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Abstract: Current is a key ocean-environmental factor and exhibits strong non-stationary random
characteristics. The complexities of current modeling present significant _ for deep sea oil
exploitation. The multiyear return period extreme current model is one of the key factors for the
reliable design of marine - Recently, due to limitations of design specifications and
_, improved methods to predict extreme values . the South China Sea based on prototype
monitoring are required. In contrast to the traditional extreme value analytical method, the newly
developed Average Conditional Exceedance Rate (ACER) method is robust and shows good
accuracy for estimations of ocean environmental loading. The method offers good reliability for
short-term prototype monitoring data. This study performs multiyear return period extreme value
prediction of the current profile based on prototype monitoring data collected in the Liuhua (LH11-1)
oil field that was recorded by an in-situ monitoring system. The I-year and 10-year return period
current velocity design indexes were obtained using the ACER method. The present current velocity
profiles of multi-year return periods were compared with two design current load indexes of two

floating - in Liuhua area. The consistency with comparison to TLP platform design indexes

shows that the ACER method provides the accuracy and flexibility of the results needed inthe
construction of current load models'in the South China'Sea. These results could provide the basis and

reference for the design of offshore structure.
Keywords: South China Sea; current; profile characteristic; prototype monitoring; ACER;

extreme prediction
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1. Introduction

Although the South China Sea is rich in oil and gas resources with great exploration value,
development of the deep-water - is faced with significant challenges and uncertainty due to
difficult observation and prediction of main environmental loads like wind, wave, and current. The
ocean current has become a major load factor in the structural design of offshore oil and gas
exploitation equipment, especially for use in deep-water regions. There are several influences of
ocean current on offshore engineering structures. First, a large drag force will be generated . the
structure under . effect of high-velocity current, causing strong resistance for towing and
positioning. This can cause the tension in the anchoring and riser system of the platform to exceed
_. Second, VIV (Vortex Induced Vibration) of pipes will be generated in addition to
the interaction of drag force, when the ocean current flows through the middle part of the riser. This
long-term VIV will bring about fatigue failure to the riser. For these reasons, _
distribution is critical to solve the load problem in the design of offshore engineering structure in the
deep sea.

Many recent studies (He et al., 2012; Liu et al., 2002; Yang et al., 2013) have been performed to
analyze ocean currents in the South China Sea. Numerous studies based on meteorological

_ and ocean hydrological telemetering have been conducted with a main focus on the

description of the regularity of observation results. However, _
_ engineering applications _ preliminary stage. In general, prediction and

analysis of current velocity l multiyear return periods are important to understand current -
for offshore engineering structures. To predict potential extreme values, extreme value theory and

curve-fitting methods are usually adopted to determine the long-term distribution of offshore loads.
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Then, an appropriate theoretical frequency curve can be determined by coordinate transformation and
then extended to obtain the extreme value for multiyear return periods (Ma, 2006; Wang, 2005).
Carollo et al. (2005) utilized GEV (Generalized Extreme Value) distribution and GPD (Generalized
Pareto Distribution) to negotiate the vertical structure of current extreme - in the Faroe Bank
channel and compared these methods to the FOAM (Forecasting Ocean Assimilation Model)
numerical model. Jonathan et al. studied multivariate extreme value problems of ocean engineering
including ocean current profile and wave height (Jonathan et al., 2010, 2012; Ewans and Jonathan,
2014) based on the model of multivariate conditional extreme value proposed by Heffernan and
Tawn (2004). Dong (2009) adopted the Pearson Type III distribution to calculate the extreme -
_ at Bohai Gulf and determined the final extreme value distribution of currents
with tide vectors. Ge et al. (2009) used a 3-parameter Weibull extreme value distribution based on
numerical simulation and data assimilation to calculate the return values of wind, waves, and current
in four representative deep-water areas of the South China Sea. These estimation methods of extreme
values are empirical models, like experience frequency and Pearson type Il methods, or models
based on extreme value theory, like Gumbel, Weibull, and the POT model (Chen, 1991). The latter is
derived from the extreme value theory with a theoretical basis, and is widely used to determine the
major distribution form of extreme values of ocean variables. And these methods are mostly based on
asymptotic theory (Smith, 2002), where extreme value samples are assumed to comply with a
particular form of asymptotic distribution. However, the distribution of samples is hard to predict in

advance, and the applicability of the above prediction methods should be further improved. -
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Naess and Gaidai - proposed a more flexible extreme value analysis method, the Average
Conditional Exceedance Rate (ACER) method, which does not depend on traditional asymptotic
extreme value theory. This method can adopt the forms of asymptotic distribution indirectly and
maintain the asymptotic characteristics of the original data samples. This increases the accuracy of
the prediction and reaches the asymptotic consistency of traditional extreme value theory. The ACER
method was based on the average conditional exceedance rate function, or the mean upcrossing rate
function in earlier time. In 2008, Naess and Gaidai utilized the mean upcrossing rate function to
perform numerical simulation on the extreme value response of the dynamical system through Monte
Carlo simulation with verification of universality and robustness of the method, greatly reducing
calculation time. Next, they improved the original method using revised ARE functions to be
applicable to a generalized time series and even a non-stationary random process (Naess and Gaidai,
2009). The random responses of narrow-band and dual peak spectra were utilized to carry out
numerical verification of the ACER method, and the results indicated the reliability and accuracy of
the ACER method (Naess et al., 2007, 2009, 2010). Karpa and Naess (2013) conducted extreme
value predictions of wind speed samples from three observation stations in Coastal Norway through

the ACER method and compared the results with results obtained from traditional Gumbel and POT
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methods. The comparison showed that the ACER method provided better accuracy, stability, and
insensitivity to anomalous points.

The design of offshore engineering equipment in China has always adopted API and DNV design
criteria due to _ prototype measured data. The specification of DNV NO. 30.5
has been adopted as the design basis of ocean environment - (Veritas, 2000; NDRC, 2004). The
specification provides a mechanical description of environmental conditions and environmental loads.
However, . current load was presented as a general formula of drag force, unlike the more detailed
descriptions of _ Thus, the current load design basis and computational
method has not yet been demonstrated clearly. The spatial distributions in existing _
were obtained from - and coastal - Due to the lack of applicability for the deep-water
environment, it is insufficient to serve as an actual reference basis to define the current load for
offshore engineering design. At the same time, current load models including international
specifications were obtained based on data analysis of other sea regions. However, the applicability
of these models must be verified due to the complexity of the South China Sea. Overall, it is essential
to study current loads based on prototype data measured in the South China Sea. To address this need,
the goal of this study was to investigate current loads at the LH 11-1 sea region based on the

prototype monitoring system built by “NanHaiTiaoZhan" FPS and the ACER extreme value analysis

method. In this paper, an ACER based extreme value prediction method was applied to predict the
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2. Prototype monitoring of offshore engineering structure

Theoretical analysis, numerical simulation, and model testing are the main research methods
applied to the design of offshore equipment structures. However, integral analysis of the structure of
large offshore platform systems containing a variety of complex substructures cannot be conducted
with full dependence om the theoretical analysis, derivation, and calculation. [The inevitable
simplifications of the structure may distort the analysis results. Numerical simulations include model
approximation, linearization, decoupling calculation, and other processes of simplification that can
produce large errors. Model testing is an essential aspect of offshore engineering equipment design,
but there are limits due to complex real sea conditions. Limited by the size of the testing pool,
truncation and scale effects are inevitable in the test. Designed to overcome the above defects of
traditional methods, the prototype monitoring method aims to obtain the actual load and structural
dynamic response through prototype testing under real sea conditions. Structural analysis based on
data from prototype monitoring should be more reliable. Unfortunately, without enough data from
prototype testing, only limited specifications and guides could be applied to offshore structural
design in the South China Sea. For example, related specifications (NDRC, 2004) indicate that the
following formula can be employed to calculate the gradient of current velocity if there is no

available current data for a shallow ocean area (water depth less than 150 m).

v, =VT(§);+VW<§). (1)

where, V;is the current velocity of the tide, V), is the velocity of the wind-driven current, is the
depth from the ocean bottom, and H is the water depth. However, the computation of Eq. (1) is

complex, especially when it i§ generally difficult to obtain actual values of ¥ or V), . Additionally, the
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formula is only valid for the estimation of currents in shallow water, but not the actual current load
distribution in deep water or a complex sea region. Therefore, it has become increasingly important

to analyze the current model using prototype monitoring.

2.1 The prototype monitoring system of the “NanHaiTiaoZhan" FPS (NHTZ

FPS)

The NHTZ FPS is a semi-submersible drilling platform serving the LH11-1 oil field (Fig. 1 and
Fig. 2) in the South China Sea. It has a weight of 16735 tons, total length of 90 meters, molded
breadth of 75 meters, molded depth of 40 meters, and total height of 110 meters. In this region of the

LH11-1 oil field, the water depths range from 260 m to 300 m (Qu et al., 2013).

Location of LH11-1 in The South China Sea

0
28°N £ °o‘;ﬂ ho
1LON,

16°N

105°E 110°E 115°E 120°E 125°E

Fig. 1 LH11-1 geographical position
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Fig. 2 LH11-1 oil-gas field exploration mode and the semi-submersible platform of the NHTZ FPS

A prototype monitoring system has been designed, implemented, and installed on NHTZ FPS, to
measure comprehensive environmental loads and structural dynamic response (Du et al., 2016; Wu et
al., 2013; Yuan, 2013). Prototype data can be used for guidance in - design, safety
assessment, and platform operation. The prototype monitoring system (as shown in Fig. 3) is mainly
composed of a power supply system, a network system, an environmental collection system, and a
response collection system. This system can collect _ using
an individual power supply system even under extreme weather, like a typhoon. In this study,

long-term prototype monitoring data were utilized for ocean current analysis.
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Fig. 3 The prototype monitoring system of the NHTZ FPS

2.2 Overview of prototype monitoring scheme of the ocean current

The NHTZ FPS is located in deep water in the LH 11-1 oilfield, and here typhoons and harsh sea
states are frequent. Directly affected by the northeast monsoon and offshore forcing (Kuroshio
intrusion), this sea area has strong wind, high waves, and fast current, part of the severest dynamic
environment in the South China Sea (He et al., 2009). Two ADCP (Acoustic Doppler Current Profile)
current gauges (Fig. 4) are deployed in the prototype monitoring system to measure the full current
profile (including velocity and direction) in the surface and the deep-water, respectively. The current
directions are defined clockwise from North. The surface current gauge was installed at depths
between 15 and 20 m. The measuring range was divided into 12 layers along the water depth with an

interval of 1 m and a sampling rate of 10 minutes. The deep-water current gauge was installed at
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depths between 20 and 25 m. The measuring range (water depth about 150 m) was divided into 14
layers with an interval of 7 m and a sampling rate of 10 minutes. In this study, data measured from
Jun. 3rd 2013 to Jul. 2nd 2015 were used to generate current profile analysis and predict the extreme
values of multiyear return periods based on the ACER method. Fig. 5 shows characteristic data of the

partial currents in the prototype monitoring procedure.
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Fig. 4 Current gauges both on the surface and deep water measurement
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Fig. 5 Current data in the prototype monitoring system



190

191

192

193

194

195

196

197

198
199

200

201

202

203

204

205

206

207

208

209

3. Multiyear return period values and . ACER method

3.1 Sea condition in multiyear return period

The load condition of extreme offshore environments of a multiyear return period must be
seriously considered in the design of an offshore engineering structure. Various - failures are
easy to trigger in such an extreme environment. Statistically, the multiyear return period value
describes the average level of probability that the value can occur during the corresponding return
period, and the return period is the average time interval in which a certain event occurs repeatedly.
Estimation of the corresponding extreme sea conditions of a return period can be done when the

distribution of the extreme values 1s known.

Assuming that the maximum value of a certain ocean environment factor _ s X,
its distribution function can be represented as F,
n
F(n) = Prob{x, <n}y= [ fx)dx=p. )

where, 7 is a particular threshold value of the ocean environment factor; p 1is _ of
the event {x,, <n}; and f(x) is the probability density function of the distribution F'. In general, the

corresponding return period - ofnis defined as

polo 1 ®
p' l-p
The extreme value distribution F and the return period 7 possess the following relationship:
1
F(n) = Probix), <my=p=1-—, (4)

T



210

211

212

213

214

215

216

217

218

219

220

221

222

223

224

225

226

227

228

229

230

3.2 Characteristics and advantages of the ACER method

The "ACER method s a recently  developed approach to analyze and predict extreme values.

Naess et al. (2007, 2008, 2009, and 2010) conducted numerical verifications to validate the method
for many extreme value responses of dynamic systems. The simulation results showed that the
ACER method can be utilized for more accurate estimation of the extreme value distribution of
sample data compared with traditional extreme value methods. When combined with the
recommended extrapolation algorithm, the extrapolated results of the ACER method are insensitive
to abnormal values and become more robust. Additionally, application of the procedure is simple and
user-friendly. ACER is an effective diagnostic tool to evaluate the degree of correlation of time
series data by the calculation and analysis of different ACER functions. Without requirements about
independent data, the ACER method possesses universal applicability and can be used for extreme
value analysis of time series for multiple random processes. The ACER method has been extended to

practical applications for the prediction of extreme values of ocean environment variables like wind

speed (Karpa and Naess, 2013), Wave heights'(Naess and Karpa, 2015) and sea water levels i
_ The successful applications of the ACER method suggest that the

use of this system to analyze and predict current extreme values will be of great reference value.

3.3 Basic principle of - ACER method

The ACER method focuses on the relationship between the average conditional exceedance rate
(or ACER functions) of a time series and a given threshold value’/. In this way, . study l extreme

value _ can be skillfully converted into research on ACER functions.

. ACER function &, (77) is defined as follows (Naess and Gaidai, 2010):
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1 N
= (), k=1,2,....
& (1) N_k+1j§ka,g(n> (5)

where, N is the total number of samples in a given time series (X, X,, X,...,X,); k, a constant

less than N, means that each sample point in . time series is assumed to depend only on .

previous . sample points; @ (7)=Prob(X;>n|X, <n,..X, ., <n) I the conditional

N
a conditional exceedance event. Then, zakj () represents the mathematical expectation of the
=k

frequency of occurrence of the event, i.e. the expectation of conditional exceedances. In general,
&,(17)-(N =k +1) equals the average number of conditional exceedances.

As described _, . ACER function and the extreme value

distribution F'(77) possess the following relationship derived by the method called “Cascade of

conditioning approximations”.
F(n)= exp(—(N— k+1)e, (77)),(77 > Noeme K = K, (6)

where, 7. 15 noted as extreme value, &, an appropriate value of k. For the kth-order cascade of

conditioning approximations, the right side of the equation (6) _extreme
value distribution when £ < N is large enough. For the cascade of approximations to have practical
significance, it _is indeed satisfied for -
analyzed. The appropriate k to choose to account for dependence in the time series will be clearly
revealed by _will be presented in section 4.2.1. Since
the focus is on the extreme levels, any function that provides correct estimates of the extreme
distribution function at the extreme levels can be used. Therefore, the study of the extreme value

distribution can be converted to direct analysis of the tail (17 >7,, 7,is the - point or the tail
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marker) of the ACER functions. Naess and Gaidai (2009) gave the following specific mathematical

form for its truncated distribution:
& (n)~a exp{=a, (n-b,)"|.n=m,. (7)
where a,,b,,c,and ¢, are constants. The current conditions for a multiyear return period can be

calculated using the ACER functions when the above parameters have been determined. The
following revised ACER functions are adopted in the actual calculation to perform empirical
estimation considering @ non-stationary random process, cf. Karpa and Naess (2013). The revised
ACER function is presented as:

Zj/:kE[Aki (77)}

N—-k+1

€ (77):

(8)

where, 4 is the indicator function of conditional exceedance event, meaning that 4, =1when a

conditional exceedance event occurs. E( ) denotes the expectation operator. For more than one

sample of time series, the empirical estimation is as follows:

A 1 & s

(n)= 7 281n), ©9)
NG AR S St

=y za' ™)

where, the total amount of samples is represented as R ; each sub-sample is represented as 7 ; a,g ) is

realizations in each sub-sample corresponding to A,ﬁj’ ), representing whether the jth point is

. is also obtained as 1 or 0; and £, (7) is the ACER function obtained

exceeding 77; the value of a
by the empirical estimation. After empirical estimation, &, (77) needs to be fitted by (7), which can

be transformed into a linear regression problem by coordinate transformation to obtain a solution by



272 application of the constrained Levenberg-Marquardt least squares optimization method. The main
273 algorithm of the optimization process is as follows.

274 The objective function is

n

, 2
275 Fabf(a,b,c,q):Zwi(loggk(ni)—logq+a(77i—b) ) . (10)

i1
276  where the weight factor w, =w,»/2::1 w, and w, =[logCI+ (n,)-logCI (771.)]72 ; CI" and CI”
277  correspond to the upper and the lower limits of the confidence interval for &, (77), and they are
278  expressed as follows:

279 CIi(n):gk(n)ir-sk(n)/\/E, (11)

280  in which §,is the standard deviation of £, () and z=¢"((1-0.95)/2,R~1) is the corresponding

281  quantile of the student’s ¢-distribution with R-1 degrees of freedom.
282 In case only one realization is available, the way to estimate a confidence interval is to assume

283 that the number of conditional exceedances ¢, (17)- (N —k +1) follows the Poisson distribution, which
284  asymptotically is Gaussian distribution. Therefore, an approximate confidence interval of €, (77), and

285 alsog, (n7), can be written as (Karpa and Naess, 2013)

286 CI*(m) =&, £v/ (N -k +Dé (1)). (12)
287  where v is the corresponding quantile of the Gaussian distribution. Then, the procedure of the

288  parameter optimizing algorithm can be presented as:

F

obj (a,b,c, Q) - min,

logg—a(n —b) <0,i=1,....n,
289 ogq-aln,~b) : " (13)
{a,b,c,q}eS,

S :{{a,b,c,q} e * la,c.q E(O’+Oo);b€[0’771]}'
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The inequality constraint in the above formula is because £”(7)=1/(N-k+DY a(n) is
=

R
satisfied in the empirical estimation of the ACER functions. Thus, ék(n):%ztﬁﬁ”(n)ﬁl

r=1
andlogé, (17,)<0.
That is, the left side of the inequality should be less than or equal to 0 and S is the restricted

domain where the four constants (a,b,¢c, g ) will be determined.

By the previous discussion, we can see that the original time series can be directly analyzed
through the ACER method. In this way, the complex process and the problem of insufficient samples
due to extraction of extreme value samples from the original (for example short-term period)
measured data can be avoided for the non-narrow-band random process. For the actual application,
empirical estimations should first be conducted on ACER functions for different £ values by (5) or
(9). Among these empirical estimations, simply select one of them to perform the optimal fitting of

the curve (7). The details are discussed in section 4.2.1. Then, the tail marker 7, needs to be

determined to carry out optimal fitting of the curve to obtain ACER functions by combining Eq. (10)
with Eq. (13). Finally, the extreme value of multiyear return periods of the ocean current can be
deduced using ACER functions as shown by Eq. (6), which describes the relationship of the
distribution of extreme values and ACER functions. Moreover, an optimal confidence interval will be
significant for quantifying the uncertainty on ACER function. For estimation of the optimal
confidence interval, the empirical confidence band from measurement data is first reanchored to the
fitted optimal curve. Then the optimal curve fitting procedure is applied to the reanchored confidence
band to determine a final optimal confidence interval band. The confidence interval of the predicted
return value can therefore be obtained from the extrapolated optimal confidence interval band. This

procedure seems to give confidence intervals that are consistent in length but slightly shifted
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compared with the results obtained by a non-parametric bootstrapping method (Karpa and Naess,

2013).

4. Profile distribution analysis and prediction of the extreme value of the

prototype monitoring current

4.1 Distribution of current profile

The prototype monitoring system of NHTZ FPS acquires the long-term current profile data by
ADCP gauges for the LH11-1 sea area. Here, current profile data measured in the deep water were
selected for analysis and prediction of the extreme value to avoid the effects of waves on surface
current.

In general, the analysis of extreme values of wind, current, and other factors ignore the effect of

direction. For example, current direction is neglected when analyzing the reliable design of a riser,

such as VIV. Similarly, current direction is not considered in this paper. _
_. Figure 6 presents several representative velocity profile

distributions - prototype measurements. It can be seen that the current velocity profile is complex,
exhibiting different spatial shapes in different periods. The trend is not obvious at times, although the
upper current velocity is larger than the lower one in most cases. It should be noted that the current
velocity of the middle-depth profile (8 to 10 layers, 86 to 100 meters) is obviously lower than that of
the upper and bottom layers (Figure 6 c¢), during some periods of our observation. In this case, the
current velocity profile decreases initially and then increases with increased water depth with a long

duration.
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339 Fig. 6 Distribution of typical profile current velocity

340 Figure 7 shows the spatial distribution of the mean value of each layer of the velocity profile.

341  Two vertical axes of coordinates are used to show the current layer of the mean profile with its

342 corresponding depth. The 95% confidence interval is obtained by I nonparametric bootstrap method
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with @ sample size of 10000. Assuming that the mean value follows the normal distribution, the
estimated confidence interval can be expressed by the following formula:
CI:,. =[vn—1.96s ,vu+1.96s ] (14)

where ,, denotes the estimated mean velocity and s, denotes the standard deviation of the mean

velocity. As shown in Fig.7, the mean profile and attached 95% confidence interval are marked with

solid and dashed lines respectively.

Similarly, the small current velocity distribution behavior can also be detected in some parts of
the middle-lower layers (marks indicated with red dashed lines). The overall spatial distribution of
the mean velocity value displays a shear flow characteristic. The mean values of the upper and lower

layers changed slightly with depth. The mean velocity value of middle layer changed obviously with

increased depth and a large gradient.
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4.2 Prediction of the extreme value of current profile based on - ACER method

4.2.1 Empirical estimates of ACER functions for different water depths

Similar to kth-order Markov approximation, the £ value at each sample point is assumed to rely
only on the previous k-1 sample points. Hence, the determination of . k value in the ACER

function depends on the inherent dependence of sample points in the original time series. The

dependence can be - revealed by _ Taking the first
layer of current data as an example, the'plot of the empirically estimated ACER functions for & from

1 to 10 is presented in Fig.8. In order to facilitate the observation, Fig. 8 has been split into two
subgraphs. Fig 8(a) aims to demonstrate the difference of the ACER functions. Fig 8(b) focuses on
the zoom effects with # > 0.8 to explore the convergence of the tail ACER functions. The different
- of k, corresponding to different ACER functions, represents . kth-order extreme -

distribution approximation in Eq. (6). The & value should be increased until the ACER functions -

_. As indicated in section 3.3, the right side of the Eq. (6) will converge to
the extreme value distribution when ¥(SN) s large enoug_

g : >
tha the ACER.functions shoiw asymplotie convergence in the il In this case, with * =¥<as an

example, the sample points can be assumed to be conditional on the previous k-1 sample points in

extreme Value analysis. In other words, the sample data used in the traditional POT method can be

the ACER method _data. That is, all the data are processed, and there is

k>k

no need for initial - of the data. The ACER function of ¢, which extract the extreme

value samples inherent, is enough and appropriate for further extreme analysis. _
_. The ACER functions plot can help to - the dependence structure of the
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current velocity in the time domain and can be regarded as a diagnostic tool to determine the value of
k for - extreme value estimation.
As shown in Figure 8, ACER functions can be regarded as showing asymptotic convergence .

_ when k > 6 .The corresponding time interval ¢=/kxAf=6x10min=1h (with a

sampling interval Ar=10min ), fiusithe fime series of current velocity show significant dependence
sample data for the extreme value analysis can be considered independent. Here, the empirically
estimated ACER function (as shown in Fig. 9) of 4#=8 is selected _
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Fig. 8 Empirical estimation of ACER functions for different & values
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4.2.2 Determination of the optimal curve fitting parameters

The ACER function exhibits a decreasing trend with the increase of 7. However, there will be a
spurious peak in the non-stationary process when 7 is small. In general, ACER function focus more
on the distribution behavior of the tail, so that the peak value should be neglected while selecting the
truncated point (Tail Marker, i.e. 7). On the other hand, overly large 7, will cause insufficient
tail data available for subsequent optimal fitting. Hence, we advise that [z, should be slightly
larger than the corresponding value of the peak. Moreover, it has been observed that the predicted
return value is not very sensitive to the choice of |77, (Naess and Gaidai, 2009).

Considering the fewer data points when 7 is big, there may be considerable uncertainty with

low data reliability. The tail uncertainty ¢ can be measured by the relative confidence band width
(Naess and Gaidai, 2009) according to Eq. (11) or (12). Eq. (12) is adopted here when only one

realization of measured current is available. For high levels of 7 in the tail, an approximate 95%

confidence interval of €, (77), and also g, (77) , can be written as

CI* (1) = &,())(1£1.96/ \J(N =k +1)&,(17)) . (15)

Then, 6 can be defined by the relative confidence band width as

5=1.96/ (N -k +1),(7) €(0.5,1). (16)

Quality control of the tail data (marked in dashed box of Fig. 9) can be realized by adjusting o . For
o0 more than a certain value such as 0.6, corresponding tail data will be filtered out as outliers. This
processing effects can differ for different data fypes. In the practical work, & provides
a limited control effect for the quality of the data under some conditions in the current velocity data
process. Another pre-processing was conducted as follows in the tail part of the data before the
calculation and processing described above. As shown in Fig. 10, the amount of tail data that should

be prepared for pre-processing can be identified by the histogram and approximate probability
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density curve. The tail data . which the probability density approaches zero will be removed. The
one in a thousand upper quantile in . tail was selected as the criterion where the probability density
functions of measured current velocity is assumed close to zero. Because .current velocity
exceeding this criterion indicates a rare event in statistics and _ As shown in
Fig.10, -0.97, which is the one in a thousand upper quantile. And prototype monitoring data
larger than the corresponding value were first removed and then the quality control of the tail data
could be realized sequentially by o .

Once quality control is finished, the _ described in Eq. (13) can work quite
well by the Levenberg-Marquardt least-squares optimization method combined with the objective
function in Eq. (10). The extreme value of multiyear return periods of the ocean current can be

extrapolated based on an assumed tail behavior of -ACER function curve obtained from -

107 ACERk(n) for k=8 ]

ACER (1)

104

Tail Marker
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N
~
=3
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Fig. 9 Control of truncated points and uncertainty 6
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4.2.3 Calculation of multi-year return period interval and comparisons of environmental

design indexes

After optimal fitting of the curve, extrapolated predictions were conducted by the fitted curve on
the recurrence interval of 1-year and 10-year for current profile in the LHI11-1 sea area. The
predictions with corresponding confidence intervals of current velocity for the 1st, 7th, and 14th
layer for the 1-year return period are presented in Fig. 11-13. The optimal curve and confidence
interval band are represented by a solid line and two dashed lines respectively. Though there are a
few points in the tail part whose ACER function values are relatively small, those points with large
uncertainties cannot determine the overall trend of the curve because the weighted least square

method was adopted in the optimal fitting. In this way, we can find that the ACER algorithm tries to

perform optimal fitting of ACER functions Usinga sufficient amount of ‘data of relatively high
_ According to the calculation results shown in Fig. 11-13, the

predicted current velocity results of the 1-year return period at the Ist, 7th and 14th layer are 1.22

m/s, 1.1 m/s, and 0.965 m/s, respectively.
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Fig. 12 Prediction value of current velocity of the 7th layer of the 1-year return period
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Fig. 13 Prediction value of current velocity of the 14th layer of 1-year return period

Prediction results (as shown in Fig. 14a, please see Table 1 for the detailed data) for multiyear
return periods of the overall velocity profile indicates that the extreme value of current velocity under
the given return period is similar to the hypothesized situation, where the current velocity is close to
the shear flow. The overall trend of current velocity of the multiyear return period decreases as the
depth increases, but the distribution curve is partially complex and zigzag. As a result, when the
depth does not change greatly, the current velocity in the upper layer may be smaller than that of the
lower layer.

At present, there are only a few floating platforms in South China Sea. The ocean environmental
design indexes are different depending on the time of the design, even in the same sea area.
Especially for early platform design, it is difficult to obtain the accurate ocean environmental design

criteria without the effective in-situ monitoring data in the South China Sea.
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Two current design indexes are selected to demonstrate the accuracy and feasibility of the ACER
method in predicting the multi-year return values. Fig.14b and Fig.14c give the comparison of
current profiles between the predicted results and the design indexes of two floating platforms both
in same Liuhua sea area. Among the design indexes, “FPS” corresponds to a semisubmersible
platform which design in 1980s, and “TLP” corresponds to a new design platform with sufficient
ocean observational data.

Observing Fig. 14b and Fig. 14c (please see Table 2 and 3 for detailed data), the initial design
index for FPS exhibited a large span of the velocity in depth. The profile of current velocity was
simplified to such an extent that the current velocity of the initial design index in deep water was
excessively underestimated with a large descending gradient observed in the 50 ~ 100 m depth layer
for 1-year return values and 65~110m for 10-year return values. On the other hand, the variation of
current velocity in the TLP design index is relatively smooth with depth, and is much ¢loser to the
predicted results. In spite of the fact that both design indexes of the upper layer for the 10-year return
period were larger than the predicted values shown in Fig. 14c, the vast majority of the indexes for
the TLP were located in the confidence band of predictions.

In conclusion, the difference between the two design indexes indicates that the early research on
the extreme environmental conditions of the seca arca was indeed not sufficient. Meanwhile,
prototype monitoring technology has become an effective technical methodology. Predicted results
via monitoring data and ACER show the consistency with the current design index of the TLP
platform. Moreover, the present results in this paper reveal a more prominent advantage than the
existing research on extreme current in the South China Sea. Firstly, the monitoring data is more

reliable than the others which were mainly based on the numerical model or approximate estimation
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by wind field and tide. Secondly, in terms of extreme - prediction method, the ACER method

avoids artificial aspects of data sampling for the extreme value analysis and shows robustness and
_ With the accumulation of monitoring data, the predicted results

will continually refine and optimize the current design parameters.
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Fig. 14 Current profile distributions of return values for multiyear return period and

comparison of ocean environmental design index in Liuhua sea area
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Table 1 Predictions of current profile for multi-year return periods

Predictions of velocity for multi-year return periods (m/s)

Depth/m 1 Year 10 Year
Return values 95% ClI Return values 95% ClI
30 1.22 (1.16,1.27) 1.38 (1.29,1.43)
37 1.16 (1.10,1.21) 1.31 (1.22,1.37)
44 1.23 (1.16,1.27) 1.41 (1.31,1.47)
51 1.16 (1.10,1.21) 1.30 (1.22,1.36)
58 1.15 (1.10,1.20) 1.28 (1.23,1.36)
65 1.19 (1.10,1.25) 1.39 (1.26,1.46)
72 1.10 (1.02,1.15) 1.28 (1.17,1.35)
79 1.12 (1.03,1.17) 1.33 (1.21,1.41)
86 1.06 (0.97,1.11) 1.25 (1.13,1.32)
93 0.98 (0.90,1.03) 1.14 (1.03,1.20)
100 1.03 (0.94,1.08) 1.21 (1.07,1.27)
107 1.02 (0.89,1.07) 1.19 (0.99,1.26)
114 1.02 (0.90,1.07) 1.19 (1.01,1.26)
121 0.96 (0.89,1.01) 1.11 (1.02,1.17)

Table 2 Design guides of current loads for SEMI FPS in Liuhua sea area

return period

One Ten
/Year

current profile D \Y D \Y
0 1.30 0 1.83
D=Depth (From 25 1.12 32 1.60
sea level, m), 50 0.94 65 1.37
V=Velocity(m/s) 100 0.30 110 0.30
305 0.30 305 0.30
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Table 3 Design guides of current loads for TLP platform in Liuhua sea area

return period

One Ten
/Year
current profile D \" D \"
0 1.46 0 1.73
23 1.30 23 1.57
D=Depth (From
68 1.00 68 1.27
sea level, m),
113 0.86 113 1.05
V=Velocity(m/s)
159 0.76 159 0.91

5. Conclusions

Profile analysis and prediction of extreme yalues of currents in the LH11-1 sea area were carried
out based on actual data obtained by the prototype monitoring system of the NHTZ PFS. The main
conclusions are presented as follows:

1) The measured velocity profile was relatively complex, presenting different forms and spatial
shapes in different time periods with the main space shapes of shear flow. The current velocity in the
middle layer was obviously less than that of other layers during some specific time periods;

2) For the mean current velocity profile, affected by small flow velocity of the middle layer as
described above, it’s difficult especially in the middle-lower layer to produce a complete shape of
shear flow. And the middle layer showed an obvious trend of changes, where the current velocity

decreased with depth with a large gradient.
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3) The current velocity extreme profile in multiyear return periods was predicted with the
ACER method. The results for one-year and decade return periods were obtained. To some extent,
the spatial shapes were more or less similar for the extreme velocity profile and the mean profile.
Overall, the upper current was stronger than the lower one, with partially tortuous profile shapes.

4) The comparison of predicted results with two design indexes showed that the current
velocity determined by the existing design indexes of FPS has a large span of value varying with
depth. The design index for FPS should be updated for practical engineering application. The design
index for TLP is _with the predicted results by . ACER method.

The main purpose of this paper was to perform design verification in the LH11-1 area of the
South China Sea, and aimed to provide beneficial guidance for load analysis, - design, and
production operation, based on the prototype measured data. To do this, a few typical space shapes
and characteristics of the measured current profile were first analyzed. Then, a more accurate
estimate for extreme current has been tried using the latest ACER extreme - analysis method.
However, this present research is only a preliminary application of the measured data, and more
extensive research and analysis approaches are still required. For example, the current _
ACER method, like . other univariate extreme - methods, does not consider correlation
between current layers, and how to consider the relevance of layered current to optimize existing
results will be an important focus of future research.

In recent studies, some scholars have first applied a reduced dimensions method such as
empirical orthogonal function to compress the data and reduce the variables before further analysis.
In a future study, such kind of approaches will be incorporated with _extreme -

_ for an optimal design current profile of the South China Sea. Simultaneously, a
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directional consideration will be introduced to determine the extreme characteristics of the current.
Finally, combining spatial correlation and direction considerations, we hope to provide a current
design criterion that is a fully three-dimensional design surface, rather than only the 2D profile
generated by most research efforts. Thus, all the current extremal characteristics will be presented in
3D space. At present, part of the periodic work has been completed, and more results and details will
be presented in future work. Overall, all the work aims at improving the problem of insufficient
current specifications and the lack of effective reference data for engineering efforts in the South

China Sea.
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