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Abstract

forces and resulting motions are signi cantly affected by di raction e ects; and (2) the local net
wave elevation, net (t), can also be considerably
in uenced by di raction, particularly at locations
above a pontoon and/or near a major column.
Both e ects are important in air gap prediction:
we need to know both how high the waves rise,
and how low the deck translates vertically (due to
net heave and pitch) at a given point to meet the
waves. We consider here both e ects, but focus
primarily on the net wave elevation net (t)|as we
believe this to be the most challenging modelling
step to predict the air gap response.
We consider in this paper a speci c semisubmersible platform, Veslefrikk, which is currently operated by Statoil in the North Sea at a
water depth of 175m. Our focus here is to compare detailed model test results with the predictions from linear di raction theory. Speci cally,
we have two main goals:

We consider here the air gap response of a speci c
semi-submersible platform subjected to irregular
waves. Detailed model tests for this structure are
studied here in depth. Because both motions and
air gap histories are available, we perform statistical analyses both for the absolute near-structure
wave elevation (with respect to a xed observer),
and the relative wave elevation (with respect to
the moving structure). Statistics of wave crest
ampli cation, due to di raction, are established
for various near-structure locations and for various seastates. Corresponding ampli cation factors are derived from linear di raction theory, and
the results of theory and observations are critically
compared.

Introduction
The air gap response, and potential deck impact,
of ocean structures under random waves is generally of considerable interest. While air gap modelling is of concern both for xed and oating
structures, it is particularly challenging in the case
of oaters because of their large volume, and the
resulting e ects of wave di raction and radiation.
These give rise to two distinct e ects: (1) global
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We seek to demonstrate how the test data
can be eÆciently analyzed, relating fractiles
of the input far- eld wave (t) and the output near-structure wave net . This results in
an e ective \crest ampli cation factor" for
use in air gap design. While applied here
speci cally to the air gap problem, we be-

lieve such a fractile-based approach can be
useful in calibrating design wave procedures
in a wide range of applications.



Direction of Incident Waves

We seek to test the adequacy of linear di raction analysis. We recognize here that ocean
waves are inherently nonlinear, and that this
nonlinearity cannot be ignored in predicting
statistics of extreme crests. The hypothesis to be tested here, however, is that the
main source of nonlinearity lies in the input incident waves, and that the correction in
wave crest amplitude due to di raction can
be well-estimated by the corresponding correction predicted by linear theory.
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Note that this paper describes ongoing work
into the statistical analysis of the air gap problem. In conjunction with studying experimental
results directly, statistical post-processing algorithms are currently under development to predict
extreme air gap statistics consistent with linear
and/or nonlinear di raction analyses (e.g., Ude et
al, 1995; Manuel and Winterstein, 1998).
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Figure 1: Plan view of Veslefrikk platform and
location of air gap probes.

Problem De nition
Our test data come from a 1:45 length-scale model
of Veslefrikk, tested in the wave tank at Marintek under various types of irregular waves (Fokk,
1995). Figure 1 shows a plan view of the platform, together with the 9 locations for which the
air gap responses have been measured as a function of time. As Figure 1 shows, all tests studied
here apply long-crested waves in a diagonal direction with respect to the structure.
Table 1 summarizes the geometric properties of
the platform. Tests have been run for two di erent
draft levels: d=23m and d=26m. The cases with
deeper draft conform with the original Veslefrikk
operating conditions, during which wave impact
with the underside of the deck was observed in the
eld (and reproduced in these model tests). We
focus here on the observed results for the more
shallow draft, d=23m.
In the model tank tests, the waves have rst
been imposed with the model removed, and the
incident wave (t) measured at location 7, where

Platform Particulars

Length Over All (LOA):
107.50 m
Longitudinal Column Spacing:
68.00 m
Transverse Column Spacing:
67.00 m
Column Length w/o Sponson:
12.50 m
Column Breadth:
12.50 m
Pontoon Breadth:
14.25 m
Pontoon Height:
9.50 m
Draft, D:
23.00 m
Displacement:
40,692 tonnes
Airgap to Still Water Level:
17.50 m
Center of Gravity (from keel):
24.13 m
Pitch Radius of Gyration:
33.76 m
Roll Radius of Gyration:
34.26 m
Transverse Metacentric Height:
2.36 m
Water Depth:
175.00 m
Table 1: Characteristics of Veslefrikk platform.
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HS [m]

TP [s]

12.0
14.0
15.5

11.5
13.5
16.5

gap, a0 , and the relative wave r(t):

Number of
3-hour tests
4.0
5
3.0
6
2.0
2

a(t) = a0

the platform is to be centered. Following common practice, (t) histories have been generated
from a stationary random process model, applied
over a xed \seastate" duration of Tss =3 hours.
Its spectral density function, S (f ), is described
by three basic parameters: (1) the signi cant
wave height HS =4 , which determines the total
spectral power; (2) the peak spectral period TP ,
at whose corresponding frequency fP =1=TP the
spectrum is maximized, and (3) the peakedness
factor , which determines precisely how narrow
(peaked) the spectrum S (f ) is near fp. Three
di erent test conditions were performed for the
d=23m draft; Table 2 describes the HS ; TP , and
values for each of these three test conditions.

Crest Ampli cation from Data
Analysis
In a design wave approach, it is common to consider the consequence of a single incident wave cycle, with critical values of amplitude and associated period and pro le. The resulting critical response level during this cycle is then taken as the
basis for design procedures, generally with appropriate load factors (e.g., API, 1993). We consider
here the use of a similar cycle-by-cycle analysis to
predict extreme values of the net wave net , and
also of the relative wave r(t) with respect to the
structure.

Relating Wave Elevation to Air Gap
As noted above, it is useful to rst consider the net
wave elevation, net , with respect to a xed origin.
The next logical step is to consider the relative
wave elevation r(t) measured with respect to the
moving structure (e.g., that would be measured
by a wavesta attached to the structure):
Æ (t)

Cycle-by-Cycle Results from Concurrent
Data
In establishing appropriate calibration factors for
a design wave approach, it is common to seek a
relationship between the input and output amplitude in concurrent cycles. Speci cally, from the
input wave process (t) we de ne \cycles" as periods separated by successive upcrossings of the
mean level m = 0. The input wave amplitudes
X1 ... XN are then the peak (crest) amplitudes
for each cycle of (t), and the response amplitudes
Y1 ... YN are the corresponding maximum values
of the response (here, net ) occurring during each
of the N input wave cycles.

(1)

Here Æ(t) denotes the net vertical displacement at
the eld point of interest, which in turn is generally a mixture of the form
Æ (t) = 3 (t) + y  4 (t)

x  5 (t)

(3)

In the following we shall focus mainly on net (t),
which is likely the most challenging quantity to
model, and then on the relative wave elevation
r (t)|and hence, by implication, the air gap response a(t). Note, however, that we infer these
quantities from measurements in the inverse order; that is, air gap probes directly measure a(t),
from which we use Eq. 3 to infer r(t), and Eqs. 1{2
to infer Æ(t) and hence net (t). (The test results
include measurements of the motions i in all 6
degrees of freedom.)

Table 2: Seastate parameters for which model
tests were conducted.

r (t) = net (t)

r (t)

(2)

in terms of the rigid-body motions 3 , 4 , and 5 in
heave, roll, and pitch, and the eld-point location
(x; y) of interest. Finally, the available air gap
a(t) is the di erence between the still-water air
3

One may then seek to use linear regression to
relate the amplitudes Xi and Yi of the input and
output wave:
Yi = ac + bc Xi + 

result, we often nd here that bc < 1, despite the
fact that extreme Y values are generally larger
than corresponding X values. (For convenience of
visual comparison, note that all gures have identical X and Y scales; hence a \neutral" slope b=1
would connect the lower-left and upper-right vertices of the gure window.) Note especially the
results for location 1 (Figure 4): the regression
slope is found to be only bc =0.66, despite the fact
that extreme Y outcomes appear systematically
larger than corresponding extreme X values.
 The relatively small slope value bc in Eq. 5
arises from the goal of standard regression, which
is to minimize errors in predicting Yi for given
Xi . One may instead seek a best prediction of Xi
for given Yi ; this yields a steeper line, with slope
bc =dY =dX =(1=)  Y =X . This, however, neglects the corresponding variability of X at given
Y , thereby giving a systematically low dX=dY and
hence high dY =dX .
 We may seek other, modi ed versions of regression analyses that produce \more reasonable"
trends. Fundamentally, however, one may question the adequacy of any single trendline, when
based on data as scattered as in Figure 4. We
show below how such regression results can still
be used in a design-wave approach, even when the
data show such large cycle-to-cycle variability as
in Figure 4.

(4)

The subscript \c" is used here to indicate that one
is trying to predict the output wave amplitude Yi
as a function of the concurrent input amplitude
Xi in the same cycle. Regression estimates then
yield the parameter estimates
bc = 

Y
; ac = mY
X

bc mX ; 2 = (1

2 )Y2

(5)
in terms of the estimated (sample) means mX and
2
mY of X and Y , the corresponding variances X
2
and Y , and the correlation coeÆcient  between
X and Y .
To illustrate, we focus rst on the seastate with
parameters HS =14.0m, TP =13.5s, for which most
data are available (T =3hrs6 tests=18hrs). Concatenating these tests yields a total of N =5422
input wave cycles. Figures 2{4 show the resulting N =5422 (Xi ; Yi ) data corresponding to output
waves net at locations 7, 5, and 1 respectively.
(The input waves are the same, hence only the Yi
values di er in these gures.) Recall from Figure 1
that location 7 corresponds to the platform center,
while locations 1 and 5 are just in front of major
columns. As may be expected, the near-column
locations show somewhat larger maximum crest
levels: Ymax is roughly 20m at location 5 and 25m
at location 1, compared with an input maximum
Xmax of roughly 18m.
To characterize this ampli cation statistically,
Figures 2{4 also show the mean trend ac + bc Xi
from linear regression. (The other lines shown,
which predict fractiles of y, will be explained later
in connection with Figures 5{7.) Note the following diÆculties with using the regression trend
only:
 Because the mean trend line neglects the e ect
of the  term in Eq. 4, it will generally underestimate the marginal variability of Y . Indeed, in the
limit as  ! 0, we will generally nd a horizontal
trend (bc ! 0) regardless of how high the marginal
variability Y becomes with respect to X . As a

0

Fractile Results from Ordered and NonOrdered Data
For design of structures against extreme waves,
one is often most interested not in the response Yi
in a speci ed wave cycle i, but rather in the response level Yp with a speci ed exceedance probability p. If we have a corresponding estimate of the
input wave amplitude Xp at the same probability
level, we may seek a new, deterministic linear relation between Xp and Yp directly:
Yp = ap + bp Xp

(6)

Note that the notation ap and bp for these coefcients is intended to denote that the resulting
trend is intended to apply on a fractile-by-fractile
4



basis (i.e., for given p). In contrast, ac and bc
have been derived from a concurrent basis (i.e.,
for given wave cycle i, or alternate choices of concurrent input/output \events").
We may seek to estimate the coeÆcients ap in
bp in Eq. 6 directly from the re-processed data,
in which Xp is plotted versus Yp. E ectively, this
amounts to reordering both the Xi and Yi data
vectors; for example, the largest Xi and Yi value
are both assigned the same fractile level p=1/N ,
the second largest values p=2/N , and so forth.
Alternatively, we suggest here a simpler way to
directly predict the parameters ap and bp without
reordering data|which can be inferred directly
from the statistics of cycle-by-cycle data. In particular, if we assume that Xi and Yi each have
marginal normal probability distributions, we may
write
Yp mY
X
mX
= p
= Up
(7)
Y

regression analysis of paired data.

Note that this fractile trendline is preserved if
the roles of X and Y are interchanged; in this case
dX=dY =X =Y and hence bp =dY =dX remains
equal to Y =X . Note also that like both mean
regression lines (of Y given X and vice versa), the
line relating Yp to Xp from Eqs. 6 and 8 also passes
through the mean pair (mX ; mY ) from the data.
At all other points Eq. 6 passes between these two
regression trends, in view of its intermediate slope.

Results Across Field Points
The foregoing suggests that the slope bp , from
Eq. 8, serves as a useful \response ampli cation
factor," relating input and output levels at corresponding fractiles. (Note that ap is found to be
nearly zero here; i.e., the predicted fractile lines in
Figures 5{7 nearly pass through the origin.) The
\OBSERVED" results in Figure 8 shows the resulting crest ampli cation factors, bp, found for all
eld points from the two seastates with most data:
(HS ,TP )=(12,11.5) and (14,13.5). The largest observed ampli cation, roughly 1.4, is found at location 1 (in front of the up-wave column). Other
near-column locations (4,5,6, and 9) show amplication factors of roughly 1.2. As might be expected, somewhat greater ampli cations generally
occur for the smaller TP case (with shorter wavelengths, hence larger relative e ect of the structure). The largest ampli cations, however, at the
near-column locations are relatively constant for
the two TP cases considered. The corresponding
predicted results in Figure 8 are described below.

X

in which Up is the corresponding fractile of a standard normal distribution (e.g., Up =0.0 for p=0.5,
Up =1.0 for p=0.84, etc.). One may rewrite Eq. 7
in the form of Eq. 6, in which the trendline parameters are simply
bp =

b
Y
= c ; ap = mY
X


bp mX

(8)

Note that Eqs. 7{8 are not restricted to the Gaussian distribution model. They apply to any distribution that has an additive shift parameter and a
multiplicative scale parameter; common examples
include both the Gumbel and Gaussian distributions. For some other distributions, such as the
Weibull and lognormal, this assumption should be
applied to ln(Y ) versus ln(X ).
Figures 5{7 show that this simple predicted
fractile line, with bp =Y /X , generally agrees
quite well with the observed, ordered (Xp , Yp )
data. Note that this agreement holds even at location 1 (Figure 7), despite the signi cantly scattered cycle-by-cycle data (Figure 4) on which it is
based. This suggests that we can predict the fractile trendline from Eq. 6 without reordering the
data, in one of two ways:



bp =Y /X , the ratio between the standard
deviations of the Y and X . This avoids the

Crest Ampli cation from Di raction
Formally, we may split the input incident wave
 (t) into a \linear part" L (t) and a remaining
\nonlinear contribution N L (t):

bp =bc =; i.e., in ating the regression slope bc
by a factor of 1=.

 (t) = L (t) + N L (t)

5

(9)

CREST, NET ABSOLUTE WAVE [M]

CREST, NET ABSOLUTE WAVE [M]

25

20

15

10

5

DATA, LOC 7
REGRESSION
PRED FRACTILE

0
5

10
15
20
CREST, INCIDENT WAVE [M]

15

10

5

25

SORTED DATA @7
REGRESSION
PRED FRACTILE
0

Figure 2: Concurrent crest data; location 7 (platform center).
25

20

15

10

5

5

10
15
20
CREST, INCIDENT WAVE [M]

25

Figure 5: Ordered (fractile) crest data; location 7
(platform center).
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Figure 3: Concurrent crest data; location 5.
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Figure 6: Ordered (fractile) crest data; location 5.
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Figure 4: Concurrent crest data; location 1.
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Figure 7: Ordered (fractile) crest data; location 1.

TRANSFER FUNCTION MAGNITUDE
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Figure 9: jHnet (T )j=Amplitude of transfer function from input undisturbed wave to output net
wave net in the presence of the structure. Predictions are from rst-order di raction analysis.

Figure 8: Theory versus data: absolute wave ampli cation.
While (t) describes the actual wave surface,
L (t) describes our linear approximation in solving its governing equations (i.e., imposing the freesurface condition at the still water level, rather
than at the actual time-varying surface). The
nonlinear term N L (t) is thus de ned implicitly,
as the di erence between (t) and L (t). In fact,
detailed statistical studies suggest that N L (t) is
often accurately predicted by a second-order, random wave model (Jha, 1997).
In a similar way, we may decompose the net
\output" near-structure wave, net (t), into linear
and remaining nonlinear terms:
net (t) = net;L (t) + net;N L (t)
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bRM S in the RMS value predicted by linear theory:
bRM S


= net =


"R

1

0

jHR net(f )j2S (f )df
1

0

S (f )df

#1=2

(11)
The resulting values of bRM S are shown as the
\PREDICTED" results in Figure 8. (Note again
that our hypothesis here is not that the linear
model will yield the correct extreme value of either  or net , but merely that it can yield a
useful estimate of the correction factor between
them.) In fact the predictions show the same general trends as the observations: larger results at
the near-column locations and in the smaller-TP
seastate. Ampli cation levels are somewhat underpredicted at several near-column locations: at
location 1 bRM S =1.2{1.3 compared with an observed bp=1.4, while bRM S =0.9{1.0 at locations
4,5,6 compared with bp =1.1{1.2 from the observed
data. These additional ampli cations may be the
result of nonlinear di raction, or may represent
near-column e ects beyond the realm of a conventional di raction analysis.
Finally, Figure 10 shows similar results for the
relative wave elevation, r(t), with respect to the
moving structure. Because the structure generally moves with the waves, the relative wave is

(10)

Linear di raction codes (e.g., WAMIT, 1995)
estimate the transfer function, Hnet (f ) that relates L (t) to net;L (t) at a given wave frequency
f . Figure 9 shows the transfer function amplitude, jHnet j, as a function of wave period T =1=f ,
for a selected set of eld points. As expected, results across eld points converge in the long-wave,
large-T limit. Signi cant di erences are predicted,
however, at smaller periods: at T =8s jHnet j varies
from 1.0 at location 7 (mid-platform), to 1.9 and
1.5 at the near-column locations 1 and 5.
To consider the consequence of sampling this
transfer function according to a given wave spectrum S (f ), we consider the ampli cation factor
7

Summary and Conclusions
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A new, fractile-based approach has been proposed to de ne an ampli cation factor, bp ,
on extreme wave crest levels due to di raction. This is calculated as the rms-ratio between input and output peaks in all wave cycles (Eq. 8). The resulting scaling factor is
found to describe the output fractile results
quite well, even at extreme levels within the
18 hours of seastate test results (e.g., Figures 5{7).



Figure 8 shows that the largest observed ampli cation, roughly 1.4, is found at location
1 (in front of the up-wave column; see Figure 1). Other near-column locations (4,5,6,
and 9) show ampli cation factors of roughly
1.2. As might be expected, somewhat greater
ampli cations generally occur for the smaller
TP case (with shorter wavelengths, hence
larger relative e ect of the structure). The
largest ampli cations, however, at the nearcolumn locations are relatively constant for
the two TP cases considered.



An analogous ampli cation factor, bRM S , has
been de ned based on linear di raction theory (Eq. 11). Note that we seek here to use
the linear model not to predict extreme values of of either  or net , but merely their
ratio. In practice, we would propose to apply
the correction factor bRM S to a second-order
random model of , for which analytical estimates of extreme fractiles are available (Jha,
1997).



Numerical results for bRM S show the same
general trends as the observations: larger
results at the near-column locations and in
the smaller-TP seastate. Ampli cation levels
are somewhat underpredicted at several nearcolumn locations: at location 1 bRM S =1.2{
1.3 compared with an observed bp=1.4, while
bRM S =0.9{1.0 at locations 4,5,6 compared
with bp =1.1{1.2 from the observed data.
These additional ampli cations may be the
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Figure 10: Theory versus data: relative wave ampli cation.

generally less than the absolute wave level, yielding factors in Figure 10 that are generally lower
than in Figure 8. \OBSERVED" results in Figure 10 again predict bp as in Eq. 8, now treating r(t) as the relevant response history. \PREDICTED" results in Figure 10 again use Eq. 11,
now with a transfer function Hr (f ) to the relative motion described in Eqs. 1{2, which include
the (linear) predicted transfer functions for heave,
pitch, and roll. Again, the predictions are found
to show a similar trend to the observed behavior.
The most striking di erence now occurs at eld
points near the platform center in the along-wave
direction (locations 4,5,6,7), whose vertical motion Æ is dominated by heave rather than pitch or
roll. Our predictions here overestimate the relative wave elevation, suggesting that they underestimate the platform heave motion. (This has been
con rmed by separate study of the predicted and
observed heave motions.) It should be noted, however, that these motion predictions include only
rst-order motions, and neglect slow-drift e ects.
Inclusion of these e ects in the statistical analysis is straightforward (Manuel and Winterstein,
1998), and is a planned topic of ongoing study.
8

result of nonlinear di raction, or may represent near-column e ects beyond the realm of
a conventional di raction analysis.
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Abstract
We consider here the air gap response of a speci c semi-submersible platform subjected to irregular
waves. Detailed model tests for this structure are studied here in depth. Because both motions and
air gap histories are available, we perform statistical analyses both for the absolute near-structure wave
elevation (with respect to a xed observer), and the relative wave elevation (with respect to the moving
structure). Statistics of wave crest ampli cation, due to di raction, are established for various nearstructure locations and for various seastates. Corresponding ampli cation factors are derived from
linear di raction theory, and the results of theory and observations are critically compared.

