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Abstract:A prognostic model capable of predicting temporal damage evolution is essential to prevent catastrophic failure of structures. Data
driven techniques, such as neural networks and support vector machines, are widely used for prediction of damage in a variety of aerospace
and civil applications. Most of the available techniques cannot be applied for real-time prediction because they assume the measured value to
be the true value, which is often not true. They also require training data from a similar set of experiments based on which predictions are
made, which may not always be available. In this paper, the authors propose a novel integrated approach that intelligently combines particle
filter updating with a fully probabilistic Gaussian process model to predict complex physical phenomena (e.g., temporal local pier scour)
considering both measurement and prediction uncertainties. In this example, the measurement model is obtained using radio frequency
identification (RFID) sensors and the state space model is the Gaussian process-based prognosis model. The performance of the algorithm
was tested using corrupt training data. Different scenarios are presented with application to predicting local scour near bridge piers, which is a
highly stochastic phenomenon with training data mostly unavailable. The algorithm is used to make predictions using corrupt training data.
The results indicate that the proposed approach predicts the scour depth accurately under varying field conditions. DOI: 10.1061/(ASCE)AS
.1943-5525.0000680. © 2016 American Society of Civil Engineers.
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Introduction

Data-driven techniques, such as Gaussian process (GP), support
vector machines, relevance vector machines, and neural networks
(Mohanty et al. 2009; Venkatesh and Rack 1999; Coelho et al.
2007), are widely used to predict damage in structural components.
These methods use the history of acquired data to make predictions.
Mohanty et al. (2009) developed a Gaussian process model to pre-
dict crack growth in metallic aerospace components. The effect of
using different types of kernel functions on the predictive capabil-
ity of the Gaussian process model was investigated. This method
(Mohanty et al. 2009) uses the crack growth data from previous
experiments and the available data from the current experiment
to make predictions. Data-driven methods (Mohanty et al. 2009;
Venkatesh and Rack 1999; Coelho et al. 2007) use the measured
state with its own intrinsic uncertainties and consider it as the ac-
tual state based on which they make predictions (Neerukatti et al.
2014a). This assumption of the measured state as the actual state is
often not correct and may lead to erroneous results. The main ob-
jective of this paper is to develop a stochastic filtering framework
that makes use of the GP model for prediction of temporal scour
depth. The Gaussian process provides several advantages over the
traditional soft computing techniques (e.g., neural networks), such
as tractability and accuracy. Also, the GP model makes probabilis-

tic predictions and works with relatively less training data. This
model is embedded into a stochastic filtering framework (particle
filter) to estimate the dynamic state of the damage. The primary
advantages of particle filters compared to the Kalman filter are
(1) they are computationally tractable for high dimensional prob-
lems, and (2) they have flexibility in nonlinear modeling. Scour is
the erosion of soil around the bridge pier because of vortices cre-
ated by the turbulent flow of water. Prediction of scour is a very
complex problem because of its high dimensionality and the com-
plexity of its physical phenomenon (Mueller and Wagner 2005).

Many researchers have investigated the mechanism of scour
around bridge piers (Ettema et al. 2001; Lim and Cheng 1998;
Melville and Chiew 1999; Melville 1992; Mia and Nago 2003;
Parola et al. 1996). Empirical equations (Melville and Sutherland
1998; Froehlich 1989; Melville 1992; Abed and Gasser 1993;
Richardson and Richardson 1994) are widely used for predicting
the scour depth at bridge piers. These equations differ from each
other by the factors considered for constructing the model and
laboratory/field conditions. The most commonly used equation
is the HEC-18 equation recommended by the U.S. Department
of Transportation’s Hydraulic Engineering Circular No. 18
(HEC-18) (Federal Highway Administration 1993, 2001, 2012).
The HEC-18 equation was originally based on the Colorado State
University (CSU) equation (Richardson et al. 1993) and has been
modified multiple times to the latest version (Federal Highway
Administration 2012). Landers and Mueller (1996), and Mueller
(1996) evaluated and compared selected empirical equations using
139 scour measurements in live-bed and clear-water conditions.
Their study indicates that none of the selected equations predict
the scour depth accurately for all the measured conditions. The
HEC-18 equation was found to perform better compared to the
other equations, but it overpredicted the scour depth. Kim et al.
(2014) developed a new scour depth estimation formulation based
on HEC-18 and multiobjective optimization to better estimate the
scour depth. Mohamed et al. (2005) compared four empirical
models using field data and concluded that the CSU equation
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(Richardson et al. 1993) estimated more reasonable scour depth.
Gaudio et al. (2010) compared six pier scour models using field
data in clear-water and live-bed conditions and showed that the
HEC-18 equation estimated the scour depth better than other mod-
els for both conditions.

Currently, soft computing techniques, like neural networks,
are being widely used for civil engineering applications (Bateni
et al. 2007; Azamathulla et al. 2008; Firat and Gungor 2009).
Azamathulla et al. (2008) presented the use of alternative neural
networks to predict the scour below spillways. This study was
limited to predicting the scour depth in ski-jump-type spillways.
Bateni et al. (2007) presented a neural network methodology for
predicting the scour depth around bridge piers. This model predicts
the scour depth better than the empirical equations but does not
provide the confidence intervals for the predictions. These studies
suggest that neural networks give better results when compared to
empirical equations (McIntosh 1989; Mueller and Wagner 2005).
Azamathulla et al. (2010) developed a genetic programming-based
framework for predicting scour depth. The results of this study
show that genetic programming gives better results than artificial
neural networks.

Recently, support vector regression (SVR) has been used by
researchers to predict the scour depth (Goel and Pal 2009; Nassar
et al. 2009; Pal et al. 2011). Pal et al. (2011) compared different
methods, such as neural networks, generalized regression neural
networks, SVR, and empirical equations, using 232 pier scour mea-
surements from a bridge scour data management system. This study
indicates that SVR gives better accuracy compared to other ap-
proaches. Although these models are accurate compared to other
data-driven approaches, they still do not predict the time-dependent
scour. There are only a few time-dependent scour models in the
literature (Mia and Nago 2003; Bateni et al. 2007; Hong et al.
2012). Mia and Nago (2003) developed a design method for pre-
dicting time-dependent scour at cylindrical bridge piers; however,
this study was limited to clear-water scour under laboratory con-
ditions. Hong et al. (2012) developed an SVR-based approach to
predict the time-dependent scour under different sediment condi-
tions and were able to capture the physics of the scouring process
by considering parameters, such as actual and critical Froude num-
ber. Kim et al. (2014) developed a novel scour estimation approach
that combines both empirical and data-driven models. Support
vector machines were used to increase the pool of field data sam-
ples, thus increasing accuracy. The developed empirical model
was shown to estimate the scour depth with higher accuracy than
HEC-18 and Froehlich equations (Froehlich 1988). These methods
(McIntosh 1989; Mueller and Wagner 2005; Bateni et al. 2007;
Azamathulla et al. 2008; Firat and Gungor 2009; Azamathulla et al.
2010; Pal et al. 2011; Kim et al. 2014) formulate empirical equa-
tions and predict the scour depth for a given set of flow conditions,
and they do not predict the rate at which the scour depth increases
or decreases. Therefore, these methods can be used in a design
point of view and not for temporal scour monitoring because they
only predict the maximum possible scour possible for a given set of
flow conditions.

The goal of this paper is to investigate an integrated approach
consisting of a Gaussian process (Gibbs 1997; MacKay 2003;
Rasmussen and Williams 2006) prognosis model coupled with par-
ticle filtering approach (Doucet et al. 2001) to take into account the
uncertainties in measured and predicted values. This integrated ap-
proach is capable of making predictions of time-dependent local
scour depth using information from measurements. To accurately
estimate the true local pier scour depth at any given time instant,
both the measured and predicted values are combined to obtain an
optimal estimate of the true scour. Particle filter methodology is

employed to update the true scour depth at each time step based
on the measured and predicted scour depth. The particle filter is a
sequential Monte Carlo method, which is a sophisticated model
estimation technique (Doucet et al. 2001). Particle filters are used
to estimate Bayesian models in which the latent variables are
connected in a Markov chain, where the state space of the latent
variables is continuous. Particle filters combine the observed meas-
urement and the prediction to give an optimal estimate of the true
state of the system (scour depth). The measurement model for the
particle filter updating scheme is obtained through RFID sensors,
which measure the scour depth at a given instant of time. The state
space model is the Gaussian process-based prognosis model, which
is capable of making predictions into the future.

In this paper, two case scenarios were considered: Case 1: mea-
surements of scour depth at the next time instant are available, and
Case 2: measurements of scour depth for several time steps are not
available. For instance, if a system measures the scour depth once
every day, the prediction is case 1. If the measurements of scour are
unavailable for a period of time (for instance, 2 days or more), the
prediction is case 2. The time period for these predictions may vary
based on different situations. It is to be noted that the proposed
methodology focuses on predicting a time-dependent parameter
(e.g., scour for circular bridge piers) through continuous monitor-
ing, and the emphasis is not placed on predicting the scour for de-
sign purposes.

Time-Dependent Prediction

Bridge scour is the removal of sediments, such as sand and rocks,
from around the bridge piers, which compromises the structural
integrity. It is estimated that around 60% of the bridge failures
in the United States result from scour (Landers 1992). Traditionally,
bride scour inspection is performed by the department of transpor-
tation (DOT) engineers either periodically or before and after a
major flood event (Mueller and Wagner 2005). The disadvantage
of periodical inspection is that the process of sediment refilling the
scour hole cannot be captured, which leads to inaccuracy in the
measurement of scour depth. This is the primary reason for using
the highly conservative HEC-18 equation in bridge design. Con-
tinuous scour monitoring provides much more reliable data based
on which accurate prediction models can be developed. In addi-
tion, the phenomenon of scour is highly stochastic in nature, and
therefore, there is a need to consistently monitor the scour depth
and make predictions about how it evolves over a given period
of time. Traditionally empirical equations are used to predict the
scour depth. These equations tend to be very conservative in scour
prediction (Pal et al. 2011), and therefore, a reliable decision sup-
port system cannot be developed using these estimates. One of the
major drawbacks of using these empirical equations is that they do
not predict the time-dependent scour because they are designed to
predict the maximum possible scour (design value) for a given set
of flow conditions. Some soft computing-technique-based models
(Bateni et al. 2007; Azamathulla et al. 2008; Firat and Gungor
2009) for predicting scour do not consider time as a parameter
in their model that can result in erroneous results. The disadvantage
of using the previously mentioned methods is illustrated using
a simple example. For instance, the velocity and flow depth near
bridge pier at a time t1 are V1 and h1, respectively. The scour depth
(ds) predicted using these methods would be ds1. At time t2, it is
assumed that the velocity and flow depth increased to V2 and h2,
which are greater than V1 and h1, respectively. The scour depth
predicted would now be ds2, which is greater than ds1. If the veloc-
ity and flow depth return to the initial conditions V1 and h1, the
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scour depth using these models would be ds1, whereas the scour
depth must be greater than or equal to ds2, unless sediments shift
to fill the scour hole. Therefore, it is necessary to have a model that
accounts for the variability of scour depth with respect to time.

Another important aspect in predicting the scour depth is
accounting for the uncertainties in both measured and predicted
values. This is often the case in field applications, where the scour
depth is measured using sensors. Therefore, it is necessary to ac-
count for this variability in measurement, and combine both mea-
sured and predicted values at each time step. In the present work,
particle filtering will be used for combining these values.

Parameter Selection and Data Sets

The scour depth (ds) depends on various parameters, such as the
flow velocity (V), flow depth (h), skew (Sk), pier diameter (Dp),
median particle size (d50), and gradation (σ) (Mueller and Wagner
2005). The median particle size (d50) is the diameter at which 50%
of the soil particles are smaller than d50, and the gradation is given
as d84=d50. The relationship between scour depth and these param-
eters can be written in the form

dsðtÞ ¼ f1ðh;V; Sk;D; d50; σ; tÞ ð1Þ
where t = time. In this paper, in all the mathematical expressions,
the bold lettering indicates either a matrix or a vector. The mecha-
nism of scour evolution changes with different characteristics of the
input parameters. The parameters such as Dp, Sk, d50, and σ are
assumed to remain the same in the streambed near the bridge pier.
This assumption for Dp is valid. Because of the difficulty of meas-
uring any change in d50 during the scour happening, the parameter
d50 is used as an index to select the proper training data. The gra-
dation (σ) is a function of particle size, and it won’t change much
during the lifespan of a bridge structure in a particular streambed.
Because the variation of skew with the flow rate could not be
explicitly modeled using Hydraulic Engineering Center’s River
Analysis System (HEC-RAS) (HEC-RAS 2002), it is assumed
to be constant in this study. Considering these assumptions, the
model can be simplified to study the evolution of scour depth
for a bridge. The simplified relationship for temporal evolution
of scour can be written as

dsðtÞ ¼ f2ðh;V; tÞ ð2Þ
In this study, two data sets were used to validate the pro-

posed integrated approach: (1) a laboratory data set (Hong et al.
2012),consisting of 417 data points from experiments conducted
under different flow conditions; and (2) a synthetic data set,
which was generated based on HEC-RAS (HEC-RAS 2002)
simulations and the data from the literature (Briaud et al. 1999).
The details on how this data set was generated are presented in
the next section.

Synthetic Data Generation

The primary reason for using synthetic data for validation of the
proposed model is that there is no continuous field data available
in the literature. One of the comprehensive databases for scour data
in field conditions is available in the bridge scour database report
(Mueller and Wagner 2005). The time interval between two succes-
sive data points in this report varies from 1 to 12 months. Therefore,
there is no information about the flow conditions during the time
steps. The scour depth is also measured only after an event, and
thus, the flow conditions that caused the scour are not known. Be-
cause the present method is focused on time-dependent prediction

of scour depth, a synthetic data set, which has continuous flow con-
ditions, is crucial.

The parameters required for the simulation are V, h, t, dsðtÞ, and
ḋsðtÞ. The particle filtering approach uses the scour rate ḋsðtÞ
to propagate and update the scour depth. More details about par-
ticle filtering approach will be discussed in section “Integrating
Gaussian Process with Particle Filter.”

Two Hassayampa Bridges at I-10 in Arizona were selected to
perform the simulations. The decision to select these bridges was
made because of the fact that they were among the very few bridges
that receive floods in Arizona, as per local Department of Trans-
portation (DOT) records. The time-dependent scour was not explic-
itly modeled using HEC-RAS; the software was only used to obtain
the relationship between the velocities and flow depth. Unsteady
multiflow profile simulations were run on HEC-RAS software to
capture the velocity for different flow depths along various cross
sections of the river channel. The analysis was done for two bridges
in the reach of Hassayampa River. Velocity and flow depth were
calculated at both upstream and downstream of the pier, and their
relationship was studied. The first bridge was the I-10 westbound
bridge. The distance between upstream and downstream stations
where V & h were calculated is 14.2 m. The second bridge is the
railroad bridge, and the distance between upstream and down-
stream stations is 5.6 m. These two bridges are 50 km apart. The
relationship between V & h at both upstream and downstream of
the pier for both the bridges is shown in Fig. 1. This figure shows
that the relationship between V & h is almost linear. This result was
used to generate synthetic data for V & h.

The next step was the relationship between scour rate and flow
depth. Briaud et al. (1999) studied how the scour rate changes with
the shear stress for different kinds of soil and found that the curve is
nonlinear. The shear stress on the riverbed also increases with in-
creasing flow depth. This knowledge was used to model the rela-
tionship between scour rate and flow depth, as shown in Fig. 2.

Integrated Gaussian Process and Particle Filter
Approach

Gaussian Process Prognosis Model

A Gaussian process (GP) is a collection of random variables, any
finite number of which has consistent Gaussian distributions. It can

Fig. 1. Velocity versus flow depth
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be considered as a generalization of a multivariate Gaussian distri-
bution to infinite number of variables. A GP model is used for pre-
dicting the time-dependent scour depth. The scour rate is assumed
to be a random variable that follows Gaussian distribution. Instead
of predicting the scour depth, the GP model predicts the scour
depth rate for making predictions of scour depth. GP makes pre-
dictions by inferring the underlying nonlinear relationship between
the input and the output spaces. The input space contains the var-
iables flow depth, velocity, and time, and the output space consists
of the scour rate. The GP model will be trained using a set of train-
ing data. Once trained, the algorithm can make predictions about
future unknown states. Neerukatti et al. (2013) and Neerukatti et al.
(2014b) showed that the scour depth can be predicted accurately by
assuming a Gaussian distribution.

The posterior distribution over the predicted scour rate (ḋs) at
time t can be written as (Rasmussen and Williams 2006)

f½ðḋsÞtjD;Kt−1; θ� ¼
1

Z
exp

8<
:−

h
ðḋsÞt − μðḋsÞt

i
2

2σ2ðḋsÞt

9=
; ð3aÞ

where Z = normalizing constant; D ¼ fxi; ðd
·

sÞig
t−1
i¼1 = training set;

Kt−1 = kernel matrix; θ = set of hyper-parameters (HPs); μðḋsÞt =
mean; and σ2ðḋsÞt = variance of the distribution obtained as

μðḋsÞt ¼ kT
t K

−1
t−1ðḋsÞt−1; σ2

ðḋsÞt ¼ κ − kT
t K

−1
t−1kt ð3bÞ

where ðḋsÞt−1 ¼ ðt − 1 × 1Þ training output vector which consists
of the scour rate; and κ, kt;Kt−1 = partitioned components of the
t-th instances of kernel matrix Kt given by

κ ¼ kðxt;xtÞ; Ki;j ¼ kðxi;xjÞi;j¼1,2; : : : ;t−1;

ki ¼ kðxt;xiÞi¼1,2; : : : ;t−1 ð3cÞ

where xi contains the flow depth (h), velocity (V), and time (t) at
the ith time instant. The kernel function transfers the nonlinear
parameter function to a high dimensional space where the data
are easily separable. In this study, a squared exponential kernel
function, shown in Eq. (3d), has been used because it was found
to predict scour depth accurately (Neerukatti et al. 2014b)

kðxi;xjÞ ¼ θ21 exp

�jjxi − xjjj
θ22

�
ð3dÞ

where θ1; θ2 = HPs. To make accurate predictions of the posterior
distribution, the HPs should be optimized to give an accurate hy-
pothesis for the training data. This has been accomplished by ini-
tializing the HPs to a reasonable value and finding their optimal
values by minimizing the negative log marginal likelihood (L)
given by (Rasmussen and Williams 2006)

L ¼ − 1

2
log jKt−1j − 1

2
ðḋsÞTt−1Kt−1ðḋsÞt−1 − t − 1

2
log 2π ð4Þ

Conjugate gradient descent optimization algorithm (Hestenes
and Stiefel 1952) has been used in this study to minimize L.

Integrating Gaussian Process with Particle Filter

The integrated prognostic method proposed in this paper optimally
combines the measurement model (RFID signal data) with the
Gaussian process-based adaptive prognosis model in a sequential
Bayesian framework. Although GP can be used to model spatio-
temporal phenomena and make predictions, it does not take into
account the measurement uncertainties. Large measurement uncer-
tainties may lead to inaccurate predictions. Therefore, particle fil-
tering (Doucet et al. 2001; Zhou et al. 2009; Neerukatti et al. 2015)
was used to adaptively predict the scour depth by combining the
likelihood function obtained from the measurement model with
the predicted distribution from the prognosis model. The particle
filtering approach has been proven to be effective in stochastically
combining complex prognosis models with measurement models
(Neerukatti et al. 2015). The measurement model was obtained
through adding Gaussian noise to the actual scour depth to simulate
RFID sensor data. The scour rate was calculated using Eq. (3a), and
the increment in scour depth and the scour depth at the next time
step was calculated as

ΔðdsÞt ¼ ðḋsÞt ×Δtþ ϵp; ðdsÞtþΔt ¼ ðdsÞt þΔðdsÞt ð5Þ

where ϵp = normally distributed process noise which arises because
of the uncertainty in prediction of scour rate [Eq. (3a)]. Eqs. (3) and
(5) define the Markovian state dynamics model used for predicting
the scour depth with particle filter. It is to be noted that the scour
rate in Eq. (5) is calculated using Eq. (3a), which has the training
set (D) and HPs. The measurement model for scour depth was gen-
erated by adding Gaussian noise to the actual scour depth as

ðdsÞmeasured ¼ ðdsÞactual þ ε ð6Þ

where ε = Gaussian white noise. The uncertainty in the measured
scour depth arises from the uncertainty associated with the detec-
tion capabilities of RFID system, which is assumed to be normally
distributed. Given the probabilistic scour evolution and measure-
ment models, the scour depth can be optimally estimated in a se-
quential Bayesian framework using stochastic filtering. The particle
filter estimates the posterior distribution of the state variables in a
sequential Bayesian framework by representing the distributions
using particles (dðkÞs ) and weights (wðkÞ) (Corbetta et al. 2014).
The authors utilized the particle filter to integrate information from
the Gaussian process-based prognosis (state dynamics) model and
the measurement model to adaptively estimate the scour depth. The
sequential Bayesian framework for iteratively computing the pos-
terior distribution on the scour depth p½ðdsÞtjðdsÞ1∶t;measured� can be
written as (Zhou et al. 2009; Neerukatti et al. 2015)

Fig. 2. Velocity and scour rate versus flow depth
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p½ðdsÞtjðdsÞ1∶t;measured� ∝ ½ðdsÞt;measuredjðdsÞt�

×
Z

p½ðdsÞtðdsÞt−1�p½ðdsÞt−1ðdsÞ1∶t−1;measured�d½ðdsÞt−1� ð7aÞ

where pð:j:Þ = conditional probability distribution. The particle
filter representation of the posterior probability distribution is

an approximation using particles ðdsÞðkÞt and associated weights

wðkÞ
t , given by

p½ðdsÞtjðdsÞt;measured� ¼
XM
k¼1

wðkÞ
t δ½ðdsÞt − ðdsÞðkÞt � ð7bÞ

where M = number of particles; and δ (.) = Dirac delta function.
At each time step, particles are sampled from the importance dis-
tribution, and the weights are updated using the measurement like-
lihood (bootstrap particle filter). Resampling is performed using a
Gaussian distribution to avoid the problem of degeneracy, which
occurs when most of the weights are close to zero (Arulampalam
et al. 2002). The weights of the resampled particles are then nor-
malized such that they sum to one. The scour depth ðdsÞt given
ðdsÞt;measured is then computed as the expected value of the esti-
mated posterior as

ð bdsÞt ¼ E½ðdsÞtjðdsÞt;measured� ≈
XM
k¼1

wðkÞ
t ðdsÞðkÞt ð8Þ

where ð bdsÞt = estimated scour depth; and E½.j.� = expected value.
The flowchart of the integrated approach along with the equations
is shown in Fig. 3.

Results and Discussion

Effect of Prediction and Measurement Uncertainty

Particle filter uses both the predicted and measured scour depths to
estimate the true scour depth at any given instant of time (Fig. 3).
Neither the measured value nor the predicted value is the true scour
depth because there is an uncertainty associated with these values.
The uncertainty in prediction arises from the inherent characteris-
tics of the probabilistic data-driven model. The uncertainties in
measurements occur from multiple sources, such as the method

used for the measurement and the field conditions. Cross-sectional
measurements of the waterways are routinely made during regular
inspections and after storms. Because the measurements are made
after storm events, the measurements may not consider the refilling
of sediment. In these cases, the true scour depth will be greater than
the measured scour depth. Another important fact is the variation of
the scour depth at different locations around one pier. Therefore, it
is difficult to accurately measure the scour depth using the general
inspection techniques. The uncertainty in measurements is a critical
parameter in developing a robust prediction model. In the proposed
approach, the measured and the predicted values are optimally
combined using particle filter to estimate the true scour depth. This
process is repeated at each time step to obtain accurate predictions
of scour depth with time. Hence, it is necessary to investigate the
effects of prediction and measurement uncertainties on the overall
predictive capability of the algorithm. This analysis was done using
the laboratory data set (Hong et al. 2012).

Effect of Prediction Uncertainty
To analyze the effect of prediction uncertainty, a random error
between 0 and 100% in the prediction of scour rate (corresponds
to the process noise) was programmed into the algorithm and used
at each time step. This error was simulated through a multiplicative
term using a Gaussian white noise process at the beginning of the
algorithm. The prediction of scour depth using 10% error in scour
rate is shown in Fig. 4(a). The line corresponding to the legend
“Without Particle Filter” shows the prediction using scour rate with
error and without applying the particle filter algorithm. This figure
shows that the particle filter is able to update the predicted value
close to the measurement, thus improving the accuracy. Further, the
algorithm was analyzed with error of 50 and 100% in scour rate to
demonstrate the robustness of the algorithm [Figs. 4(b and c)]. The
figures show that the estimation using particle filter is very close to
the actual scour depth, irrespective of the error in the prediction
of the scour rate. This is verified with the fact that particle filter
combines the measured value with the predicted value using the
measured value as a reference.

Effect of Measurement Uncertainty
To address the effect of measurement uncertainty, a random
error with a variance between 100 and 1; 000 m2 was programmed
into the algorithm. The variability was chosen such that the ab-
solute error in measured scour depth is between 15 and 35%. The

Fig. 3. Flowchart of the integrated Gaussian process and particle filtering approach

© ASCE 04016080-5 J. Aerosp. Eng.
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variability in the measurement is: Variability¼ ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Variance

p � randn,
where randn is a pseudorandom number from the standard normal
distribution. The measured scour depth at any time step is given in
Eq. (6), where ε indicates variability. The error in scour rate is fixed
at 50% for different variance in measurements (because this does
not have much effect on the prediction). The prediction using a
variance of 100 m2 is shown in Fig. 5(a). This figure shows the
improvement in scour depth prediction using particle filtering ap-
proach. The predictions using variance of 600 and 1; 000 m2 are
shown in Figs. 5(b and c), respectively. Figs. 5(a–c) show that
the accuracy of prediction decreases with increase in the measure-
ment uncertainty. This is because of the fact that the measured value
is always taken as a reference in the updating step of the particle
filter algorithm.

Integrated Approach Using Synthetic Data Set

One-Step Ahead Prediction (Case 1)
The synthetic data set generated in section “Synthetic Data Gen-
eration” was used to validate the proposed algorithm. At each time

step, the predictions were made using GP algorithm, and the pre-
dicted value is updated with the noisy measurement to estimate
the actual scour depth. A data set that had continuously varying
flow conditions was created to simulate the field conditions. The
disadvantage of using laboratory data is that it does not capture the
variability in flow conditions at each time step. Generally, the ex-
periments are performed using constant flow conditions for a single
run. However, in field conditions, the flow conditions change con-
stantly, and therefore, it is necessary to accurately capture this phe-
nomenon of variable flow profiles. The flow conditions for Set 1
are shown in Fig. 6. The data set was created to incorporate both
increasing and decreasing trends in all the flow parameters. A
Gaussian random white noise with a mean noise to scour depth
ratio of 0.1 was added to the actual scour depth to generate the
measured scour depth at each time step.

Figs. 7 and 8 show the intermediate steps of the proposed ap-
proach. The initial distribution of particles is shown in Fig. 7. The
negative scour depth in Fig. 7 arises because of the selection of
Gaussian distribution. The negative scour depth can be attributed
to refilling of the soil or accumulation of debris during floods.

Fig. 4. Prediction of scour depth with difference percentages of error in scour rate: (a) 10%; (b) 50%; (c) 100%

© ASCE 04016080-6 J. Aerosp. Eng.
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However, because the proposed algorithm uses the first few time
steps for training and starts making predictions only after a few
time steps, the scour depth represented as particles is always pos-
itive. At the next time step, the particles are propagated based on the
scour rate, which is shown in the first subplot of Fig. 8. The second
subplot shows the measured scour depth (circular marker) and the
weighted estimates of each of the propagated particles around that
measured scour depth. The third subplot shows the resampling of
particles based on their weights and the new estimate of the scour
depth (circular marker) using resampled particles and weights. The
predictions at each time step using the proposed approach are
shown in Fig. 9. The grey band in this figure is the 2-σ (95%) con-
fidence interval for the prediction. The results of Fig. 9 show the
capability of the algorithm to predict scour depth under varying
flow conditions with high accuracy.

The algorithm was also tested using a different data set (Set 2)
to verify its robustness. Figs. 10 and 11 show the variable flow
conditions and predictions of scour depth made using the integrated
approach, respectively. The results show the capability of the algo-
rithm to accurately predict the scour depth in presence of both

prediction and measurement uncertainties with an error of less than
5%. The error is calculated between the actual scour depth and
mean of the predicted scour depth.

Multistep Ahead Prediction (Case 2)
In the previous section, continuous predictions were made and up-
dated using the measured values at each time step. In this section,
the algorithm will be used to make predictions of scour depth when
measured values at some time steps are not available (Case 2). It
was assumed that there is no measurement of scour depth (damage
state) within time T2 − T1 (T1 and T2 are the arbitrary start and end
of scour depth prediction), whereas the velocity and flow depth
change significantly over the same period of time. Up to t <¼ T1

particle filtering will be used to continuously update scour depth.
However, for T1 < t < T2 the predictions of future scour depth were
made as

ðdsÞT2
¼ ðdsÞT1

þ
Xn
i¼1

ðḋsÞi × ðΔtÞi þ ϵp ð9Þ

Fig. 5. Estimation of scour depth with different variances in measurement: (a) 100 m2; (b) 600 m2; (c) 1,000 m2
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where n ¼ T2 − T1=m; m = number of time steps selected by the
user based on the flow conditions; ðΔtÞi = ith time step; and ðḋsÞi =
scour rate at ith time step. The scour rate ðḋsÞi is calculated from
GP model using Eq. (3a). The accuracy and confidence of multistep
ahead predictions usually decrease with increase in prediction time.
To improve prediction accuracy, the scour rate predicted at the ith
time step [using Eq. (3a)] is added to the training set to predict the
scour rate at ðiþ 1Þth time step. As the prediction time increases,
the training data set increases, which will lead to more accurate and
confident scour estimates. Fig. 12(a) shows the prediction of scour
depth from when the scour depth measurements are not available
(T1 ¼ 1.8 h and T2 ¼ 6.8 h). Because only five data points were
used for training the algorithm, the error in prediction of scour
depth at T2 ¼ 6.8 h is relatively large. Figs. 12(b and c) show that
the error in prediction reduces significantly when more training
data is used. These results show the capability of algorithm to pre-
dict the temporal evolution of scour with an error of less than 5%

Fig. 6. Flow conditions generated using synthetic data set for Set 1

Fig. 7. Initial distribution and histogram of particles

Fig. 8. Weighted estimates of the particles

Fig. 9. Prediction of scour depth using particle filtering approach for
flow conditions in Set 1

Fig. 10. Flow conditions generated using synthetic data set for Set 2

© ASCE 04016080-8 J. Aerosp. Eng.
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with respect to the actual scour depth even when scour measure-
ments for a period of time are not available, given enough train-
ing data.

Prediction Using Corrupt Training Data

In field conditions, it is often not possible to have the correct scour
data to make time-dependent scour predictions. Correct scour data
in this context means the data, such as flow depth and velocity,
obtained by the sensors during scouring process. If the sensors
measure the scour depths at different instances of time during scour
events, those data can be used as training data to make predictions
using Eq. (3a). If predictions are to be made at a bridge where pre-
vious scour data is not available, some kind of training data must be
used to kick-start the algorithm. The data may come from a differ-
ent bridge, with similar soil and hydrology conditions; however, in
this paper, HEC-RAS modeling (HEC-RAS 2002) has been used.
Although both these approaches give training data that can be used
to make predictions, the data has inherent inaccuracies, which
translate into errors in scour depth predictions (hereinafter called
corrupt scour data). In the section “One-Step Ahead Predictions,”

Fig. 11. Prediction using particle filtering approach for flow conditions
in Set 2

Fig. 12. Prediction of scour depth (damage state) for period of time when measurements are not available: (a) T1 ¼ 1.8 h and T2 ¼ 6.8 h;
(b) T1 ¼ 3 h and T2 ¼ 6.8 h; (c) T1 ¼ 4.8 h and T2 ¼ 6.8 h

© ASCE 04016080-9 J. Aerosp. Eng.

 J. Aerosp. Eng., 2017, 30(1): 04016080 

D
ow

nl
oa

de
d 

fr
om

 a
sc

el
ib

ra
ry

.o
rg

 b
y 

A
ri

zo
na

 S
ta

te
 U

ni
v 

on
 0

7/
08

/1
9.

 C
op

yr
ig

ht
 A

SC
E

. F
or

 p
er

so
na

l u
se

 o
nl

y;
 a

ll 
ri

gh
ts

 r
es

er
ve

d.



the PF was used to continually update the measured and predicted
scour depth at each time step. However, when making long-term
predictions, the measurement is not available, and the predictions
rely solely on the state update. Therefore, using corrupt scour data
will lead to erroneous results in the prediction of scour depth over
long periods of time. In this section, the authors propose a meth-
odology to make accurate predictions in presence of corrupt scour
data. The authors generated a new synthetic data set based on the
results of section “Synthetic Data Generation” to simulate the cor-
rupt scour data. The generated synthetic data is shown in Fig. 13.
The data was generated such that there are peaks and valleys re-
sembling random field conditions. Both constant error and random
error were added to generate the corrupt scour training data. As
shown in the section, “Parameter Selection and Data Sets,” flow
depth, velocity, time, and scour depths are the parameters for the
prognosis algorithm. Adding a constant error to the actual scour
rate, as shown in Eq. (10), generates the corrupt scour rate at each
time instant

ðḋsÞcorrupt ¼ ðḋsÞactual � E ×
ðḋsÞactual
100

ð10Þ

where E = error (%). The scour rate ðd
:

sÞi used in Eq. (9) is obtained
using Eq. (3a), which uses the actual scour data as the training set
(D). To make predictions using corrupt scour data, a modified
version of Eq. (9) was used. If Eq. (9) is used without correcting
for the error in the scour rate, the predicted scour depth will be
significantly overpredicted or underpredicted based on whether
the error is positive or negative. To correct for the error in scour
rate, it is necessary to know the actual scour rate at every time in-
stant. However, the actual scour rate is not known in field condi-
tions because the measured scour depth values are only available.
The error was calculated based on the updated scour depth values
using a particle filter at each time instant. Let the updated scour
depth using particle filter at each time step be designated as
ðdsÞt;PF, where PF indicates particle filter. Similar to the section,
“Multistep Ahead Prediction (Case 2),” it can be assumed that the
measurements of the scour depth are only available until time T1.
Particle filtering will be used until time ðtÞ < T1. The scour rate at
time (t) was calculated as

ðḋsÞt;calc ¼
ðdsÞtþΔt;PF − ðdsÞt;PF

Δt
ð11Þ

Once the scour rate is calculated, the error in the scour rate used
for training can be calculated as

Et ¼
ðḋsÞt;pred − ðḋsÞt;calc

ðḋsÞt;pred
× 100 ð12Þ

where ðḋsÞt;pred = scour rate predicted using GP model, and the pos-
terior is given by

f½ðḋsÞt;predjD1;Kt−1; θ� ¼
1

Z
exp

8<
:−

h
ðḋsÞt;pred − μðḋsÞt;pred

i
2

2σ2
ðḋsÞt;pred

9=
; ð13Þ

where D1 = training set that has the corrupt scour data. As the error
at each time step (E) is known, the average value of this error
(Et;avg) will be taken and used to correct the scour rate while mak-
ing predictions. The corrected scour rate at each time step is

Fig. 13. Flow conditions generated using synthetic data set to simulate
corrupt scour data

Fig. 14. Corrupt training scour data: (a) þ50% error; (b) −50% error
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ðḋsÞt;corrected ¼ ðḋsÞt;calc − Et;avg × ðḋsÞt;calc
100

ð14Þ

The predictions are now made using the corrected scour rate as

ðdsÞT2
¼ ðdsÞT1

þ
Xn
i¼1

ðḋsÞi;corrected × ðΔtÞi þ ϵp ð15Þ

where n ¼ T2 − T1=m;m = arbitrary number of time steps; ðΔtÞi =
ith time step; and ðḋsÞi = scour rate at ith time step.

Using Constant Error
A constant error was added to the actual scour data to generate
corrupt training data. The plot of the actual and corrupt scour rate
versus flow depth for an error (E) of þ50% is shown in Figs. 14(a
and b). Particle filter was used to update the measured and predicted
values for 7 measurements (approximately 4.2 h in this example).
Predictions were made using Eqs. (11)–(15). Figs. 15(a and b)

show the predictions made using the training data of Figs. 14(a
and b), respectively. The legend “Nonadaptive Prediction” shows
the predictions made using Eq. (9) without correcting for the error.
The legend “Adaptive Prediction” shows the predictions made us-
ing Eq. (15), which uses the corrected scour rate. In Fig. 15(a), as
the values of the training data are greater than the actual data, the
nonadaptive prediction predicts a significantly larger scour depth
than actual. The adaptive prediction reduces the amount of over-
prediction by correcting for the error. Likewise, the same correction
was implemented by the algorithm for underprediction case, as
shown in Fig. 15(b).

Using Random Error
In this section, the results of prediction using a random error at each
time step are presented. The corrupt scour data is generated by add-
ing a random error with an arbitrary magnitude (e.g., between 0 and
þ75%) to the actual scour data, as shown in Figs. 16(a and b). A
pseudorandom number is chosen between 0 and 75 from the scaled

Fig. 15. Predictions made using corrupt training data and particle filtering algorithm for (a) þ50% error in training data; (b) −50% error in
training data

Fig. 16. Corrupt training scour data with random error: (a) between 0 and þ75%; (b) between 0 and −75%
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standard normal distribution. and the multiplicative error with this
magnitude is added at each time step. There is no specific trend in
the corrupt training data. Similar to the results of section “Using
Constant Error,” particle filter is used to update 7 measurements
and the predictions using Eq. (15). The results of the over- and
underpredictions are shown in Figs. 17(a and b). It is to be noted
that in all the previous cases, the amount of overprediction after the
correction using particle filtering approach is between 10 and 25%,
which is an acceptable range in field applications.

Conclusions

An integrated Gaussian process-based prognosis model with par-
ticle filtering approach has been developed to accurately predict
temporal evolution of a complex physical phenomenon. The effect
of measurement and prediction uncertainties on the overall predic-
tive capability of the algorithm was studied using laboratory data.
The integrated approach was further validated with a synthetic
data set, which simulates the real conditions. The synthetic data
set was created to increase the scour data and was based on the
results from HEC-RAS simulations along with data available in
the literature. Predictions of scour evolution were made under
two different case scenarios (one-step ahead and multistep ahead),
and the results show that the algorithm is capable to predict the
scour depth with an error of less than 5% until a time of 9 h, given
the accurate training data. The algorithm was validated to make
predictions using arbitrary corrupt scour data. The results show
that the algorithm is able to make reasonable predictions, even
with corrupt training data. Having more continuous measurements
can be used as the training data and improve the accuracy of the
prognosis model.
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Notation

The following symbols are used in this paper:
D = Gaussian process training set;
Dp = pier diameter;
D1 = Gaussian process training set with corrupt scour

data;
d50 = median particle size;

dsðtÞ = scour depth as a function of time;
ḋsðtÞ = scour rate as a function of time;
ðḋsÞt = scour rate at time t;

ðḋsÞt−1 = (t − 1 × 1) training output vector of scour rate;
ðdsÞt = scour depth at time t;

ðdsÞmeasured;t = measured scour depth at time t;
dðdsÞt−1 = increment in the scour depth;

ðdsÞðkÞt = particle filter representation of scour depth at time t
using particles;

ð bdsÞt = estimated scour depth using particle filtering
approach;

ðḋsÞi = scour rate at ith arbitrary time step;
ðḋsÞcorrupt = vector of corrupt scour rate;
ðḋsÞactual = vector of actual scour rate;

Fig. 17. Predictions made using corrupt training data and particle filtering algorithm for (a) random error between 0 and þ75%; (b) random error
between 0 and −75%
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ðḋsÞt;pred = scour rate predicted using Gaussian process model
at time t;

ðḋsÞt;calc = scour rate calculated using the scour depth from
particle filtering approach;

ðḋsÞt;corrected = corrected scour rate at ith arbitrary time step;
Et = error (%) in scour rate at time t;

Et;avg = average value of error E (%) at each time step up to
time t;

h = flow depth;
Kt−1 = kernel matrix for Gaussian process mapping;

κ, kt, Kt−1 = partitioned components of the t-th instances of
kernel matrix;

Sk = skew of the flow;
t = time;
V = velocity of the flow;

wðkÞ
t = weights associated with particles;
xi = row of the input matrix D;

ðΔtÞi = ith time step;
θ = set of hyper-parameters;

μðḋsÞt = mean of the predicted scour rate at time t;
σ = gradation; and

σ2ðḋsÞt = variance of the predicted scour rate at time t.
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