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a b s t r a c t 

Vegetation is a key source of flow resistance in natural channels and floodplains. It is therefore important to ac- 

curately model the flow resistance to inform decision makers and managers. However, it is challenging to predict 

the resistance of real vegetation, because vegetation models are based on relatively small-scale lab experiments 

with mostly artificial vegetation. Experimental tests of real vegetation under field conditions are scarce. The 

purpose of this study is to measure the flow resistance of a submerged willow patch, where small herbaceous 

vegetation was allowed to grow in between the willow stems to simulate field conditions. Detailed flow velocity 

measurements were performed during an full scale experiment of flow around a submerged patch of willows. 

The parameter values of the willow vegetation model, as well as the friction coefficients of the vegetated banks 

and unvegetated channel bed, were computed simultaneously using Bayesian inference using a 2D hydrodynamic 

model. 

Results show that the presence of understory growth greatly affects flow patterns and the value of the effective 

vegetation density parameter. Measured flow velocities in the patch with understory growth were very low, and 

the patch has relatively high deflection. After removal of this undergrowth, flow velocities in the patch increased 

and deflection of the vegetation canopy decreased. We show that estimating vegetation density using an often- 

used rigid cylinder estimator based on vegetation sampling, underestimated the effective value by more than an 

order of magnitude. We argue that proposed extensions to existing vegetation models, which can take into account 

understory growth and reconfiguration, could be tested under field conditions using the approach followed in 

this paper. 
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. Introduction 

Vegetation in rivers and streams is one of the largest sources
f flow resistance ( Luhar and Nepf, 2013 ) and an important source
f uncertainty in hydrodynamic models used for flood manage-
ent ( Warmink et al., 2013 ) and river engineering applications

 Berends et al., 2018 ). The presence of vegetation affects the mor-
hological evolution of rivers ( van Oorschot et al., 2015 ), biodiversity
 Straatsma et al., 2017 ), and water quality ( Dosskey et al., 2010 ). There-
ore, a good representation of vegetation in computer models is impor-
ant. 

Advances in remote sensing and classification algorithms enable de-
ailed maps of the spatial distribution of vegetation ( Geerling et al.,
009; Forzieri et al., 2011; Hodges, 2015 ). The local effect of vegetation
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n flow is commonly modelled through a friction term in the momentum
quation. This term, also known as roughness or flow resistance, often
epresents various ways of energy losses that are not explicitly modelled.
e can broadly distinguish two ways to determine vegetative friction

n field situations. 
The first approach to determine vegetative friction is based on look-

p tables or vegetation models. The table of typical (Manning-type) fric-
ion values by Chow (1959) are still used to characterise the roughness
f streams based on images or descriptions of the vegetation (e.g. “light
rush and trees, in winter ”). Look-up tables are a convenient way to
ouple remote-sensing to hydrodynamic modelling (e.g., Forzieri et al.,
011 ). However, despite the widespread use of the Manning coefficient
s a lumped parameter to characterise describe roughness, the implicit
ssumption of the Manning equation for a logarithmic velocity profile
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Fig. 1. Left: Photo of the A1 experimental flume (left) 

with the adopted coordinate system. Right: schematic 

cross-section at the location of the first patch (cross- 

section D3). 
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oes not hold for vegetation ( Naden et al., 2006; Ferguson, 2007 ). For
his reason, various (semi-) empirical models have been developed that
ompute the contribution for vegetation on flow resistance based on veg-
tation parameters, such as stem count and plant morphology ( Klopstra
t al., 1997; Baptist et al., 2007; Huthoff et al., 2007; Yang and Choi,
010; Li et al., 2015 ). It has been shown that such models perform
ell against a large body of data collected from laboratory experiments
 Vargas-Luna et al., 2015 ). 

Further studies have been carried out to better capture real-world
egetation dynamics such as reconfiguration ( Järvelä, 2004; Dijkstra
nd Uittenbogaard, 2010; Verschoren et al., 2016 ) and contribution of
oliage ( Bal et al., 2011; Västilä and Järvelä, 2014 ). In practice, the
egetation parameters necessary to use these formulas should be either
irectly measured, or taken from a look-up table. Successful applica-
ion of this approach to field conditions depends on the validity of the
egetation model and the availability of data on vegetation. 

The second approach to determine vegetative friction is through in-
erse modelling, which involves fitting the model (in practice usually a
ubset of model parameters) to measurements. It is called ‘inverse’ mod-
lling, because the quantity of interest is not model output, but model
nput (such as parameters). In practice, inverse modelling is used to
nd the values for look-up tables, because the lumped roughness can
e straightforwardly computed by inverting the Manning equation, un-
er the assumption of steady uniform flow, a logarithmic flow profile
nd a known energy slope ( Marjoribanks et al., 2014 ). In the case of
on-uniform flow, the inverted Bélanger equation can be used instead
 Errico et al., 2018 ). 

Roughness values estimated through inverse modelling are often
sed as the ‘measured’ roughness to provide the experimental basis for
egetation models. However, estimating the friction in heterogeneous
eal-world situations based on the energy slope (e.g., a single vegeta-
ion patch which does not cover the entire channel), is complicated.
stimating the friction of multiple sources, based on a single observa-
ion (the energy slope), may result in non-unique solutions to parameter
alues ( Beven, 2006 ). This problem is analogous to that of underdeter-
ination in regression problems, which allows an infinite number of

cceptable combinations of unknown friction factors if the parameters
xceed the available observations. This severely limits our ability to es-
imate the friction values, and validate vegetation models, in real-world
ituations. 

In cases where non-uniqueness is an issue, probabilistic parameter
stimation is preferred to deterministic optimisation ( Matott et al., 2009;
uillaume et al., 2019 ). Formally, this is achieved through Bayesian in-

erence, which produces probability distributions of parameter values
iven the (subjective) likelihood that the model, given these values,
onfirms experimental observation. A well known Bayesian inference
ethodology is GLUE (generalised likelihood uncertainty estimation),

riginally developed for non-uniqueness problems in hydrology ( Beven
nd Binley, 1992; Fonseca et al., 2014; Mayotte et al., 2017 ). How-
ver, previous work has shown that estimating more than one friction
ource based on water levels can result in unidentifiable parameter dis-
ributions, which are characterised by wide and unconstrained shapes
 Werner et al., 2005 ). To increase the identifiability of parameter dis-
ributions other observational data can be used, such as inundation pat-
erns ( Pappenberger et al., 2005 ). Hypothetically, detailed velocity mea-
urements around vegetation patches can serve a similar function to es-
imate flow resistance using GLUE. However, the literature on flow data
round real-world vegetation patches are scarce ( Naden et al., 2006;
arjoribanks et al., 2017 ), and comparisons between laboratory and
eld in general are rare ( Huthoff et al., 2013; Groom and Friedrich,
018 ). 

Our aim is to investigate the flow resistance of vegetation under nat-
ral conditions. Specifically, we are interested in the effect of secondary
egetation growing in between and under the branches of the dominant
egetation species. Such secondary vegetation is hard to detect remotely
rom satellite or drone imagery, and may therefore lead to an underesti-
ation of biomass in large-scale river models that rely on ecotope maps

o estimate floodplain friction ( Straatsma and Huthoff, 2011; Forzieri
t al., 2011; Warmink et al., 2013; van Oorschot et al., 2015; Berends
t al., 2019 ). It is expected that understory growth increases the flow
esistance, but it is unknown by how much. In this study, we perform
 stream-scale experiment with real vegetation where secondary veg-
tation was allowed to develop naturally. This physical experiment is
oupled to a digital twin numerical model to compute friction parame-
ers by Bayesian inference. 

. Methods 

.1. Physical experiment setup 

Large-scale experiments were performed at the site of the KICT-REC
Korea Institute of Civil Engineering and Building Technology River Ex-
eriment Center), which is located in the city of Andong, South Korea.
his facility is designed for full scale physical experiments and consists
f three separate channels of various slope and sinuosity. Large capacity
umps can generate the maximum flow rate up to 10 m 

3 s −1 . The length
f each channel is approximately 600 m. 

The experiments for vegetated flow were performed in the down-
tream section of the “A1 ” channel, which has a trapezoidal cross-section
ith a bottom width of 3 m, top width of 11 m, bed slope of 0.001 m/m
nd bank-side slope of roughly 1:1.5 (V:H), as shown in Fig. 1 . The bank-
ide slopes of the channel are vegetated with grasses and small annuals
ative to the region. The channel bed consists of sandy materials with a
ean particle size of 0.8 mm. 

Seven alternating willow patches, each with a length of 4 m and
idth of 1.5 m, were planted in the 52 m section of A1 channel which
as located about 125 m upstream from the downstream weir and
00 m downstream from the upstream weir. The patches were planted
n two configurations: the four most upstream patches in a dense con-
guration of 22 trees per m 

2 and the three downstream patches in a
parse configuration of 7.3 trees per m 

2 . The willow saplings were al-
owed to grow at the site for 10 months before the experiments started
n August 2015. The average height of rooted willows was 0.4 m when
hey were planted, with an initial trunk diameter of 1 cm. In addition,
ndigenous small scale rough herbaceous vegetation and grasses were
llowed to grow on the bank-side slopes of the channels. The bed it-
elf was relatively unvegetated and mobile. Herbaceous vegetation had
lso spontaneously developed in between the willows in the vegetation
atches. Although the flume was mostly dry during this in which the
egetation grew, although periods of prolonged flow occurred when the
xperiments took place in some (other) part of the flume. This regime of
ostly dry and occasional flooding is typical for many Korean streams,
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Fig. 2. Top: Photograph of the experimen- 

tal setup taken from the top. Bottom: layout 

of experimental channel and location of the 

D0 and D3 cross-sections. 
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hich are ephemeral in nature. After the flow experiment, vegetation
amples were taken to measure the height, diameter and morphology of
he willows. The bed level in the experimental area was measured using
IEGL LMS-Z390i terrestrial laser scanner. 

The flow measurements were taken after uniform, steady flow was
chieved. The water depth in the channel downstream was fixed to ap-
roximately 1.1 m. Detailed three-dimensional velocity measurements
ith an Sontek 16 MHz ADV (Acoustic Doppler Velocimeter) were per-

ormed in the middle and 4 m upstream of the first dense patch (at D3,
ig. 2 ). The ADV devices were positioned pointing downward from an
verhanging bridge. To get a signal within the vegetation patch, the de-
ices were slightly moved to the left or right when needed. During trial
onvergence testing a required measurement time of 100 s was found.
oth the discharge and the depth-averaged flow velocity profile are de-
ived from the ADV measurements. We gathered data from three cases:
i) flow measurements at the upstream cross-section D0, (ii) flow mea-
urements in the centre of the first willow patch, D3, (iii) and finally
ow measurements at D3, but with the undergrowth removed ( Fig. 2 ).
e will refer to these cases as D0, D3a(willows and undergrowth) and
3b (only willows) respectively. For case D0 and D3a ADV measure-
ents were carried out every 30 cm, for a total of 23 locations in Y
irection. For D3b a lower resolution was used of 60 cm, for a total of
2 locations in Y direction. In the vertical direction, a measurement was
arried out every 5 cm. For D3a a vertical resolution of 2.5 cm was used
n the vegetation patch. 

.2. Numerical experiment setup 

A digital twin of the experimental flume was constructed with the
pen source Delft3D 4 modelling system ( Lesser et al., 2004 ), 1 using
 two-dimensional, regular, numerical computational grid of 15 m ×
71 m. The size of individual grid cells was 0.5 m (in flow direction) by
.375 m with bed levels defined in the centre of each cell. A constant
ischarge, determined from the flume ADV measurements, was imposed
t the upstream boundary, while the downstream boundary condition
as defined as a constant water level to ensure a downstream water
epth of approximately 1.1 m. The model was initialised with a con-
tant water level. Each simulation ran for 30 min of model time with a
ime step of 0.3 s. The run time was chosen such that the entire model
chieved equilibrium condition by the last time step. The scale of the
1 The source code of Delft3D 4, as well as its validation documents, can be 

etrieved from https://oss.deltares.nl . 

a  

𝛼

 

e  
odel, given the relatively short run time, small water depths, fine grid
nd small time step - required changing some default numerical and
hysical parameters. We used a smoothing time of 2 min and a thresh-
ld depth for flooding/drying of 1 cm. The horizontal eddy viscosity
as held constant throughout the model at 10 −2 m 

2 s −1 . To be able to
apture the sharp velocity gradients around the patches, low viscosity
alues were used ( Vionnet et al., 2004; Verschoren et al., 2016 ). In the
xperimental area, the geometric data was based on the bed level mea-
urements of the experimental setup. For regions not covered by the
ed level measurements, a synthetic cross-section was defined from the
esign specifications of the channel. 

Bed friction was defined using four distinct roughness classes, two
or the willow patches (dense and sparse), one for the vegetated channel
lopes and one for the mobile sand channel bed. Each individual class is
ssigned its own roughness formula and friction parameters. Every grid
ell boundary was assigned one of these four classes. All friction formu-
as are expressed in terms of the Chézy friction coefficient C [ m 

1∕2 s −1 ].
or the channel bed we use the Manning friction formula: 

 = ℎ 1∕6 𝑛 −1 
𝑏 

(1)

ith water depth h [m] and Manning coefficient n b [ sm 

−1∕3 ]. The Keule-
an equation (also known as the Colebrook-White equation) was found
o be best suited to reproduce the depth-averaged velocity on the chan-
el slopes: 

 = 𝛼1 log 10 
( 

𝛼2 
ℎ 

𝑘 𝑠 

) 

(2) 

ith Nikuradse roughness height k s [m] and parameters 𝛼1 =
8 m 

1/2 s −1 , 𝛼2 = 12 . The values of both n b and k s were determined with
LUE. 

There are various models available for resolving vegetation friction.
ere, we used the two-layer approach of Baptist et al. (2007) , which
erforms favourably against laboratory experiments ( Vargas-Luna et al.,
015 ), and is generalised as follows: 

 = 

( 

𝐶 −2 
𝑏 

+ 

𝜙

2 𝑔 

) − 1 2 
+ 𝛼

√
𝑔 

𝜅
ln ℎ 
ℎ 𝑑 

(3)

here C b is the Chézy friction coefficient of the bed without vegetation,
[ − ] the vegetation parameter, g [ ms −2 ] the gravitational acceleration, 𝜅

he von Karman constant, h d [m] the deflected vegetation canopy height
nd 𝛼 an indicator such that 𝛼 = 0 for emergent conditions ( h < h d ) and
= 1 for submerged conditions ( h > h d ). 

The dimensionless vegetation term 𝜙 models the contribution of veg-
tation to the total friction of the vegetated part of the cross-section.

https://oss.deltares.nl
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n the original formulation of Baptist et al. (2007) , it is computed as
= 𝑐 𝐷 𝑚𝐷ℎ 𝑣 , with drag coefficient c D [ − ], stems per square meter m

m 

−2 ], stem diameter D [m] and vegetation height h v [m]. This ‘stick
odel’ for 𝜙 is ideally suited for vegetation that may be approximated

s rigid cylinders. 
A fixed value for h d was used, which was estimated from measure-

ents. Furthermore, we assumed that the friction in the patch was dom-
nated by the vegetation and that the bed term had a neglible impact.
herefore we chose a constant value of C b at 60 m 

1/2 s −1 , which led to
egligible addition to the total roughness. The vegetation parameter 𝜙
as considered unknown, and estimated with GLUE. 

.3. GLUE method 

The set of unknown parameters in the numerical experiment was
iven by 𝜃 = { 𝑛 𝑏 , 𝑘 𝑠 , 𝜙} , i.e. the friction coefficients of the channel bed
nd slope and the vegetation parameter. The problem considered here
as how to choose the values for parameters in such a way, that the
easured flow velocities were reproduced by the flow model. While

n optimal set of values may be found using one of various optimisa-
ion strategies available in literature, Beven (2006) argued that multi-
le parameter sets may well be found that all produce acceptable results.
his creates uncertainty regarding the parameter values thus obtained
hrough inverse modelling. The added benefit of GLUE above regular
alibration procedures is that this uncertainty is formally taken into ac-
ount. To achieve this, GLUE uses Bayesian inference, in which (usually
ery limited) prior knowledge about the parameter values is updated
iven the probability that those parameter values resulted in model out-
ut that compared favourably with measurements. This is technically
chieved through Bayes’ theorem: 

 ( 𝜃|𝑢 ) ∝  ( 𝑢 |𝜃, 𝜖) 𝑝 ( 𝜃) (4)

here 𝜖 is the error between modelled and measured flow velocities
nd u measured flow velocities. The prior distribution p ( 𝜃) that encodes
ur prior assumptions of probable parameter values for parameter set
. The posterior distribution p ( 𝜃| u ) is our goal, because it expresses the
robability of parameter values in 𝜃 after having seen the measured flow
elocities u . The likelihood  ( 𝑢 |𝜃, 𝜖) is a function of the model ( 𝜃, 𝜖) and
bservations ( u ), and represents the probability of u given 𝜃 and 𝜖. 

To determine the functional form of the likelihood we needed to
ssume a statistical relationship between observed and modelled flow
elocities. Here, we related the measured flow velocity vector u c at cross-
ection c to the simulated flow velocity �̂� 𝑐,𝑦 ( 𝜃) as follows: 

 𝑐,𝑦 = �̂� 𝑐,𝑦 ( 𝜃) + 𝜖𝑐 (5)

here 𝜖c is a normal and independently distributed error term with vari-
nce 𝜎2 

𝜖
, i.e. 𝜖𝑐 ∼  (0 , 𝜎2 

𝜖
) . The assumption of independent errors and

ero bias expresses our assumption that the hydraulic model should be
ble to reproduce observe flow velocity profiles, such that any remain-
ng discrepancy is adequately described by a normal distribution. As
s commonly done in GLUE applications, we adopted a uniform prior
istribution for each parameter. The upper and lower limits of each dis-
ribution were determined by exploratory computations with the model.
or our adopted error model (5) , the corresponding likelihood function
s: 

 ( 𝜃, 𝑢 ) = (2 𝜋𝜎2 
𝜖
) −1∕2 exp 

⎛ ⎜ ⎜ ⎝ − 

(
𝑢 𝑐,𝑦 − ̂𝑢 𝑐,𝑦 ( 𝜃) 

)2 
2 𝜎2 

𝜖

⎞ ⎟ ⎟ ⎠ (6)

The unknowns in the inverse problem are both the model parame-
ers 𝜃 and the variance of the residual errors 𝜎2 

𝜖
. To estimate 𝜎2 

𝜖
we used

he maximum likelihood estimate 𝜎2 
𝜖,𝑀𝐿𝐸 

= 𝑛 −1 
∑𝑛 

𝑖 =1 ( 𝑢 𝑖 − 𝑢 𝑀𝐿𝐸 
𝑖 

) 2 , with

 the number of observations and 𝑢 𝑀𝐿𝐸 
𝑖 

the model results for the best
erforming parameter set ( Stedinger et al., 2008 ). Since the likelihood
unction returns the probability of the observed flow velocities given
he model results evaluated with a given parameter set 𝜃, model results
hat deviate significantly from observations will return likelihoods ap-
roaching zero. The likelihood function used here was formally derived
rom the adopted statistical model (5) . We note that GLUE allows for
reat flexibility in choosing from a variety of informal likelihood func-
ions as well, which need an additional behavioural threshold to differ-
ntiate between behavioural and non-behavioural parameter sets. Since
6) tends to zero for very improbable parameter sets, such a behavioural
hreshold was not needed here. 

The posterior parameter distributions, were obtained through Monte
arlo simulation using the Sobol’ low discrepancy sequence ( Sobol’,
967 ). We sampled from the prior distributions to create a large number
f possible parameter sets. Here, we used a sample size of 5000 model
valuations, with each evaluation using a different, randomly sampled
et of parameter values. The same ensemble was used for cases D3a
nd D3b, using the value for h d derived from case D3a. Afterwards, the
nsemble values of 𝜙 for D3b were corrected to account for a differ-
nt height of the deflected vegetation canopy. The probability distribu-
ion for the parameter vector 𝜃 was obtained by application of Bayes’
heorem. This procedure gave us two valuable sources of information
n uncertainty related to model and observation. First, the estimate of
2 
𝜖
, or the ‘predictive uncertainty’. This is the residual variance between
odel and measurement, which cannot be explained by choosing differ-

nt parameter settings. The second is p ( 𝜃| u ), i.e. the posterior parameter
istribution or ‘model uncertainty’. This expresses the uncertainty in the
arameter values, given the measurements. 

. Results 

.1. Flow measurements 

Based on the ADV measurements, the flow fields covering the vertical
Y,Z) plane were constructed. To compute discharge from velocity mea-
urements, it is usually necessary to assume a velocity profile (e.g. log-
rithmic, see Boiten, 2000 ). However, due to the irregular flow profiles
xpected in the flow through vegetation and the density of velocity mea-
urements, we instead linearly interpolated points in between the ADV
upport points to a regular, cross-section covering grid, while assuming
ero flow velocity at the bed ( Fig. 4 b, d, f). The total discharge was then
omputed by summing the product of the grid cell area. We found dis-
harges of 2.91 m 

3 s −1 (D0), 2.66 m 

3 s −1 (D3a) and 2.54 m 

3 s −1 (D3b).
he differences are attributed to uncertainty in flow velocity measure-
ents and interpolation inaccuracies. 

The measurements at the unvegetated cross-section D0 show that
he depth-averaged flow is low on the slopes and increases toward the
entre of the channel, reaching about 0.5 ms −1 ( Fig. 4 a). At the right
and side of the channel ( y = 6 m) a local increase in flow velocity is
easured. Given that the high velocities were consistently measured by
ifferent ADV devices, we assume they are not due to instrument prob-
ems. Therefore, we did not reject these measurements, but left it to the
umerical model to explain whether these measurements are expected.
e used the discharge at D3a as the upstream boundary condition in

he numerical model. 
Two series of measurements were carried out for the cross-section in

he willow patch (D3); one for the natural situation including organic
ebris and undergrowth (D3a) and the other for which the patch was
leaned (D3b). 

Analysis of measured flow velocities for D3a revealed that one ADV
easurement device returned near-zero results for all flow depths, sug-

esting malfunction. Measurements from this device (at 𝑌 = 6 . 4 m),
ere discarded from the results. Similar to D0, a region of higher flow
elocities was observed at the right hand side of the patch near the
ater surface. In the patch itself, both the flow field ( Fig. 4 d) and the
epth-averaged results ( Fig. 4 c) show slower velocities. However, the
ow velocities near the water surface are similar to the unvegetated
art of the channel, suggesting submerged flow. This is clear from the
ertical velocity profile in the patch ( Fig. 3 ), which shows low flow ve-
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Fig. 3. Vertical flow velocity profile within the willow patches as function of 

elevation (z) The dashed line at 𝑧 = −3 . 4 m marks the assumed deflected canopy 

height for case D3a. 

Table 1 

Measured parameters of willows in the dense patches of the experimental setup. 

Parameter Average st.dev. n Unit 

Measurements 

Willow height 1.06 ± 0.10 66 m 

Stem height 0.43 ± 0.01 66 m 

Undergrowth height 0.29 ± 0.15 41 m 

Stem diameter 10 ± 3 66 mm 

Stem diameter incl. organic debris 15 ± 8 66 mm 

Undergrowth diameter 4 ± 4 41 mm 

Branch diameter 3 ± 1 50 mm 

Nr. of stems 22 m 

−2 

Nr. of branches per stem 15 − 
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Table 2 

Prior distributions of model parameters. 

Parameter Distribution Lower bound Upper bound 

n b Uniform 0.01 sm 

−1∕3 0.15 sm 

−1∕3 

k s Uniform 0.1 m 5 m 

𝜙 Log-uniform 10 −2 m 

−1 10 2 m 
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ocities ( < 0.3 ms −1 ) and large variation up to 𝑧 = −3 . 4 m, above which
he velocities rapidly increase to more than 0.6 ms −1 and variation is
ignificantly reduced. From Fig. 3 , we assumed that the vegetation was
eflected such that the canopy height was 0.8 m. 

Case D3b — after removal of all organic debris and undergrowth —
roadly shows ( Fig. 4 e, f) similar patterns to the D3a results, with some
ey differences in the flow through the patch. In the vertical profile
 Fig. 3 ) velocities near the bed ( 𝑧 < −3 . 6 m) are higher compared to D3a,
hich is attributed to removal of undergrowth. For higher water depths
 𝑧 > −3 . 6 m) velocities show an initial decrease, while the variation over
he patch increases. This is attributed to flow through the branches and
eaves, which add comparatively more resistance. In contrast to D3a,
lear submergence is not observed. Therefore we assume that in the case
f D3b, the vegetation was just-submerged, meaning that the deflected
anopy height was equal to the water depth. 

.2. Vegetation measurements 

After the initial flow experiment (cases D0 and D3a), several sam-
les were taken to determine the height and diameter of the willows
 Table 1 ). The stems were measured up until the upper knot, from which
oint several branches sprouted. We observed that organic debris which
ad attached itself around the willow stems increased the effective di-
meter of the plants by 50% on average. However, the distribution was
ot uniform — some plants experienced a significantly larger increase
n diameter while others had little attached debris. This was reflected
n the increased variance of the observations. The undergrowth had an
verage height of 29 cm and grew in between the willow stems ( Fig. 5 )
nd consisted of various ways of herbaceous vegetation. 
It should be expected that both the undergrowth and the diameter
ncrease due to organic debris increase the effective friction of the veg-
tation patch. The expected vegetation parameter 𝜙 is estimated based
n the Baptist vegetation model ( 𝜙 = 𝐶 𝑑 𝑚𝐷ℎ 𝑑 ) and the vegetation mea-
urements from Table 1 . To compute 𝜙, we assumed the branch height
o be equal to the willow height minus the average stem height. Further-
ore, we assumed rigid bending at the bed (following Verschoren et al.,
016 ), such that the deflected stem and branch heights can be com-
uted from the deflected willow height (see Section 3.1 ) using standard
rigonometry. We assumed a case drag coefficient of 𝐶 𝑑 = 1 , which is a
ommon assumption for submerged flow ( Wunder et al., 2011 ). Here,
e did not account for the effect of foliage. The estimated vegetation pa-

ameter for case D3a, i.e. including debris, undergrowth and a deflected
illow height of 0.8 m, is approximately 𝜙𝐷3 𝑎 = 1 . 33 ± 1 . 044 . The large

tandard deviation in the expected parameter is mainly due to the vari-
nce in the diameter of the herbaceous vegetation in the undergrowth.
or case D3b, i.e. no debris, no undergrowth and a deflected height equal
o the willow height, is 𝜙𝐷3 𝑏 = 0 . 76 ± 0 . 20 . 

.3. GLUE results 

An important step within GLUE is to determine the ranges of the uni-
orm prior distributions. These ranges should be generous, since it is im-
ortant that these prior distributions cover the range where the (a priori
nknown) posterior distributions will be. Assuming a trapezoidal chan-
el, the lumped Manning coefficient for the given discharge and water
epth is approximately 0.11 sm 

−1∕3 . Based on this relatively high friction
actor and exploratory computations with the hydrodynamic model, we
hose suitably large ranges for the prior distributions and a log-uniform
istribution for 𝜙 ( Table 2 ). 

For all three parameters ( n b , k s , 𝜙) we then computed the joint poste-
ior distributions using GLUE. The posterior distributions give the like-
ihood that a certain parameter value leads to good model results. The
idth of those distributions is a measure of the parameter uncertainty

egarding the possible ‘true’ value of the parameters given the model
nd the measurements. The marginal posterior distributions of all pa-
ameter values are shown in Fig. 6 . 

The distribution of 𝜙 for D0 is very wide and does not show a clear
eak ( Fig. 6 a). This indicates that the 𝜙 is an insensitive parameter for
ross-section D0. Therefore, 𝜙 cannot be identified from flow measure-
ents at that cross-section. This was not unexpected, as D0 is located
 m upstream from the first patch and is therefore not directly influenced
y the patch. 

The other two distributions in Fig. 6 a show the values for 𝜙 that lead
o good model results for D3a and D3b. D3a, which had significant un-
ergrowth and debris, shows significantly larger inferred values for 𝜙
ompared to D3b. The median value of 10 1.6 ( ~ 39.8) is an order of
agnitude higher than would be expected based plant on parameters
sing the Baptist model. For the cleaned willows, case D3b, the values
re much lower, with a median value of 𝜙 = 1 . 56 . This is more than
wice as high as was expected based on the plant parameters. The un-
ertainty of the estimated parameter values for 𝜙 is significant, as can
e observed by the width of the posterior distributions in Fig. 6 a and the
tandard deviation in Table 3 . For case D3a especially, the values for 𝜙
ary between 20 and 100, with some of the best simulations found near
he upper boundary. It is important to note that at such high values, the
ensitivity of 𝜙 to the roughness coefficient C is very much reduced due
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Fig. 4. The depth averaged flow velocities at the ADV locations (a, c and d) and the interpolated flow fields (b, d, and f) for the unvegetated case (D0), vegetated 

case with undergrowth (D3a) and cleaned vegetation case (D3b). 

Fig. 5. Willow patch before (left) and after (right) the removal of undergrowth. 
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Fig. 6. The posterior probability distributions; these show the distribution of 

likely parameter values after model results were weighed against measurements. 

Table 3 

The number of observations n used for parameter estimation, the median 

and standard deviation of the model parameters in 𝜃 and the maximum 

likelihood estimation of 𝜎𝜖 . 

D0 D3a D3b unit 

n b 0.062 ± 0.007 0.098 ± 0.008 0.104 ± 0.010 sm 

−1∕3 

k s 0.99 ± 0.28 2.70 ± 0.332 4.0 ± 0.44 m 

𝜙 – 10 1.6 ± 0.2 10 0.19 ± 0.12 − 
𝜎𝜖, MLE 0.039 0.024 0.030 m ms −1 

n 23 21 12 − 
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o the inverse square root in (3) , which may partly explain why such
igh uncertainty is found for this case. Therefore, values higher than
he upper boundary are not expected to meaningfully improve results. 

Estimation of Manning coefficient of the channel bed n b and Niku-
adse roughness height of the slopes k s resulted in well-defined posterior
istributions for all cases ( Fig. 6 b,c), with standard deviations around
.01 sm 

−1∕3 ( Table 3 ). 
Interestingly, the distributions are not the same for the three cases.

o measure the roughness of vegetation from water slope measurements,
he roughness of the bed is commonly assumed to be independent from
he roughness of the vegetation (e.g., Verschoren et al., 2016 ). How-
ver, the results shown in Fig. 6 suggest that the parameter values for
oth n b and k s are affected by the vegetation patch. For both n b and k s ,
he presence of a patch (D3a, D3b) results in higher parameter values.
herefore, the assumption of independence between the parameter of
he vegetation patch ( 𝜙) and those of the channel bed and slope ( n b and
 s ) would not have been valid in our case. 

Modelled flow velocities, given the posterior probability distribu-
ions of the parameters, are compared with the depth-averaged ADV
easurements ( Fig. 7 ). The depicted uncertainty bands show the range
f the model uncertainty. Variation within the model uncertainty can be
xplained from uncertainty in the parameter values. Measurements that
all outside of these bands are explained through the residual error term
in Eq. (5) . From Fig. 7 a we observe that the region of higher flow ve-

ocity in cross-section D0 cannot be explained by the numerical model.
his indicates that this must be caused, either by an unmodelled process
r feature, or by measurement error. However, in general the velocity
rofiles for all cases are well explained by the numerical model, which
s reflected in the small standard deviation of the residual error ( 𝜎𝜖, MLE )
or all three cases ( Table 3 ). 

Finally, the uncertainty bands for cases D0 and D3a are compara-
ively small compared to the other cases, both in Figs. 6 and 7 . This is
ue to a higher density of ADV measurements. In general, a larger num-
er of measurements helps to decrease model uncertainty and increase
he identifiability of the individual parameters. 

. Discussion 

.1. Identifiability of friction parameters 

In this case study we identified three unknown friction parame-
ers, related to the channel bed, vegetated channel slopes and the wil-
ow patch. Using only water level measurements, it is not possible to
niquely determine the values of these parameters. Our findings show
hat detailed measurements of the transverse depth-averaged velocity
rofile, in combination with a probabilistic inverse modelling approach
here, GLUE), allows us to estimate the parameter values and quantify
he uncertainty of those estimations. The inverse modelling approach
esults in two different types of uncertainty. The first is model uncer-
ainty, which is the uncertainty of �̂� 𝑐,𝑦 ( 𝜃) in (5) . This uncertainty can be
ecreased by increasing the number of observations (i.e. n in Table 3 ),
r alternatively if a higher uncertainty is acceptable the number of ob-
ervations may be decreased. In general, “data provides information and
ore data provides more information ” ( Stedinger et al., 2008 ). The sec-

nd type of uncertainty is predictive uncertainty, given by 𝜖c in (5) . This
ncertainty cannot be decreased without changing models, only more
recisely estimated. 

In literature it is often assumed that the total roughness is constituted
f a linear sum of independent constituent terms (e.g. bed roughness and
egetation roughness). The total roughness can be estimated without
etailed flow measurements. Therefore, if the bed roughness is known
e.g. from repeating the experiment without vegetation) the vegetation
oughness can be determined. However, our results show that the as-
umption of independence between the terms would not have been valid
or our study case. For both vegetated cases, the estimated friction of the
ed and the slope was higher compared to the unvegetated case. A po-
ential explanation for this could be that turbulent and shear stresses
ot sufficiently modelled by the parameterisation of eddy viscosity are
ompensated by a higher bed roughness. 

The estimated parameter values for 𝜙 were found to be generally
igher than was estimated based on the “rigid cylinder ” estimator. This
s especially true for case D3a, where the presence of undergrowth con-
ributes to the overall failure of the estimator. In the cleaned case, D3b,
he values are within the same order of magnitude, although still a factor
wo higher compared to the rigid cylinder estimation. A partial expla-
ation could be found in the presence of foliage, which in other studies
s reported to account for 60% of total drag ( Bal et al., 2011 ), as well as
nmodelled stresses in the horizontal exhange layer between vegetated
nd unvegetated flow ( Truong et al., 2019 ). 

.2. Uncertainty of vegetation model parameters under field conditions 

In this study we used the well-known two-layer model of
aptist et al. (2007) for submerged flow. While this model consistently
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Fig. 7. The modelled velocities (colored 

bands) and depth-averaged ADV measure- 

ments (markers) for the three cases. The col- 

ored uncertainty bands convey the result of 

the model uncertainty, while the dashed lines 

show the total predictive uncertainty. 
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ompares favourably to experimental data, application to field condi-
ions is met with several challenges. An important limitation of the Bap-
ist model is that reconfiguration is not explicitly taken into account.
econfiguration can be taken into account in the two-layer approach by
odelling two different effects. The first effect is streamlining of stems

nd foliage to decrease the total drag of the vegetation. This directly
ffects the vegetation parameter 𝜙. The model proposed by Järvelä
2004) can be used to account for this. In this model, the vegetation
arameter is defined by 𝜙 = 𝐶 𝐷,𝜒𝐿 ( 𝑢 𝑣 

𝑢 𝜒
) 𝜒 , where L [m] is the leaf area

ndex, u v [ms −1 ] the flow velocity, u 𝜒 [ms −1 ] a constant and 𝜒 , C D, 𝜒 [ − ]
re species-specific parameters. The value of the Vogel exponent 𝜒 is
egative, and thus decreases 𝜙 with increasing velocity. 

The second effect of reconfiguration is deflection of the stems, which
ffectively decreases the height of the vegetation canopy height h d . This
irectly modifies the second term in the Baptist model which accounts
or submerged flow and, depending on the chosen model, 𝜙. For sub-
erged flow, the estimation of vegetation friction is sensitive to the
ecrease of the vegetation canopy. This is especially so for low sub-
ergence ratios ( < 0.75) and high values of 𝜙 ( > 0.2), for which the

ontribution of vegetation friction (( 𝜙2 𝑔 ) 
−1∕2 ) and contribution of the ve-

ocity profile above the vegetation ( 
√
𝑔 

𝜅
ln ( ℎ 

ℎ 𝑑 
)) to the total friction are

f the same order of magnitude. Under these conditions, assuming rigid
egetation may lead to large errors in the estimation of vegetative fric-
ion. 

The primary effect of undergrowth is an increased blockage ratio,
hich can be modelled by a higher value for 𝜙. The inherent weakness
f the rigid cylinder estimators for 𝜙 (used by Klopstra et al., 1997; Bap-
ist et al., 2007; Huthoff et al., 2007; Yang and Choi, 2010 ) is that inclu-
ion of undergrowth is contrived, while neglecting undergrowth may
ead to significant underestimation of the effective roughness. Frontal
lockage area estimators for 𝜙 (e.g. Västilä and Järvelä, 2017 ) do not
uffer from this limitation, as undergrowth would be one part of the to-
al blockage area. Comparing the two vegetated cases D3a and D3b, we
bserved lower flow velocities and greater deflection of the stems. This
ay be seen as a secondary effect of undergrowth, i.e. an increase in to-
al drag of the patch and therefore greater reduction in canopy height.
his suggests that modelling this type of reconfiguration does not only
epend on plant-specific parameters, but on the configuration of the
ntire patch, including secondary vegetation. Relatively simple predic-
ive models based on single-plant behaviour, or even lumped models
ith a velocity dependent relationship with plant-specific parameters
 Verschoren et al., 2016 ), are therefore likely to include uncertainty re-
arding non-plant specific drivers. 

Future effort may be directed to test an extended Baptist (or similar
wo-layer) model which would include the effects of streamlining and
eflection under natural conditions. Ideally, these flume tests should
over a series of different discharges to test under varying water depths
nd flow velocities. To promote identifiability, the number of param-
ters of the extended model should be limited. Another argument for
egetative friction models with a relatively small number of parame-
ers, apart from the issue of identifiability, is found in the usually data-
imited problems in practice. Vegetation models with few parameters
or which the uncertainty can be quantified are perhaps better suited
or larger scale field applications than complex models which require
ntimate knowledge of vegetation configuration. 

. Conclusions 

The objective of this study was to investigate flow resistance under
atural vegetated conditions, in which secondary vegetation grows un-
er and between the dominant species. Results show that the presence
f undergrowth sharply increases the vegetation parameter 𝜙, as well as
ncrease the deflection of the willows. Overall, the vegetation parameter
alue was found to be higher than expected based on a priori estimations
f a rigid cylinder estimator. This is attributed to aspects of real vege-
ation that deviate from the rigid-stick based approach, namely foliage,
ndergrowth and reconfiguration. 

This paper shows that velocity measurements in natural channels can
e used effectively to estimate the parameter values of multiple sources
f uncertainty under natural conditions using probabilistic inverse mod-
lling. Results show well-defined posterior parameter distributions and
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odel results compare favourably to measurements. The parameter val-
es found in the non-vegetated cross-section were found to differ from
he vegetated cross-section, which suggests that for the given model,
he presence of a vegetation patch requires higher friction values in the
urrounding non-vegetated part as well. An explanation for this has not
et been found. 

Future challenges for practical application of vegetation models in
arge scale, 2D applications may require relatively simple models in
hich the presence of undergrowth and the effects of reconfiguration
re taken into account. Inverse modelling of full scale experiments has
een shown to be an appropriate tool for providing the experimental
asis for field validation of these models. 
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