<]
TUDelft

Delft University of Technology

Time-varying characteristics of saturated hydraulic conductivity in grassed swales based
on the ensemble Kalman filter algorithm

A case study of two long-running swales in Netherlands
Yang, Feikai; Fu, Dafang; Zevenbergen, Chris; Boogaard, Floris C.; Singh, Rajendra Prasad

DOI
10.1016/j.jenvman.2023.119760

Publication date
2023

Document Version
Final published version

Published in
Journal of Environmental Management

Citation (APA)

Yang, F., Fu, D., Zevenbergen, C., Boogaard, F. C., & Singh, R. P. (2023). Time-varying characteristics of
saturated hydraulic conductivity in grassed swales based on the ensemble Kalman filter algorithm: A case
study of two long-running swales in Netherlands. Journal of Environmental Management, 351, Article
119760. https://doi.org/10.1016/j.jenvman.2023.119760

Important note
To cite this publication, please use the final published version (if applicable).
Please check the document version above.

Copyright
Other than for strictly personal use, it is not permitted to download, forward or distribute the text or part of it, without the consent
of the author(s) and/or copyright holder(s), unless the work is under an open content license such as Creative Commons.

Takedown policy
Please contact us and provide details if you believe this document breaches copyrights.
We will remove access to the work immediately and investigate your claim.


https://doi.org/10.1016/j.jenvman.2023.119760
https://doi.org/10.1016/j.jenvman.2023.119760

Green Open Access added to TU Delft Institutional Repository

'You share, we take care!’ - Taverne project

https://www.openaccess.nl/en/you-share-we-take-care

Otherwise as indicated in the copyright section: the publisher
is the copyright holder of this work and the author uses the
Dutch legislation to make this work public.



Journal of Environmental Management 351 (2024) 119760

Contents lists available at ScienceDirect

Joueaa of
Environmental
“Management

Journal of Environmental Management

e 4

ELSEVIER

journal homepage: www.elsevier.com/locate/jenvman

Research article

Time-varying characteristics of saturated hydraulic conductivity in grassed
swales based on the ensemble Kalman filter algorithm —A case study of two
long-running swales in Netherlands

Feikai Yang® b’c’?, Dafang Fu™", Chris Zevenbergen ““, Floris C. Boogaard ’, Rajendra
Prasad Singh "’

& School of Civil Engineering, Southeast University, Nanjing 210096, China

b Southeast University-Monash University Joint Research Centre for Future Cities, Nanjing 210096, China

¢ IHE-Delft Institute for Water Education, P.O. Box 3015, 2611DA Delft, the Netherlands

9 Department of Civil Engineering, Delft University of Technology (TU Delft), Gebouw 23, Stevinweg 1, 2628CN Delft, the Netherlands
€ Research Centre for Built Environment NoorderRuimte, Hanze University of Applied Sciences, 9747 AS Groningen, the Netherlands

{ Deltares, Daltonlaan 600, 3584 BK Utrecht, the Netherlands

ARTICLE INFO ABSTRACT

Handling Editor: Jason Michael Evans Saturated hydraulic conductivity (Ks) of the filler layer in grassed swales are varying in the changing environ-
ment. In most of the hydrological models, K; is assumed as constant or decrease with a clogging factor. However,
the K measured on site cannot be the input of the hydrological model directly. Therefore, in this study, an
Ensemble Kalman Filter (EnKF) based approach was carried out to estimate the K of the whole systems in two
monitored grassed swales at Enschede and Utrecht, the Netherlands. The relationship between K and possible
influencing factors (antecedent dry period, temperature, rainfall, rainfall duration, total rainfall and seasonal
factors) were studied and a Multivariate nonlinear function was established to optimize the hydrological model.
The results revealed that the EnKF method was satisfying in the K, estimation, which showed a notable decrease
after long-term operation, but revealed a recovery in summer and winter. After the addition of Multivariate
nonlinear function of the K; into hydrological model, 63.8% of the predicted results were optimized among the
validation events, and compared with constant K. A sensitivity analysis revealed that the effect of each influ-
encing factors on the K; varies depending on the type of grassed swale. However, these findings require further
investigation and data support.
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in efficiently managing water flow has made them a popular choice
within this context. Saturated hydraulic conductivity (Ks) is the most

1. Introduction

Global warming has led to an increase in the frequency and severity
of extreme weather events, such as floods and droughts (Wu et al., 2022;
Corner, 2022). In response to these challenges, numerous initiatives
have been proposed and implemented. Notably, best management
practices (BMPs) have emerged as a significant approach in the United
States (Fletcher et al., 2015), sustainable urban drainage systems
(SUDSs) in UK (Ellis et al., 2022), water sensitive urban design in
Australia (Xiufeng et al., 2019) and sponge cities in China. Grassed
swales are the most common BMP facilities and widely employed in the
construction of sponge cities due to their excellent water transfer ca-
pabilities (Saracoglu and Kazezyilmaz-Alhan, 2023). Their effectiveness

important parameter to characterize the hydrological effect of grassed
swales (Tarek et al., 2022). The characteristics of the rainfall events
(including intensity, duration and antecedent dry period) and the wa-
tersheds (including land cover, surface area, slope and drainage pat-
terns) combinedly determine the formation of runoff into the grassed
swale (Shafique et al., 2018). The storage capacity of the grassed swales
increases the infiltration and delay the outflow.

Most of the researches on grassed swales and similar facilities in the
past 20 years focused only on the initial K and its value after a long-term
running (Haile et al., 2016; Willard et al., 2017; Kluge et al., 2018). A
bioretention system in Blacksburg, USA, exhibited good runoff and
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infiltration capacity after 7 years of operation (Willard et al., 2017),
while another study of two biofiltration systems which had been oper-
ated for 9 and 14 years in Sweden, became entirely blocked (Al-Rubaei
et al., 2015). These results were different from other similar case studies.
In most of the hydrological models, a long-term monitoring data (rain-
fall, outflow, etc.) were used to calibrate the value of K, but this value
was often an average value from a series of rainfall events, and regards
as constant in the following model prediction (Brown et al., 2013;
Abualfaraj et al.,, 2018). The wildly used SWMM model assume a
‘clogging factor’ that is the total volume of treated runoff which
completely clog the bottom of the layer is divided by the void volume of
the layer and a value of O to ignore clogging (Rossman, 2015). Clogging
is quite common but not all the facilities would be clogged after a
long-term operation (Boogaard, 2022; Kluge et al., 2018; Liu et al.,
2018). Young et al. (2018) found that the K; measured on-site could not
be directly used as input parameters for the model because a single point
value cannot represent the entire system. All these issues increased the
uncertainty in the model predictions. Boogaard (2022) found a way to
make the system fully saturated and the rate of decrease in surface level
was regarded approximately equal to K value, but this approximation
method needs to be established in the case of a regular surface, and the
use of man-made rainfall makes it impossible to become a long-term
plan.

There are many environmental factors that might cause the change
in K;. Soil and grassland types have a significant effect on the peak flow
reduction and drainage performance of grassed swales (Saracoglu and
Kazezyilmaz-Alhan, 2023). Yousef et al. (1987) noted that dense turf can
improve the permeability of soil media. Plant roots are capable to in-
crease the local permeability (Geerling, 2014) and form the upper layer
of soil with higher permeability (Renato et al., 2016). The planting
density and spatial periodicity of plants determine the structure and
hydraulic characteristics of the vegetation layer in the grassed swales
(Irvine and Kim, 2019). Evapotranspiration is a critical factor for the
long-term water balance process of grassed swales which contributes to
the restoration of soil permeability during dry days (Deletic, 2000;
Boogaard, 2022). Cold climate also affects soil the infiltration rate.
Zaqout and Andradottir (2021) found that the peak flow reduction in
winter was three times lower than that in summer. Whereas, some
studies pointing out that due to the preferential flow, the saturated
hydraulic conductivity of granular or porous media under frost condi-
tions may be greater than that of unfrozen soil (Stoeckeler and Weitz-
man, 1960; Lefevre et al., 2009).

The Ensemble Kalman filter method is widely used for the prediction
of soil moisture content (Amol and Raaj, 2018; Lou et al., 2022), runoff
simulation (Fw et al., 2022; Mazrooei and Sankarasubramanian, 2019;
Wang et al., 2018) and assimilation of rainfall, snow and evapotrans-
piration (Girotto et al., 2020; Su et al., 2019; Wei et al., 2018). Jiang
et al. (2019) coupled the EnKF method with HYDRUS-1D software to
effectively estimate the parameters of layered and variable saturated
soils and predict state variables. Akter (2021) used EnKF to estimate the
static parameters (i.e. porosity and permeability) and state variables of
the aquifer, and established a calculation model combining state esti-
mation and parameter calibration, which is used for parameter estima-
tion of nonlinear two-dimensional aquifers. Although the EnKF method
has been applied for the parameter estimation of hydrological models,
however, it is rarely used for the long-term identification of time-varying
parameters.

Therefore, the current study aims to develop a method to calculate
the saturated hydraulic conductivity (Kg) of the whole grassed swale
systems in each rainfall event by coupling the hydrological model with
the Ensemble Kalman filter algorithm using long-term monitoring data
(rainfall, surface water depth (hp), outflow (q), etc.). Multivariate
nonlinear function between Ky and potential influencing factors (ante-
cedent dry period, temperature, rainfall, rainfall duration, total rainfall,
and seasonal factors) was established and a time-varying Ks was used to
optimize the hydrological model. A sensitivity analysis was also carried
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out at the end to discern the differences of impact by influencing factors
between various swales.

2. Material and methods
2.1. Study sites

The two target swales are located in the Netherlands. First one in the
Enschede city, which is the oldest large scale implemented swale system
in Netherlands (exact location, photos and videos can be found on htt
ps://www.climatescan.org/projects/211/detail). The swale carries
runoff from residential roads and rooftops for more than 20 years. This
swale is an approximate rectangular structure, consist of filler layer with
improved soil and the drainage layer with coarse aggregate. The specific
parameters are shown in Table S1. The monitoring period was from May
1999 to May 2002 and November 2020 to October 2021 and the rainfall,
temperature, and surface water level were measured. Another swale is
located in the Utrecht city (exact location, photos and videos can be
found on https://www.climatescan.org/projects/2523/detail). This
swale receives surface runoff from the roads and roundabout nearby and
has been in operation for more than ten years. It is a T-shaped structure
consist of medium coarse sand in both filler layer and drainage layer.
Donkers (2010) and Geerling (2014) monitored and compared the hy-
drological performance of this swale in 2010 and 2014, respectively.
The specific characteristics are shown in Table S2. It was put into
operation in April 2009. In this study, the monitoring period was from
November 2020 to October 2021 and the rainfall, temperature, inflow
rate and outflow rate were measured.

2.2. Hydrological model for grassed swales

A hydrological model was built based on the Darcy’s formula and
water balance equation, which calculates the filler layer and drainage
layer as independent units. It was assumed that the infiltration of the
filler layer is a process of uniform saturation. The initial infiltration and
the emptying stage after rainfall are both unsaturated processes, char-
acterized by unsaturated hydraulic conductivity using van Genuchten
formula (Genuchten and Th, 1980).

=K, (1 + 2—:’) o)

where, f is the infiltration rate, K is the saturated hydraulic conduc-
tivity, Zs is the infiltration length and AP is the pressure difference at
both end of infiltration unit.

1 1\ mq2
0-0,\ 0—0,\"
= r —|1- 4 2
K(9) KS<0570r> {1 (1 (0570) ) } @
where, K(0) is the unsaturated hydraulic conductivity, @ is the water

content, 6, is the residual water content, n is the empirical fitting pa-
rameters or curve shape parameters and m = 1-1/n (Donkers, 2010).

P=Vi, +Vourt+Vover+Vat+Er 3

where, P is the rainfall, V;, is the infiltration volume, V,,, is the outflow
volume, V., is the overflow volume, V, is the detention volume and Ey
is the evapo-transpiration. Evaporation during rainfall was neglected in
this study.

The model was verified by 6 artificial rainfalls in a pilot grassed
swale in Kunshan, China.

2.3. Ensemble Kalman filter algorithm for K assimilation
The ensemble Kalman filtering is a nonlinear filtering algorithm that

combines Monte Carlo and Kalman filtering. It generates an ensemble of
parameters and state variables through random methods to predict the
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model state. The error covariance matrix is updated through the calcu-
late of ensembles, and the mean of the ensemble represents the optimal
estimation of the state. The method contains two parts; prediction and
assimilation update. The key process of Ensemble Kalman filter is to
establish the state transition equation (prediction equation) and obser-
vation equation of the modeled system. The general state transition
equation is as follows:

Xip1 = f(x:,0)+¢€i.e. ~ N(0,Q;) @

where, x;; is the state variables, f is the hydrological model, 0 is the
parameters, ¢; is the model error which obeys the normal distribution.
The observation equation is as follows:

Yisg = h(Xiz1,0)+8i11.6i1 ~ N(O,R;.y) (5)

where, y;,, is the observation vector, k is the conversion relationship
between the state variables and the observed values refers to the hy-
drological model in this study, 8;; is the observation error which obeys
the normal distribution.

The assimilation process of ensemble Kalman filter is as follows:

oy =S (51:0) ! ©
xf+1\i+1:Ki+l (J’ﬁl - h(xf“‘i7 0)) %)
Ve =Vin 05, ®)

where, x¥ ‘1); is the predicted value of kth ensemble at time i + 1, xﬁi is the

update value of the kth ensemble at time i, €¥ is the white noise of the kth
ensemble, y¥ | is the observation of the kth ensemble, 6, , is the obser-
vation error of the kth ensemble, K; ; is the Kalman gain, which rep-
resents the weight relationship between the predicted value and the

observed value, is calculated as follows:

1

Kin=Cly; (C?{uﬁRiH) ©)
1 ul _ B T
ng:ﬁ Z (Fir1i— Fier) <y,<+1‘r yi+l\i) (10)
i=1
vy 1 > 3 3. r
CHw:m Z ()’m\i— Yi+1\i) ()’Hw— }’i+1\i> an
i=1
where, Czl‘ ; is the state variable prediction covariance matrix, Cﬁl‘i is

the predicted error covariance matrix of observed variables, x;,y; is the
ensemble mean of predict state variables, y;,; is the ensemble mean of
predicted values of observed variables, and N is the number of ensem-
bles.

In the current study, the extended state variable matrix Z=(0, x)" was
established by updating the state variables and model parameters
simultaneously. Where, @ is the saturated hydraulic conductivity (K) of
the filler layer; and x is the outflow rate (q) or surface water depth (hy) of
the grassed swale. According to the existing research and the actual
situation in this study, the ensemble number of Ensemble Kalman filter
was set as 500 (Franssen and Kinzelbach, 2009), and standard deviations
of K of the two grassed swales were set to 0.001 (Enschede) and 0.01
(Utrecht) (by experience).

The standard deviation of the model state variable was set by the
percentage method which was set as 5 % in this study (Deng et al.,
2016). Prior to apply the EnKF method to the assimilation of K into
current work, a pseudo experiment was carried out to validate the
feasibility of using EnKF method to estimate the K; in the hydrological
model, and to compare the effect of different observation errors on Kg
estimation results. In the validation process, the ‘true value’ of Ks was a
given sequence, and these sequences were in 4 conditions (constant,
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periodic, periodic and incremental, and jumping) to simulate the
possible trends of K (Deng et al., 2016). A sequence of Ks was put into
the hydrological model, and a sequence of state variables (h,, q) would
be obtained. This sequence was used as the observation variable in
EnKF, and the estimated values of Ky were calculated through EnKF,
which were used to compare with the ‘true value’. For example, at time
t, the initial values of model parameters, state variables, and basic data
such as rainfall were put into the hydrological model, the predicted
values of state variables h, and q at time t+1 could be obtained.
Assumed the number of ensembles as 500, a Monte Carlo method was
used to randomly generate state vector prediction ensembles and
observation variable ensembles based on model error and observation
error. Then, the Kalman gain factor was obtained by calculating the state
variable prediction covariance matrix and the predicted error covari-
ance matrix of observed variables. Thus, the analysis ensemble of model
parameters and state variables at time t+1 could be obtained, with the
mean of the ensemble as the final estimated value. Next, the estimated
value of parameters and state variables were used as model inputs at the
time t+1, and the above process were repeated until the end of rainfall.
The variance levels of observation were set as 0, 5%, and 10% of the
measure range, respectively.

2.4. Multivariate nonlinear model of K;

Various parameters were analyzed for MvNR analysis, including
influencing factors of Ks as x; (antecedent dry period/day), x5 (tem-
perature/°C), x3 (rainfall/mm), x4 (rainfall duration/h), xs (total rain-
fall/mm), and x¢ (seasonal factors). The functional relationship between
K; and each influencing factor can be expressed as fi(x1), fa(x2), f3(x3),
fa(x4), f5(xs) and fg(xe), respectively. When considering six influencing
factors simultaneously, it can be considered that K; is the weighted sum
of six factors, so K can be expressed as:

Y = euf 1 (1) +eaf 5 (x2) +eaf3(x3) +eaf 4 (xa) +esf 5 (xs) (12)
+eqfs(x6)

The data used for MVNR and SCE-UA are listed in Tables S3 and S4,
which included 95 rainfall events from Enschede swale and 58 rainfall
events from Utrecht, and the K; values were obtained by EnKF. A mul-
tiple nonlinear regression analysis was conducted that linear function,
exponential function, power function, logarithmic function and
quadratic polynomial function were selected to express the relationship
between influencing factor and K The influencing factors were the in-
dependent variable and K was the dependent variable and implemented
by SPSS software. The fitting formulas corresponding to the six influ-
encing factors were added to get the final function type.

The SCE-UA (Shiffled Complex Evolution-University of Arizona) al-
gorithm (Duan et al., 1993), which is a global optimization algorithm
commonly used in the field of hydrology, was used to calibrate the co-
efficient of each variable of the obtained K function. When a sequence
of coefficients gets the minimum value of root mean square error (RMSE)
between the calculated and real values (EnKF) of K; for all rainfall events
(objective function), it was considered as the optimal one. The calcu-
lation process of SCE-UA is presented in Fig. S1 (Duan et al., 1993). The
final function of K was brought into the hydrological model for verifi-
cation where 58-rainfall data of Utrecht swale were used. The simulation
total relative error (VE) of the simulated outflow and peak flow were
compared and analyzed between two conditions: K calculated by the
function and K was constant. A sensitivity analysis of the final function
was carried out to analyze the impact of each factor on K changes, and
implemented by SimLab software.

2.5. Evaluating indicators
The Nash Sutcliffe efficiency coefficient (NSE) and the simulation

total relative error (VE) were selected to evaluate the simulation and
assimilation on the outflow and surface water depth of grassed swale.
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Fig. 1. Model simulation of outflow from grassed swale under different rainfall events.
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where, x;,; is the simulation value, x,s; is the observation value, X, is
the average value of observation and = is the sequence length.

The Pearson correlation coefficient (R), root mean square error
(RMSE) and absolute mean relative error (MARE) were used to evaluate
the estimation results of the parameters.

(esim.i - asim) (eobs.i - aobs)

n

R= i=1 (15)
\/(asim,i - Esim)z (aalysj - aubs)z
RMSE= % (Zl (Buimi— aabs,i)2> (16)
- osim.i_ 01) S0
MARE:% 3 |07b""| a7
i—1 obs i

where, O, ; is the estimate value of parameter, 6, ; is the ‘true value’ of

parameter, Oy, is the average estimate value of parameter and ,, is the
average ‘true value’ of parameter.

3. Results and discussion
3.1. Verification of hydrological model

The outflow simulation results are presented in Fig. 1. Excluding the
rainfall event on August 5th, the NSE values were all above 0.9, indi-
cating that the performance of model simulation on outflow of shorter
rainfall duration was not as good as that of longer events. Nonetheless,
the NSE values were all above 0.85. The VE values of the model simu-
lation results range from 0.14% to 17.4%, with relatively large fluctu-
ations. The results also reveal that NSE relates to the consistency
between the simulated and measured trend of outflow, while VE relates
to the total amount of error.

The simulation results of the surface water level and peak flow rates
are presented in Table 1. Overflow time was used to estimate the model
accuracy of the surface water level of the grassed swale. The VE (n = 1)
value were less than 10% in the simulation of overflow time, while the
results of peak flow rate ranged from 3%-26.3%. Above mentioned re-
sults reveal that the model does not perform well in simulating peak flow
rate of a grassed swale.

In general, the simulation model of short-term rainfall is poor,

Table 1
Model simulation of surface water level and peak flow rates of grassed swale
under different rainfall events.

Date Overflow time (min) Peak flow rate (m3/h)
Simulation True VE Simulation True VE
value value value value
2021.8.1 35 35 0 0.213 0.227 6.2%
2021.8.2 25.5 24 6.3%  0.212 0.256 17.2%
2021.8.3 21.5 20 7.5% 0.213 0.237 10.1%
2021.8.5 - - - 0.173 0.137 26.3%
2021.8.6 - - - 0.208 0.202 3.0%
2021.8.10 25 23 8.7%  0.213 0.229 7.0%
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possibly due to the sustained presence of an unsaturated state of the
filler layer after a relatively short period of rainfall. The unsaturated
flow is greatly affected by the initial water content, while a constant
value of initial water content has been used in the verification process,
this emphasizes the importance of initial water content in simulating the
hydrological performance of grassed swale (Rujner et al., 2018a,b).
They have used Mike SHE models to simulate the hydrological perfor-
mance of a grass swale and found the similar results that the best fit (NSE
> 0.8) was obtained for high inflows and wet antecedent moisture
conditions. When the duration of rainfall increases, the simulation result
improves, indicating that the model has a better simulation effect of the
saturated infiltration process. The poor performance in simulating the
peak flow rate may be caused by the changing characteristics of the
saturated hydraulic conductivity, while in the verification process it is
constant.

3.2. K; assimilation of EnKF
3.2.1. Validation of EnKF in K; assimilation
(a) hp as the observation variable (Enschede)

The results on comparison between the estimated values true values
of K under different scenarios when the observation variable was hy, are
presented in Fig. 2. The statistical indicator results are presented in
Table 2. As shown in Fig. 2, the estimated K values obtained through
EnKF are in good agreement with the true values, reflecting the actual
trend of the changes.

In the low variance scenario, the estimated values of K had a smaller
RMSE and a higher R value, possibly because the assimilation results
might be influenced by the magnitude of error uncertainty. It is fact that
the Ks; was constant, the trend of assimilation results was basically
consistent, but the degree of deviation from the true follows the increase
of variance. When K; followed a periodic change or increasing in cycles,
with the increase of variance, although it can still reflect a periodic or
increasing trend, the degree of deviation from the true value was also
increasing. There was a significant lag time between the estimated
values and the true values. The reason might be that in EnKF, the up-
dates of model state variables and parameters are closely related to the
Kalman gain, and their updates depend on the observed values at the
current time. While the measured observed variable values at the cur-
rent time are closely related to the state variables at the current and
previous times. Therefore, lag time is prone to occur when the param-
eters have periodic changes. When K increased by leaps, the estimation
results under different variance conditions were better than those under
periodic changes. Data presented in Table 2 revealed that the K with
constant or jump changes have lower RMSE and MARE values, as well as
higher R values, compared to those of incremental changes.

(b) q as the observation variable (Utrecht)

Assuming that the observation variable was q, the comparison be-
tween the estimated values and true values of Ky under different sce-
narios is shown in Fig. 3. The statistical indicator results are presented in
Table 3.

Results revealed that when Kg was constant, with the increase of the
variance, the degree of deviation between estimated value and true
value increases, and the 95% confidence interval range also increased.
When K followed a periodic change, the change in variance had little
impact on the estimation results. In case of a gradual increase in K, the
degree of deviation also increased, meanwhile, it was more significantly
affected by changes in variance. Higher variance with larger range of
95% confidence interval. This may attribute to the special T-shaped
structure of swale in Utrecht, and the same filer in both filler and
drainage layer. The K of drainage layer was no longer enough to
discharge the upper layer inflow in time when K increased to a certain
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Fig. 2. K; estimation results from Ensemble Kalman filter at different changing trend under three levels of variance with the observation variable hy,

Table 2

Statistical indicator (RMSE, MARE, R) results between estimated and ‘true’ value of K under different level of observation variance(Observation variable is hp).

Scenarios Low variance Median variance High variance

RMSE MARE R RMSE MARE R RMSE MARE R
i 0.0004 0.0823 0 0.0008 0.1569 0 0.0014 0.2732 0
ii 0.0026 0.2518 0.6924 0.0035 0.3527 0.3339 0.0038 0.3908 0.0821
iii 0.0026 0.1667 0.822 0.0035 0.2247 0.6634 0.004 0.2532 0.5529
iv 0.0009 0.0496 0.9873 0.0011 0.0659 0.983 0.0014 0.1003 0.9736

value, and the control factor for the outflow rate becomes the K of the
drainage layer. Table 3 also showed that compared to the incremental
changes, K; with constant or periodic changes had lower RMSE and
MARE values, as well as higher R values. It is worth noting that the
measured K value was less than 0.1 cm/m in 2020, which implied that it
would not affect the assimilation results of EnKF.

Overall, good results have been obtained using the EnKF method
coupled with the hydrological model to identify K; of grassed swale filler
layer by using outflow rate q or surface water depth h;, as observation
variables.

3.2.2. Applicability of EnKF into study sites
Based on the results of the pseudo experiment, low variance error
distribution was selected for the data analysis of the study sites.

(a) Enschede

Data assimilation results of K under partial rainfall events are pre-
sented in Fig. 4. It showed that the h;, estimated values by EnKF was in
good agreement with the observation values, with NSE above 0.999 and
VE below 0.002. In the initial stage (preheating stage), there was a
significant fluctuation in the estimated value of K;, which can be
considered as a systematic error in the initial state. Fig. 4 also revealed
that in the initial stage, the value hj, was basically 0. After this stage, the
estimated value of Ks was close to a constant. This trend indicated that K
remained largely unchanged during a single rainfall process, which is
also consistent with the actual situation. At the end of the monitoring
period, the K; curve slightly increased. The possible reason could be that
the surface of the real swale is irregular, while the model assumes a
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Fig. 3. K, estimation results from the Ensemble Kalman filter at different changing trend under three levels of variance with the observation variable q.

Table 3
Statistical indicator (RMSE, MARE, R) results between estimated and ‘true’ value of K, under different level of observation variance (Observation variable is q).
Scenarios Low variance Median variance High variance
RMSE MARE R RMSE MARE R RMSE MARE R
i 0.004 0.007 0 0.014 0.066 0 0.027 0.128 0
i 0.018 0.061 0.895 0.019 0.073 0.880 0.02 0.084 0.866
iii 0.024 0.109 0.9 0.033 0.158 0.798 0.035 0.171 0.789
iv 0.019 0.063 0.946 0.022 0.09 0.92 0.025 0.11 0.916
uniform surface. After the surface is emptied to a certain height while decreasing trend year by year. Fig. 5b and ¢ showed the seasonal char-
remaining some water in the low-lying areas, the entire layer becomes acteristics of K for the whole data and the year of 2020-2021. Fig. 5b
unsaturated and the decrease rate of h;, increases. This may explain the showed that K was significantly higher in summer than in other seasons,
K; increase at the end. Hence, an average value of the middle stage was which may be caused by the evapotranspiration and plant growth in
taken as the estimated K; of the filler layer in this grassed swale under a summer, while in 2020~2021 (Fig. 5¢), the K in winter were signifi-
single rainfall. cantly higher than those in other seasons. However, in summer, it
Results of estimated K; by EnKF (Fig. 5a) revealed a slightly showed a relatively lower value than other seasons, although there were
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Fig. 5. Interannual and seasonal changing characteristics of K (a, b) 1999-2021; (c) 2020-2021 (Enschede) (b) Utrecht.

some cases of high K, values. When focused on the median value pre-
sented Fig. 5b, Ky in summer was slightly lower than other seasons while
it was highest in winter. This trend was consistent with the values in
2020 and 2021. This revealed that the change characteristics of K at the

beginning of construction are basically same as 20 years later. The dif-
ference was more outlier in the results of first three years, which might
be caused by plant growth and instability of the whole system.

Results in summer revealed more dispersion proved that the
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infiltration capacity of filler layer in the swale showed a partial recovery
in summer. The strong evapotranspiration in summer may be the main
reason for this phenomenon. Swale performance was stable after a
prolonged operation and maintained a relatively low level of K in
summer and did not reveal any significant recovery. This trend might be
due the growth of grass roots, which mainly grew in the upper layer of
fillers. The uncontrolled growth in summer caused their roots to inter-
twine on the surf. It is worth noting that in the winter of 2020, there was
a heavy snowfall event in the Netherlands, the frequent snowfall and
snowmelt processes have increased the soil moisture content, resulted
into a frozen filler layer. As frost heave may induce restoration of the
infiltration capacity (Zaqout and Andradottir, 2021), this period of frost
be an important reason for the significant increase in K values in the
winter of 2020.

Data assimilation results of K under partial rainfall events are pre-
sented in Fig. 6. Results revealed that the q estimated by EnKF was in
good agreement with the observation values, with NSE above 0.9 and VE
less than 0.03. There was also a significant fluctuation of estimated K; in
the initial period which eliminates the system error in the beginning.
The estimated q was consistent with the observations, while K remained
unchanged. The estimated K curve showed a minor declining trend in
the end. The filler was unsaturated in the empty period, when the swale
started to be unsaturated but the model may still be in a saturated state,
this may result in a small decrease in the estimating of K. As the results
of case study of Enschede, only an average value of the middle stage was
taken here as the estimated K; of the filler layer of the grassed swale
under a single rainfall.

The results of the estimated K by EnKF and its seasonal characteristic
are presented in Fig. 7. Compared with the K value of 2009 (approxi-
mately 0.3 cm/min), there had been a significant decrease after ten-
year’s operation. The K values were higher in summer and winter in
2021, but lower in spring and autumn. Compared to the Enschede, re-
sults from the summer showed a different trend. Previous studies
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Fig. 7. Change in seasonal characteristics of K (2020-2021) (Utrecht).

revealed that the grass in the swale grown more luxuriantly in summer,
meanwhile, its fillers had larger pores, which might enhance evapo-
transpiration (Li et al., 2017), and enlarged the pores and restored the
infiltration capacity (Liu, 2020). Similar to the Enschede, there was an
increasing trend in K in winter due to the heavy snow and the low
temperature.

Findings from the Enschede/Utrecht case studies revealed that the K
values of both grassed swales showed a significant decrease after long-
term operation, but still maintain a notable hydrological performance.
This trend was consistent with existing research findings focused on
grassed swales and other related facilities (Coustumer et al., 2009; Haile
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Fig. 6. K, estimation results of the Ensemble Kalman filter under partial rainfall events (Utrecht).
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et al., 2016; Willard et al., 2017). The lag between the K; of two swales
may result in the different soil composition (Coustumer et al., 2012).
The type of vegetation, such as deep-rooted grass species and prolifer-
ation of root and earthworm channels, also improve infiltration (Dag-
enais et al., 2018; Fort et al., 2012; Muerdter et al., 2018). This might be
related to the K; recovery in summer and winter. Saudo-Fontaneda et al.
(2020) conducted a long-term (3 years) hydrological monitoring
research of a grass swale, and surface water level and temperature were
recorded which consistent with current findings, but the method to
evaluate the hydrological performance by comparison of surface water
level seems not very precise somehow, while a combined model based
on EnKF method can give more specific results. Grass swale resisted
structural deformations resulting from frost, which was attributed to the
high near-surface porosity within the intertwined root layer and the high
drainage capacity of the underlying soil. Whereas, the non-vegetated
site had 30 to 50 times lower infiltration during winter compared to
the grass swale and twenty times lower during summer (Tarek et al.,
2022). This indicates that vegetation plays an instrumental role in
maintaining the hydrological functions of grassed swales both in winter
and summer.

3.3. Multivariate nonlinear model of K;

The relationship between K and influencing factors does not follow a
uniform distribution, which may affect the effectiveness of non-linear
fitting. While using all data for fitting. Therefore, as a comparison,
using all data for fitting, segments of the original data based on the
relationship between K and influencing factors in this study have been
considered to calculate the median of data values within each segment
for nonlinear regression fitting.

3.3.1. Models and parameter calibration

The results of nonlinear fitting are presented in Table S5. Data
revealed that the quadratic function was optimal for fitting the rela-
tionship between K and each influencing factor in the Enschede swale
from a comparison of the R2 of the 5 listed curve types. While in Utrecht,
in addition to the rainfall duration and seasonal factors, other factors
were also following the quadratic function relationship. Although the R?
value of the quadratic function was not the highest among the fitting
results for these two influencing factors, the deviation from the optimal
value was minimal. Hence, the quadratic function relationship was still
considered valid. Therefore, the relationship between K; and each
influencing factor was expressed by quadratic function.

Y= Clxlz Jrszl + C3 +C4x22 +C5X2 +C6 +C7X32 +CsX3 +C9 +C10x42+
Cuixs+ Cpz + Cp3xs® + Cryxs + Cis + Cigxs” + Cryxg + Cg
(18)

The SCE-UA algorithm was used to calibrate the parameter shown in
Eq. (18). In this equation, ¢c; ~ c;g are the coefficients of each poly-
nomial, the parameters that need to be calibrated. The results of the two
swales are presented in Table 4.

The results of the parameter calibration (Table 4) revealed that the
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positive and negative characteristics of the quadratic and primary co-
efficients of the six influencing factors, except for temperature and
seasonal factors, were consistent in the multivariate nonlinear models of
each swale. This trend indicated that the difference of Ks between these
two swales was mainly caused by temperature and seasonal changes.
The differences of other coefficients, except for total rainfall, between
the two swales were within one order of magnitude, which was caused
by differences in the characteristic of the fillers. Both the initial satu-
rated hydraulic conductivity and the monitoring results from 2021
showed a difference of one order of magnitude between the two swales.
From the evaluation index of parameter calibration, the Enschede model
had a higher R value and a lower RMSE value than the Utrecht model, as
opposed to the MARE value. This indicated that the predicted results of
the Enschede model were better than the Utrecht model in terms of
correlation and statistical dispersion.

The validation results of hydrological model are shown in Table S6.
And when K was time-varying from the multivariate nonlinear function,
37 events showed a decrease in the VE value of total outflow and peak
flow compared to the model results when K was constant, with a pro-
portion of 63.8%. When K was constant, the average value of VE was
29.2% and 24.5%, respectively; and When Kg was time-varying, the
value decreased to 25.9% and 21.8% respectively. Therefore, in hy-
drological model, a time-varying K can improve the accuracy of model
simulation.

3.3.2. Sensitivity analysis of multilinear model

The sensitivity analysis results are shown in Fig. 8 and, where (a) is
the first-order sensitivity and (b) is the total-order sensitivity. The
sensitivity of the six influencing factors of the Enschede model was as
follows: rainfall > rainfall duration > temperature > antecedent dry
period > total rainfall > seasonal factors, while in Utrecht, the sequence
was seasonal factors > temperature > total rainfall > rainfall duration >
antecedent dry period > rainfall. K values of the two swales showed
great differences in temperature and seasonal factors. Firstly, the filler of
the Enschede grassed swale uses improved soil, while Utrecht uses
coarse sand. The porosity of the latter is significantly larger than the
former, which is also the reason for the difference in initial K;. Especially
when the temperature was high in summer, the filler with large pores
had a higher evaporation than that the one with small pores (Li et al.,
2017), and evaporation could also increase the porosity of the fillers
(Liu, 2020). Therefore, the K; of the filler with the large pores exhibit an
increase as temperature increases or in summer time. Secondly, the
Enschede swale is planted with short turf, while the Utrecht swale is
planted with relatively tall grass plants which grow vigorously in sum-
mer. Dense branches and leaves increase evapotranspiration, and
growth of roots also helps to restore porosity. However, the relatively
short grass vegetation has limited evapotranspiration. On the contrary,
the rapid expansion of its fine roots on the surface may have a negative
effect on the infiltration capacity of small porous fillers (Dagenais et al.,
2018; Ebrahimian et al., 2019; Skorobogatov et al., 2020). The strong
influence of summer plants may also be the reason why the fitting degree
of the multivariate nonlinear model of the Utrecht grassed swales was

Table 4

The value of coefficients in the multivariate nonlinear function obtained by SCE-UA algorithm.
Coefficient C C, Cs C, Cs Cs C; Cs Cy
Enschede —-5.38e7° 5.57e”* —8e* —-2.23e¢° —3.67e¢° —2.64e¢° -7.93e° 491¢* 3.04e73
Utrecht —7.53e* 2.89¢73 5.98 ¢ 2 9.54¢7° —2.04¢° 1.36e2 -6.82¢° 1.56 e~ * 131e7?
Coefficient Cyo Cn Cp2 Ci3 Cus Cis Ci6 Ci7 Cis
Enschede 7.15¢7° —3.41e™* -1.19¢e7° -3.12¢7 1! 5.45¢~7 5.93¢7° —321e7° 2.16e* —414e*
Utrecht 2.47 e7° —7.9e* —3.56 e 2 -1.73e78 3.43¢7* -1.69 11172 ~1.74e73 -5.13e72
Evaluating indicators R RMSE MARE
Enschede 0.734 0.0013 18.2%
Utrecht 0.632 0.0061 11.1%
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Fig. 8. Sensitivity analysis of multivariate nonlinear model of Kg:

not as good as the former, because seasonal factors may not fully reflect
the effects of plant growth and evapotranspiration. In winter or regions
with cold climates, the hydrological effects of most grassed swales or
other facilities were suppressed because freezing of pore water hinders
the infiltration process (Kratky et al., 2017).

However, other researchers pointed out that due to preferential flow,
the saturated hydraulic conductivity of granular or porous media under
frost conditions may be greater than that of unfrozen soil (Lefevre et al.,
2009; Stoeckeler and Weitzman, 1960). This could explain the abnormal
increase of K in the winter of 2020. A case study conducted by Ahmed
etal. (2015) also emphasized the importance of plant in maintain the K,
but also pointed out that the high spatial variation of K in the same
swale and use a geometric mean K value. This may result in the
non-relationship between seasonal index, filler type and K value.
Therefore, it is important to test the K of the whole layer. In addition,
human activity, maintenance and enrichment of pollutants would also
influence the K; of filler layer (Everett et al., 2023; Gyawali et al., 2021;
Mohamed et al., 2014) need more data for verification. As the Utrecht
grassed swale has only one year data, further study is required to
determine whether it can accurately represent the long-term
characteristics.

4. Field applications and future research prospective
4.1. Field applications

Previous study noted the high spatial variation of K in the similar
swale and found that it is not easy to get the K; of the whole filler layer
(Ahmed et al., 2015). To better understand this issue, Boogaard (2022)
investigated a saturated swale under artificial rainfall conditions and
that K; has strong relation with rate of surface water decrease. But, water
resources and cost issues make it unable to become a long-term moni-
toring plan. Therefore, in this study, a hydrological model coupled with
EnKF method was established and proved suitable for inverting the K of
filler layer in grassed swales. The monitoring of surface water level and
outflow rate under nature rainfall seems more automated and
economical. The effluent flow meters could be installed in the swale
outlets to monitor the effluent conditions. The monitoring priority
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(a) First-order sensitivity, and (b) Total-order sensitivity.

should be given to the outflow rate, because it may not have a surface
ponding during small rainfall events. However, in the field, it is not easy
to install and operate the equipment and the surface water level become
the best choice for data collection. In case of using surface water level as
observed variable, the depth of drainage layer has no impact on model
inversion results as K of drainage layer is large enough compared with
filler layer. This can solve the aging issue of swales as their underground
size and depths are not clear. This method can also be used for other
infiltration facilities, such as bioretention, raingarden, etc. The multi-
variate nonlinear model of K can be used to modify the hydrological
model and make the model prediction more accurate in the long-term
simulation.

4.2. Future research prospective
The prospects for future research mainly include three points:
(i) Inclusion of long-term monitoring parameters

Although this work is a long-term study, the recorded data is still
very limited on various parameters. Different types, fillers, vegetation
cover, and different regions of grassed swales should be included in the
long-term monitoring system at the same time scale. The monitoring
factors include rainfall, temperature, surface water level or outflow rate
under natural rainfall events. Swale’s characteristics should also be
recorded for better understanding. The method established in this study
is used to find out the K, value and obtain more general conclusions.

(i) Quantifying the impact of plants, evaporation and other envi-
ronment factors

The growth of plant roots and evaporation have been proven to have
a positive effect on the restoration of infiltration capacity in grassed
swales, but there is a lack of quantitative analysis in the existing
research. The model of Ky may need to combine with the plant root
growth model and evaporation model for the future research. Other
factors such as anthropogenic activities or maintenance issues should be
considered as well.
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(iii) Selection of representative monitoring samples

It is unrealistic to conduct long-term monitoring of all grassed
swales. Therefore, this requires statistical analysis of grassed swales with
long-term monitoring data and identification of representative data sets.
Representativeness here refers that the Ks; model obtained through these
data (multivariate nonlinear fitting) has similar predictive results to the
model obtained through complete long-term data set, which will make
the monitoring work more targeted and also save the manpower and
material resources.

5. Conclusions

An approach for calculating the saturated hydraulic conductivity (Ks)
of the filter layer in grassed swales using a hydrological model based on
Ensemble Kalman filter algorithm was proposed in the current study.
Two long-term operational grassed swales in the Netherlands have been
selected in this study. The relationship between their K and influencing
factors were also investigated. The pseudo experiment revealed a sig-
nificant correlation between the observation variables (surface water
level (hp) and outflow (q)) and the estimated value of Ks. The K; of the
drainage layer would affect the estimation accuracy when it was not
large enough compared to the filter layer. The error of EnKF estimation
increased with an increase of the observation error. In the case study, the
Ks values of both grassed swale’s filler layer showed a significant
decrease after long-term operation, but in summer and winter, Kj
experienced a certain degree of recovery. The results of multiple
nonlinear regression showed that the relationship between K and its
influencing factors can be fitted by a quadratic function. After adding
the Multivariate nonlinear function of Ks into the hydrological model,
63.8% of the predicted results were optimized among the validation
events, which compared with a constant K. Results of sensitivity anal-
ysis showed that the degree of effect of each influencing factors on Kg
varies depending on the type of grassed swale, fillers with lager pores
and covered by thick grass or plants may be more sensitive to seasonal
and temperature changes due to evapotranspiration in summer and frost
swelling in winter.
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