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ABSTRACT

The Digital Twin (DT) is cited as one of the key concepts associated with
Industry 4.0 waves. DT is defined as a virtual copy-model or concept that is represented
on a computer as the same with a physical thing. By building a virtual digital twin on
software instead of actual physical assets and simulating them, we can get accurate
information about the characteristics of the real assets, such as their current state and
behavior. The DT is mainly used for monitoring, diagnostics and prediction to enhance
asset performance and utilization. It aims to provide an amply integrated solution for
structural health monitoring to increase the reliability of real assets. In this regard, the
monitoring technology is an important part of the DT. In this study, the real-time
monitoring algorithm, which estimates ocean wave directional spectrum and subsea
riser’s deformed shape, has been developed based on the Kalman filter.

The first application is to estimate ocean wave form vessel motion. The real-time
inverse estimation of the ocean wave spectrum and elevation from a vessel-motion
sensor is of significant practical importance, but it is still in the developing stage. The
Kalman-filter method has the advantages of real-time estimation, cost reduction, and
easy installation than other methods. Reasonable estimation of high-frequency waves is
important in view of covering various sea states. However, if the vessel is less
responsive for high-frequency waves, amplified noise may occur and cause
overestimation problem there. In this paper, a configuration of Kalman filter with

applying the principle of Wiener filter is proposed to suppress those over-estimations.



Over-estimation is significantly reduced at high frequencies when the method is applied,
and reliable real-time wave spectra and elevations can be obtained. The simulated sensor
data was used, but the proposed algorithm has been proved to perform well for various
sea states and different vessels. In addition, the proposed Kalman-filter technique is
robust when it is applied to time-varying sea states. Finally, the proposed method was
also tested for the case of the directional wave spectrum and the ship's speed inclusion.

The second application is to monitor subsea riser’s deformed shape in real time
using Extended Kalman Filter (EKF). The real-time monitoring of underwater risers,
cables, and mooring lines by multiple sensors is in great demand but still very
challenging. In this study, a new real-time riser monitoring method based on an EKF is
proposed. It estimates the overall shape of riser in real-time utilizing the measured
signals from multiple bi-axial (inclination and heading) inclinometers along the riser.
The novel EKF algorithm is shown to be robust against sensor noises and successfully
reproduces the actual riser profiles at each time step, which has been verified by multiple
tests through numerical simulations. For verification, a turret-moored FPSO (Floating
Production Storage and Offloading) with a SCR (Steel Catenary Riser) is employed in
four different random waves and currents. Subsequent algorithms are also developed so
that the corresponding bending and axial stresses along the riser can also be estimated in
real time from the obtained riser shape, which can further be used for the real-time

estimation of fatigue-damage accumulation.
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CHAPTER |

INTRODUCTION"

The major topics in this dissertation is the development of ocean wave estimation
algorithm using the adaptive Kalman filter in CHAPTER Il and riser deformed shape
monitoring algorithm using extended Kalman filter presented in CHAPTER IlI.

The work presented in this dissertation is based on the paper ‘Real-time inverse
estimation of ocean wave spectra from vessel-motion sensors using adaptive Kalman
filter’ published in Applied Sciences (Kim et al., 2019). The copyright of the published

journal paper is retained by authors.

Introduction for Chapter |1
An autonomous ship or unmanned ship is one of the promising technologies in
the field of shipbuilding and shipping. It can reduce the ship operating cost, ship
accidents, and attacks by pirates (Minter, 2017). In order for an unmanned ship to
become a reality, efficient real-time estimation of incoming wave can play a vital role.
For instance, unmanned vessels need to navigate the designated route automatically,
while avoiding the path of collision-risk or storms. Another mission for route

optimization (Jokioinen, 2015) is to minimize fuel consumption or navigation time when

" Parts of this chapter have been reprinted from [Kim, HanSung, HeonYong Kang, and Moo-Hyun Kim.
"Real-time inverse estimation of ocean wave spectra from vessel-motion sensors using adaptive kalman
filter." Applied Sciences 9, no. 14 (2019): 2797. Copyright 2019 by the authors]
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considering wave added resistance. In this regard, the real-time inverse estimation of
incoming waves from vessel-motion sensors is very essential.

The e-Navigation strategy, which is defined as “the harmonized collection,
integration, exchange, presentation, and analysis of marine information on board and
ashore by electronic means to enhance berth to berth navigation and related services for
safety and security at sea and the protection of marine environment” was proposed at the
81st meeting of the Maritime Safety Committee (MSC) in 2005 by the United Kingdom,
United States, and other countries. The e-navigation Strategy Implementation Plan (SIP)
was approved by MSC 94 in 2014. The initial tasks that were included in the SIP are
expected to be completed by 2019 (International Maritime Organization, 2019). The on-
board real-time estimate of the wave spectrum is a key element in unlocking in-situ
offshore sea state information.

Although multiple methods exist for wave-spectrum estimation, such as radar
(Al-Habashneh et al., 2018), satellite (Jackson et al., 1985), or buoy (Gorman, 2018),
they require expensive equipment or time-consuming post-processing. As an alternative,
one can consider a method of estimating incoming ocean waves from motion sensors on
board.

The responses occur when wave loads act on a vessel. Conversely, the method of
estimating the ocean wave by measuring the vessel motion is a kind of ‘inverse problem’
i.e., estimating the input from the response output. The procedure for estimating wave
spectra in this way can be classified into ‘parametric’ and ‘non-parametric’. The non-

parametric method is general. The Kalman filter can be regarded as a non-parametric

2



method that can be applied to any sea states. The conventional methods for solving the
inverse problem involve substantially heavy computations, such as the Monte-Carlo
method, for resolving the uniqueness problem, which means that multiple different
inputs can result from a single output. When compared to those costly and time-
consuming methods, the use of Kalman filter can be an alternative inexpensive solution
to achieve the real-time on-board estimation of incoming waves. The Kalman filter is
fast enough to measure in real time, easy to include the forward speed of the ship, and
capable of compensating sensor noises and model errors.

The research using the Kalman filter for the inverse estimation of ocean waves is
very rare until recently despite the powerful advantages of the Kalman filter. Two papers
(Pascoal et al., 2017; Pascoal and Soares, 2009) are representative. The Kalman filter in
Pascoal and Soares (2009) was applied to ocean wave estimation while using
synthesized motion data. In Pascoal et al. (2017), the motion data of the actual field from
a real ship was used. Nevertheless, this research is still in the development phase and it
needs to be elaborated (Nielsen and Stredulinsky, 2011). Figure 1 demonstrates the

overall process of the wave spectrum estimation process while using the Kalman filter.
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Figure 1 Wave Spectrum Estimation Process Using Kalman Filter.

The Kalman filter is difficult to estimate high-frequency waves where the
vessel’s response is weak. Thus, in the case of large vessels, additional high-accuracy
sensors may be utilized or other responses sensitive to high frequencies may be used.

More research is needed on this issue and the Kalman filter setting alone may be the

solution (Pascoal et al., 2017).

NOAA Forecast Snapshot for North West Atlantic of ‘NMWW3 20181008 t18z
60h forecast’ (Svasek Hydraulics, 2018) shows the actual sea conditions at North West

Atlantic. They represent significant wave height, Hs and spectral peak period, Tp at the
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same time, respectively. It can be seen that high-frequency waves with a Tp less than 5 s
(or >1.257 rad/s) occupy a large portion in the snapshot. Therefore, estimating those
wide-spreading high-frequency waves is of importance. Accordingly, it is important to
design the Kalman filter, so that the high-frequency waves can also be estimated in a
robust manner.

In Pascoal and Soares (2009), the frequency range was limited up to 1.15 rad/s
since higher frequencies can cause problems when using Kalman filter. However, in this
paper, the estimation range was extended to 2.0 rad/s, so that those high-frequency
waves can be recovered. The cause of overestimation at the high-frequency zone and its
remedy are investigated and new algorithms that suppress those overestimations are
proposed. The numerical test results are promising for various wave conditions, vessel
types, and sensor errors. Moreover, the present Kalman filter technique applied to the
inverse problem successfully reproduces, not only the real-time wave spectrum, but also
the real-time wave elevation. In this paper, ‘wave elevation’ means the time series of
irregular wave profile. The estimation of wave elevation is very important for the active
control in many ocean-engineering applications. As far as the authors know, the real-
time inverse estimation of wave elevation by the Kalman filter cannot be found in the
open literature.

The developed technology is relatively inexpensive and it has an advantage that
the wave can be continuously estimated along a ship’s passage. According to recent
statistics, the number of merchant ships sailing around the world in 2017 is about 50,000

(Statistica, 2018) i.e., there are already 50,000 potential sensors on those vessels over



the world, which means that a continuous build-up of big real-time ocean wave data

through the inverse algorithm is possible with a robust network among ships.

Introduction for Chapter 111

Service-life extension of mooring lines and risers is an important issue for many
existing floating offshore platforms. The service life can be extended by verifying
structural integrity from a thorough structural inspection (Keprate and Ratnayake, 2015)
or by analyzing various sensor signals from the monitoring system.
In the deep water of ocean, the sensor-based structural monitoring plays a crucial role in
detecting any malfunction or initial damage of riser/mooring and preventing subsequent
failure. In particular, the real-time monitoring from the deeply-submerged sensors is
even more challenging due to the difficulty in transmitting/receiving signals in real time
and lack of real-time-analyzer algorithms. Mostly in the current state of the art, sensors
are powered by the battery, and the retrieved sensor signals by ROV (Remotely
Operated Vehicle) are post-processed by engineers to detect any malfunctions or initial
structural problems. In this case, any serious real-time malfunctions and structural
problems cannot be detected and remedied in a timely manner. The riser safety is
particularly important in view of potential oil spill and risk of hosting units. If oil
leakage associated with the damage happens, fatal environmental pollution is inevitable.
On the other hand, continuous estimation of riser fatigue is necessary to real-time
monitor the accumulated fatigue damage, which is also important for the extension of

service life.



The best way to monitor the underwater riser and check its structural robustness
and fatigue life is to analyze the time-history of elastic responses and stresses. The use of
a numerical simulation tool is limited since the real-time measurement of the wind-
wave-current of the spot is rarely available or used (Bitner-Gregersen et al., 2013). In
this regard, the acquisition and analysis of elastic responses from sensor signals are more
practical and beneficial. As one of the methods, Choi and Kim (2018) recently proposed
a Multi-Sensor Fusion (MSF) system, which uses the GPS of the platform and multiple
inclinometers along the riser. They showed that the use of angle sensors is more
effective and robust in tracing riser profile in real time than using accelerometers since
dual-time integration is not necessary hence the result is less influenced by sensor noises.
Their estimation method was for two-dimensional (2D) plane and based on FE (finite-
element) formulations.

In this study, a totally new, novel approach, i.e., the Extended-Kalman-Filter
(EKF)-based real-time riser-monitoring system, is suggested with the floater-GPS and
multiple-inclinometer signals. As a significant extension of the Choi and Kim (2018)’s
approach, arbitrarily-shaped risers in the 3D space are considered. Figure 2 presents the
overall process of the riser-shape estimation using the EKF. The detailed methodology
and algorithm are explained in the ensuing sections. It is of critical importance to
validate the developed theory. In this regard, first, the platform-mooring-riser coupled-
dynamics time-domain simulation was performed with a series of bi-axial (inclination
and heading) numerical inclinometers along the riser. Second, after sensor noise was

artificially added to the acquired signals, the EKF was applied for the real-time



estimation of the instantaneous riser profile. Third, the EKF-estimated profile was
directly compared with the actual riser profile for all time steps. Last, the time-histories
of axial and bending stresses were also real-time estimated from the traced riser motions
based on author-developed FE formulations so that it can be used for the assessment of

fatigue-damage accumulation.
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Filter.



CHAPTER II
REAL-TIME INVERSE ESTIMATION OF OCEAN WAVE DIRECTIONAL

SPECTRA FROM VESSEL-MOTION SENSORS USING KALMAN FILTER”

Formulation for Modeling
Conventional Kalman Filter
The Kalman filter is an algorithm that estimates the state based on the statistical
properties with the measurement while using sensors. The sensor contains sensor errors
and the modeled governing equation does not perfectly match the system. Kalman
filtering is applied to the system model of Equations (1) and (2) in the state space. It
assumes that there exists a model error w in the state x and a sensor error v in the

measurement z during the transition to the next time step.

X1 = BXe W (1)
z, =H/X +V, (2)

where

" Parts of this chapter have been reprinted from [Kim, HanSung, HeonYong Kang, and Moo-Hyun Kim.
"Real-time inverse estimation of ocean wave spectra from vessel-motion sensors using adaptive kalman
filter." Applied Sciences 9, no. 14 (2019): 2797. Copyright 2019 by the authors]
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X, = process state vector
¢, = state transition matrix
w, = model error vector
z, = measurement vector
H, = output matrix

V, = Sensor error vector

The covariance for each of the two errors is given by;

Q=E[ww,] (3)

R=E[vv] (4)

The Kalman filter keeps reducing the prediction error of the state x through the
recursive calculating process. The process is made up of four steps, as described in
Figure 3. The superscript ‘-’ means a predicted value for the next time step. Otherwise, it

means a calculated (or estimated) value from measurement at the current step.
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Initial estimate x; and #;

4

Calculate Kalman gain, K

K,=P.HI(H,P.H] +R,)"

Predict X and P of next step
Xp = PX,
PA.Al = Qﬂﬁr +0,
n

Estimate X with measurement

., =x+K,(z, -H x;

Calculate error covariance, P

P =(I-K,H)P,

Figure 3 Kalman Filter Loop. Adapted from Brown and Hwang (1992).

where,

x. = predicted state vector
X, = estimated state vector

P = predicted error covariance matrix

P. = estimated error covariance matrix

K, = Kalman gain

Q, = model error covariance matrix

R, = measurement (sensor) error covariance matrix

The initial state x; is to be estimated and the initial error covariance, P, should
be determined by the designer. If initial P (P, ) is too small, then it will result in small

Kalman gain, K by Equation (5) in the beginning of calculation. A small K means giving

more weight to sensor measurement than prediction. Subsequently, at the beginning of

11

Measurement
from sensor, z




the filtering, the measurement is relatively neglected and the prediction is overly counted.

In other words, the P, determines the initial convergence rate of the state x. Small P

delays the initial convergence rate. Therefore, when the designer does not have prior

knowledge of x, reasonably large initial error covariance, P should be set (Simon, 2006).

R is measurement error covariance that is generally determined from the error
performance of the given sensor. An adaptive R may be applied when the sensor error is
not statistically constant in the actual filtering process. H is the matrix that defines the
relationship between state, x and measurement, z. In the estimation step, optimum X is

calculated by using the weight factor, K in the Equation (6).

K, =P.H; (H,R.H  +R)™ 5)
ﬁk :)A(E+Kk(zk-Hk)A(E) (6)
Pk =l _Kka)PE (7)

In the prediction step, P is increased by model error covariance, Q. Q is a design

parameter that can be adjusted by the designer. This process is repeated:

R, =B R (8)

Pea =ARA +Q ©)
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The conventional Kalman filter is not directly suitable for practical applications.
Therefore, the research that is related to using Kalman filter mainly focuses on the
design of an adaptive type to fit a specific model, including the optimization of the
design factors, R and Q. The optimized Q and R lead to the improvement of estimation
performance of the filter. In the following, we explain how the algorithm can be utilized
for the real-time inverse estimation of ocean wave spectra and elevation from vessel-

motion sensors.
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Main Formulas for Inverse Wave Estimation

References (Pascoal et al., 2017; Pascoal and Soares, 2009) presented the
essential formulas, including the output matrix as Equation (11) i.e., the use of vessel’s
hydrodynamics for wave spectrum estimation by utilizing the Kalman filter. Equations
(1) and (2) are used as the system model equations. The state transitional matrix ¢, is
identity and X is the complex wave amplitude in this case.

As in Equation (10), this model has an important premise. It assumes that the
measured vessel motion is the result of incoming waves that were weighted by a transfer
function (Pascoal et al., 2017). The vessel’s transfer functions are complex, which means
that they have amplitude and phase. The amplitude of transfer function is called response

amplitude operator (RAO).

Z(t) = Re(iTFj x (X, +iX,;)(cos(w;t) +isin(w;t))) (10)

where
Z: vessel motion

X,;, - real part of complex wave amplitude
x,; - imaginary part of complex wave amplitude

o : intrinsic frequency of harmonic

n, : number of harmonics to estimate

TF, : complex-valued transfer function for frequency j

14



The matrix type of H becomes

Re(TF, ) cos(,kat) — Im(TF, )sin(w;kat) |

W= : (11)
! —Im(TF; ) cos(wk at) — Re(TF; ) sin(w,k at)

where
J: jth frequency
k: kth time instant
I: Ith response
H,, - output matrix

at: time step interval

In Pascoal and Soares (2009), the conventional Equations (5), (6), and (9) were
used for prediction and estimation. However, in the prediction of x, Equation (13) was
used instead of Equation (8) i.e., the average value for three-time instants is applied as the

state prediction value, %_ .. In addition, P was computed by Equation (12) instead of

k+1"*
Equation (7). Equation (12) was used for stability reasons and it is called the ‘Joseph Form’
(Ladetto, 2000). In fact, Equation (7) is derived from Equation (12). Accordingly, either

can be used to calculate P.

Pk=(I—Kka)PE(I—Kka)'+KRK' (12)

X, =1/3- (R + K +%X_,) (13)
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According to Pascoal and Soares (2009), the adaptive approach has been
considered, because it cannot be assured that the process is completely known and that
the steady state is reached due to the change of sea condition and ship’s heading.
Equation (14) is the Adaptive R equation. The ‘diag’ means taking the diagonal from a

matrix into a vector form and vice-versa.

R=diag?(E[z, —H, %, (z. ~H%)D+HPH, (14)

The initial value of the state is as follows:

% =0 (15)

In the present paper, the above Equations (1), (2), (5) —(11), and (15) are applied.
The rest of the equations and other conditions are set to suit the vessel that is considered
and computer specifications.

Using the state, x, which is an estimated value from the filter, the wave spectrum
and wave elevation can be calculated from the following equations. The reconstruction
of both wave spectra and wave elevation is possible since the state variable x and motion

transfer function TF are complex variables:
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1 . o
Sg (a)|) = OISXA_a)iX (Xgi—l + Xgi) (16)

c(t) =[cos(ay -t), -sin(a, 1) ... cos(a, -1), -sin(e, -OI[K, K, ... Ky y K50 ] (17)
where

S. () : wave spectrum

Aw ' frequency interval

¢ . wave elevation

Regarding the determination of R and Q values, R can be determined based on
the real sensor’s performance before or while operating the filter. Thus, it is practical to
specify R. On the other hand, Q is generally more difficult to determine, because Q is
sometimes dynamically varying during filtering and it cannot be directly observed in the
process of estimation. In a simple process, satisfactory estimation can sometimes be
obtained by setting the appropriate Q. The tuning of Q and R can provide excellent filter
performance, regardless of whether there is a reasonable basis for choosing the
parameters (Bishop and Welch, 2001). Thus, Holzhuter (1997) described R and Q as
model-specific “tuning knobs” that determine filter performance and expressed choosing
them as “spirit of observer design”.

First, P, was set large enough to make the initial convergence fast, as Equation

(18). This is because the initial state is uncertain. In the long run, this initial value does
not make much difference in the filter performance (Simon, 2006). Subsequently, to

design the proper fixed value of Q, it is assumed that there is no measurement error,
17



which means that R is 0. From a number of tests, the appropriate Q value was set as

Equation (19), so that the estimation is good enough and P does not diverge.

P — 503, 0

1 _[ 0 soiJ (18)
10°, O

Q{ 0 10%} (19)

where

i: half the length of x

Only heave motion is considered to simplify the case. R was calculated by Equation (20)
and it remains as the fixed value while the filter is running. The standard deviation of
heave motion sensor error is set to be 2.3 cm, referring to the test result of a commercial
product (SBG Systems, 2018). Thus, when only heave is considered, R is5.29x10™,

which is the square of 0.023 m.

R =diag|: (20)

where

18



o : sensor noise (error) standard deviation

I: Ith response or mode

A freely floating FPSO (Floating Production Storage and Offloading) in Figure 4
was selected as the vessel. The total number of 1831 quadrilateral panels was used after
the convergence test. The details of the vessel are given in Kim and Kim (2015a). Figure
5 is the RAO of the FPSO. The vessel’s transfer function (or RAO) was numerically

computed while using a three-dimensional (3D) diffraction/radiation panel program,

WAMIT software.

Figure 4 Floating Production Storage and Offloading (FPSO) Mesh (LPP (length
between perpendiculars): 310 m, B: 47 m, Draft: 15 m).
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Figure 5 Heave Transfer Function of FPSO.

A uni-directional JONSWAP wave spectrum withHs=2m, Tp=7s, and
enhancement parameter = 2.2 is considered. The significant wave height, Hs is defined
as the average of the 1/3 largest waves. It can be calculated from either wave spectrum
or wave time series. Tp is the spectral peak period. Hs and Tp are used as key index
parameters since the purpose of the Kalman filtering is to inversely estimate the overall
shape of the spectrum. Subsequently, the corresponding heave motion spectrum was
calculated while using the calculated RAO. Afterwards, the corresponding irregular-
motion time series were generated by Equation (29). Subsequently, a white noise that
was equivalent to the standard deviation of sensor error 2.3 cm was artificially added

(Figure 6). Afterwards, the motion-time-series data, including the sensor error, was
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inputted to the present Kalman filter process. The frequency range of the white noise is

set to be the same as that of input wave spectrum.

Measurement Noise

| | |

— — — Heave motion w/o Sensor Noise
Heave motion with Sensor Noise

0.1

I
0.05 [ eeten
|
|
R |
~ 0
©
N
s e 1 s b e Y e
-0.1
970 975 980 985 990 995 1000
t (sec)

Figure 6 Time Series of Heave Motion with Sensor Noise.

The previous equations and conditions were applied. First, the frequency range
was limited to 0.1~1.15 rad/s, as in Pascoal and Soares (2009). The Kalman filter was
run for 1000 s. The real-time spectra were calculated during that time. The spectral
estimation was good after the initial transient stage, as indicated in Figure 7. This shows
that the Kalman filter is well designed up to this point. However, we found some
problem when the frequency range is extended to higher-frequency regions, as shown in

the next example.
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Figure 7 Generated and Estimated Spectrum / Evolution of Parameters (Hs =2 m,

Tp =7 s, Frequency: 0.1~1.15 rad/s).
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Design of Modified TF to Suppress Overestimation in High-Frequencies
The performance of the designed Kalman filter was examined when the
frequency range is extended to 2.0 rad/s. In Figure 8, we start to see some problem i.e.,

excessive estimation of spectral amplitude in the high frequency region.
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Figure 8 Generated and Estimated Spectrum / Evolution of Parameters (Hs =2 m,

Tp =7s, Frequency: 0.1~2.0 rad/s).
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No overestimation occurred when the sensor error was removed. In case there is
sensor error and RAO is intentionally amplified, so that its magnitude is more than 1 in
all frequency region, overestimation did not occur. Therefore, it is expected that the
cause of the overestimation at the high frequency region is the combination of sensor
errors and small values of RAO. In order to better understand the phenomenon, the
internal variables, P and K for every frequency component during the operation of the
filter were analyzed.

Figure 9 shows a comparison of the changes of the internal variables P and the
absolute value of K in the frequency domain during the Kalman filter operation for both
cases i.e., (a) and (b) when the maximum frequency is 1.15 rad/s and (c) and (d) when
the maximum frequency is changed to 2.0 rad/s. In the case of (a) and (b), the P and K
values converge to proper values after initial transient stage. However, in the case of (c)
and (d), the P and K values do not converge well and the errors in the high frequency
region are particularly large. The convergence rates in the high frequency region are also
very slow. This is due to Equation (7) of the ‘Calculate P’ step in the Kalman filter loop.

P is decreasing each time step by the equation. The high-frequency region of (I -K H,)

is close to 1, the element of an identity matrix, since the H is small in the high-frequency
zone due to the motion characteristics (RAQ) of the vessel. Therefore, the high-
frequency region of P, which is multiplied by (I -K, H,) every time step, slowly
decreases.

P is a variable that determines K in Equation (5) of the ‘Calculate K’ step. The

slow decreasing of P also slows down the convergence rate of K. Therefore, in Figure
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9(d), the convergence speed of K also becomes slow. K is gain between the measured
value and the predicted value in Equation (6) of ‘Estimate x with measurement’ step.
The overestimated K in the high frequency range gives an excessive value of x, which is
the estimated result. Essentially, the small response in the high frequency region of RAO

with respect to the given sensor error causes an overestimation problem.
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First, as a potential solution to overcome the phenomenon of overestimation in
the high frequency region, while using multi-motion signals was attempted i.e., Surge,
Sway, Roll, Pitch, and Yaw were added so that a total of six motions can be used. It may
be possible that the ill behavior of heave in the high frequency region can be
compensated by sensor fusion. The test results (Figure 10) show that the unfavorable
behavior is improved when compared to the heave only case, but overestimation still
occurs i.e., the generalization of Kalman filter technique to include all 6DOF motions
helps the problem, but is not highly effective.

Meanwhile, the phenomenon of excessively amplified noise is mentioned as a
problem of the inverse filter that is used in the image restoration field (Sundararajan,
2017). This problem can occur when the transfer function is zero or very small. If the
measured signal has sensor error, it is more amplified at high frequencies. In the image
restoration, the Wiener filter is used to solve this problem. In this regard, we applied the
principle of the Wiener filter to the present the Kalman-filter technique, as described in

the following.
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Figure 10 Generated and Estimated Spectrum / Evolution of Parameters Using Six

Motion (Hs=2m, Tp =7 s, Frequency: 0.1~2.0 rad/s).

Reference (Lagendijk and Biemond, 2009) explains some filters for original-
image-restoration from blurred images. First, the Inverse filter is introduced. Assuming

that the blurring function D, which is a sort of transfer function, is known, the inverse
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filter can be directly used in the frequency domain to recover the original image. The

observation equation can be expressed in the frequency domain, as;

G(u,v) = F(u,v) D(u,v) (21)
where
G: observed image
F: original image

D: blurring function

The original image F(u,v) can be restored by filtering the observation G(u,v). The

inverse filter o ! ] provides a perfect estimate of the original image in the case of no
u,v

noise as follows:
F=G(u,v) (22)

D(u,v)
where

F: estimated image

However, if there is sensor noise N(u,v) as Equation (23), the result will be
filtered noise i.e., the second term in Equation (24) and the desired image. The term is

called “Inverse Filtered Noise” (Lagendijk and Biemond, 2009). The inverse filter
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typically has very high gain at certain frequencies, where D(u,v) is small. The amplified
noise at those frequencies will dominate the result. Figure 11 is the schematic diagram of

noise amplification. In the bottom right of the figure, F the estimated image is amplified

(red solid line) in the high frequency region by the inverse filter.

G(u,v) = F(u,v) D(u,v) +N(u,v) (23)

F(u,v) N(u,v)
X
0 u,v 0 0 u,v
F(u,v)D(u,v)
G(u,v) lA:(“,V)
X
0 v 0 u, v
<Blurred Image> <Inverse Filter> <Restored Image>

Figure 11 Schematic Diagram of Noise Amplification.

To overcome the noise sensitivity of the inverse filter, the Weiner filter can be

used. It is defined in the frequency domain, as;
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wiu =~ Gy (WnenS,uv)or S, (uv) is unknown, S (uY) ((ﬂz)) 50
(D@ + g 5) @ 5)
where

D (u,v)": complex conjugate of D(u, v)
S, (u,v) : power spectrum of the noise
S, (u,v) : power spectrum of the ideal image

C: constant

In fact, the Wiener filter is used to minimize the mean square error between the
estimated signal and the desired signal. It produces an estimate of the desired signal of a
measured noisy signal, in principle, while assuming that original signal and noise are
known (Wikipedia, 2019). However, it is common to use an approximation when the

power spectra are not known. It means that the ratio S (u,v)/S, (u,v) can be substituted by

a constant C. The C can be chosen by logistic trial and error (McAndrew, 2015;
Sundararajan, 2017) as Equation (25). In this paper, the original signal i.e., wave
spectrum is assumed to be unknown. Accordingly, C can be determined by trial and
error.

In Figure 12, through comparison with inverse filter (1/D), we see the effect of
Wiener filter W(u, v). The Wiener filter suppresses the gain by a certain amount to
suppress amplified noise in the frequency region where the magnitude of Inverse filter is

too large. To see the effect of Wiener filter with respect to transfer function D, the
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inverses of both Inverse filter and Wiener filter are plotted in Figure 13; 1/W(u, v)

increases the very small gain of D in the high-frequency region.

G(u,v) F(Ua")
1
D(u,v) ,’
”
W(u,v)
¥
0 u, v 0 u,v 0 U v
<Blurred Image> <Inverse Filter> <Restored Image>
Figure 12 Effect of Wiener filter.
1
D(uyv) / 1
s W(u,v)
W(u,v) D(u,v) SS N
0 u,v 0 u, v
<Inverse Filter = Wiener Filter> <Blurring Function = Inverse of Wiener Filter>

Figure 13 Effect of Inverse of Wiener filter to Compare to D(u,v).

When comparing the wave estimation with the image restoration, F corresponds
to wave, G to ship motion, and D to motion TF or H, respectively. Unlike the Inverse
filter, the Kalman filter is the recursive filtering algorithm finding more accurate state

with more measurements. However, at a particular time step, the Kalman filter also

32



computes the original signal in the inverse direction from the measurement with sensor
noise, while using the pre-programmed output equation between the state and
measurement.

We applied the principle of Wiener filter to the present Kalman-filter technique
for the inverse wave estimation in the frequency region where the magnitude of Inverse
filter is too large. The issue is that the inverse form of transfer function like (1/D) cannot
directly be applied to the Kalman filter. Rather, it is not in inverse form, but TF is
included in H as equation (11). Therefore, we had to devise a way to modify the TF
while keeping the Wiener’s effect the same. As mentioned earlier, the effect of the
Wiener filter is to increase the gain of D by a certain amount in the frequency region
where the magnitude is 0 or too small.

If Wiener filter W is used instead of Inverse filter (1/D) in Equation (24), noise
term N/D is eliminated, and G X W = F is established. Subsequently, G/F = 1/W. Let us
put this as Equation (a). Meanwhile, in the Equation (6) in the Kalman filter, it is used as
Z-HX. If we change these as variables of image restoration, it is G-DF. Assuming that
there is noise, it is not 0 but G-DF = N. Afterwards, D = G/F—N/F and let us put this as
Equation (b). When we input 1/W to D in the Equation (b), the Equation (b) becomes
G/F = G/F-N/F by the Equation (a) and N/F becomes 0. That is, if we use 1/W instead
of D in Kalman filter, we can obtain the effect of Wiener filter and eliminate the noise.
In conclusion, the modified TF as Equation (26) was applied to the Kalman filter in the

inverse form of Wiener filter. For easy comparison, Figure 14 is given.
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(| TF? +C)

*

TF

where

TF : complex conjugate of TF

Transfer Function

Image Restoration

Wave Estimation

(26)

Blurring Function

D(u,v)

Motion Transfer Function

TF

Invese Filter (Posterior)

Kalman Filter (Recursive)

Restoration
(Estimation of Original Signal)
1 ; TF is used
Method ———isused
D(u,v)

Probl Overestimation Overestimation

roblem (Amplified Noise) (Amplified Noise)

Wiener Filter Modified TF

Solution D*(u,v)

D

) > |D(u,v)|2+C

TF|2+C
5| ITEE+C
TF*

Effect of Solution

Increase gain of
Transfer Function, D(u,v)
which is very small

Increase gain of
Transfer Function, TF
which is very small

Figure 14 Comparison of Image Restoration and Wave Estimation.

Through trials and errors, C was found to be 2.5 x 10~>, when the sensor noise

(error) standard deviation is 0.023 m. Figure 15 shows the Modified RAO (TF) when

Equation (26) is applied. We aslo tested the formula for various wave conditions and two
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different floating platforms, such as FPSO and semi-submersible case, and the results are

equally satisfactory. This is covered in detail in the later section,

Results and Discussion. The results show substantial improvement
(overestimation does not occur) when the proposed modified motion TF is applied to the

FPSO, as shown in Figure 16.

Heave RAQO

RAO
= = = Modified RAO

Heave Magnitude (m/m)
© o o o
3] [#%] iy w

o
-
T

0 02 04 06 08 1 12 14 16 18 2
Frequency (rad/s)

o

Figure 15 Modified Heave Response Amplitude Operator (RAO) (Red Dotted Line)
of FPSO.
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Figure 16 Generated and Estimated Spectrum / Evolution of Parameters Using
Modified TF (Hs=2m, Tp =7 s, Frequency: 0.1~2.0 rad/s).

(%51 +ix,;) is an incoming wave of a complex number in Equation (10). For the

two states x,,,, x,; estimated by the Kalman filter, if Equation (17) is used, the real-time

i
estimation of the corresponding wave elevation (actual wave profile) at each time is
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conducted (Figure 17) and Figure 18 shows the results. The real-time wave profile that
was estimated by the Kalman filter is compared to the theoretically reconstructed wave
profile by using the random phase and the relation between the wave and motion via the
phase of transfer function.

Figure 17 describes the estimation process for wave elevation. In the case of the
wave spectrum estimation, only the motion time series of the ship needs to be generated
through the process of @, @ in the figure. In the case of the wave elevation estimation,
we need to additionally generate the original wave elevation through the @ calculation.
This becomes the target for comparison with the estimated one. It should be noted that
the motion and wave random pahses differ by the TF phase ¢, so that the random phases
of incident wave can be assigned.

In Figure 18, the original and inversely estimated wave profile agree very well.
This means the the present Kalman filter technique applied to the inverse problem
successfully reproduces not only the real-time wave spectrum, but also the real-time
wave elevation. The latter is very important for the active control in many ocean-
engineering applications. To the best knowledge of authors, the real-time inverse
estimation of wave elevation by the Kalman filter cannot be found in the open literature.
In (Pascoal et al., 2017; Pascoal and Soares, 2008; Pascoal and Soares, 2009; Pascoal et
al., 2007), no time series of wave elevation was obtained although wave spectra were

inversely estimated.
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Heave motion with Sensor Noise
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(b) Estimated wave elevation.

Figure 18 Input Heave Motion & Estimated Wave Elevation Using Modified TF
(Hs=2m, Tp =7 s, Frequency: 0.1~2.0 rad/s).
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For further checking of convergence, RMSE of P is represented from Equation
(27). The ‘trace’ means sum of diagonal elements. Figure 19 confirms that P does not

diverge.

RMSE of P = a/trace(P) (27)

RMSE of P

1000

Figure 19 Evolution of P.

The variations of the internal variables P and K in the frequency domain were
examined as well in Figure 20. When compared with the ‘~2.0 rad/s’ case of Figure 9(c)
and (d), it can be seen that both P and K converge near zero in the high frequency range

at 500 s. The application of Modified TF suppresses K in the high frequency.
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Consequently, the overestimation of x does not occur in the high-frequency region when

it is calculated by Equation (6).
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Figure 20 Error Covariance and Kalman Gain when Using Modified TF.
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The measurements from a sensor include sensor error. When the sensor maker
provides sensor error information, we can set a reference value for R according to the
information. However, a potential problem is that the statistical properties of sensor
errors are not the same during actual measurements. Accordingly, Liu (1998) proposed
an adaptive Kalman filter for harmonic signals. Therefore, to take advantage of the
adaptive R, Equation (14), e.g., Pascoal and Soares (2009) is applied with the modified
TF in subsequent tests. In the equation, only the diagonal component was taken from the

covariance matrix for the errors. By two ‘diag’ processes, we can construct a diagonal
matrix, so that it matches the dimensions of the H,P.H, matrix.
To explain more about the dimensions of the H,P.H, matrix, variable definition

and dimensions are in Table 1. The number of states x and measurements z are

independent. However, the dimension of matrix ¢, H, P, R, etc. are determined by the x
and z (Rhudy et al., 2017). Subsequently, the dimension of H,P.H, in Equation (14)
becomes n, xn,. The dimension of E[z, -H, %, (z,—H,%)1 isalso n,xn,. Here, if we
only take a ‘diag’ once to the matrix, it becomes a vector and it cannot be computed with
H,P-H, matrix. Accordingly, ‘diag’ is taken one more time to convert the vector back

into a matrix, so that it can be computed.
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Table 1 Dimension of Variables.

Variable Description Dimension
X State Vector n x1
z Measurement Vector n, x1
¢ State Transition Matrix n xn,
H Output Matrix n, xn,
P Error Covariance Matrix n xn,
R Measurement Error Covariance Matrix n,xn,

Applying Modified TF with Adaptive R also suppressed the overestimation, and

the test results are given in the next section.

Testing
Numerical Modeling of Motion Sensor
Only heave-motion signal at the center of gravity (CG) of FPSO was used. Time
domain simulation software, such as CHARM3D, can be used to get the ship’s motion
(Jin and Kim, 2018). However, in this paper, the motion data is generated by
superposition for the testing i.e., they are generated from the motion spectrum by
Equations (28) and (29). The wave spectrum was assumed to be single-peaked and

narrow-banded. The data sampling frequency is 5 Hz.

S, () = RAO? - S_(«) (28)

Z(t)= i,yZSZ (0,)20 -cos(ot+&,+,) (29)

where
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S, (») - motion spectrum
S, (w) : wave spectrum
z: vessel motion

o : intrinsic frequency of harmonic

s frequency interval
én: random phase

% : phase of TF

In this paper, the frequency range of 0.1~2.0 with 0.02 rad/s interval is used.
Subsequently, the number of entry frequencies is 96 and the number of states to be
obtained from the filter is 192. It was compared to the cases with different Aw to
investigate the relationship between frequency intervals and estimation performance.
Figure 21 shows that the real-time estimated wave spectra reasonably match, regardless

of the two employed frequency intervals.
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Estimated Spectrum (Aw=0.02 rad/s, #w=96)
Estimated Spectrum (Aw=0.04 rad/s, #w=48)
| |

= -
1.4 1.6 1.8 2

w [rad/s]

Figure 21 Comparison of Estimated Spectra Averaged over 700~1000 s for the
Different Number of Frequency Components.

When superposing sinusoidal components, the randomly-perturbed frequency
interval Ao was used by multiplying the random value « , as shown below in order to

prevent the signal repetition. The Kalman filter then ran for 1000 s.

Aw=0.1x« [rad/s] (—0.5(a(0.5) (30)

Estimation tests were performed for various sea states to confirm whether the
proposed modified TF can be applied to a wide range of applications. In the later part of
this section, another vessel (OC4 semisubmersible e.g., Kim and Kim (2015a); (Kim and
Kim, 2016)) with different RAO will be tested. The applied Kalman-filter technique

equally worked well for the new vessel, which shows that the developed algorithm is not
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sensitive to vessel type either. To observe the sensitivity against various wave conditions,
a series of sea states applied are shown in Table 2, as below. In this table, No. 1 to 5
cases were selected as reasonable sea states (DNV, 2000). On the other hand, No. 6 and

7 cases are particular sea states.

Table 2 Simulated Sea States and Their Parameters.

Sea State No. Hs (m) Tp (s)
1 1.5 6
2 5 9
3 9 11
4 13 13
5 17 15
6 1.5 18
7 13 11

Results and Discussion
Figure 22—Figure 28 present the results of the inversely estimated real-time
spectra, Hs and Tp with time for the seven sea states when applying the proposed
modified TF and adaptive R (Equation (14)) of Pascoal and Soares (2009). It is seen that
the developed Kalman filter technique works well for various sea states, which opens the
door to a continuous inverse estimation of ocean waves from heave-motion sensor,
regardless of sea states during service or voyage without adjusting the wave-frequency

range and Kalman-filter parameters.
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Figure 22 Generated and Estimated Spectrum / Evolution of Parameters (Sea State
1,Hs=15m, Tp=65).
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Figure 23 Generated and Estimated Spectrum / Evolution of Parameters (Sea State
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Figure 24 Generated and Estimated Spectrum / Evolution of Parameters (Sea State

3,Hs=9m, Tp=115).

49



Generated Scalar Spectrum Estimated at t=50 s

i i i 60 | i |
'E' | | i | | |
Sak——fh——+——d——o M0 ——F——F——d———
E | | E | | |
’:'3*20 | | 520 | | |
5 T AT AT
0 : 0 '
0 0.5 1 1.5 2 0 0.5 1 1.5 2
w [rad/s] w [rad/s]
Estimated at t=180 s Estimated at t=500 s
60 60
| | | |
o | | - |
G oab——f-—+——4—— & st e
£ | | E |
‘§2D I ! 320 I
1 T —I[ ] & T —I[
0 L 0 |
0 0.5 1 1.5 2 0 1.5 2
w [rad/s]
20
| l I [ | I l |
L L
. 15 ] | | | | |
E el N Y IR (NN RN AU AR
a 10 1 I I
T | | | | |
5 I D R D e e Generated Hs |
[ | | [ [ Real-T Estimated Hs
0 | | ] | | | | |
0 100 200 300 400 500 600 700 800 900 1000
time(sec)
PR 11111 g g g iy S RS A B
| | | | | | |
o 15 ———|——|—+——1———i———l———|———|———I———
2 T f | | f f |
Em A I | I IR IR R I SR
5 B I R O L A R Generated Tp 1
I | I | | Real-T Estimated Tp
| | | | | | T | I

0 100 200 300 400 500 600 700 BOO 900 1000
time(sec)

Figure 25 Generated and Estimated Spectrum / Evolution of Parameters (Sea State

4,Hs=13m, Tp =135).
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Figure 26 Generated and Estimated Spectrum / Evolution of Parameters (Sea State

5 Hs=17m, Tp=155).
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Figure 27 Generated and Estimated Spectrum / Evolution of Parameters (Sea State

6, Hs=15m, Tp=185).

52



Generated Scalar Spectrum Estimated at t=50 s

| i i 80

el L __1__1___|
460 | | |
*:'3* | |

doof-—fx-Lt-—d-——
|
0 ]

0 0.5 1 1.5 2

w [rad/s] w [rad/s]
Estimated at t=180 s Estimated at t=500 s

Generated Hs |
Real-T Estimated Hs

| I
0 100 200 300 400 500 600 700 800 900 1000

Tp(sec)

Generated Tp i
Real-T Estimated Tp
| I [

0 100 200 300 400 500 600 700 BOO 900 1000
time(sec)

Figure 28 Generated and Estimated Spectrum / Evolution of Parameters (Sea State

7,Hs=13m, Tp=115).
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Next, we tested the developed modified Kalman-filter algorithm for another
vessel (OC4 semisubmersible) to see whether the developed algorithms are sensitive to
vessel types. In this regard, Figure 29 provide the motion TF of OC4 semisubmersible
(Kim and Kim, 20153, 2016). Sea state No. 1, 3, and 5 were tested (Figure 30—Figure 32)

for the OCA4. The estimation of real-time wave spectra, Hs, and Tp was good.

Heave RAO Heave Phase
5 T T T 200 T T
RAO 150———|——|———1|—[-—
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Figure 29 Model and Modified Transfer Function of OCA4.
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Figure 30 Generated and Estimated Spectrum / Evolution of Parameters (Sea State

1,Hs=15m, Tp=65).
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Figure 31 Generated and Estimated Spectrum / Evolution of Parameters (Sea State

3,Hs=9m, Tp=115).
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Figure 32 Generated and Estimated Spectrum / Evolution of Parameters (Sea State

5 Hs=17m, Tp=155).
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Up to this point, the developed Kalman-filter algorithm has been applied to the
stationary sea state. However, sea states continue to change in actual sea, so, it is of
interest to inversely estimate waves for non-stationary seas. The sea state sequence is set
as shown in Table 3. It is assumed that the sea state is changing accordingly. The sensor
error’s standard deviation was set as 2.3 cm and the modified TF was applied to the
FPSO. Simulation was performed assuming that the vessel’s motion continuously varies
due to the changes in sea state. The superposed motion time series for each sea state

were then connected in order (Figure 33).

Table 3 Simulated Sea State Sequence Along the Route.

Sequence No. 1 No. 2 No. 3 No. 4 No. 5
Hs (m) 3 2 4 8 13
Tp (s) 9 8 10 11 11

2 T T T T T T T T T
£ o MWWMWWW
20 am wm e 2w w ow mw am s e
t {sec)

Figure 33 Time Series of Heave Motion During Sea State Change.

The algorithm was tested while using both modified TF and adaptive R. As a
result (Figure 34), the real-time wave spectra are well estimated, even with drastic
changes in sea states. Figure 34(b) shows the change in R and Q (fixed) during the
estimation and Figure 35 is the RMSE of P, which is converging with more

measurements.
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Figure 34 Evolution of Parameters, R (Adaptive) and Q (Fixed) During Sea State

Change.
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Figure 35 Evolution of P During Sea State Change Using Modified TF and
Adaptive R.

Directional Spectrum and Forward Speed Inclusion
Directional Spectrum

Previous content has covered the 1d scalar spectrum which assumes that the
wave energy is condensed in dominant heading. However, in actual seas, the wave
components do not travel in the same direction. The wave energy is distributed along the
direction and is incident on the structure. So, here the directional wave spectrum is
covered taking into account the spreading factor. When considering the spreading factor
s of wave energy, generally ‘cosine 2S spreading function’ as Equation (31) is used. In
this case, the directional spectrum is obtained by multiplying the directional spreading
function to the 1d scalar spectrum as Equation (32). Since the energy before and after
spreading is the same, the integral of the directional spreading function for all directions

should be 1 as Equation (33) (Pascoal et al., 2007).
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25D s1(s—1)!

cos®®(u—ru with
(251! (u=a)

D, () =
S (@, 1) =D_(1)-S_(w)

["D.(w) du=1
where
D. () : directional spreading function

s : spreading factor

£ - mean direction of wave propagation
S. (@, 1) - wave directional spectrum

S, () : wave 1d scalar spectrum

— T
u—ml <3

31)

(32)

(33)

The figure below shows a directional spectrum when z is 180 degrees and s is 2. The

larger s is, the narrower the spreading is.
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Figure 36 Cosine 2S Spreading.

The mathematical formula of generated directional wave and ship’s motion spectrum as

follows.

¢, (t) = Z Sim COS(@;t+¢,) (34)
j=1
_ 2 35
S, m =RAO;,"-S_, (39)
where

¢ wave elevation
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J -] th frequency

m: m th direction

n, : number of harmonics to estimate
¢: wave amplitude

¢ random phase

S, : ship” motion spectrum

s. . directional wave spectrum

Using the following equations, 6 DOF motion z(t) was made from the ship’s

motion spectrum, S, jn.

ng Nt

Z(t) = zzzjm -cos(ot+¢; +9;,)

m=1 j=1

- (36)
Z(t) = ZZ\/ZSZ (@,,0,)2040 -cos(o;t +&; +¢,,)

m=1 j=1

where
z: ship’s motion
n, : number of direction in the discretization
Z : ship’s motion amplitude
#n : phase of TF

s frequency interval
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A6 : direction interval

Here, the Kalman filter estimates the magnitude of the wave spectrum not only in
the dominant direction but in all directions. So, the number of state x is also multiplied
by the number of directions. To use more data set as input, we increased the number of
motion to 6 DOF. Now because the direction and more motions are added, Equation (10)

and (11) become Equation (37) and (38) respectively.

z(t) = Re( ZZ TR, o X (X1 +iXy; ) (COS(@;t) +isin(e;t)) ) (37)

m=1 j=L
where
z: vessel motion
n, : number of harmonics to estimate
n, : number of direction in the discretization
TF, : complex-valued transfer function for frequency j, direction m
The matrix type of H becomes
o Re(TF;,,) cos(w;kat) — Im(TF; ) sin(e;kat) (38)
M|~ Im(TF,,,,) cos(e;kat) — Re(TF,,, ) sin(e;k at)
where

J . J th frequency

k : k th time instant
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I : 1 th response
m: m th direction

H.,. . output matrix

jKim

at: time step interval

If the number of x and z changes, the size of the rest of the matrix is also

determined as shown in Table 4 below.

Table 4 Dimension of Variables for Directional Wave.

Variable Description No. of Row  No. of Column
X State Vector (2*)*m 1
z Measurement Vector I 1
¢ State Transition Matrix (2*))*m (2*))*m
H Output Matrix | (2*)*m
P Error Covariance Matrix (2*))*m (2*))*m
K Kalman Gain 2*)*m I
R Measurement Error Covariance Matrix I I
Q Model Error Covariance Matrix (2*))*m (2*))*m

Using the formula and variable given above, the Kalman filter estimate x. The
equation for calculating the directional spectrum from the x is different from that of the
scalar spectrum. For scalar spectrum, the wave spectrum was calculated from the
estimated x by Equation (16). On the other hand, in case of the directional spectrum, .0
is included as in the Equation (36). It is because the equation between the magnitude of
the directional spectrum and the amplitude includes not only the frequency but also the
directional component. Therefore, the direction spectrum is calculated from x by

Equation (39):
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1 1 52
v XEX(X2H+X2]) (39)

j m

S.(@,,6,) = 05x

Regarding the error of 6 DOF motion, the standard deviations of translational

motions (surge, sway and heave) are set 0.023m as the same. For rotational motions (roll,

pitch and yaw), those are set 0.028°, 0.032° and 0.028°, respectively. This error is

referring to the test result of a commercial product (SBG Systems, 2018). This sensor
error is calculated in the Kalman filter in the form of covariance, as shown in equation

(20).

Forward Speed Inclusion
Another challenge in wave spectrum estimation is when the vessel has a forward
speed. The frequency of the wave spectrum is based on a fixed point in the ocean.
However, when the vessel is sailing at a certain speed, it needs to transform into the
reference frame of the moving vessel. Figure 37 shows the relative direction of the
incident wave as the ship is sailing at forward speed U. And Equation (40) represents the

relationship between typical wave frequency » and the encounter frequency «, (Reid

and Parent, 1982).
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Figure 37 Encounter Angle.

2
W, = a)——a) U;:OSZ (40)

Figure 38 shows the relationship between »and @, when Equation (40) is

applied to different wave directions.
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Figure 38 Typical Wave Frequency and Encounter Frequency.

The encounter frequency (e, ) is greater than the wave frequency in a head sea.

But it is generally less than the wave frequency in following seas. It is a Doppler effect
(Reid and Parent, 1982). Thus, the wave spectrum will be shifted to different frequency
ranges along the frequency axis. For example, a typical ocean wave spectrum looks like
top graph of Figure 39. Assuming a ship is sailing in head seas for this wave spectrum,
the spectrum on the encounter frequency domain would be as shown in bottom graph of

Figure 39.
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Figure 39 Area Under Typical Wave Spectrum and Encounter Spectrum.

When the original wave frequency range is shifted to equivalent encounter

frequency, the shaded region of the two graphs in Figure 39 must the same. This is

because the energy in a given range of wave frequency must match the energy in the

shifted one of the encounter frequencies. The area of the section is;

S.(@,)Aw, =S_(w)Aw
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The observed data from the motion sensors installed on the sailing vessel is the
motion in the reference frame of the moving body. The excitation that it measures in
moving vessels would be at the encounter period. For the test of wave estimation, first of
all, ship motion at a forward speed is necessary, which is the input to the Kalman filter.

To generate the motion time series at a forward seed, the motion spectra for
every discretized direction on the encounter frequency domain was calculated by using
the Equation (42). And the corresponding irregular-motion time series were generated
from the obtained motion spectra by Equation (43). Since the vessel's TF set in the
Kalman filter is also on the encounter domain, the wave spectrum estimated from the
filter also becomes on the encounter domain. If we converted it back to the original
frequency satisfying the two Equations (40) and (41), the original wave spectrum is

finally acquired. Figure 40 below shows this whole process.

S, im (@)= RAO;, (a)e)2 S (@,) (42)
Z,)= Y3 25, (@,,.0,)a0,40 -c05(@, t + 2, +9,,) (43)
m=1j=1
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Figure 40 Directional Wave Spectrum Estimation Process Using Kalman Filter for

Forward Speed Inclusion.

Results and Discussion

Directional wave spectra were estimated with Kalman filter applying principle of

Wiener filter for various sea states and wave mean directions at ship’s speed, 10 knots as

Table 5. The z on the table is the mean direction of wave propagation. And the direction

reference follows Figure 36. In other words, if z is 0 degrees, it corresponds to head

seas, 90 degrees is beam seas, and 180 degrees is following seas. The last Case No. 7 is
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assumed to test the multi-directional wave spectrum. This is the case when Hs sea, 2m
and Hs swell, 5m are incident together. The spreading factor, s is set as 2.0. The

frequency interval Ao was 0.08 rad/s.

Table 5 Simulated Sea States and Their Parameters for Directional Spectrum
(Ship’s Speed: 10 Knots).

c N Sea Swell
BENO T Hs (m) | Tp(s) | aldeg) | Hs(m) | Tp(s) | a(deg)
1 5 9 30 - - -
2 5 9 90 - - -
3 5 9 135 - - -
4 8 15 0 - - -
5 8 15 60 - - -
6 8 15 180 - - -
7 2 7 135 5 15 0

Figure 41-Figure 47 present the simulation results of the inversely estimated
real-time directional spectra for all the cases in Table 5. It is seen that the developed
Kalman filter technique works well for various ocean environments even when the ship

IS moving at forward speed.
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Figure 41 Generated and Estimated Spectrum (Case #1, Hs=5m, Tp=9s, z=30°).
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Figure 42 Generated and Estimated Spectrum (Case #2, Hs=5m, Tp =9, z=90°).
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Figure 43 Generated and Estimated Spectrum (Case #3, Hs=5m, Tp=9s, z
=135°).
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Figure 44 Generated and Estimated Spectrum (Case #4, Hs=8 m, Tp =155, z=0°).
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Figure 45 Generated and Estimated Spectrum (Case #5, Hs=8 m, Tp =15s, u

=60°).
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Figure 46 Generated and Estimated Spectrum (Case #6, Hs=8 m, Tp =15s, i
=180°).
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Figure 47 Generated and Estimated Spectrum (Case #7, Hssea=2m, Tpsea=75s,

i sea=135° Hs swell =5 m, Tp swell =15, iz swell=0°).

It is interesting to analyze the estimated spectra for all directions and evolution of
estimated Hs, Tp for directional wave. Figure 48 is estimated spectra for all directions,
which corresponds to simulation of Case #7, multi-directional wave spectrum case. In
the figure, 300, 330, 0, 30 and 60 degrees are discretized spectra of swell. The 90, 120,
150 and 180 degrees are discretized spectra of sea. Not only the mean direction, it is
shown that the estimations for the spreading directions are also in good agreement with

generated spectrum.
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Figure 48 Generated and Estimated Spectra for All Direction.

Figure 49 presents the Hs and Tp with time for swell of Case #7. As simulation

time goes, estimated Hs and Tp converged to generated value. In Figure 50, the original

and inversely estimated mean direction (z=0° ) wave profiles of swell also agree very

well.
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Figure 49 Evolution of Parameters (Case #7, Hs swell =5 m, Tp swell =155s,).

T T T T T
Generated Wave elevation of Main Direction (Observed from ship) _

- = — Real-T Estimated Wave elevation of Main Direction (Observed from ship)

| | |
1700 1750 1800 1850 1800 1950 2000
time (sec)

Figure 50 Mean Direction-Wave Elevation of Swell (Case #7, Hs swell =5 m, Tp

swell =155,).
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CHAPTER IlI
REAL-TIME ESTIMATION OF RISER’S DEFORMED SHAPE USING

INCLINOMETERS AND EXTENDED KALMAN FILTER

Riser Monitoring System

Current technology for riser monitoring is summarized in this section. Various
types of sensors are used for riser monitoring, such as accelerometer, strain gauge,
inclinometer, angular velocity sensors, and curvature sensors (Cook et al., 2006;
Karayaka, 2009; Karayaka et al., 2009; Peng and Zhi, 2012; Podskarbi and Walters,
2006; Podskarbi et al., 2007; Thethi et al., 2005). Signals measured by various sensors
are used for riser integrity analysis with different analysis methods, as summarized in
Table 6 (Mercan et al., 2016). Each method has unique advantages and disadvantages.
While the wave-frequency responses of a riser are mainly induced by wave excitations,
current can induce high-frequency VIV responses. Based on the riser type, behavior, and
situation, the target analysis method should be determined. For instance, transfer
function and mode matching methods need finite element (FE) analysis to acquire the
transfer function and modal amplitude, and prediction accuracy is diminished for the
location far from the sensor location. The Timoshenko-beam-based analytical method is
also applicable for response estimation under wave and VIV excitations. However, the
measured acceleration data from sensors are converted into curvature with an analytical
transfer function. It is not easy to reflect actual structural properties, such as structural

damping and added mass, and the fatigue calculation is only available at the sensor
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location. Also, the g-contamination contained in the measured acceleration must be
eliminated for more accurate monitoring (Ge et al., 2014). Additionally, this method is
vulnerable to the sensor error. On the other hand, the proposed EKF-based monitoring

system can generically overcome the sensor error inside of the algorithm.

Table 6 Comparison of Riser Fatigue Analysis Methods.

Transfer .
. . M Matchin
Parameters Analytical Method Function ode Matching
Method
Method
Riser Response Wave & VIV Wave & VIV VIV
FEM required No Yes Yes
Accuracy High (Application Limited) Moderate Low

Method and Formulation
The objective of this study is to real-time estimate the riser’s deformed shape
from measured sensor signals. Sensors include multiple inclinometers along the riser and
GPS for tracing top connection to the platform. Then, real-time estimation of riser’s
deformed shape from the sensor signals is necessary and the EKF is selected. The

detailed methodology and formulations are explained in the following sections.

Sensor Data
Figure 51 shows the configuration of the riser monitoring system. For a typical
riser system, one end of the riser is anchored to the seabed, and the other end is

connected to the floating platform. Above the sea surface, the Global Navigation
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Satellite System (GNSS) or platform position monitoring system can be used to monitor
the riser-top positions.

However, underwater, only contract type sensors, such as IMUs, accelerometers,
inclinometers, strain gauges, can be placed on the riser. Among them, we selected
inclinometers, which measure bi-axial (inclination and heading) riser angles. The top and
bottom points of the riser are known at each time, as explained in the above. As shown
in Figure 51, the riser can be divided into n nodes, and n-1 inclinometers are installed at
the center of each segment. In the present example, identical sensor intervals were
selected for simplicity, although variable sensor intervals can also be used. Table 7
summarizes the sensors needed for the EKS system. Sensor signals are assumed to be
measured and transmitted to the platform, which allows real-time monitoring through

computer embedded algorithms.
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Figure 51 Configuration of Riser Monitoring System.

Table 7 Required Sensors and Their Locations.

Sensor Location Measured Data Number of Sensors
Top Position
At platform (Above water surface) P 1
(XY, 2)
At the midpoint between nodes Inclination n-1
along riser (Underwater) Heading n-1

Extended Kalman Filter
The EKF was selected to define the relationship between input signals and riser’s
deformed shape. The Kalman filter is an algorithm that estimates the state based on the
statistical properties with the measurement. It is a very practical algorithm, commonly

applied to guidance-navigation-control of vehicles and inverse wave spectrum estimation
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(Kim et al., 2019). The EKF is the nonlinear version of the Kalman filter through the
linearization of the non-linear function. Kalman filtering is applied to the system model

of Equations (44) and (45) in the state space as:

Xin = f<xk)+wk (44)

z, =h(X,)+v, (45)

where

X, = process state vector

f = nonlinear eqation for state vector

w, = model error vector

Z, = measurement vector

h = nonlinear egation for measument vector
V, =Sensor error vector

It assumes that there exists a model error w in the state X and a sensor error v
in the measurement z during the transition to the next time step. Note that in the riser

monitoring system, the process state vector X consists of the x and y coordinates of the

nodes. The covariances for the two errors are given by:

Q=E[w,w ] (46)

R=E[v.V,] (47)
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The Kalman filter keeps reducing the prediction error of the state X through the

recursively-calculating process. The process is made up of four steps, as described in

Figure 52. The superscript, ‘-’ means the predicted value for the next time step.

Otherwise, it means the calculated (or estimated) value from measurement at the current

time step.

Initial estimate.X, and P

Calculate Kalman gain, K

K,=P.H(HP.H +R,)"

Measurement
from sensor, z

Predict X and P of next step
X;;H = f(Xk)

Estimate X with measurement

X, =X, + K, (z,-N(X;))

b, = ¢ Lt +0,
N

Calculate error covariance, P

b =(UI-KH)b

N

Figure 52 Extended Kalman Filter Loop.

where
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X = predicted state vector
X, = estimated state vector
= predicted error covariance matrix

T U

= estimated error covariance matrix

state transition matrix

. = Kalman gain

H, = output matrix

Q, = model error covariance matrix

R, = measurement (sensor) error covariance matrix

x &
Il

As presented in Figure 52, Kalman gain, process state, and error covariance can

be calculated as:

K, =P.H] (HPH +R )™
X, =X, +K, (2 -h(X,))
R =(1-K,HPR,

Xia= (X0

R =aRd +Q

(48)
(49)
(50)
(51)

(52)

The initial state X is to be estimated, and the initial error covariance P; should

be determined by the designer. The determination of the initial sate X is discussed in
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the next section. If initial P (P;) is too small, it will result in small Kalman gain K, as

given in Equation (48), at the beginning of the calculation.
Small K means giving more weight to sensor measurement than prediction.

Subsequently, at the beginning of the filtering, the measurement is relatively neglected,
and the prediction is overly counted. In other words, the P; determines the initial
convergence rate of the state X . Small P delays the initial convergence rate. Therefore,
when the designer does not have prior knowledge of X , reasonably large initial error
covariance P; should be set (Simon, 2006). In this study, therefore, sufficiently large P;

was set, as given in Equation (53). The ‘diag’ means taking the diagonal from a matrix

into a vector form and vice-versa.

100,
100,
P, =diag| : (53)
100, ,
100,

where

i = length of X

R is measurement error covariance, which is generally determined from the

error performance of the given sensor. An adaptive R may be applied when the sensor
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error is not statistically constant in the actual filtering process. In the estimation step,
optimum X is calculated by using the weight factor K, as given in Equation (49).
In Equations (48) and (50), H matrix is used instead of the nonlinear function h

of input X and output z. This H is used to approximate the system by linearizing the

h function of z =h(X). If the output for a particular input X, is z,, the approximated z,
for input X, can be calculated by using the derivative of the h at a point x;. This feature

is called Jacobian, and the matrix of the first-order derivatives of the function h for all

inputs is referred to as the Jacobian matrix J, . If h is differentiable at a point x, its

differential is represented by J, . Then, the linear transformation represented by H is
the best linear approximation of h near the point x. In summary, as the function h is

defined as z =h(X), the J, (here defined as H ), i.e., Jacobian matrix of h, consists of
the first derivatives of h and can linearize the model as z~ J, - X = H - X . More details
about H are discussed in the next section. Likewise, in Eq. 9, the Jacobian matrix ¢, is

used to linearize the f . In the riser monitoring system, ¢, is an identity matrix. The
extended Kalman filter is characterized by using h and f in Equations (49) and (51),

respectively.

In the prediction step, P is increased by model error covariance Q. Q isa
design parameter that can be adjusted by the designer. This process is repeated.

The conventional Kalman filter is not directly suitable for practical applications.

Therefore, the research related to using Kalman filter focuses mainly on the design of an
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adaptive type to fit a specific model including the optimization of the design factors, R
and Q. The optimized R and Q lead to the improvement of the estimation performance
of the filter. However, the option chosen here is to use fixed R and Q because the main
purpose of this study is implementing shape estimation of the entire riser with the
extended Kalman filter. From a number of tests, the appropriate Q value was set as

Equation (54), which shows good estimation and no divergence of P .

5x107
5x107%,
Q=diag| : (54)
5x107 |
5x107*

where

i : length of X

R was calculated by Equation (55). The standard deviation of inclination and heading

sensor errors are set to be 0.05° and 0.08°, respectively, referring to the test result of a

commercial product (Safran, 2020; Vectory Sensor Systems, 2020).
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B
7
X
72
R =diag| (55)
B,
V-2
%
7/|—12

where

A inclination sensor noise (error) standard deviation
7 - heading sensor noise (error) standard deviation
| : half the length of X

Profile-Estimation Process
In this section, how the EKF algorithm can be utilized for the real-time inverse

estimation of riser’s deformed shape from sensor signals is explained in detail. Figure 53
shows the lumped-mass-based riser model. A continuous riser was divided into a certain
number of nodes and segments. Inclinometers were positioned in the middle of the
segments. As inclination and heading are measured by the installed sensors along the
riser, the developed Kalman filter can estimate the displacements of each node by the
given sensor signals at each time step. Connecting the estimated nodes provides an

estimated deformed shape of the riser.
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Figure 53 Riser Model. Adapted from Orcina Ltd (2018).
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Figure 54 explains the estimation process at each time step. As mentioned before,
the 3D problem with time-varying angles is actually solved at each time step. However,
in Figure 54, the 2D problem (inclination considered, heading not considered) is

explained for simplicity. Besides, for the demonstration purpose, only three nodes of N1
- N3 are considered with one unknown point of N2 (X,, Z,), which needs to be solved. It

is assumed that the two inclination angles at the two ends, N1 and N3, are 28 and 62

degrees, and the vertical distance between the two points is given by 10 m. At each time
step, the position of node N2 (X,, Z,) is estimated while satisfying the given inclinations
of riser segments and mid-length requirement. The blue dot is the actual position of the
center node N2. As for the mid-point, the lengths of the upper and lower segments
should be the same.

The detailed calculation process is as follows. (1) At time step k=1: Before
starting the prediction, the initial position of node N2 (X,, Z,) should be determined.
Since the positions of nodes at both ends are already known, the central point (orange
circle in the orange dashed line) of the straight line connecting the two nodes is set to be
the initial position of point N2 and the initial values of dz are then determined to be 5 m
each. Next, the Kalman filter predicts the x coordinate of N2 on the horizontal line (red
dashed line) corresponding to dz,=5 m satisfying the slopes 6, and 6, from the sensors,
which is corresponding to the red circle (-8.0 m, 5.0 m). However, this position violates
the condition of mid-point. As a result, N2 is updated along the already estimated riser

profile (red line) so that both segment lengths can be identical, which is corresponding to
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the red box (-6.7 m, 4.5 m). Next, update the vertical location of the node N2, i.e., dz,

=4.5 m for the next time step.

(2) At time step k=2: The x coordinate is predicted on the horizontal line (green
dashed line) corresponding to dz,=4.5 m, which also satisfies the slopes &, and 8, from

the sensors. The estimated position is corresponding to the green circle (-7.0 m, 4.5 m).
The length of each segment is again calculated based on this estimated position. Next,
the center position of the total length is recalculated along the green line so that both

lengths can be identical, which is corresponding to the green box (-6.6 m, 4.0 m). Update
the vertical location of node N2 again, i.e., dz,=4 m. Repeat this process for every time

step until satisfactory convergence is achieved, i.e. the predicted position of N2
converges to the blue circle after several time steps, which is the actual position.

In summary, the position of N2 is estimated at each time step while satisfying the
two given angles and length requirement. The same process runs simultaneously for the
whole segments inside a combined matrix until all the requirements are simultaneously
satisfied. As shown in Figure 55, the 2D problem can logically be expanded to the 3D

one with additional heading angles and y coordinates of the nodes.

95



'SOPON € YIM g Ul SS3001d uonewns3 4§ aanbiq

(6gg9-)=(z x) ®

0y=C=zp

0% '99-) o

(p'L)=(2z x) o

S p=tzp

(CRAD] o

(5'g-)=(fzx) o

S1eUIpI00) [E2ILISA S2UISjaY a1epdn

y1busq aur jo ulodpiy a1enojen

(¢z %x)

"I343 Aq ZN 4o uonisog patewnsy

—Z —Z
EMWHHM umwmﬁm uoneulpuluswWbag painseajy
"z .z -z (spou jo uonisod |eonuan palewlsy)
07="F < s < (leniu) 0's="2P 31BUIPIOOT) [E2ILIa 2DUaI3laY
£=3 z=Y = () dazs awny
(0 ‘0)=(%z "Ex)eN :
e A
“P | g=izp
. S
Fy
| Fzp
g="'zp
W 4 A 4

(o1 ‘o1-)=("z "™X)IN

96



' ND,, (%, 20)
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Figure 55 Estimation Process in 2D and 3D with n Nodes.

where

€ = mid-segment inclination

a = mid-segment heading

n = the number of nodes

X = estimated x coordinate of node

y = estimated y coordinate of node

dz = estimated vertical component of segment length

One of the important issues to the Kalman filter is to establish the observation
equation, also referred to as the output equation. The relationship between measurement
and estimated state is defined in the observation equation. In this study, measurement is
the inclination and heading at each segment, while the state is x and y coordinates of

each node. The vertical coordinate is determined by dz updated at every time step.
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Based on the configuration shown in Figure 55, the observation equation can be

expressed as:

\/(Xn+1 B Xn)2 + (yn+l - yn)2
dz

n

0 hl(xn' n+1? yn’ yn+l) = arCtan(

) (56)

7
a, =, (X, X0y Yos Vout) = arctan(yn+l yn) (57)

n+l

In above Equations, h, and h, are functions for inclination and heading,

respectively. Figure 56 shows the observation equation for the entire riser with n nodes.

_ s x) () _
6, |=arctan( = ) o, |- arctan( V2 W
1 X, — X,
xfx72+’f’32|— —
e, |= arctan(\'{( %) 0 a, |=arctan Y3~
dz, ‘ X, —X,
\/k —x,)° +(J'4 y,) Ii a. |- arctan®*—22
6, |=arctan( ? x, — X,
xn _'xm—l)2 + (yn — ym—l)z a?’!—l = arctan y” = y”_l );
6, ,|=arctan( ) Xy = Xy
l dz, J
Measurement Estimated State Measurement Estimated State

Figure 56 Observation Equation.

As mentioned before, the above nonlinear observation equation cannot be

directly applied to the Kalman filter. In this regard, the EKF with the corresponding
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Jacobian matrix is needed to linearize the nonlinear system model. Equation (58) is the
original nonlinear equation, i.e., z=h(X) while Equation (59) is the corresponding
linearized equation by means of the Jacobian matrix, i.e., Z=J, - X =H-X . The
2(n—1) by 2n Jacobian matrix was constructed by considering not only the 2(n—1)

measurement and 2n state but also the respective observation equation.

6 hy (X, X0 Y1, Y2)
a, h, (X, %5, Y1, Y,)
o, hy (X;, X5, Yo Ys)

0[2 hZ(XZ'XS’ y2’ ys)
L= : (58)
Hn—z hl(xn—Z’ Xn—l’ yn—2’ yn—l)

an—z h2 (anz ! Xn—l’ yn—2' yn—l)
en—l hl(xn—l' Xn’ yn—l’ yn)
an—l L h2 (Xn—l’ Xn! yn—l’ yn)
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Case Study

Numerical Model

To validate the proposed EKF-based monitoring system, the floater-mooring-

riser coupled time-domain simulation was performed. A FPSO (Floating Production

Storage and Offloading) was selected as a floating structure. The principal dimensions of

the vessel are presented in Table 8(Kim and Kim, 2015a). A 3D diffraction/radiation

panel program (Lee et al., 1991) was used to estimate hydrodynamic coefficients and

wave loads in the frequency domain. The panel model of the FPSO is shown in Figure

57. The total number of 2,448 panels was finally chosen after the convergence test.

Table 8 Principal Dimensions and Particulars of FPSO Model. Adapted from Kim

and Kim (2015b).

Designation Unit Value
Vessel size kKDWT 200
Length between perpendicular m 310
Breadth m 47.17
Depth m 28.04
Draft m 18.90
Displacement MT 240,869
Block coefficient Dimensionless 0.85
Center of gravity above Base m 13.30
Water plane area m° 13,400
Roll radius of gyration at CG m 14.77
Pitch radius of gyration at CG m 77.47
Yaw radius of gyration CG m 79.30
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150 L T N 40

Figure 57 FPSO-Hull Panel Model.

After the frequency-domain calculation, time-domain simulations were
performed with mooring lines and a Steel Catenary Risers (SCR). The Morison equation
estimated the wave loading on the slender mooring lines and risers. Turret mooring
system with eight mooring lines was considered, and the riser was also connected to the
turret. Riser properties are given in Table 9. Commercial program OrcaFlex was used for
the time-domain simulation of the coupled system. During the time-domain simulation,
we placed multiple numerical inclinometers for providing the supposedly measured
inclination and heading angle signals at the target points. To make it more realistic and
practical, we added artificial white noise within the noise range provided by the sensor
manufacturer. They were used as measurement data for the ensuing EKF algorithm.

Figure 58 shows the designed numerical model in OrcaFlex.
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Table 9 Steel Catenary Riser Parameters.

Parameters Unit Value
Outer diameter mm 461
Wall thickness mm 21
Coating thickness mm 75
Young’s modulus GPa 207
Yield stress MPa 448
Steel density kg/m® 7850
Coating density kg/m® 800

Mooring Line

Figure 58 Designed Numerical Model for the Turret-Moored FPSO System with

the Selected Riser.

Environmental conditions are summarized in Table 10. Gulf of Mexico’s (GOM)

1-year and 100-year wave conditions were considered with corresponding current

velocities. As presented in Table 11, four different environmental conditions were

103




considered. The JONSWAP wave spectrum was adopted with appropriate enhancement
parameters, and 200 regular wave components were superposed to generate irregular
waves. The simulation time for each case was 4000 sec. Water depth was fixed to be 700
m. Signal repetition was prevented by using the equal energy discretization method in
which each wave component has an equal amount of spectral energy. For convenience,
random waves and steady shear currents are considered, but wind is not included since it

does not directly affect riser dynamics.

Table 10 Environmental Conditions in the Simulation.

. GOM GOM
Environment Item
1-year wave 100-year wave
Significant wave height (Hy) 4.30m 12.19m
Wave Perk period (T;) 9.0 sec 14.0 sec
Enhancement parameter () 2.0 2.5
Current Velocity 0.33m/s 1.07 m/s

Table 11 Simulated Cases Under Different Sea States and Directions.

H T Wave Current Current
Case No. S P direction / direction
(M) | (s0) | (deg) (ms) (deg)
1(GOM l-yearwaves/ | 45 | gq 180 0.33 180
Collinear)
2 (GOM l-yearwaves/ | 445 | g 190 0.33 120
Non-collinear)
3 (GOM 100-yearwaves /| 1,19 | 140 180 1.07 180
Collinear)
4 (GOM 100-yearwaves/ | 1,19 | 140 190 1.07 120
Non-collinear)
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Measurement-Data Acquisition

Figure 59 shows the sensor arrangement along the riser, and the red boxes
indicate the locations of inclinometers. As mentioned before, a SCR attached to the
FPSO was tested to verify the developed EKF-based monitoring method. Along the riser,
there are 10 inclinometers that can measure inclination and heading, and the distance
between the sensors was assumed to be identical. Then, the position of the riser-top point
and bi-axial angles at the sensor locations were produced by the time-domain simulation,
and they were inputted to the EKF algorithm at each data-sampling time step. Figure 60
presents the obtained surge, sway, and heave motions of the FPSO from the time-domain
simulation under the non-collinear environmental condition of Case #4. The generated
time series show typical surge-sway-heave characteristics of FPSO in the given

environment (Kim et al., 2005). The data sampling frequency was 5 Hz.
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Figure 59 Initial Arrangement of Sensors Along the Riser.
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Figure 61 shows the time histories of the inclination and heading of the riser at
all sensor locations under the environmental condition of Case #4. A white noise
equivalent to the standard deviation of sensor error was artificially added, and thus high-
frequency fluctuations can be observed in the signals. If the figure is zoomed in, the

error (or sensor noise) is more visible as illustrated.
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Figure 61 Input Time-Histories of Angle Sensors for Case #4.
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Results and Discussion
Riser Shape Estimation
The EKF-based monitoring system is validated by comparing the estimated
shape of the riser with the numerical-sensor input data at each time step. Figure 62
shows the estimated deformed shape of the riser at 335 and 902 seconds under the
environmental condition of Case #4. In the figure, the green dotted line denotes the
initial riser shape and blue dashed and red solid lines represent actual and estimated
deformed shapes, respectively. The line connecting the estimated nodes in real-time is
the estimated deformed shape. The estimated deformed shape is well matched with the

actual one. The results show that the proposed method is robust and feasible to monitor

the global behavior of the riser in real time.

700 —
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£ 500 —
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8 400 —
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(a) 335 sec

Figure 62 Riser Shape Estimation for Case #4.
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Figure 62 Continued.

Figure 63 - Figure 66 show the time histories of the actual and estimated riser
responses under four different environmental conditions of Case #1 - #4. Case #1 and #3
are for collinear wave-current condition and Case #2 and #4 are for noncollinear
condition, as indicated in Table 11. The noncollinear cases were introduced to observe
more pronounced heading angle movement of the riser to prove 3D extension. Nodes # 4,
#6 and #8 are selected for comparison because those are far from the known two ends,
Nodes #1 and #11. In all cases, the estimated riser displacements are in good agreement
with the actual values. The proposed method can capture both slow-varying and wave-
frequency responses of the riser. Both responses are caused by the corresponding FPSO
surge motions in random waves. On the other hand, as well known, heave motions have

only wave-frequency oscillations. It is much more difficult to recover this kind of
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detailed riser response using the conventional accelerometer (Choi and Kim, 2018). Also,
the accelerometer-based monitoring method can be problematic due to dual-time
integration and sensor noises (Choi and Kim, 2018). However, by using the present
method, high-frequency sensor errors do not cause any problem.

Other conventional methods for riser monitoring require additional analysis
models in addition to sensor measurement data, but the present system only requires
riser top and angle data. Using stress estimations calculated from the monitored riser
geometry in real-time, it is expected that the real-time cumulative fatigue damage can
also be calculated. This means that more accurate fatigue life predictions can be made

based on actual riser-response records.
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Figure 63 Estimated Displacements of Nodes for Case #1 (E: Estimated

Displacements, A: Actual Displacement).
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Figure 64 Estimated Displacements of Nodes for Case #2.
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Figure 65 Estimated Displacements of Nodes for Case #3.
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Figure 66 Estimated Displacements of Nodes for Case #4.
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Real-Time Stress Evaluation

Real-time internal stress estimation of the riser is important in view of structural
safety, accumulated fatigue-damage prediction, and life extension. Axial and bending
stresses are estimated after the riser’s deformed shape at each time step is obtained.
Either forcessmoments at each element or angles/curvatures in 3D should be known to
estimate these stresses. The former is almost impossible since it is challenging to
measure forces and moments underwater. However, the latter is possible by calculating
angles and curvatures from the monitored profile through spatial derivatives. Direct use
of inclination and heading signals from sensors can have limitations since they have
high-frequency sensor errors. Signal processing can remove the sensor error; however, it
can cause the phase change and distortion of time-history signals. Note that stress
estimation is based on a single global coordinate system with the generalized coordinate
system (see Figure 67), which always has the longitudinal axis parallel to the riser’s
direction. The effective tension and bending moments for the riser can be calculated as

(Ran et al., 1999):

Te :Tw+(PoA\)_PiA)

. :MAL_ZV(&A,—RA)

! (61)
M., = EIFY

M., = EIr/
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where T, and T, are the effective and wall tensions, P and A are pressure and cross-

sectional area, L is an element length, AL means an extension of the element, v is

Poisson’s ratio, M is bending moment, E is Young’s modulus, | is the area moment
of inertia, and r”(: o i+r j+r. R) is the principal normal vector, which can be
obtained by the spatial derivative of position vector r twice. Subscripts, o, i, 0pb, and

ipb denote outer, inner, direction for out of plane bending, and in-plane bending,

respectively.

element

x1

Figure 67 Coordinate System for Stress Estimation. Adapted from Jin and Kim
(2020).
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According to Equation (61), the tension estimation requires an actual extension
of a riser pipe. Since small extension can change the tension significantly, the direct
calculation from strain variation is infeasible. Therefore, another equation is introduced

to calculate the riser effective tension as follows:

T

e, i+l

= Te,i + (Wwater,i _Wriser,i _Wfluid,i )|7/| |
rz,i (62)

Vi =
[2 2 2
rxyi +ry,i +rzyi

where i is an element number, W, ..., , Wiier » @and W, ,, are weights of water, riser, and

fluid, y is a directional cosine in the z-direction. i starts from the element close to the
fairlead location. According to Equation (62), as the effective tension at the fairlead
position is measured, the effective tension at each element can be successively calculated.
As presented in Equation (61), out of plane and in-plane bending moments are a
function of the corresponding principal normal vector, which is correlated to the
curvature. After solving tensions and bending moments, the governing cyclic nominal

stress component can be obtained as follows:
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O (1) =07 (1) + 0y (6.1)

o (t)zTe—(t)

r(D-t)t, (63)

oaw (0,1) :(MOpb (t)cos(6)+M,, (t)sin(e))( D2—Itaj

where o () and oy, (t) are axial and bending stresses, t, =t —0.5t,,, with pipe wall

*~"corr

thickness t, and the corrosion allowance t,,,, and D is the outer diameter. Corrosion

allowance is not considered in the current estimation.

Figure 68 - Figure 75 show time-history comparisons of riser’s effective tension
as well as out of plane and in-plane bending moments at an arc length of 550 m for the
Case #1 - #4. It is shown that the estimated tension and moments agree well with the
actual values. The proposed tension-estimation method works well under the condition
that the top tension is measured by tension-gage. Also, based on the estimated shape, the
predicted bending moments in two directions compare well with the actual input values

after the initial adjusting stage of Kalman filter.
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Figure 68 Riser’s Effective Tension at the Arc Length of 550 m for Case #1.
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Figure 70 Riser’s Effective Tension at the Arc Length of 550 m for Case #2.

200.0

Actual

I
|
: : Estimated
I

m)

- 190.0

N
©
b
=]

Bending Moment (kN
3
o

160.0
0.0 1000.0 2000.0 3000.0 4000.0

Time (sec)

(@)

o
o
o

Bending Moment (kN-m)
I o
=)

0.0 1000.0 2000.0 3000.0 4000.0
Time (sec)

(b)
Figure 71 Out-Of-Plane (a) and In-Plane (b) Bending Moments at the Arc Length
of 550 m for Case #2.

121



3000.0

2000.0
=
=
5 1000.0 F—:
w
c
@
i

0.0
-1000.0 ‘ ! ‘
0.0 1000.0 2000.0 3000.0 4000.0
Time (sec)

Figure 72 Riser’s Effective Tension at the Arc Length of 550 m for Case #3.
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Figure 74 Riser’s Effective Tension at the Arc Length of 550 m for Case #4.
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Figure 76 - Figure 79 show the combined nominal stress at an arc length of 550
m, and @ is set as 0° where the maximum normal stress occurs. The predicted stress
matches well with the actual value from the time-domain simulation. The capability also
proves that the stress monitoring from the riser’s deformed shape in real time is feasible.
Furthermore, the capability of real-time stress estimation near hotspots also allows the
real-time estimation of the accumulated fatigue damage (Kim and Kim, 2015a; Kim and

Kim, 2018) so that it can be used for the assessment of life extension.
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Figure 76 Maximum Nominal Stress at the Arc Length of 550 m for Case #1.
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CHAPTER IV

CONCLUSIONS

Conclusions for Chapter 11

Despite the inherent advantages of the Kalman filter, it has rarely been used for
the inverse estimation of incident waves from motion sensors in the open literature. In
the present paper, both real-time wave spectrum and elevation were obtained through the
adaptive Kalman-filter algorithms.

A problem of amplified noise occurs in the zone associated with the Kalman
filter when vessel’s motion RAO is small in the high frequency region and there is
sensor error. A new solution to the problem is presented, so that the small gain in the
RAO increases by a certain amount by using the Winer filter. If the proposed modified
TF is applied, the overestimation of real-time wave spectra in the high-frequency region
can be suppressed. The real-time incident wave profile can also be inversely estimated.

The vessel’s motion transfer functions and numerically generated motion-sensor
signals were used to the present Kalman-filter processes. The Kalman filter has been
tested for various sea states and different vessel types while using the modified TF
through Wiener filter. The test results were promising. In addition, the proposed Kalman
filter performed well estimation even in the case of more realistic conditions, which
multi-directional wave and ship's speed inclusion.

For further research, the full-scale test with a real vessel in the real sea needs to

assess the developed Kalman-filter algorithms.
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Conclusions for Chapter 111

In this study, a new real-time riser monitoring method based on the Extended
Kalman Filter (EKF) was proposed. It estimated the overall shape of riser in real-time
using the measured signals from multiple bi-axial (inclination and heading)
inclinometers along the riser. Another data needed was the positions of two end points.
Then, a novel Extended Kalman Filter (EKF) algorithm was developed to real-time
estimate the instantaneous riser profile by using the sensor signals. The relationship
between the riser position and measured angles for each segment was nonlinear, so
equivalent-linearization was done by using Jacobian matrix. Then, the combined matrix
for the whole elements was simultaneously processed through the developed EKF
algorithm. As a result, the riser’s deformed shape induced by environmental loadings
and platform motions can be monitored in real-time. Subsequent algorithms were also
developed so that the corresponding bending and axial stresses along the riser could also
be estimated from the obtained riser shape, which can further result in the real-time

estimation of fatigue-damage accumulation.
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