE values of 0.86 and 0.88 for NSE-sqrt and IoA, respectively. 
The HCM approach also provides a high performance across all objective 
functions, especially for NSE-sqrt (CE = 0.82 and RMSE = 118.1 m3) and 
IoA (CE = 0.82 and RMSE = 116.2 m3). The H5 approach provides a 

moderate performance, with CE values ranging from 0.45 to 0.79 and 
RMSE values ranging from 185.5 to 109.2 m3. In contrast, the MI 
approach typically produces the lowest CE values and the highest RMSE 
values, especially for the SD (CE = 0.43 and RMSE = 274.6 m3), Abs (CE 
= 0.48 and RMSE = 246.8 m3), and NSE (CE = 0.52 and RMSE = 178.7 
m3). This indicates that MI approach is less effective at accurately 
modelling the total volume compared to the other methods.

The validation results for total volume are presented in Fig. 8.b and 
9.b using CE and RMSE, respectively. The results indicate that the RD 
approach, which performs well during the calibration stage, achieves 
the highest CE values and lowest RMSE values across several objective 
functions, particularly in NSE-sqrt (CE = 0.77 and RMSE = 138.4 m3) 
and IoA (CE = 0.77 and RMSE = 136.3 m3). These findings suggest that 
the RD approach is the most effective in capturing the total volume of 
runoff events. The H5 approach shows moderate performance during 
validation with CE values ranging from 0.43 to 0.72 and RMSE values 
ranging from 194.6 to 146.4 m3. A similar trend is observed with the 
HCM approach, where CE values range from 0.44 to 0.6 and RMSE 
values from 192.2 to 162 m3. The MI approach, again, demonstrates 
lower performance across most objective functions, with CE values as 
low as 0.31 and RMSE reaching up to 229 m3 in the Abs objective 
function. Overall, the validation results are consistent with the calibra
tion performance. The RD approach proves to be the most reliable 
approach access calibration and validation steps, especially with 
objective functions like NSE-sqrt and IoA, which show high CE values 
and low RMSE values.

Further analysis on the objective functions reveals distinct perfor
mance patterns across the different calibration event selection ap
proaches. The objective functions of group II (SD and NSE) show 
variable effectiveness across different approaches, especially during the 
calibration phase, with CE values ranging from 0.43 for MI approach to 
0.82 for RD approach. This finding indicates that SD and NSE are 
particularly sensitive to the choice of the calibration event selection 
approach. The Abs objective function follows a similar trend; it shows 
the highest CE value of 0.79 with RD and the lowest value at a CE value 

Fig. 8. The heatmap visualizes the performance metrics, where each cell’s colour intensity corresponds to the CE value, following a gradient from 0 (red) to 1 (blue), 
as depicted by the colour bar to the right. The rows of the heatmap represent four distinct calibration event selection approaches: RD, H5, MI, and HCM. The columns 
signify the six objective functions: SD, Abs, NSE, NSE-sqrt, Q&P,and IoA.

M.N. Assaf et al.                                                                                                                                                                                                                                Journal of Hydrology 662 (2025) 133821 

13 



of 0.48 with MI during the calibration phase. During validation, Abs 
shows CE values ranging from 0.31 for MI to 0.54 for RD. The Q&P 
objective function demonstrates good performance during the calibra
tion and moderate performance during the validation, with stable per
formance across different calibration selection approaches. The NSE-sqrt 
and IoA objective functions provide high performance, especially with 
RD (CE of NSE-sqrt = 0.86 and CE of IoA = 0.89) and HCM (CE = 0.82 
for both) during the calibration phase, and with RD (CE = 0.77 for both) 
during the validation phase. However, NSE-sqrt and IoA demonstrate a 
significant variable level of performance during calibration (CE ranging 
from 0.64 to 0.86 for NSE-sqrt, and from 0.69 to 0.88 for IoA) and 
validation (CE ranging from 0.57 to 0.77 for NSE-sqrt, and from 0.6 to 
0.77 for IoA). This outcome signifies that NSE-sqrt and IoA are sensitive 
to the choice of calibration event selection approach. However, this 
sensitivity is less pronounced compared to that observed for SD, NSE, 
and Abs.

Fig. 8.c and 9.c present the calibration results for peak flow rate. The 
analysis shows that the HCM approach consistently achieves high per
formance across all objective functions, with CE values ranging from 0.9 
to 0.92 and RMSE values of 0.03 m3/s for all objective functions. This 
indicates that the HCM approach allows effective prediction of the peak 
flow rates during calibration. The RD approach also performs well in 
NSE (with CE = 0.91 and RMSE = 0.07 m3/s) and Q&P (with CE = 0.97 
and RMSE = 0.04 m3/s).

The H5 approach shows consistent and robust performance, with CE 
values reaching 0.96 for NSE-sqrt and Q&P, indicating high predictive 
accuracy. In contrast, MI approach has the lowest performance among 
the four approaches, particularly in SD (CE = 0.37 and RMSR = 0.27 
m3/s), Abs (CE = 0.76 and RMSE = 0.14 m3/s) and NSE (CE = 0.77 and 
RMSE = 0.13 m3/s). This indicates its relative ineffectiveness in accu
rately simulating peak flow rates during calibration. Although it shows 
moderate performance in some functions such as NSE-sqrt (CE = 0.9), 
overall, the MI approach lags behind the other approaches.

The validation results for peak flow rate (Fig. 8.d and 9.d) indicate 
that HCM approach, which also provides a well performance during the 

calibration, exhibits the highest performance across all objective func
tions with CE values ranging from 0.88 to and 0.93 and RMSE values 
ranging from 0.11 to 0.08 m3/s. This suggests that HCM is highly 
effective in accurately predicting peak flow rates. The H5 approach also 
demonstrates robust performance, particularly in Q&P, NSE-sqrt, and 
IoA, where CE values reach 0.92, 0.92, and 0.93, respectively.

Conversely, the MI approach shows lower performance, particularly 
in SD (CE = 0.26 and RMSE = 0.26 m3/s) and Abs (CE = 0.40 and RMSE 
= 0.24 m3/s), suggesting challenges in accurately predicting peak flows 
during validation. However, MI performs moderately in functions like 
NSE-sqrt (CE = 0.7) and IoA (CE = 0.73), indicating some level of pre
dictive capability. The RD approach shows moderate to high perfor
mance overall, with CE values ranging from 0.65 to 0.89 and RMSE 
values ranging from 0.18 to 0.10 m3/s.

Examining the performance of different objective functions across 
the different calibration event selection approaches reveals that SD and 
Abs objective functions show a wide range of CE values from 0.26 for SD 
and 0.4 for Abs with MI to 0.90 for both functions with HCM. This high 
variability performance suggests that SD and Abs are highly sensitive to 
the choice of calibration approach. The similar pattern can be detected 
with NSE but with less variability in CE values that range from 0.65 to 
0.88. The three objective functions (NSE-sqrt, Q&P, and IoA) consis
tently show superior performance (CE above 0.85) across different ap
proaches, except for MI approach. The IoA demonstrates the highest 
performance across calibration approaches with CE ranging from 0.73 to 
0.93. The high performance of IoA indicates that it is reliable and 
effective in accurately capturing the peak flow rate magnitude over 
different calibration selection approaches.

Fig. 8.e and 9.e present the calibration results for time to peak flow 
rate. The results show uniformly high performance across all approaches 
and objective functions, each achieving a CE value of 0.99. The results 
show that the RMSE values for time to peak flow rate are consistently 
low across all approaches and objective functions, indicating highly 
accurate prediction of peak flow timing. The highest RMSE value of 9.39 
min, observed for the HCM approach with the SD objective function, is 

Fig. 9. The heatmap visualizes the performance metrics, where each cell’s colour intensity corresponds to the RMSE value, following a gradient from 0 (red) to 1 
(blue), as depicted by the colour bar to the right. The rows of the heatmap represent four distinct calibration event selection approaches: RD, H5, MI, and HCM. The 
columns signify the six objective functions: SD, Abs, NSE, NSE-sqrt, Q&P, and IoA.
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still good given the long events duration. This demonstrates that even 
the highest RMSE values reflect strong predictive accuracy. This 
outstanding performance is also maintained in the validation results 
(Fig. 8.f and 9.f), where all combinations achieve CE value of 0.99 and 
RMSE values range from 8.73 to 3.32 min. These validation results 
further confirm the model’s robustness and reliability in accurately 
simulating peak flow rate timing. This consistently good performance 
suggests that the SWMM model is highly effective at predicting the time 
to peak flow rate, regardless of the calibration event selection approach 
or objective function used. Also, this shows that the time to peak flow 
rate is less sensitive to the choice of calibration approach compared to 
other metrics like total volume or peak flow rate. The SWMM model 
robustness in estimating the time to peak can also be detected by the 
narrow range of change in µ* values for time to peak for all events 
(Table S3). This suggests that even with wide changes in parameter 
values, the model’s prediction of the time to peak will remain largely 
unaffected. This narrow change in µ* values indicates that the time to 
peak is not sensitive to changes in the parameters, which indicates that 
the model is accurate in predicting this metric.

The comparison between the model optimisation results (Figs. 5 and 
6) and the model performance (Figs. 8 and 9) reveals that different 
parameter sets can yield good model performance. This outcome is due 
to the inherently nonlinear nature of hydrological systems. In a 
nonlinear system, different parameter sets can interact with model in
puts in complex ways, leading to similar outputs (Kouchi et al., (2017); 
Beven and Binley (1992)). This conclusion aligns with the concept of 
equifinality stated by Beven and Freer (2001), which suggests that 
various parameter sets can effectively simulate catchment characteris
tics. Similar findings have been observed in previous studies, such as 
Kouchi et al. (2017), who used three different optimisation algorithms 
and eight different objective functions to create calibrated parameter 
sets in two watersheds in Iran, Muleta (2012), who evaluated the per
formance of nine objective functions, and Moussa and Chahinian (2009), 
who compared the performance of various single and multi-objective 
functions on a catchment in Southern France.

The results show that RD approach is effective in providing an ac
curate estimation of total volume. The RD approach guarantees that the 
calibration dataset encompasses events with a wide range of precipita
tion magnitudes, which is important as the total volume is related to the 
amount of rainfall during the event. This diversity of light and heavy 
rainfall events allows the model to be calibrated under a wide variety of 
conditions, thereby enhancing its ability to accurately predict total 
runoff volume across different scenarios. For the peak flow rate esti
mation, the H5 approach demonstrates an accurate performance. This 
can be attributed to the fact that peak flow rate is highly sensitive to the 
intensity of rainfall over short durations, as the high intensity can cause 
rapid increases in runoff, which lead to peaks in flow rate. The H5 cri
terion includes a diverse array of peak intensity events in the calibration 
dataset, making the model better prepared to predict peak flow rates 
under various conditions. RD proved to be the most reliable selection 
criteria, offering the best performance for total volume estimation while 
also delivering reasonable accuracy in peak flow rate predictions.

The findings present a strong case for advancing beyond traditional 
objective functions like the SD or NSE. As mentioned in section 1, both 
SD and NSE are highly sensitive to large deviations because they square 
the differences between observed and predicted values, inherently giv
ing disproportionate weights to larger errors. This makes them partic
ularly vulnerable to outliers or significant errors. If a model prediction 
deviates significantly from the observed value, this deviation can 
disproportionately impact the overall score, potentially resulting in 
lower performance metrics. Also, this characteristic makes SD and NSE 
more sensitive to the specific characteristics of the calibration events, 
which are determined by the calibration event selection approach. In 
contrast, NSE-sqrt and IoA are designed to be less sensitive to extreme 
deviations between predicted and observed values. NSE-sqrt achieves 
this through the square root transformation, while IoA uses absolute 

differences. These approaches cause IoA and NSE-sqrt to reduce the 
disproportionate impact of large errors and outliers, which provides a 
balanced evaluation of model performance across the entire data range. 
As a result, NSE-sqrt and IoA demonstrate more consistent performance 
across different calibration event selection approaches.

Based on the discussed results, we can detect that those objective 
functions like NSE-sqrt and IoA, which consider instantaneous mea
surements at each time step, can give a better estimation for total vol
ume and peak flow rate than objective functions that directly target the 
total volume and peak flow rate like Q&P objective function. This 
recommendation may initially seem confusing for some readers, as the 
objective function is typically selected to align closely with the model’s 
primary goals. Consequently, many modellers might assume, albeit 
incorrectly, that optimising the same metric during the calibration 
period will maximize its performance during the validation. However, 
achieving robust simulation performance under varying conditions, re
lies on the accurate representation of underlying processes. Therefore, 
the calibration objective functions should be selected based on their 
ability to extract process-relevant information from the calibration data. 
This discussion underscores the importance of differentiating between 
calibration objective function(s) and modelling objectives.

4.4. Application and limitation

The calibration of urban hydrological models such as SWMM has 
traditionally relied on selecting a limited number of rainfall-runoff 
events based on subjective criteria or expert knowledge. These selec
tions are usually made by event magnitude (e.g., largest events, highest 
peak events), without considering how well they represent key features 
of hydrological events (Kleidorfer et al. 2009; Mourad et al. 2005; 
Broekhuizen et al. 2020). The selection criteria for these approaches are 
often not clear and may not reflect the full range of hydrological vari
ations under different rainfall conditions. In contrast, our work suggests 
a data-driven and replicable method for choosing events, evaluating four 
criteria, RD, H5, MI and HCM, to see how they affect parameter esti
mation. Most studies tend to use traditional SD or NSE metrics when 
selecting objective functions, without taking into account how sensitive 
these metrics are to various event characteristics. Our approach uses six 
objective functions and shows how their performance changes based on 
which events and calibration targets are chosen, showing that model 
performance can significantly change depending on the pairing between 
selection strategy and objective function.

In addition, most existing studies either skip sensitivity analysis, test 
with a small number of events or analyse only a single hydrological 
metric (Niazi et al., 2017). These approaches do not show how param
eters change in different hydrological situations. Our integration of GSA 
using the Morris method, executed through an innovative coupling of 
Mat-SWMM and the SAFE toolbox, shows that parameter sensitivity 
varies substantially across rainfall types and target metrics.

The proposed methodology, combining event selection strategies, 
multi-objective calibration, and global sensitivity analysis, is designed to 
be applicable across a wide range of rainfall conditions, including high- 
intensity storm events. Its structure is inherently flexible and computa
tionally efficient, making it suitable for broader applications in urban 
watershed modelling. We encourage future studies to apply and evaluate 
this framework under more extreme rainfall scenarios to further validate 
its robustness, particularly for flood-focused analyses and stormwater 
infrastructure design.

Although this study is based on rainfall-runoff events from a single 
urban catchment located in a Mediterranean climate, the methodology 
we propose is broadly applicable and not limited by these contextual 
factors. The modelling framework introduced in this study (statistical 
event selection criteria, objective function evaluation, and global 
sensitivity analysis), is designed to be modular and scalable. Each 
component is structured in a way that allows independent adaptation, 
making the overall approach flexible for application across various 
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urban catchment configurations. The event selection strategy is based on 
generalizable statistical criteria, and the multi-objective calibration 
approach can accommodate diverse performance goals. Additionally, 
the integration of open-source Mat-SWMM with SAFE toolbox facilitates 
efficient, automated sensitivity analysis, supporting large-scale simula
tion workflows.

The use of a well-characterized, relatively small residential catch
ment provides a controlled environment to develop and test the meth
odology under realistic urban hydrological conditions. This type of 
catchment is common in many cities globally and has been widely used 
in previous modelling studies (Broekhuizen et al., 2020; Liu et al., 2015; 
Zhu et al., 2019; Tamm et al..2023; Yang et al., 2023; Broekhuizen et al., 
2021). Furthermore, although the selected events represent a diverse 
range of rainfall characteristics, including moderate and prolonged 
events, the proposed methodology is applicable and scalable to high- 
intensity storm events as well. We encourage future research to test 
the framework under more extreme rainfall conditions to further eval
uate its robustness in flood-focused studies.

However, the successful application of this framework to larger and 
more complex urban catchments requires the availability of monitoring 
data. In particular, uniform and reliable runoff measurements and 
rainfall data across multiple locations are crucial to ensure accurate 
calibration and model interpretation. The acquired rainfall data should 
accurately describe the temporal and spatial variability of precipitation 
in the catchment. The available runoff data must have a fine dis
cretisation to allow an exhaustive description of the experimental 
hydrographs and therefore a reliable evaluation of relevant hydrological 
variables, i.e. total volume, peak flow rate and time to peak. While the 
methodology is not inherently limited by catchment size, its effective
ness in more spatially heterogeneous settings will depend on the extent 
and resolution of the input data available. Despite these challenges, the 
core methodology remains applicable and offers a systematic, repro
ducible approach for parameter estimation and sensitivity analysis. 
Future research is encouraged to explore and refine the framework in 
larger-scale applications to assess its performance under more complex 
urban hydrological settings.

5. Conclusion

This study presents a comprehensive analysis of the interaction be
tween calibration event selection criteria and objective functions for 
modelling rainfall-runoff in urban catchment area. Four event selection 
criteria (RD, H5, MI and HCM) and six objective functions (SD, Abs, NSE, 
NSE-sqrt, Q&P and IoA,) were tested.

The research conducts a GSA of SWMM model parameters using 
Morris method, introducing an innovative integration of Mat-SWMM 
and the Sensitivity Analysis for Everybody (SAFE) Toolbox. Using a 
comprehensive dataset of 42 high-resolution rainfall events, this work 
investigates how various rainfall characteristics impact the sensitivity of 
10 uncertain model parameters. The analysis focuses on three hydro
logic metrics: the total runoff volume, the peak flow rate and the time to 
peak flow rate. The results from the GSA showed that the sensitivity of 
model parameters is highly dependent on the characteristics of each 
rainfall event, highlighting considerable differences in parameter in
fluence based on event type. Also, the results reveal that model 
parameter sensitivity varies depending on the target metrics. The anal
ysis identified five influential parameters, which were then optimised 
using a genetic algorithm.

The results show that the RD approach is effective in providing ac
curate estimates of total volume. For the peak flow rate estimation, the 
H5 and HCM approaches demonstrate, instead, an accurate perfor
mance. These findings offer practical guidance for urban hydrologists 
and water managers: the RD method is recommended when accurate 
total volume estimation is prioritized, while H5 and HCM approaches 
are more appropriate for capturing peak flow dynamics.

The findings highlight the limitations of traditional objective 

functions like SD and NSE, which tend to emphasize large errors due to 
squaring differences, making them sensitive to outliers and specific 
calibration event characteristics. In contrast, NSE-sqrt and IoA reduce 
this sensitivity, NSE-sqrt by applying a square root transformation and 
IoA by using absolute differences, resulting in a more balanced evalu
ation of model performance across the dataset. Consequently, NSE-sqrt 
and IoA show more stable performance across various calibration 
event selection approaches.
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