
Downloaded from http
by LIB4RI E-RESOUR
on 01 March 2022
Calibration and sensitivity analysis of a novel water flow and pollution model for future

city planning: Future Urban Stormwater Simulation (FUSS)

V. Prodanovic a,*, B. Jamalia, M. Kuller b, Y. Wanga, P. M. Bach b,c, R. A. Colemand, L. Metzelinge,
D. T. McCarthy f, B. Shif and A. Deletic g

a School of Civil and Environmental Engineering, The University of New South Wales, Sydney, NSW 2052, Australia
b Swiss Federal Institute of Aquatic Science & Technology (EAWAG), Überlandstrasse 133, 8600 Dübendorf, Switzerland
c Institute of Environmental Engineering, ETH Zürich, 8093 Zürich, Switzerland
dMelbourne Water Corporation, La Trobe Street, Docklands, VIC 3008, Australia
e Environment Protection Authority, Macleod 3085, Victoria, Australia
f Department of Civil Engineering, Monash University, Wellington Road, Clayton, Victoria 3810, Australia
g School of Civil and Environmental Engineering, Queensland University of Technology, Queensland 4001, Australia
*Corresponding author. E-mail: prodanovic.veljko@gmail.com

© 2022 The Authors Water Science & Technology Vol 85 No 4, 961 doi: 10.2166/wst.2022.046
ABSTRACT

Planning for future urban development and water infrastructure is uncertain due to changing human activities and climate. To quantify these

changes, we need adaptable and fast models that can reliably explore scenarios without requiring extensive data and inputs. While such

models have been recently considered for urban development, they are lacking for stormwater pollution assessment. This work proposes

a novel Future Urban Stormwater Simulation (FUSS) model, utilizing a previously developed urban planning algorithm (UrbanBEATS) to dyna-

mically assess pollution changes in urban catchments. By using minimal input data and adding stochastic point-source pollution to the build-

up/wash-off approach, this study highlights calibration and sensitivity analysis of flow and pollution modules, across the range of common

stormwater pollutants. The results highlight excellent fit to measured values in a continuous rainfall simulation for the flow model, with one

significant calibration parameter. The pollution model was more variable, with TSS, TP and Pb showing high model efficiency, while TN was

predicted well only across event-based assessment. The work further explores the framework for the model application in future pollution

assessment, and points to the future work aiming to developing land-use dependent model parameter sets, to achieve flexibility for model

application across varied urban catchments.
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HIGHLIGHTS

• Model used simple urban form to explore temporalþ spatial flowþ pollution dynamics across catchment.

• Robustþ accurate flow model, effective impervious factor as parameter.

• Flow-correlated pollutants estimated on subdaily time step.

• Total nitrogenþ E. coli predicted acceptably on event-based assessment due to stochastic impact of human activity.

• Potential land-use-based calibrationþ use of pollution model on catchments
INTRODUCTION

In the fast-changing world of today it is becoming increasingly difficult to predict the future pressures on urban water manage-
ment. Highly dynamic and rapid changes in urban form, land-use, and human activities in urban catchments (i.e., city
development), coupled with changing rainfall patterns and intensities, are making it difficult to reliably predict a single

future to determine the most appropriate urban water practices. Rather, there is an ever-changing, wide array of possible scen-
arios (Goonetilleke et al. 2005). While significant work has been done in trying to model future climate change on stormwater
quantity using long historical rainfall records (Nguyen et al. 2020), stormwater pollution prediction has been lacking, due to a

high dependency on uncertain future city planning. Apart from simple mapping tools of potential hazards from diffuse pol-
lution (Mitchell 2005), currently there are no models that can explore the impact of urban planning strategies on water
pollution emissions across multiple spatial and temporal scales.
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The complex nature of future city planning needs to account for a multitude of stakeholders with different priorities, so

tools that are addressing this problem need to be flexible, offering multiple scenarios for pre-set criteria. To accomplish
this in a reasonable time, tools and models need to be fast and usually simplify urban form, while keeping a relatively
high level of model reliability. Recently, a novel tool has been proposed called UrbanBEATS, which utilizes a spatial

urban planning model and abstract urban form characteristics for existing and new areas (Bach et al. 2020). This is done
with high accuracy and limited input data, including readily available maps such as land-use, elevation and population den-
sity. However, while it explores future urban development well, currently it does not offer prediction of stormwater flow and
pollution transport. While water and pollution transport models in urbanized catchments have been either very detailed,

accounting for most processes and requiring significant input data (Mannina & Viviani 2010), or end-of-catchment, ignoring
pollution distributions and changes throughout the catchment (McCarthy et al. 2011). If we want to model the behaviour of
future cities, simplified models are needed that can accurately predict water and pollution transport throughout the catch-

ment spatially and dynamically, without the need for significant input data. While urban drainage tools have been heavily
focused on build-up/wash-off processes (Al Ali et al. 2018; Zhang et al. 2019a), they are often unreliable in urban catchments,
due to significant pollution from varied human activities (Shi et al. 2019), during both dry and wet events.

The aim of this work is to propose a novel Future Urban Stormwater Simulation (FUSS) model, which utilizes a previously
developed urban planning algorithm (UrbanBEATS) to dynamically assess pollution changes in urban catchments. By using
minimal input data and adding stochastic point-source pollution to the traditional build-up/wash-off approach, along with the

conceptual model, this study highlights the calibration and sensitivity analysis of hydrological (flow) and pollution modules
across a range of common stormwater pollutants. The work further explores the use of the model in future urban stormwater
prediction, suggesting possible improvements and development directions.

METHODOLOGY

Study catchment characteristics and monitoring

Flow and pollution models, as part of the Future Urban Stormwater Simulation (FUSS) framework, have been applied and
calibrated in the Dandenong Creek (DC) catchment in Melbourne, Australia. The catchment area is approximately 8,062 ha,
with a mix of residential, commercial, industrial and green spaces. The measurement campaign for model calibration and

validation was conducted at three different sites across the catchment, capturing areas that have dominant residential/com-
mercial (Ringwood – RG), and industrial (Old Joes Creek – OJC) land-use, with the final site at the lowest end of the
catchment (DC) capturing a mixed land-use. Detailed, 6-minute measurements have been conducted for flow (industrial stan-

dard HACH flowmeters with compatible submerged AV probes and American Sigma 900 autosamplers) and rainfall
(Melbourne Water weather station at Heathmont in the middle of the catchment), with five continuous water quality sam-
plings during rain events, between May 2019 and April 2020. To account for point-source pollution due to human activity,

a high density of low-cost sensors and dead-end ultrafiltration (DEUF) samplers were deployed across OJC catchment to col-
lect an average of 160 dry weather events across all pollutants for industrial and 79 events for residential/commercial land-
use. Water quality analysis was conducted for total suspended solids (TSS), total nitrogen (TN), total phosphorous (TP), lead
(Pb) as a representative heavy metal, and Escherichia coli (E. coli) for pathogenic pollutants, using standard methods.

Model characterisation

The FUSS model (including both flow and pollution modules) was designed to couple outputs of the UrbanBEATS tool
(Bach et al. 2020) with the US EPA’s Storm Water Management Model (SWMM) (US EPA 2015). Using land-use, popu-

lation and elevation maps, UrbanBEATS delineated the catchment into 500� 500 m blocks (25 ha). Urban catchment
delineation and its water flow directions were determined by the D8 algorithm (O’Callaghan & Mark 1984); flow
paths are post clean-up, favouring blocks that have water bodies and the neighbours with the lowest elevation. The
urban form, effective percentage of land use, and the calculation of topographic information (including slope, infiltration,

imperviousness, block size and area) were then linked with the simulation tool Stormwater Management Model
(SWMM), which we selected as the simulation engine for the flow and water quality model (Figure 1). The UrbanBEATS’
user-defined blocks were considered as the sub-catchments in SWMM to allow flow to propagate downstream to the

outlet following the continuity equation along with Manning’s equation: ∂d/∂t¼ i-f-q; where i is inflow from precipi-
tation, f is infiltration and q is the overland runoff (evaporation was assumed negligible to reduce input dependency).
Due to the simplified nature of the model, and its need to be fast and robust, pits and pipes were not introduced, instead
om http://iwaponline.com/wst/article-pdf/85/4/961/1014819/wst085040961.pdf
ESOURCES user
022



Figure 1 | Schematic diagram of the conceptual model structure and the modelling procedure.
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the upstream sub-catchment (block B1 in Figure 1) creates runoff onto the virtual copy of the next downstream sub-
catchment (block B2-virtual). These virtual blocks replace the non-existing drainage system, and they retain the original
blocks’ slope and size, but are 100% impervious and do not receive any rainfall or contribute to pollution accumulation

(only transport). To account for disconnected impervious areas, in addition to standard SWMM parameters, sub-catch-
ment depression storage (pervious/impervious), Manning’s coefficient (pervious/impervious) and infiltration rate
(maximum/minimum), effective impervious factor (EIF) was added, which presents a percentage of impervious area

of the block that is directly connected to drainage. This allows the model to dynamically respond to changes in effective
imperviousness of the catchment (which will be altered depending on land-use change resulting from the urban growth
model) and can be readily calibrated for specific case study.

The water quality model used SWMM’s pollution algorithm with linear build-up (B ¼ min (Bmax, KBt)), with maximum
build-up (Bmax) and rate constant (KB) as calibration parameters, and exponential wash-off function (W ¼ KWqNWmB),
with wash-off coefficient (Kw) and exponent (Nw) as calibration parameters (US EPA 2015). The q is the runoff per unit

area and mB is the total mass of pollutant build-up. In addition to the wet-weather flow resulting from the rainfall/runoff pro-
cess, the stormwater quantity and quality models also aim to simulate the dry-weather component coming from accidental
spills, illegal discharges or sewer cross-connections into the stormwater drainage network. The observed flow and pollution
concentrations during dry periods were used to create frequency and intensity (flow and concentration) distributions (log-

normal), which were stochastically sampled to generate daily human-activity point-source input on each ‘real’ sub-catchment
in both flow and pollution models (Figure 1). The distributions were developed for both residential/commercial and industrial
land-uses, assuming undeveloped and green spaces are not contributing point-source pollution (no agricultural land use exists

in the study catchment).
://iwaponline.com/wst/article-pdf/85/4/961/1014819/wst085040961.pdf
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Model evaluation

Calibration and sensitivity analysis of the flow model was done using a Monte-Carlo approach with 10,000 simulations and
Nash-Sutcliffe as a criterium function (NSE). Both calibration (using 8 months of continuous data) and the validation (using

the remaining 3 months) have been performed on all three catchments (DC, RG and OJC), with NSE calculated only across
wet weather events to remove dry weather bias. Relative volume error (RVE) has been used to understand the difference
between model total volume prediction and the measured runoff volume. The pollution model was calibrated on the DC
catchment using 5,000 Monte-Carlo simulations, and Nash-Sutcliffe for model fit estimation. Four pollution sampling runs

(with 48 measurement points) were used for model calibration and one sampling run (with 12 measurements) for model vali-
dation. Due to its stochastic nature, 100 iterations were assessed using the optimal parameter sets (for each pollutant), to
understand model uncertainty.
RESULTS AND DISCUSSION

Flow model

The model sensitivity to a high initial number of flow model parameters was assessed across the DC, RG, and OJC catch-
ments. Table 1 shows that overall, only two parameters were found to be sensitive to model performance. The n_imp is

strongly negatively correlated with model performance, followed by EIF. Both are considered highly sensitive parameters
across all three catchments, with a significantly higher absolute correlation coefficient and lower p-values than the other
five parameters. The importance of Manning’s n for impervious surfaces in the SWMM model has been widely demonstrated

in the existing literature with different study objectives (Ballinas-González et al. 2020). However, n_imp values are similar
across the catchments and show lower sensitivity across the lower range (,0.0075, Figure 2). This was expected since the
model utilizes the entire block width for runoff, which would result in low velocities under higher coefficient values. In

addition, EIF is also an important parameter from the conceptualization of the stormwater network as shown in Dotto
et al. (2012). It varies amongst catchments significantly (Figure 2) due to the diverse drainage layout. For catchments with
large values (even .1, e.g., OJC) it highlights high drainage connectivity and potential for dry weather discharge. Hence,
EIF can be sensitive to future scenarios where land use may change.

The best set of calibration parameter values (Table 2) can provide reliable continuous simulation by producing 0.63,
NSE, 0.76 across long-term calibration (8 months), and 0.57,NSE, 0.84 during validation (4 months) (catchment
dependent). This represents good performance given common interpretations of the NSE in hydrologic model assessment,

especially considering the use of long-term continuous data (Hossain et al. 2019). In addition, the model used a
very fine simulation time step (6 minutes), which was also found to negatively affect NSE performance (Pontes et al.
2016). In our model, the aggregated hourly and daily results are far better when compared with the 6-min outputs (e.g.,

NSE6 min-.1 hour¼ 0.68–0.80 and NSE6 min-.1 day¼ 0.80–0.88 in the calibration period). The model also shows a good esti-
mation of the overall stormwater volumes (across both dry and wet periods, Table 2), with some underprediction in OJC
during calibration (18%), and overprediction in DC during validation (12%). This is likely due to the seasonality of rainfall

patterns in Australia, and measurement uncertainties in OJC.
Table 1 | Spearman rank correlation coefficients and its significance between NSE and calibration parameters for all catchments

Parameter Spearman Correlation Significance Sensitivity classification

Manning’s coef. pervious (n_per) �0.044 to 0.279 0.004–0.429 Insensitive

Manning’s coef. impervious (n_imp) �0.693 to �0.424 ,0.001 Highly sensitive

Depression storage pervious (ds_per) �0.105 to �0.058 0.120–0.294 Insensitive

Depression storage impervious (ds_imp) �0.041 to 0.036 0.330–0.753 Insensitive

Max. infiltration rate (infil_max_rate) 0.001–0.054 0.587–0.841 Insensitive

Min. infiltration rate (infil_min_rate) �0.069 to 0.074 0.047–0.658 Insensitive

Effective impervious factor (EIF) �0.216 to 0.251 ,0.001 Highly sensitive

Note: highly sensitive parameters with both absolute correlation greater than 0.1 and significance smaller than 0.001; sensitive parameters have absolute correlation .0.1 and

significance ,0.1; and the remaining parameters are insensitive.
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Table 2 | Calibrated parameters for DC (Dandenong Creek), RG (Ringwood Golf) and OJC (Old Joes Creek) catchments, with Nash-Sutcliffe
Efficiency (NSE) and the relative volume error (RVE) tests across calibration (8 months) and validation (3 months) periods

DC RG OJC

Model parameters n_imp (–) 0.0043 0.00063 0.0034
EIF (–) 0.50 0.33 1.3

Calibration NSEa 0.76 0.70 0.63
RVEb 0.87% �2.5% 18%

Validation NSEa 0.84 0.66 0.57
RVEb �12% �6.7% �6.1%

Note: The modelled flow is assessed across five-fold calibration, with the standard deviation relatively small, hence not shown; awet weather only; bboth dry and wet weather

considered.

Figure 2 | Scatter plot of highly sensitive parameters in the flow model (n_imp and EIF), showing spatial variability across catchments.
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Figure 3 shows the performance of the observed and modelled hydrographs, across calibration and validation. Although a
few peaks may be over- or underpredicted due to the reduction in spatial resolution through sub-catchment aggregation, the

hydrograph shape and volume are adequately simulated. Overall, even though the rainfall/runoff module is simple and does
not require lengthy estimation of SWMM input data, model performance is comparable with the other studies; for example,
an hourly SWMM model by Mancipe-Munoz et al. (2014) achieves NSE¼ 0.61–0.72 with physical parameters carefully com-

puted from advanced remote sensing techniques; the model performance of EHSMu (Cristiano et al. 2020), an
ecohydrological urban runoff model that considers the soil dynamics, is 0.61–0.72 in terms of NSE at the hourly time step.

Pollution model

General pollution model performance across the calibration was found to be good, with excellent fits for typically particulate

pollutants like TSS, TP and Pb, while TN and E. coli were more challenging. Table 3 highlights calibrated parameter sets for
each pollutant, showing good performance across TSS, TP and Pb over the sample-based NSE assessment of 48 measure-
ments (0.50, 0.61, and 0.48 respectively), and even better performance when event-based assessment is considered (0.86,

0.96, and 0.94 respectively). This suggests accumulation of these pollutants is well represented with a continuous, 6-
minute linear buildup model (see Supplementary material, Figure S1), while pollution transport in the catchment positively
correlates with catchment flow. This is further supported by Figure 4, where 95th percentiles of the 100-fold optimal
://iwaponline.com/wst/article-pdf/85/4/961/1014819/wst085040961.pdf
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Figure 3 | Flow model calibration and validation results across Dandenong Creek (DC) catchment, presented with extracted events.

Table 3 | Calibrated parameter sets for all pollutants tested, with sample- and event-based NSE

NSE Max Buildup (Bmax) Rate constant (KB) Washoff coeff. (Kw) Washoff exp. (Nw)

Pollutant Sample Event Res/Com Industry Res/Com Industry Res/Com Industry Res/Com Industry

TSS 0.50 0.86 25.2 21.4 1.23 0.94 0.85 6.21 1.81 2.90

TN �0.29 0.89 1.04E-1 9.06E-1 9.98E-2 3.05E-3 0.77 3.52 9.53 0.90

TP 0.61 0.96 1.46E-2 1.93E-2 4.79E-3 1.49E-3 0.26 9.11 3.23 2.59

Pb 0.48 0.94 5.28E-4 9.70E-4 2.60E-4 1.62E-4 0.26 5.35 5.79 5.48

E. coli �0.58 �1.81 4497 5049 51.7 54.1 3.12 9.38 9.17 4.29
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parameter simulation (due to model stochasticity) for TSS, TP and Pb follow well most measured data points, with some
measurement peaks underestimated. The trend in model uncertainty due to stochasticity is to flatten the peaks, aiming at

the higher accuracy of event-based prediction. Due to the study catchment size and complexity, it is likely that some
of the poorly estimated peaks (like the second wet weather event) might have been accumulated from the human activity
in the catchment (e.g., construction).

TN concentration calibration showed low NSE values (�0.29) across sample-based calibration, but event-averaged cali-
bration highlighted good model estimates (NSE¼ 0.89, Table 3). The sources of nitrogen in urbanized catchments are
time-varied and, as well as stormwater runoff, may come from point-source polluters such as leaking septic tanks, sewer

cross-connections and emergency sewer overflows, which the time of occurrence stochastic model component cannot accu-
rately predict, but event average is targeted. Hence, when looking at individual measurements in Figure 4, it can be observed
that the start and end of events (intersection between shaded areas) are typically modelled poorly due to significant point-
source, dry weather contribution to the TN pollution (Shi et al. 2019), whose trends could not be predicted by the daily sto-

chastic component of this model. Due to overlapping sources such as TN and higher measurement uncertainty, the model
performance for E. coli was consistently poor (McCarthy et al. 2011), with the highest sample- and event-based NSEs of
�0.58, and �1.81 respectively. While the model seemed to perform well across events 1 and 4 (Figure 4), the sudden
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Figure 4 | Extracted pollution calibration (left) and validation (right) points for TSS, TN, TP, Pb and E. coli. Model area represents 95th
percentiles of 100 stochastic simulations with the optimal parameter set for each pollutant, with average NSE and standard deviation in the
bracket. Inserts represent event-based model fit. Grey/white areas represent different events.

Water Science & Technology Vol 85 No 4, 967

Downloaded from http
by LIB4RI E-RESOUR
on 01 March 2022
spike of E. coli during the second event was not captured, suggesting it might have been a point-source, with model over-com-

pensation during the third event. Hence, the highly dynamic nature of microbial contamination in these urban catchments
could present an issue for reliable model performance.

The validation of pollution model was somewhat lower, with only Pb showing good model fit (NSEmax¼ 0.3). This is likely
due to uncertainty in pollution accumulation and extreme weather patterns in Australia in late 2019 and early 2020 (bushfire

season), when the validation data set was gathered, suggesting further data is needed for better model validation. Generally,
the pollution model was able to follow trends quite accurately even across finer timesteps, with the stochastic component of
the model adding robustness. If further accuracy is required, a better understanding of dry weather pollution trends is

required. However, since the FUSS model does not aim for high accuracy within every wet weather event, but rather to simu-
late long-term catchment pollution, the results across most pollutants (other than E. coli) were found to be satisfactory for
future management scenario assessment.
://iwaponline.com/wst/article-pdf/85/4/961/1014819/wst085040961.pdf
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Framework for the model application in future pollution assessment

The initial testing results of both flow and pollution modules of the novel FUSS model concept showed a promising step
towards application in future urban development assessment. The distributed and temporally adaptable (exploration

across different simulation time-steps) nature of the model allows for flexible interrogation of pollution emissions across
different size catchments. Once calibrated, model results allowed generation of distributed pollution heatmaps (Figure 5),
where flow and accumulation of the pollution can be both visually and numerically assessed for each scenario. However,
the main benefit of the simplified FUSS methodology is that by using UrbanBEATS as a future urban development engine,

which considers how human activity and land-use change in the catchment without any additional input data, FUSS can
create a pollution distribution for a future scenario within seconds (for similarly sized catchments), allowing for multi-scen-
ario future assessment. In addition to human activity change, using future rainfall generated patterns and distributions (Zhang

et al. 2019b), the effect of future climate can also be considered.
To fully achieve modularity and seamless simulation of the effect of future urban development and climate on the pollution

propagation, detailed FUSS model testing is required on ‘pure’ land-use catchments, where residential, commercial, indus-

trial, green (and/or other land-uses) dominate the landscape. This would ensure more reliable land-use-based calibration,
that can be applied to other catchments without prior need for calibration. However, to overcome data scarcity, running
the model uncalibrated (but using pre-calibrated parameter sets) can still reliably show relative pollution changes throughout
the study catchment when changing land-use. Additionally, while this study used 500� 500 m block resolution, finer (200�
200 m) or coarser resolutions could be assessed, depending on the size of the study catchment (Bach et al. 2020).
CONCLUSIONS AND FUTURE WORK

This work highlighted calibration and sensitivity analysis of the new flow and pollution modules as part of the Future Urban
Stormwater Simulation (FUSS) framework, which utilizes a simplified catchment urban form (land-use, population,
elevation) to explore temporal and spatial flow and pollution dynamics for future urban pollution assessment. While the

flow model, with only one significant calibration parameter (EIF), achieved an excellent fit to measured values in a continu-
ous rainfall simulation, the pollution model was more variable. TSS, TP and Pb showed high model efficiency, while TN was
Figure 5 | Total Suspended Solids (TSS) total load heatmap (calibrated model results) for Dandenong Creek catchment, from Apr.19 till
Apr.20.
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predicted well only across event-based assessments. Using the proposed framework, future work will aim to further create

land-use dependent model parameter sets, to achieve flexibility for model application across varied urban catchments. Fur-
thermore, with greater availability of dry weather pollution data, the stochastic component of the pollution model could
be further improved for more accurate intra-event prediction.
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