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A B S T R A C T   

The KINematic runoff and EROSion model (version 2; KINEROS2) provides an urban component that is capable 
of modeling urban hydrology including green infrastructure (GI) practices at various scales. The KINEROS2 
model provides 15 parameters that can represent a variety of GI practices. The goal of this study is to understand 
the sensitivity of the KINEROS2 model outputs (infiltration, peak flow, runoff volume, and outflow hydrograph) 
to these 15 parameters, across seven different precipitation events, and at the watershed as well as the parcel 
scale. A global sensitivity analysis (GSA) was performed using the Variogram Analysis of Response Surfaces 
(VARS) framework to produce sensitivity metrics. Results from the time-aggregate GSA indicate that parameter 
sensitivities follow trends based on precipitation intensity and duration. Time-varying GSA indicate sensitivity of 
parameters to hyetograph shape, especially the duration to maximum precipitation intensity. The variation in 
sensitivity is influenced by the peaks and valleys in the precipitation hyetograph.   

1. Introduction 

Green Infrastructure (GI, or low impact development) was pioneered 
by the Department of Environmental Resources of Prince George’s 
County, Maryland, to mitigate the urbanization impact of increasing 
impervious surfaces (County and June, 1999). As opposed to traditional 
stormwater management practices, GI aims to preserve the 
pre-development hydrology using a variety of cost effective on-suite 
design techniques that store, infiltrate, evaporate, and detain runoff. 
In addition to stormwater management benefits, GI practices are being 
used to mitigate a number of other urban issues such as heat island ef-
fects (Li et al., 2014; Norton et al., 2015; Santamouris, 2012; Yang and 
Bou-Zeid, 2019), and air pollution (Abhijith et al., 2017; Bottalico et al., 
2016; Jayasooriya et al., 2017; Ortolani and Vitale, 2016). Factors, such 
as co-benefits, availability of space, public interest, government policies, 
and funding, influence the decision-making process behind the type of 
GI, its design, and implementation (Zhang and Chui, 2018). 

In the context of hydrology, GI is implemented to mitigate flood and 
water quality problems, and for water augmentation (Dietz, 2007). 
Different GI practices can be implemented to achieve different benefits 

(Hopton et al., 2015). For example, retention basins, rain gardens, curb 
cuts, infiltrating chicanes, permeable pavements can help mitigate 
flooding and safeguard water quality, whereas, roof rainwater harvest-
ing can result in water stored for later use. This variety of GI practices 
creates an inherent uncertainty concerning the potential designs and 
implementations in an urban watershed. 

A number of hydrological models have been used to represent urban 
hydrology and GI in order to assist various decision-making processes 
for GI implementation (Zoppou, 2001; Elliot and Trowsdale, 2007; Bach 
et al., 2014; Jayasooriya and Ng, 2014). Without real-world imple-
mentation data, hypothetical modeling scenarios are guilty of using 
best-case or ideal conditions for GI designs without considering the 
implications of uncertainty in terms of GI design parameters on the 
model output. These scenarios may not always inform practical imple-
mentation. Moreover, some design parameters may or may not have any 
influence over the model output. If these design parameters are the basis 
of decision-making, the entire modeling exercise can be irrelevant if the 
parameters show no effect on the model output. 

For the purpose of this study, we focus on the Kinematic Runoff and 
Erosion (KINEROS2) model. KINEROS2 is a spatially distributed, 
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complex, physically based, event driven model that simulates runoff and 
erosion for small watersheds (Smith et al., 1995; Goodrich et al., 2012; 
https://www.tucson.ars.ag.gov/kineros/). Kinematic wave equations 
are used to simulate overland flow over variable width planar or 
curvilinear model elements and concentrated flow in trapezoidal chan-
nels, while the Parlange 3-parameter equation is used to simulate 
infiltration (Parlange et al., 1982). KINEROS2 can be used to simulate 
typical urban configurations using the rectangular Urban element 
(Kennedy et al., 2013; Korgaonkar et al., 2018). The Urban element 
provides a number of overland flow areas that can be used to represent 
small-scale urban characteristics including green infrastructure (Fig. 1). 
These include: (1) directly connected pervious (DCP) area, (2) directly 
connected impervious (DCI) area, (3) indirectly connected impervious 
(ICI) area, (4) connecting pervious (CP) area, (5) non-contributing (NC) 
area, (6) infiltrating retention basin areas (RB_DCP, RB_DCI, and RB_CP), 
(7) street half on to which the aforementioned overland flow areas 
contribute runoff, and (8) a curb cut (CC) area to simulate retention and 
infiltration of runoff flowing down the street. Runoff from ICI can be 
captured in a cistern to simulate roof rainwater harvesting, whereas 
permeable pavements can be simulated by using the DCI or the street 
half components with a constant infiltration rate. For a detailed 
description of the KINEROS2 Urban element, see Korgaonkar et al. 
(2018). A large number of parameters are used in KINEROS2 to repre-
sent various properties and characteristics. The variability in each of 
these parameters is capable of contributing to the uncertainty in the 
model outputs. Prior to the development of the urban component in 
KINEROS2, a global sensitivity analysis (GSA) was conducted to explore 
the relative influences of various parameter uncertainties on simulated 
output used for flash flood forecasting (Yatheendradas et al., 2008). 
Rainfall was determined to be the most sensitive factor, followed by soil 
saturated hydraulic conductivity, soil volumetric rock fraction and soil 
surface roughness. The sensitivity of the model output to soil saturated 
hydraulic conductivity was confirmed by Kennedy et al. (2013), which 
utilized the urban component to simulate a small subdivision in Arizona. 

The assessment of sensitivity of the parameters that represent GI is vital 
in order to have confidence in using KINEROS2 to model GI practices. 

There are a number of methodologies available to conduct sensitivity 
analysis of parameters in the context of earth and environmental system 
models (Norton, 2015, Pianosi et al., 2016; Razavi and Gupta, 2015, 
Saltelli et al., 2008). Out of all the available methods for sensitivity 
analysis, the variance based Sobol method (Sobol’, 1990) and the de-
rivative based Morris method (Morris, 1991) are the most popular 
methods. Razavi and Gupta (2015) conducted a review of all the 
different methodologies and outlined two main issues in sensitivity 
analysis: ambiguous characterization of sensitivity and computational 
cost. In order to address these issues, Razavi and Gupta (2016a, 2016b) 
introduced a theoretical framework for sensitivity analysis called “Var-
iogram Analysis of Response Surfaces” (VARS; Razavi et al., 2019). This 
methodology uses directional variograms and covariograms to charac-
terize the global sensitivity of model response with respect to a model 
parameter varying within the feasible parameter space. VARS is 
computationally efficient, statistically robust, provides stable estimates 
with relatively small number of sampled points, and accounts for spatial 
correlation in model response as parameters are varied. A detailed 
background of the VARS framework can be found in Razavi and Gupta 
(2016a, 2016b). 

In this study, we conduct a GSA using the VARS framework with a 
star-based sampling strategy (STAR-VARS; Razavi and Gupta, 2016b), 
which provides a reliable, low computational cost strategy to estimate 
sensitivity across a range of scales. Our study follows the Performance 
Metric-Free Global Sensitivity Analysis Procedure presented by Gupta 
and Razavi (2018). It can be summarized as follows, with steps 2, 4, 5 
and 6 implemented as part of the VARS-TOOL: (1) Identify the param-
eters of interest and model outputs; (2) Select a representative statistical 
sample of parameter locations using the progressive Latin hypercube 
sampling method (PLHS; Sheikholeslami and Razavi, 2017). These lo-
cations will be the star centers to increase the sample size using the 
STAR sampling strategy; (3) Run the hydrologic model using each set of 
parameters created in Step 2; (4) Construct the Generalized Global 
Sensitivity Matrix (GGSM; Razavi and Gupta, 2019) using each model 
output, parameter sets and the number of time steps to analyze sensi-
tivity analysis results; (5) Conduct the Total-Period Time-Aggregate 
Parameter Importance Analysis to understand the sensitivity of model 
responses to the various parameters; (6) Conduct the Time-Varying 
Parameter Importance Analysis in order to understand the effect of 
parameter variance during various time steps of the model output. 

The temporal nature and complexity of modeling rainfall-runoff 
using KINEROS2 model makes it an ideal model for the use of the 
VARS-TOOL. The total-period time-aggregate parameter importance can 
provide summary statistics regarding overall sensitivity of model re-
sponses to variations in parameters. This is especially helpful to identify 
parameters that can be varied or fixed during model calibration. The 
time-varying parameter importance can be useful to understand how the 
model and its parameters perform at every time-step of the simulation. 
Precipitation serves as the driving input to the KINEROS2 model and due 
to its inherent temporal variability, the time-varying parameter impor-
tance analysis can highlight the relationship between the model 
response and parameters for varying precipitation levels and storm 
hyetograph shapes (i.e. high intensities early/late in the storm). The 
overall goal is to highlight the varying sensitivity of the model responses 
to the various parameters across each timestep of the simulation as well 
as the entire duration. These sensitivity indices are particularly helpful 
in metric-free applications as is the case in this study. 

VARS uses variogram and covariogram functions to generate a 
directional variograms associated with each model parameter. The 
mathematical integration of this directional variogram creates a 
comprehensive set of global sensitivity indices called “Integrated Var-
iograms Across a Range of Scales” or IVARS. Specifically, the IVARS50 
index is the most comprehensive variogram-based index for global 
sensitivity that captures the full range of perturbation scales for the 

Fig. 1. The KINEROS2 Urban element used to represent various flow-on/flow- 
off processes on a single parcel. 
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parameters under consideration (Razavi et al., 2019). 
Using the VARS-TOOL to perform a GSA on the KINEROS2 model, 

our research focuses on answering the following questions: (1) How 
sensitive are the KINEROS2 model outputs to parameters representing 
GI practices? (2) Do different precipitation events influence the sensi-
tivity of the KINEROS2 GI parameters? (3) How does the sensitivity of 
the KINEROS2 GI parameters compare at the watershed scale and at an 
individual parcel scale? (4) Can a GSA on KINEROS2 parameters rep-
resenting GI inform decision-making? 

2. Methods 

The La Terraza subdivision located in Sierra Vista, Arizona (Fig. 2) 
was selected as the study area based on previous research (parameters 
from Kennedy et al., 2013; and validated model from Korgaonkar et al., 
2018). Sierra Vista is located at an elevation of approximately 1300 m, 
and has an average annual precipitation of 360 mm, with an annual 
mean temperature of 17.4 ◦C. The subdivision consists of 66 housing lots 
spanning 14 ha, with an average parcel size of 1780 m2 (standard de-
viation of 265 m2), average roof area of 380 m2 (standard deviation of 
59 m2), and average driveway area of 108 m2 (standard deviation of 43 
m2), with 7.3 m wide asphalt streets. The total watershed area can be 
broken down into 17% roof area, 16% street area and 5% driveway area, 
totaling to 38% impervious area on the watershed. 

Seven observed precipitation events were selected based on their 
intensity, shape, duration and seasonality (Table 1). Names of the event 
are in the YYYYMMDD format. Events 20071130 and 20100121 are 
representative of typical low intensity, long duration events occurring in 

the winter months. Events 20080725 and 20140704 are medium in-
tensity, short duration events representing the summer monsoon months 
in this region. Events 20140826, 20150707, and 20140711 have larger 
return periods. For the purpose of comparison, these events are cate-
gorized as low intensity (20071130, 20100121, 20080725, and 
20140704) and high intensity (20140826, 20150707, and 20140711). 
Note that event 20140711 corresponds to a 200-year, 3-hour event from 
NOAA Atlas 14 point precipitation frequency estimates for the Sierra 
Vista station, and can be considered as an extreme event for the purpose 
of discussion. 

Fifteen parameters, used to represent various green infrastructure 
practices in the KINEROS2 Urban element (Table 2), were selected for 
the analysis. Peak flow, runoff volume, outflow hydrograph at the 
watershed outlet, and infiltration over the entire watershed were 
selected as model responses to test against sensitivity of parameters. Due 
to the lack of physical GI implementations, parameter ranges were 
determined based on available area given the physical characteristics of 
the parcels, literature, and “back-of-the-envelope” values to test the 
maximum range of parameters. Each of these parameters are indepen-
dent of each other and are assumed to be uniformly distributed. This 
assumption is valid as any value specified in the range for any of the 
parameter has an equal probability of occurrence in an actual imple-
mentation scenario. A brief description of each of the fifteen parameters 
and their ranges follows. 

Parameter NC represents fraction of DCP that is disconnected and 
allows isolation and infiltration of all of the precipitation that falls on 
this area. An upper range of 1 was determined as NC can be the entire 
pervious area represented by DCP. HCD and HCS represent permeable 
pavements on driveways and streets, respectively, and the range of 
0–500 mm/h was selected based on infiltration rates reported in Selbig 
and Buer (2018). HFRAC represents the fraction of roof area that con-
tributes to a cistern, whose volume is represented by parameter HARV. 
HFRAC range was determined to be 0 to 1, since it is possible for the 
entire roof to contribute to a cistern. A range of 0–40 m3 was determined 
for HARV based on commercially available cistern sizes. 

Parameters RB_DCP, RB_CP, and RB_DCI represent fractions of parcel 
pervious areas converted to retention basins, and VOL_DCP, VOL_CP, 
and VOL_DCI represent the retention capacities of these basins. HCB 
represents the saturated hydraulic conductivity of the retention basins 
and its range was selected based on hydraulic conductivities repre-
senting various materials from impervious surfaces (0 mm/h) to sand 
(210 mm/h; Rawls et al., 1982). Parameter ranges for RB_DCP, RB_CP, 
and RB_DCI were selected as 0 to 1 because the entire available area 
from DCP, CP or DCI can be converted into a retention basin. Since 
available area for basins can be limited, the depth determines the vol-
umes for each of these basins. A range of 0–50 m3 was selected for the 
volume parameters as depth of basins can be highly variable based on 
the available area. 

CC represents the fraction of the street area converted to a retention 
basin, with a parameter range of 0–0.5, keeping in mind right-of-way 
restrictions on streets allowing traffic movement. VOL_CC and HCC 
represent the retention basin capacity and saturated hydraulic conduc-
tivity, respectively. The ranges of HCC and VOL_CC were determined 
similar to the ranges of the aforementioned parameters, HCB and those 
representing on-parcel retention basins, respectively. 

In addition to the watershed scale, sensitivity of the KINEROS2 GI 
parameters were also tested against the aforementioned model re-
sponses for a single representative parcel (PID 65; Fig. 2). Due to the 
small size of the watershed, and the relative homogeneity of the di-
mensions of the various parcels, construction of houses and landscaping, 
PID 65 was considered a suitable candidate to represent the remaining 
parcels. PID 65 has a parcel area of 1700 m2, with a roof area of 420 m2, 
and driveway area of 101 m2. These values are within one standard 
deviation of the aforementioned mean values for the entire watershed. 
The only exception to the homogeneity of the parcels would be the 
“corner” parcels that have irregular or triangular shapes (Fig. 2). 

Fig. 2. Sixty-six parcels of the La Terraza Subdivision in Sierra Vista, AZ used 
for the GSA. Outflow from parcels 28, 64, and 39 is combined to represent the 
watershed outlet. Parcel ID 65 is used as a representative parcel for single 
parcel analysis. 
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Additionally, PID 65 is a flow-initiating parcel and provides a good ex-
amination of water balance, without any incoming upstream flow. 

The AGWA Urban tool was used to setup the KINEROS2 model using 
geospatial data as discussed in Korgaonkar et al. (2018). This configu-
ration acts as a template for use in the numerous simulations as part of 
the GSA. Next, The VARS-TOOL was setup to run a time-aggregate 
analysis using infiltration, peak flow and runoff volume, as well as a 
time-varying analysis using the output hydrograph. In both cases, the 
first step was to generate sets of KINEROS2 GI parameters using the 
STAR-VARS sampling strategy in VARS. VARS was run with 100 star 
centers and a sampling resolution of 0.1 (step size equal to 10% of the 
parameter range) for the parameter space in Table 2. Razavi and Gupta 
(2016a, 2016b) and Razavi et al. (2019) recommend a smaller value of 
h, typically 0.1, to prevent degradation of the “constant mean assump-
tion” that is possible at larger scales. The sampling resolution of reso-
lution of 0.1 is the distance between the location of the pairs of points in 
the parameter space, and ensures that no parameter ranges are excluded 
from the sampling process. Additionally, Razavi and Gupta (2016b) also 
discussed the robustness and probability of failure based on the number 
of model evaluations. Their results indicated a success rate of 100% for 
star centers as low as 35. Considering the computational power avail-
able, we decided to use 100 star centers to generate 13,600 parameter 
sets, which we felt would effectively capture the variability in the 
parameter space. The VARS-TOOL automatically rescaled the parameter 
ranges between zero and one. The output from this step resulted in 13, 
600 parameter sets that were used to create and execute the KINEROS2 
simulations. Results were compiled into total infiltration, peak flow, and 
volume, and output hydrographs for both, the entire watershed as well 
PID 65, to serve as input to the VARS tool, which generates and analyzes 
the GGCM. Finally, results were compiled using the IVARS50 index. Eq. 
(1) was used to calculate relative sensitivity for each parameter (i) using 

the IVARS50 metric. 

Relative Sensitivityi =
IVARSi

∑15
i=1IVARSi

(1) 

Note that the magnitude of the sensitivity is not featured in the re-
sults; instead, we focus on the relative sensitivity of the parameters. 

3. Results 

3.1. Time-aggregate GSA 

The time-aggregate relative sensitivity was computed for simulated 
infiltration (Fig. 3, subplot a), peak flow (subplot b) and total volume 
(subplot c) at the outlet of the watershed (left) and from PID 65 (right), 
for all 15 parameters and for 7 precipitation events. Precipitation events 
are arranged in increasing order of maximum intensity from left to right. 
Note the similar trends in parameter sensitivity for the lower intensity 
events as compared to the higher intensity events. In general, parame-
ters NC, HCD, RB_DCI, and VOL_DCI were the least sensitive parameters 
for all model responses across all events. Parameters with relative 
sensitivity of less than 0.05 were grouped together under the category 
“Other”. 

3.1.1. Infiltration 
In general, roof runoff harvesting parameters, HFRAC and HARV, 

influence infiltration at both scales, with dominant sensitivity for the 
low intensity events (Fig. 3, subplot a). Parameter HFRAC controls the 
surface area of the roof that contributes water into the cistern, whose 
size is determined by parameter HARV. Both these parameters influence 
the amount of precipitation that is intercepted before it is available for 
infiltration on the ground. 

For the low intensity events, HFRAC is the most sensitive parameter, 
with HARV and HCB showing sensitivity as well. Parameter HARV is 
more sensitive than HCB for the winter events, whereas the reverse is 
true for the summer events. The rainfall volume is distributed over a 
longer duration for winter events. As a result, the cistern is not over-
whelmed in a short amount of time, as is the case for the short duration 
high intensity summer events. 

For the high intensity events, HCB is the dominant parameter 
affecting infiltration for both, the entire watershed and PID 65. Addi-
tionally, parameters RB_CP, RB_DCP and CC also have relative sensi-
tivity greater than 0.05. These parameters control the surface area of the 
retention basins, thereby the area available for the water to collect and 
infiltrate. Parameter HCB represents the saturated hydraulic conduc-
tivity of the three retention basins on the parcels. It is expected that the 
parameter that influences the infiltration rate would influence the 
amount of water that infiltrates into the ground. 

3.1.2. Peak flow 
In the case of peak flow (Fig. 3, subplot b), there is a distinct dif-

ference between the parameter sensitivity at the watershed scale and 
PID 65. At the watershed scale for low intensity events, CC is the most 
sensitive parameter, followed by HCS and VOL_CC. All three of these 
parameters control GI practices on the street. CC controls the surface 

Table 1 
Summary of the seven precipitation events used in the GSA. Names of the event are in the YYYYMMDD format. Hyetographs are presented in Fig. 4.  

Name Maximum Intensity (mm/hr) Depth (mm) Total 
Volume (m3) 

Duration (hours) Date NOAA Atlas 14 Equivalent 

20071130 15 26 3756 9 November 30th, 2007 1 yr, 6 h 
20100121 15 41 5874 18 January 21st, 2010 1 yr, 24 h 
20080725 38 10 1460 1 July 25th, 2008 1yr, 1 h 
20140704 61 14 1922 2.3 July 4th, 2014 1 yr, 1 h 
20140826 152 34 4806 1 August 26th, 2014 5 yr, 1 h 
20150707 160 40 5554 1 July 7th, 2015 10 yr, 1 h 
20140711 251 83 11,641 3 July 11th, 2014 200 yr, 3 h  

Table 2 
Description and range of the fifteen KINEROS2 GI parameters used in the GSA.  

Parameter Range Description 

NC 0–0.99 Non-contributing (NC) Area representing total 
disconnection (Fraction of DCP) 

HCD 0–500 Saturated Hydraulic Conductivity of the Driveway (DCI) to 
simulate permeable pavement (mm/hr) 

HCS 0–500 Saturated Hydraulic Conductivity of the Street half to 
simulate permeable pavement (mm/hr) 

HFRAC 0–0.99 Fraction of Roof Area (ICI) that drains into the tank/cistern 
HARV 0–40 Maximum Tank/Cistern Volume for roof runoff capture from 

ICI (m3) 
RB_CP 0–0.99 Fraction of CP converted to a retention basin 
VOL_CP 0–50 Volume of Retention Basin on CP (m3) 
RB_DCP 0–0.99 Fraction of DCP converted to a retention basin 
VOL_DCP 0–50 Volume of Retention Basin on DCP (m3) 
RB_DCI 0–0.99 Fraction of DCI converted to a retention basin 
VOL_DCI 0–50 Volume of Retention Basin on DCI (m3) 
HCB 0–210 Saturated Hydraulic Conductivity of the Retention Basins on 

CP, DCP or DCI (mm/hr) 
CC 0–0.50 Fraction of Street half converted to an On-Street basin 
VOL_CC 0–50 Volume of the On-street Basin (CC) (m3) 
HCC 0–210 Saturated Hydraulic Conductivity of the On-street Basin 

(mm/hr)  
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area of the curb cut retention basin, VOL_CC is the total retention vol-
ume available, and HCS controls the infiltration rate if the street was 
pervious. On the other hand, for PID 65, HCS is the most dominant 
parameter, with the relative parameter sensitivity varying by event. The 
parameter sensitivity can be ranked as HCB > VOL_CP > VOL_DCP for 
the winter events, HCB > VOL_DCP > VOL_CP for 20080725, and CC >
VOL_DCP > VOL_CP for 20140704. In each of these cases, the available 
volume of the retention basins influences the peak flow downstream at 
the watershed outlet. 

For the high intensity events at the watershed scale, HCB sensitivity 
increases with increase in event size. Retention basin volume parameters 
have sensitivity ranked as VOL_CC > VOL_DCP > VOL_CP. However, at 
the PID 65 scale, VOL_DCP is more sensitive than HCB, except for event 
20150707, and VOL_CP is the third most sensitive parameter. For these 

larger events, the parameters controlling the retention capacity of the 
basins as well as the hydraulic conductivity influence the peak flow. 

3.1.3. Volume 
Runoff volume (Fig. 3, subplot c) is sensitive to street GI parameters 

(CC, VOL_CC, and HCS) for low intensity events, with the addition of 
retention basin parameters (HCB, VOL_DCP, and VOL_CP) for high in-
tensity events. 

At the watershed scale, parameter sensitivity to output volume can 
be ranked as HCS > CC > VOL_CC for the low intensity winter events, 
and as CC > HCS > VOL_CC for the summer events. For PID 65, CC is the 
dominant parameter, with HCS and VOL_CC, both have relative sensi-
tivity greater than 0.05. Runoff volume is most sensitive to street GI 
parameters at both scales for low intensity events. 

Fig. 3. Time-aggregate, variogram-based (IVARS50 or total-variogram effect), sensitivity metrics for the watershed (left) and Parcel ID 65 (right). Relative sensitivity 
of a parameter is the ratio of its respective sensitivity to the sum of the sensitivity metrics for all 15 parameters. Plot (a) shows results for Infiltration. Plot (b) shows 
results for Peak Flow. Plot (c) shows results for Runoff Volume. Note that precipitation intensity increases from left to right for each scale. Parameters with sensitivity 
less than 0.05 have been grouped together in category “Other”. 
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For the high intensity events, retention basin parameters show 
relative sensitivity in addition to the street practices. HCB sensitivity 
increases with increase in event size, whereas, VOL_CC and CC show a 
decreasing trend. VOL_DCP and VOL_CP, both have similar relative 
sensitivity across the high intensity events. We can also see a higher 
sensitivity of parameter HCS at the watershed scale as compared to PID 
65, possibly due to the cumulative effect of the street area across the 
watershed. 

3.2. Time-varying GSA 

Time-varying results of the relative sensitivity were derived using the 
IVARS50 metric for outflow hydrographs, for the entire watershed (left), 
and PID 65 (right), for each of the seven precipitation events (Fig. 4). 
Note that the maximum intensity of precipitation increases from top to 
bottom. In general, the variation in sensitivity of the parameters is 
smoother for the watershed hydrographs as compared to those for PID 
65. Parameters display more sensitivity at the parcel scale, where the 
time of concentration is less compared to the watershed scale, i.e. the 
time between precipitation falling on the parcel and runoff leaving the 
parcel. As a result, parameters show more sensitivity to variation in 
precipitation at the parcel scale. Additionally, variations in sensitivity 
for a given parameter consistently follow abrupt changes in precipita-
tion rate. 

For the low intensity events (Fig. 4, subplots a, b, c, and d), HCS, CC, 
and VOL_CC are the only three parameters that display relative sensi-
tivity. For winter events (Fig. 4, subplots a, and b) where the hyetograph 
peaks after almost 5 hours, parameters HCS and CC mirror each other, 
where one increases while the other decreases, and vice versa. This can 
be attributed to the fact that HCS and CC are the only two parameters 
displaying sensitivity and the mirroring is due to the normalization of 
the sensitivity results. At the watershed scale, HCS has relatively higher 
sensitivity throughout both events, except at maximum precipitation 
intensity, where CC is more sensitive. On the other hand, for PID 65, CC 
is more sensitive with smoother variations as compared to HCS, whose 
sensitivity varies significantly with peaks and valleys in precipitation 
intensity. A third parameter, CC_VOL, shows relatively smaller sensi-
tivity and is visible later in the event at both scales. 

Summer events 20080725 and 20140704 are similar in maximum 
intensity (Fig. 4, subplots c, and d, respectively), but differ in shape, 
where the maximum intensity is at the beginning of the event 20080725 
and the latter has maximum intensity towards the end of the event. At 
the watershed scale, Parameter CC is more sensitive than HCS and 
VOL_CC for 20080725. In contrast, for the 20140704 event, the sensi-
tivity of CC shows a decreasing trend, while HCS keeps increasing. The 
two parameters crossover each other at around the 45-min mark, where 
the hyetograph displays intensities less than 10 mm/h. Note that 
VOL_CC, increases in relative sensitivity, after the peak precipitation 
intensity in both cases. At the parcel scale, CC is dominantly sensitive as 
compared to HCS and VOL_CC for event 20080725. This dominance is 
also visible for event 20140704, but only during the first 30 min of high 
intensity in the event. 

High intensity event 20140826 (Fig. 4, subplot e) has peak intensity 
at the beginning of the event, whereas event 20150707 (Fig. 4, subplot f) 
has maximum intensity towards the end of the event. Both events have 
similar durations and maximum intensities. Parameters CC, VOL_CC, 
and VOL_DCP compete as most sensitive parameters at different time 
steps of the hyetograph. CC starts as a dominant parameter with a 
decreasing trend. Both, VOL_CC and VOL_DCP increase in sensitivity as 
the event progresses, with the latter showing more sensitivity later in 
20150707 event. Other parameters, such as, RB_DCP, HCB, and CC, each 
have less than 0.2 relative sensitivity and are visible after the precipi-
tation subsides. Parameters HCC and HCS are also sensitive (less than 
0.2), especially in the early time steps of the hyetograph. For the extreme 
event 20140711 (Fig. 4, subplot g), sensitivity of parameter CC drops off 
rapidly with increase in intensity of the event. At the same time, we can 

see a sharp increase in sensitivity of VOL_CC. As the event further sub-
sides, parameter HCB becomes the most sensitive parameter, followed 
by HCS. This pattern is seen at both, the watershed as well as the parcel 
scale. 

4. Discussion 

A GSA is able to test how model responses change when model pa-
rameters are changed, thereby revealing the parameters that have the 
most influence on the model response. One of the key insights from this 
GSA would be that different model responses can show different sensi-
tivities for different parameters. In other words, not all parameters may 
be relevant for a particular model response. Additionally, parameters 
display varying sensitivities at various time steps of the model simula-
tion. Due to this, it is vital to determine the model responses the are most 
important and relevant before any modeling exercise is conducted. This 
will enable the modeler to identify which parameters require more 
attention in terms of parameter ranges, data collection and evaluation of 
model predictions. As the complexity of a model increases, the number 
of model parameters likewise, typically increases. It may not necessarily 
indicate that all of these parameters are essential or required in the 
model. The GSA reveals interesting parameter behaviors in terms of 
relative sensitivity of parameters, relationship to different precipitation 
events, as well as scale; each of these aspects are discussed in the sub-
sections below. 

4.1. How sensitive are the KINEROS2 model outputs to various 
parameters representing GI practices? 

Parameters representing some GI practices do influence KINEROS2 
output more than the others do. This is evident from the influence of roof 
rainwater harvesting parameters (HFRAC and HARV) on infiltration, 
permeable pavement parameter (HCS), on-parcel retention basin pa-
rameters (HCB, RB_DCP, VOL_DCP, RB_CP, and VOL_CP) and curb cut 
retention basin parameters (CC and VOL_CC) on peak flow and volume. 
Roof rainwater harvesting parameters are responsible for intercepting 
precipitation falling on 17% of the total watershed area. Lower HFRAC 
and HARV values would contribute more runoff to CP and subsequently 
RB_CP for infiltration (and vice versa), thus explaining the higher 
sensitivity for the infiltration output of the model. On-parcel retention 
basin parameters try to capture the runoff from 22% (roof and driveway) 
of the impervious area, as well as the total pervious area of the water-
shed showing significant influence on model outputs. Similarly, curb cut 
retention basins cater to 16% of the total watershed with high 
connectedness and their respective parameters show high relative 
sensitivity. 

On the other hand, certain parameters (NC, HCD, RB_DCI, and 
VOL_DCI) had minimum relative influence on the model outputs. NC 
represents fraction of the pervious area that is completely disconnected, 
and does not intercept any runoff from any impervious area. If NC were 
to represent disconnection from impervious areas, we can envision a 
larger influence on the model outputs. Driveways constitute only 5% of 
the total watershed area, and thus parameters representing permeable 
driveways (HCD, RB_DCI, and VOL_DCI) show relatively low sensitivity. 

4.2. Do different precipitation events influence the sensitivity of the 
KINEROS2 GI parameters? 

Relative sensitivity of the parameters follows certain patterns as far 
as the precipitation events are concerned. For the infiltration output, 
sensitivity of the parameters for low intensity events follow the same 
trend as the depth of the precipitation event. This is particularly evident 
from the increasing sensitivity of parameter HARV with increase in 
precipitation depth from event 20080725 to 20100121. 

There is a visible trend for the low intensity events, and another for 
the high intensity events. Specifically, the retention basin parameters 
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Fig. 4. Time-varying, variogram-based (IVARS50 or total-variogram effect), sensitivity metrics for the watershed (left) and Parcel ID 65 (right). Note the variable 
range of precipitation intensity scale as storm size increases from top to bottom (right vertical axis). Insensitive parameters have been hidden for better visual clarity. 
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show higher relative sensitivity for the high intensity events. Addition-
ally, the long-duration, winter events (20071130 and 20100121) have 
similar relative sensitivity patterns that differ from the short-duration, 
low intensity summer events (20080725 and 20140826). The largest 
event (20140704) displays different sensitivity trends as compared to 
the remaining two high intensity events (20140826 and 20150707), 
indicating that higher intensity and larger total volume of an event can 
impact the sensitivity of model results to the parameters. 

The shape of the precipitation event also has an impact on the 
parameter sensitivity to model responses, and is more evident in the 
time-varying GSA results. For the high intensity events, the sensitivity of 
many parameters increases after the maximum precipitation intensity. If 
we consider the winter events, the variation in sensitivity of the pa-
rameters is smoother, except at precipitation intensity peaks in the 
hyetograph. Comparing events 20080725 and 20140704, the sensitivity 
of VOL_DCP, shows a distinctive trend. The sensitivity of VOL_DCP in-
creases after the maximum precipitation intensity for 20140704, 
whereas, its sensitivity is higher just before the maximum precipitation 
intensity for 20080826. Since VOL_DCP directly relates to the capacity 
of one of the retention basins, it appears that the amount of cumulative 
precipitation volume has an effect on its sensitivity. 

4.3. How does the sensitivity of the KINEROS2 GI parameters compare at 
the watershed scale and at an individual parcel scale? 

The time of concentration is less at the parcel scale as compared to 
the watershed scale. As a result, we can see certain differences in 
parameter sensitivity at these scales. The most prominent difference is 
for the time-aggregate GSA results for peak flow for the low intensity 
events. HCS is most sensitivity at the parcel scale, whereas, CC is 
dominant at the watershed scale. For the high intensity events, param-
eters for street GI practices have minimum sensitivity at the parcel scale. 
From the time-varying GSA results, it is evident that sensitivity has more 
variations in slope at the parcel scale as compared to the watershed 
scale. This can be attributed, once again, to the time of concentration. At 
the watershed scale, it takes rainfall considerably longer to reach the 
outlet. On the other hand, the path followed by rainfall to reach the 
outlet of the parcel is considerably shorter, and hence the time of con-
centration is small as well. At the parcel scale, the effects of the pa-
rameters are relatively quicker as compared to the watershed scale, 
where aggregation effects from multiple parcels dampen the sensitivity 
trends. In an influent environment, where watershed runoff response, 
and runoff to rainfall ratios decrease with increasing drainage area, the 
watershed acts as an attenuating filter where input variability becomes 
dampened. This is evident from the smoother variation in sensitivity at 
the watershed scale as compared to the parcel scale. Additionally, peaks 
and valleys in the hyetograph have a more dramatic effect on the 
sensitivity of the parameters at the parcel scale. 

In terms of the time-aggregate infiltration and volume results, there 
are no noticeable differences when comparing the two scales and results 
follow similar trends at both scales. This observation and the differences 
in peak flow results at the two scales can be attributed to the cumulative 
effects of connectedness in the watershed, which is absent at the parcel 
scale. 

4.4. Can a GSA on KINEROS2 parameters representing GI inform 
decision-making? 

There are two perspectives concerning decision-making based on a 
GSA on parameters representing GI. The first represents a hydrologic 
modeler’s perspective to utilize GSA results when representing water-
sheds using KINEROS2. The second represents stakeholders designing 
and implementing GI based on these GSA results. 

A hydrologic modeler would use GSA results to determine parame-
ters that should be represented accurately in the KINEROS2 model. More 
effort would be spent in field measurements in order to represent these 

GI practices accurately. In the absence of field measurements, the 
modeler would undertake a sensitivity analysis and model calibration to 
ensure model reliability in simulating results. For example, development 
has been shown to cause soil compaction decreasing infiltration (Greg-
ory et al., 2006; Kennedy et al., 2013) which could affect the parameters 
HCB and HCC. If the modeler estimated these parameters based on soil 
texture, without compaction, the effectiveness of these GI practices 
could be over-estimated. Additionally, the modeler can simplify the 
model representation process by identifying parameters that do not 
display relative sensitivity. For these parameters, simple assumptions for 
values can be made, knowing that their influence on model output is 
minimal. 

Based on the GSA results, the KINEROS2 model can be useful to 
model scenarios that involve on-street GI practices (represented by pa-
rameters CC, VOL_CC and HCC) such as permeable streets, curb cut 
retention basins and infiltrating chicanes, and on-parcel GI practices 
such as retention basins and rain gardens (represented by parameters 
RB_CP, VOL_CP, RB_DCP, VOL_DCP and HCB), as well as roof runoff 
harvesting (represented by parameters HFRAC and HARV). Model out-
puts show a higher sensitivity to the parameters that represent these 
practices (Fig. 3). As a result, the effect of the model implementation 
focusing on these parameters will have a more direct impact on total 
infiltration, and runoff volume and peak flow at the outlet of the 
watershed and for a single parcel. 

From stakeholders’ perspectives, it would be valuable to know the 
dominant GI parameters that they can control and modify during 
implementation, as well as a more realistic estimate of costs. For 
example, a homeowner may not be able to control the fraction of roof 
area contributing to a cistern. However, they can control the size of the 
cistern that captures roof runoff thereby influencing the amount of 
rainwater infiltrating on their parcel (Fig. 3, subplot a). Similarly, in the 
case of retention basins, the area of the basin is largely dependent on 
available space, and the hydraulic conductivity is largely dependent on 
the underlying soil; but the depth of the basin can be modified with 
excavation at the time of implementation, and the hydraulic conduc-
tivity (HCB) can be preserved with maintenance over time. Runoff 
volume and peak flow are sensitive to the depth of the basin as 
controlled by the VOL_CP and VOL_DCP parameters. These parameters, 
along with HCB are shown to have considerable influence on model 
response (Fig. 3, subplots b and c, respectively). Based on the GSA re-
sults, the modeler should recommend that stakeholders focus on 
permeable pavements (represented by parameter HCS) and on-street 
basins (represented by parameters CC, HCC and VOL_CC) for down-
stream flood mitigation, as these were the most sensitive parameters 
influencing runoff volume and peak flow (Fig. 3, subplot b and c, 
respectively). Any change in the values of these parameters will be re-
flected in the model output, thereby allowing a better understanding of 
the efficacy of implementation of these GI practices. 

Many GI practices are retrofitted based on available infrastructure. 
For example, curb cuts divert water into basins that are dug out in 
existing areas alongside the streets, or infiltrating chicanes are created 
on streets based on available area after considering right-of-way re-
quirements. Additionally, practices such as green roofs and roof rain-
water harvesting are dependent on the available roof area. In these 
cases, the available area alongside the street, or on the street, as well as 
roof areas act as decision-making factors. Modeling scenarios are uti-
lized to gage the impact and effectiveness of various GI implementa-
tions. If a certain parameter in the model is directly related to one of 
these decision-making factors, the GSA can inform whether a change in 
the value of this parameter can translate to real-world implications 
based on the model output (Wagener and Pianosi, 2019). In our analysis, 
parameter NC had no impact on the model outputs. If GI scenarios were 
designed around disconnection, the modeling exercise in KINEROS2 
would be completely futile and would provide no new information to 
support disconnection designs. 
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5. Conclusions 

The sensitivity of KINEROS2 model outputs (infiltration, peak flow, 
runoff volume, and outflow hydrograph) to parameters representing GI 
practices was tested by performing a Global Sensitivity Analysis (GSA) 
using the VARS framework with a star-based sampling strategy (STAR- 
VARS). Fifteen parameters in KINEROS2, representing different GI 
practices, were tested using the IVARS50 metric. The AGWA Urban tool 
was used to setup the KINEROS2 model to simulate 66 parcels in the La 
Terraza subdivision in Sierra Vista, AZ. Seven different precipitation 
events, varying in maximum intensity, duration, shape and seasonality, 
were used to compare sensitivities across events. Results were compiled 
at the watershed scale as well as a single parcel. Key results are sum-
marized as follows:  

(1) Parameters representing on-parcel retention basins (hydraulic 
conductivity, surface area and volume of basin) have strong in-
fluence on infiltration, peak flow and runoff volume, especially 
for high intensity precipitation events. 

(2) Parameters representing on-street practices (hydraulic conduc-
tivity of permeable pavement, surface area and volume of curb 
cut retention basin) have strong influence on peak flow and 
runoff volume for low intensity precipitation events.  

(3) Roof runoff harvesting parameters (fraction of area contributing 
to cistern, and cistern volume) have a strong influence on infil-
tration for low intensity precipitation events.  

(4) The difference in time of concentration at the parcel scale as 
compared to the watershed scale does play a role for the pa-
rameters influencing model outputs, especially peak flows for low 
intensity events. The variance in sensitivity is much sharper at the 
parcel scale, and smoother at the watershed scale. Additionally, 
for peak flows, hydraulic conductivity of the permeable street is 
dominant at the parcel scale, whereas the parameter controlling 
the size of the on-street retention basin is dominant at the 
watershed scale.  

(5) The type of precipitation events has an influence on the variation 
in sensitivity of parameters. Intensity and duration effects are 
visible in the time-aggregate GSA results, whereas shape effects 
are visible in the time-varying GSA results. 

Sensitivity analysis results report the parameters that have relative 
influence on the KINEROS2 model outputs. Data collection efforts and 
selection of parameters for calibration and validation for scenario 
modeling can be guided based on parameter sensitivity. A parameter 
with higher sensitivity implies the importance of accurate representa-
tion in the model to convey reliable results. In KINEROS2, these pa-
rameters are the hydraulic conductivity of pervious streets, the fraction 
of the street area converted to a curb cut retention basin and its volume, 
as well as on-parcel basins and their hydraulic conductivities, and 
fraction of roof contributing runoff to cisterns and their volumes. These 
parameters translate to roof rainwater harvesting, retention basins and 
permeable streets as GI practices. Our understanding is that if these 
practices are represented accurately in KINEROS2, then the results can 
be useful in guiding GI implementation and decision-making. 

Different hydrological models use different parameters to represent 
GI practices. It is important to understand the sensitivity of model pre-
dictions to the parameters and the uncertainty they can introduce. Not 
all parameters may be important nor have a significant influence on the 
model output. It is important to understand these parameters and the 
impact they might have on the analysis being conducted before any 
modeling exercise. Moreover, the decision-making factors behind the GI 
scenarios should directly translate to the model parameters, and these 
parameters should have some influence on the model outputs that are 
guiding the decisions. If model predictions are highly insensitive to one 
or more parameters, one should consider setting these parameters to a 
default value resulting in a parsimonious model. A GSA can help 

understand some of these concerns and enable a more informed 
modeling exercise to guide decision-making. It is important to under-
stand the assumptions made behind every GSA method, and model 
implementation before its application to an analysis. 
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