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ABSTRACT
For the cross‑ϐlowvortex‑induced vibration (VIV) response ofmarine risers, comprehensive research has been

conductedwithin the subcritical Reynolds number range. Despite ongoing efforts toward full‑scalemarine riser de‑
ployment, the understanding of VIV dynamics in the critical Reynolds regime remains limited. This is mainly due
to the scarcity of high‑ϐidelity data capturing key ϐlow phenomena in this regime, including laminar separation bub‑
bles, turbulent reattachment, and the drag crisis. This study established a hydrodynamic database for the critical
Reynolds number regime using a custom high‑resolution algorithm platform for incompressible ϐlow (HRAPIF),
leveraging Bayesian deep active learning (BDAL) to drive computational ϐluid dynamics (CFD) simulations. BDAL
efϐiciently sampled the target in parameter space and established hydrodynamics coefϐicientswith fewer large eddy
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simulation (LES) runs. This database was embedded in the in‑house code DAVIV for rapid prediction of VIV. Val‑
idated against Chaplin's experimental data, the prediction accuracy of DAVIV is comparable to that of SHEAR7 at
subcritical Reynolds numbers. For full‑scale risers, DAVIV provides more balanced performance and avoids ex‑
cessive amplitude prediction at the critical Reynolds number. The result from DAVIV has good consistency with
high‑ϐidelity CFD. Overall, this framework addresses the bottleneck in VIV prediction accuracy within the critical
Reynolds number regime, and provides a practical and low‑cost tool for marine engineering.
Keywords: Vortex Induced Vibration; Critical Reynolds Numbers; Computational Fluid Dynamics; Riser Response
Prediction

1. Introduction
Vortex Induced Vibration (VIV) is a classic ϐluid‑

structure interaction phenomenon that occurs when
ϐluid ϐlows around an elastically mounted bluff body,
such as a circular cylinder. The alternating vortex shed‑
ding behind the body induces periodic forces, whichmay
lead to large amplitude when the vortex shedding fre‑
quency approaches the natural frequency of the struc‑
ture [1, 2]. Such results have attracted widespread atten‑
tion in the ϐield of marine engineering. Slender struc‑
tures such as risers, pipelines and mooring cables are
susceptible to fatigue damage or even failure under the
actionof periodic forces [3, 4]. Over thepast decades, com‑
prehensive efforts have been devoted to understanding
the mechanisms of VIV, particularly through experimen‑
tal measurement and numerical simulations. Feng [5]

and Khalak and Williamson [6] identiϐied distinct ampli‑
tude response branches in elastically mounted circu‑
lar cylinders: the initial, upper, and lower branches.
Subsequent research by Jauvtis and Williamson [7] re‑
vealed that allowing two‑degree‑of‑freedom (2DOF)mo‑
tion of cylinder, enabling both in‑line and cross‑ϐlow dis‑
placements, can lead to even larger cross‑ϐlow ampli‑
tudes. Moreover, their work introduced a new wake pat‑
tern known as the 2T mode. With the development of
computers and numerical methods these years, high ϐi‑
delity numerical methods such as large eddy simulation
(LES) and direct numerical simulation (DNS) have been
widely employed to solve the complex wake dynamics
and to validate experimental result [8, 9]. Chen et al. [10]
conducted a systematic study on the vortex‑induced vi‑
bration of a 2DOF circular cylinder at Re = 500 using
three‑dimensional DNS. They revealed the dual‑branch

response,multiplemorphological displacement trajecto‑
ries, phase difference jumps, and the variation laws of
the three‑dimensionality of thewakewith amplitude un‑
der the coupling effect of the wall boundary layer and
the cylinderwake. Chopra andMittal [11] used numerical
simulation system to depict the three‑dimensional sep‑
aration structure of a low aspect ratio cylinder near the
critical Reynolds number. They clariϐied how the lam‑
inar separation bubble triggers secondary vortices, al‑
ters the vortex shedding mode, and suppresses vortex
street. Sahu et al. [12] conducted the systematic numer‑
ical study of VIV responses and vortex structures in the
supercritical region (fully turbulent boundary layer) us‑
ing ϐinite element large eddy simulation. They also ana‑
lyzed the strength of vortex shedding after the drag cri‑
sis, the lock‑in frequency, and the changes in amplitude
branches. These simulations can provide detailed result
about vortex formation modes and the transitions be‑
tween different response branches.

The experiment about oscillating cylinder can sys‑
tematically separate and quantify the hydrodynamic co‑
efϐicients with the controlling of the amplitude and fre‑
quency. This feature provides a comparable research
method for studying the vortex‑induced forces of bluff
bodies. This comparison method is based on a key as‑
sumption, initially proposed by Bishop and Hassan [13],
which states that the hydrodynamic force acting on a
forced oscillating cylinder is the same as the force ap‑
plied on a freely vibrating cylinder under the same
amplitude and oscillation frequency. This hypothe‑
sis has been widely validated and is consistent with
the self‑sustained vibration mechanism inherent in VIV.
Morse and Williamson [14] used forced vibration data
to predict the free VIV response, and drew a high‑
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resolution hydrodynamic map (amplitude‑frequency
plane). And they predicted the free vibration amplitude,
mode switching, and hysteresis through energy balance.
Sarpkaya [15] comprehensively reviewed the VIV exper‑
iments, theories and models before 1979. He evalu‑
ated the advantages and disadvantages of various semi‑
empirical models and hydrodynamic databases at that
time. He pointed out that high Reynolds number and
three‑dimensional effects are the key challenges for fu‑
ture research.

Based on conϐirmed hypothesis above, several em‑
pirical VIV prediction models have been developed to
solve the VIV response rapidly, such as SHEAR7 and
VIVANA. All these tools rely on hydrodynamic coefϐi‑
cient databases that are obtained from the oscillating
cylinder experiment within subcritical Reynolds num‑
ber range [16, 17]. These databases have enabled the im‑
plementation of an efϐicient, non‑iterative prediction
method for riser VIV, thereby signiϐicantly reducing com‑
putational costs while maintaining accuracy within the
subcritical range.

Although these subcritical databases have achieved
great success, the research on VIV has become more com‑
plicated due to the strong dependence on the Reynolds
number. When Reynolds number comes into critical
Reynolds number ranges, the boundary layer of the cylin‑
der surface will undergo a transition from laminar to tur‑
bulent condition. The transition will alter the ϐlow sepa‑
ration characteristic and vorticity ϐield, then change the
hydrodynamic forces [18]. The transition of the bound‑
ary layer is the core behavior within the critical Reynolds
number (250,000–500,000). The most remarkable char‑
acteristic during this Reynolds range is the formation of
what we called laminar separation bubble (LSB). What
contributes to the formation of LSB is the delayed sepa‑
ration and the turbulence reattachment. Due to these be‑
haviors, the drag coefϐicient has a rapid drop; this phe‑
nomenon is known as the drag crisis [19, 20]. While VIV has
been comprehensively studied in the subcritical Reynolds
number regime [21, 22], the characteristics remain poorly
understood within the critical and supercritical Reynolds
number range. Several studies have shown that VIV be‑
havior at the critical Reynolds number differs substantially
from that in the subcritical regime. At critical Reynolds

numbers, the classic Kármán vortex street becomes indis‑
tinct, amplitude‑response branches change, and sensitiv‑
ity to free‑stream turbulence and surface roughness in‑
creases [23, 24]. Most of the full‑scale marine risers operate
across a broad Reynolds number range; they often oper‑
ate in conditions ranging from subcritical to supercritical
Reynolds numbers. In that case, the necessity of thorough
understanding about VIV at the critical Reynolds number
has arisen. It can help us to prevent fatigue and damage in
practical marine engineering [25].

The researchers conducted overall research in the
construction of the database. Traditional databases es‑
tablish a hydrodynamic database distribution covering
the entire space by traversing each parameter point
during experiments, and the traditional semi‑empirical
models mainly obtain the low‑ϐidelity data. Due to the
development of machine learning over the years, the
prediction effect has been further enhanced. Combined
with machine learning, a continuous functional map‑
ping of hydrodynamic coefϐicients was constructed us‑
ing sparse experimental data, thereby achieving rapid
VIV evaluation in a wider parameter space [26, 27].

The construction of the hydrodynamic database
mainly relies on experimental data. However, the cost of
fully establishing the database is rising as the scale and
complexity of the data increase. At the same time, ma‑
chine learning methods have demonstrated signiϐicant po‑
tential in other scientiϐic and engineering ϐields. Zhao et
al. [28] employed random process simulation and Monte
Carlo simulation in their studies. They quantiϐied the un‑
certainty in structural response and assessed failure risk.
This method provides an important reference for reliabil‑
ity of the engineering structures. Zhang et al. [29] devel‑
oped a data‑driven method for predicting battery end‑of‑
life status using a TabNet model with Bayesian optimiza‑
tion. This approach achieved high‑precision end‑of‑life
classiϐication, signiϐicantly outperforming traditional mod‑
els such as Random Forest and XGBoost. Ye et al. [30] used
Shapley value analysis and reverse stepwise regression al‑
gorithm to select key features, and they constructed sixma‑
chine learning models for comparison. Finally, CatBoost
was selected as the optimal model.

Meanwhile, the integration of machine learning
into complex systemmodeling has undergone an impor‑
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tant paradigm shift. The trend moves from black‑box
regression to physics‑inspired and uncertainty‑aware
frameworks. In power systems, researchers have suc‑
cessfully combined physics‑inspired time‑frequency fea‑
ture extraction with lightweight neural networks to en‑
hance classiϐication reliability [31]. Similarly, the adop‑
tion of hybrid neural networks optimized by meta‑
heuristic algorithms (such as Beluga Whale Optimiza‑
tion) has demonstrated superior performance inpredict‑
ing critical thermal states of transformers [32]. These
achievements show an acknowledgement: the coopera‑
tion between physical laws and learning‑based models
is essential for navigating high‑dimensional, non‑linear
spaces. Furthermore, AI‑powered protein structure pre‑
diction now relies on active exploration of biochemical
foundations to solve practical folding problems [33]. The
principles of climate adaptation and corporate resilience
in the low‑carbon economy also highlight the necessity
of models that can autonomously adapt to dynamic envi‑
ronmental shifts [34].

Although previous approaches based on alternative
methods placed more emphasis on global approximation
accuracy, inspired by these interdisciplinary innovations,
our framework adopts an active learning strategy that pri‑
oritizes the utilization of utility. This framework conducts
uncertainty quantiϐication to guide the sampling process.
This enables intelligent selection of high‑ϐidelity computa‑
tional ϐluid dynamics data points only in the areas where
the physical responses are most uncertain, thereby ensur‑
ing the robustness of the prediction results and minimiz‑
ing the computational cost.

Machine learning and surrogate models have been
widely used in the past to construct hydrodynamic
databases. However, most of the databases estab‑
lished either through machine learning optimization or
through exhaustive experiments are still limited to sub‑
critical Reynolds numbers. Fan et al. [26] proposed active
learning guided by Gaussian process regression, which
was experimentally validated but restricted to subcriti‑
cal lowReynoldsnumbers. Meanwhile, theGaussianpro‑
cess regression model relies heavily on artiϐicial prior
assumptions, such as kernel function selection. It per‑
forms poorly on high‑dimensional problems, making
it difϐicult to scale. Shen et al. [19] established a high‑

Reynolds‑number database, but their approach relies on
passive parameter‑scanning experiments. This would
require massive computational resources and time for
numerical calculations. The experiments can only cap‑
ture macroscopic behavior, being unable to address
small‑scale ϐlow and ϐlow ϐield evolution. And those
experiments [35] cannot capture key ϐlow characteristics
and ϐine structure such as laminar separation bubbles,
turbulent reattachment, and drag crises. It is also difϐi‑
cult to observe the ϐine structure of the ϐlow ϐield in high
Reynolds number experiments.

In contrast, this studyemployedahigh‑ϐidelity com‑
putational ϐluid dynamics (CFD) method to systemati‑
cally construct a hydrodynamics database for the crit‑
ical Reynolds number. This database originated from
CFD simulations driven by active learning. Based on
Bayesian active deep learning, the active learning strat‑
egy guides the sequential sampling of the parameter
space, including frequency ratio and oscillation ampli‑
tude, to efϐiciently generate a continuous function map‑
ping of hydrodynamic coefϐicients within the critical
Reynolds number range. Moreover, it can capture the
unique real physical mechanisms of the critical regions
that are missing in the subcritical database. And it can
also be directly applied to the prediction of full‑scale
risers. The database has been integrated into the self‑
developed DAVIV program and has been veriϐied under
the critical Reynolds number on the full‑scale ϐlexible
riser model of ”Deep Sea No. 1”.

In this paper, Section 1 introduces the research
background of riser vortex‑induced vibration and
the limitations of existing subcritical hydrodynamic
databases; Section 2 presents the numerical methodol‑
ogy and active learning‑driven CFD framework for con‑
structing the critical Reynolds number hydrodynamic
database; Section 3 demonstrates the validation and
comparative analysis of VIV prediction results between
the modiϐied DAVIV program, SHEAR7 and relevant ex‑
perimental data; Section 4 draws a conclusion.

2. Numerical Method
Figure 1 presents schematic diagrams of the

ϐluid‑structure interactions: Figure 1a shows the
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single‑degree‑of‑freedom forced vibration of a rigid
cylinder used for database construction, and Figure
1b shows the three‑dimensional ϐlexible vertical riser

used for subsequent VIV predictions. These conϐigura‑
tions also form the basis for subsequent research and
discussion.

Figure 1. Schematic diagrams of rigid and ϐlexible cylinders in ϐluid‑structure interaction: (a) Single‑degree‑of‑freedom rigid
vibrating cylinder with a no‑slip boundary condition applied to its surface; (b) Flexible riser with pinned‑pinned ends under
uniform inϐlow conditions.

2.1. Governing Equation

This study focuses on the vortex‑induced vibration
(VIV) of cylindrical structures subjected to ocean cur‑
rents, with the ϐluid treated as incompressible and vis‑
cous. For transient incompressible ϐlow, the continuity
and Navier‑Stokes equations can be written as:

∇ · u = 0 (1)
∂u

∂t
+ u · ∇u = −1

ρ
∇p+ ν∇2u (2)

where u is the velocity vector, p is the pressure, ρ and
ν are the ϐluid density and kinematic viscosity, respec‑
tively.

The structural response is modeled as a rigid cylin‑
der undergoing a single‑degree‑of‑freedom forced sinu‑
soidal oscillation in the cross‑ϐlow (CF) direction. The
cylinder displacement is given by:

y = A cos(2πfet) (3)

Where A is the oscillation amplitude and fe is the
oscillation frequency. To construct a high‑ϐidelity hydro‑
dynamic database, a large eddy simulation approach is

employed to resolve the ϐlow characteristics in the criti‑
cal Reynolds number regime.

2.2. High‑Fidelity Large Eddy Simulation
(σ‑LES)

A Reynolds number of 250,000 was selected be‑
cause it marks the onset of the critical ϐlow regime. Fur‑
thermore, several studies have been conducted within
this range [36, 37]. The operating conditions of some full‑
scale risers in marine engineering often fall near this
Reynolds number. Therefore, we believe setting it at
250,000 will help elucidate the detailed characteristics
of the transition region.

For the critical Reynolds number (Re = 2.5×105),
the σ‑LESmethod is employed to resolve large‑scale vor‑
tical structures. The spatially ϐiltered continuity andmo‑
mentum equations are:

∂ (ρûi)

∂t
+

∂ (ρûiûj)

∂xj
=

− ∂p̂

∂xi
+

∂

∂xj

[
µ

(
∂ûi

∂xj
+

∂ûj

∂xi

)]
−

∂τSGS
ij

∂xj

(4)
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where τSGS
ij is the subgrid‑scale (SGS) stress tensor,

which is closed using the σ‑model. The SGS eddy viscos‑
ity is deϐined as:

νSGS = (Cσ∆)2
σ3(σ1 − σ2)(σ2 − σ3)

σ1
2

(5)

Here, σ1 ≥ σ2 ≥ σ3 are the eigenvalues of the
velocity gradient tensor G = ĝT ĝ, and ∆ is the ϐil‑
ter width. This turbulence model can accurately dis‑
tinguish between laminar and turbulent regions. Con‑
sequently, σ‑LES is well‑suited for high‑ϐidelity ϐlow
ϐield simulations involving laminar separation bubbles
(LSBs).

An O‑type grid topology is used for the computa‑
tional domain, with 25 spanwise layers, resulting in a to‑
tal mesh count of approximately 4×106. The ϐirst‑layer
grid height near the wall satisϐies y+ ≤ 1 to ensure ade‑

quate wall resolution. The computational domain spans
20D in width, 60D in length, and πD/2 in height. To
clearly resolve the boundary layer, y+ is limited to less
than 1 in this study. Furthermore, given the characteris‑
tics of vortex‑induced vibration in the cylinder, mesh re‑
ϐinement is performed in both the inline and cross‑ϐlow
directions. Figure 2 shows a schematic diagram of the
computational grid. The boundary conditions are illus‑
trated in the current grid diagram: the upstream face of
the cylinder is the inϐlow face, with inϐlow boundary con‑
ditions applied; the downstream face is the outϐlow face,
with pressure outϐlow boundary conditions applied; the
left and right sides of the cylinder are symmetrically dis‑
tributed, with symmetric boundary conditions applied;
and periodic boundary conditions are applied to the top
and bottom of the cylinder.

Figure 2. Amulti‑block structured grid, incorporating a near‑wall boundary layer and grid reϐinement along two characteristic
directions.
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The inlet boundary is deϐined as a uniform veloc‑
ity inlet, without introducing advanced turbulent ϐluctu‑
ation inϐlow techniques such as synthesized turbulent
intensity proϐiles. For the Large Eddy Simulation (LES)
computations, the maximum Courant‑Friedrichs‑Lewy
(CFL) number is strictly maintained at 0.5. The tempo‑
ral resolution is dynamically constrained and regulated
by the solver based on the target CFL limit and the mini‑
mum cell height at the ϐirst grid layer.

Temporal derivatives are discretized using a
second‑order implicit scheme, which guarantees uncon‑
ditional stability and relaxes the stringent constraints
typically imposed by the CFL conditionwhile preserving
high temporal accuracy. For the convective terms, a cen‑
tral differencing scheme is blended with approximately
2% second‑order upwind differencing. To preserve the

stability of the implicit formulation, a deferred correc‑
tion approach is implemented; the high‑order convec‑
tive scheme is partitioned into an implicit ϐirst‑order up‑
wind component and an explicit high‑order correction
source term. The viscous terms are discretized using the
Gauss theorem and further decomposed into orthogonal
and non‑orthogonal correction components. Spatial gra‑
dients for all physical quantities are calculated using
the least‑squares method. Pressure‑velocity coupling
is achieved via the PIMPLE algorithm—a hybrid of the
PISO and SIMPLE methods. The resulting pressure cor‑
rection equations are solved using the stabilized bicon‑
jugate gradient (Bi‑CGSTAB) method, accelerated by the
BoomerAMG algebraic multigrid preconditioner. The
entire numerical solver is integrated into the HRAPIF
platform. Further details are shown in Table 1.

Table 1. Details of the CFD technology currently in use.
Parameter Description

Mesh cases 48 divided Block‑structured grid for MPI multi‑CPU parallel computing. A reϐinement is
implemented for the boundary layer and wake.

Grid size The grid cells grow outward from the wall with a stretching ratio of 1.1. The cell number
of each block is controlled to be approximately equal.

First‑layer wall height (y+) First‑layer wall height is set to 10−4 m.
Time step & CFL setting The CFL number in the entire computational domain is strictly controlled below 1.0.
Convergence criterion Residuals at a single time step are less than 1 × 10−3

It is noted that comprehensive grid independence
veriϐications and time‑step sensitivity analyses were rig‑
orously conducted and veriϐied in our previous studies;
hence, they are omitted here to avoid redundancy.

2.3. Bayesian Neural Network‑Driven Ac‑
tive Learning Framework

Given the high computational cost of three‑
dimensional LES and the scarcity of available data, it
is crucial to identify sampling points with the high‑
est information density to construct the hydrodynamic
database. To address this issue, this paper employs a
Bayesian deep active learning method to drive a three‑
dimensional LES program to perform active learning
sampling, thereby automatically constructing a hydro‑
dynamic database.

The core of this framework is to utilize the uncer‑
tainty quantiϐication capability of the Bayesian model

to guide high‑information‑content sampling. Ultimately,
the database is constructed through interpolation based
on the actual LES sampling points, rather than relying on
the global predictions of the proxy model. The conver‑
gence criterion of the global prediction entropy reϐlects
the completeness of information in the parameter space
rather than the ϐitting accuracy of the proxy model.

A prior distribution p(w) is assigned to the network
weights, and variational inference is used to approxi‑
mate the posterior distribution:

p(w | D) ≈ qθ(w) (6)

The network parameters are trained by maximiz‑
ing the evidence lower bound (ELBO):

L(θ) = Eqθ(w) [logp(D|w)]−KL [qθ(w)||p(w)] (7)

To capture heteroscedastic aleatoric noise, the net‑
work employs a dual‑output architecture that predicts
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both the mean µpred and the log‑variance logσ2
ale. Dur‑

ing prediction, Monte Carlo sampling is used to compute
the total uncertainty:

σtotal =
√
σ2
epi + σ2

ale (8)

where σtotal is the epistemic uncertainty (model uncer‑
tainty) and σale is the aleatoric uncertainty (data noise).
Active learning uses predictive entropy as the acquisi‑
tion function, combined with non‑maximum suppres‑
sion to avoid redundant sampling. This framework re‑
quires approximately 40 high‑ϐidelity LES simulations
to accurately capture the distributions of the excitation
coefϐicient Clv , added‑mass coefϐicient Cmy , and mean
drag coefϐicient Cdm.

The efϐiciency improvement of active learning com‑
pared to traditional brute‑force sampling is not simply
a reduction in the number of samples, but stems from a
change in the resource allocation logic. Assuming that
all regions in the parameter space have the same value,
it inevitably leads to resource mismatch and waste. This
study's active learning follows the logic of information
priority, precisely locates high‑value regions through
prediction uncertainty quantiϐication, and fully allocates
the limited computing resources to the areas where the
impact on database accuracy is the greatest, while avoid‑
ing meaningless low‑value calculations. Meanwhile, we
do not perform uncertainty analysis on DAVIV predic‑
tion results.

2.4. Semi‑Empirical Fast Prediction
Method (DAVIV)

The dynamic characteristics of the riser structure
are governed by several key factors: ϐlexural rigidity, ax‑
ial tension, and boundary conditions. The origin of the
coordinate system is set at the sea level at the upper end
of the riser. And the z‑axis is vertically downward. The
control equation for the motion can be expressed as fol‑
lows:

EI(z)
∂4u(z, t)

∂z4
− ∂

∂z

(
T (z)

∂u(z, t)

∂z

)
+c(z)

∂u(z, t)

∂t
+m(z)

∂2u(z, t)

∂t2
= f(z, t)

(9)

In this equation, u(z,t) is the riser's horizontal dis‑
placement, EI represents the ϐlexural rigidity (product

of the Young's modulus and the area moment of iner‑
tia), c(z) is the hydrodynamic damping coefϐicient,m de‑
notes the total linear density (including structural, inter‑
nal ϐlow, and added mass), and f (z,t) is the distributed
hydrodynamic force along the riser length.

Tomeet the need for rapid engineering predictions,
this study employs the in‑house semi‑empirical VIV soft‑
ware DAVIV (Dynamic Analysis of Vortex Induced Vibra‑
tion). This software is based on energy balance and
modal superposition principles, and it discretizes the
two‑degree‑of‑freedomVIV control equationof the cylin‑
der into a ϐinite element form:

Mq̈+ Cq̇+ Kq = F (10)

Here, M, C, and K are the mass, damping, and stiff‑
ness matrices, respectively, and F is the ϐluid excitation
force vector. The ϐluid excitation force follows the Mori‑
son equation concept and is decomposed into a velocity‑
in‑phase excitation term and an acceleration‑in‑phase
added mass term:

Fy =
ρU2D

2
Clvcosωlt (11)

Fx =
ρU2D

2
Cdvcosωlt (12)

whereClv andCdv are the excitation force coefϐicients in
the CF and in‑line (IL) directions, respectively. Tradition‑
ally, hydrodynamic data and models have been devel‑
oped through forced vibration experiments, where the
motion of a pipe section is prescribed to measure the re‑
sulting ϐluid forces. The derived lift and drag coefϐicients,
along with the Strouhal number, are functions of the di‑
mensionless amplitude, reduced velocity, and mass ra‑
tio. The widely used industrial software SHEAR7 can
calculate the two‑degree‑of‑freedom responses in both
cross‑ϐlow direction and inline direction. However, it
still uses the excitation force database under subcritical
low Reynolds number conditions, and its prediction ap‑
plication scope is limited.

This study builds upon the original DAVIV program,
which integrated the CF excitation database of Gopalkr‑
ishnan [38] (Re = 10,000) and the IL excitation database
of Soni [39] (Re = 9,000) by extending the cross‑ϐlow
database to the critical Reynolds number range. These
databases are stored using a parameterization scheme
similar to that of SHEAR7. In this study, we will use the

232



Sustainable Marine Structures | Volume 08 | Issue 02 | June 2026

original DAVIV program from the subcritical database to
conduct a comparison of Chaplin's subcritical Reynolds
number experiments. Additionally, predictions from the
DAVIV program utilizing the critical Reynolds number
database were compared against high‑precision CFD re‑
sults.

This solution method employs the modal superpo‑
sition method, projecting the displacement q(z, t) in the
physical space onto modal coordinatesQk(t) as follows:

q(z, t) =
∑

k
ϕk(z)Qk(t) (13)

When calculating the response of each modal com‑
ponent, an iterative solution based on the energy bal‑
ance principle is required. Speciϐically, the energy input
and output sections for each mode must ϐirst be identi‑
ϐied, a process that follows themethoddevelopedbyVan‑
diver et al. [16] as described below. Based on the initial
response amplitudes, the corresponding hydrodynamic
forces are retrieved from a ϐluid force database. Subse‑
quently, the energy input of the ϐluid force for the kth
mode over a single cycle can be determined using Equa‑
tion (14):

Πin
k =

∫
Lin

1

2
ρDU2(z)Clv(z;ωk)Akωk sin2(ωkt)|φk(z)| dz (14)

Here, Clv is the hydrodynamic coefϐicient, Ak is the
modal response amplitude, and Lin is the extent of the en‑
ergy input region. The corresponding energy output for
the kth mode is given by:

Πout
k =

∫
L

R(z)φ2
k(z)A

2
kω

2
k sin2(ωkt)dz (15)

where R(z) is the damping coefϐicient. The actual ampli‑
tude of the kth mode in the modal space is subsequently

determined via energy balance considerations:

Ak =
1
2

∫
Lin

Clv(z;ωk) ρDU2(z) |φk(z)| dz∫
L
Rs(z)φ2

k(z)ωk dz +
∫
L−Lin

Rf (z)φ2
k(z)ωk dz

(16)

Once the updated amplitudes are obtained, the
energy input and output are recalculated to proceed
with the iterative solution. This process continues un‑
til the difference between two consecutive iterations
converges to the ϐixed threshold. Consequently, a solu‑
tion representing the fundamental energy balance of the
riser's VIV is achieved.

3. Results and Discussion
Chaplin et al. [40, 41] conducted experiments in 2005

by comparing predictions from several semi‑empirical
engineering software tools of the time with their own
measurements of VIV of a riser in a truncated uniform
ϐlow. The experiments were carried out in a water tank
using a riser of length 13.12m and diameter 0.028m,
with the lower 45% of its length exposed to a uniform
ϐlow and the upper part immersed in still water. To eval‑
uate the predictive capability and accuracy of the DAVIV
program for VIV responses, three representative cases
from the experiments by Chaplin were selected. The de‑
tailed parameters and ϐlow conditions, following the de‑
scription by Huera‑Huarte [42] regarding Chaplin experi‑
ments, are listed in Tables 2 and 3. Among these, Cases
2 and3,whichhave relatively high top tensions, andCase
5, which has a low top tension and a low Reynolds num‑
ber, were selected for validation. The results are pre‑
sented in Figure 3, which shows the comparison among
the experimental data, the DAVIV numerical simulation
results, and the SHEAR7 prediction results [16] under dif‑
ferent ϐlow velocities.

Table 2. Structure parameters in the experiment by Chaplin.
Structural Parameter Value

External diameter D (m) 0.028
Length (m) 13.12
Aspect ratio 470

Submerged length (m) 5.94
Bending stiffness EI (Nm2) 29.88

Top tension (N) 350–2,000
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Table 3. Different cases in experiment by Chaplin.
Case V (m/s) Re Tt (N)

1 0.31 7,622 1,175
2 0.55 13,649 1,922
3 0.60 14,851 1,538
4 0.85 20,928 1,922
5 0.49 12,191 810
6 0.63 15,559 810
7 0.75 18,422 810
8 0.85 20,900 810

Figure 3. Comparison of dimensionless cross‑ϐlow VIV displacement responses between the DAVIV, SHEAR7, and the Chaplin
experimental data for three representative cases at subcritical Reynolds numbers.
Note: The cases correspond to different ϐlow velocities and top tensions, as listed inTables 2 and 3. Each subplot (a)–(c) shows the spanwise displacement envelope
of the ϐlexible riser.

The results in Figure 3 showed that the predicted
curves of DAVIV and SHEAR7 were highly overlapping.
The RMSE differences between the two models were all
less than 0.01, the MAPE differences were less than 1%,
and the error improvement rate was within ±5%. This
indicates that the two models have comparable predic‑
tive capabilities for the VIV amplitude distribution of the
ϐlexible riser. Compared with the experimental data, the
errors of the two models under low‑order modal condi‑

tionswere smaller (MAPE≈16%). As themodal order in‑
creased, the error slightly increased due to the asymmet‑
ric multi‑peak characteristics of the experimental curve
(MAPE ≈ 28%). Overall, they could still reϐlect the distri‑
bution trend of the vibration amplitude.

DAVIV effectively captured the modal characteris‑
tics of the riser VIV. The amplitude response of DAVIV
was stable, and the predicted number of modes was con‑
sistent with the experimental results. Even as the ex‑
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perimental data exhibitedmore complex nonlinear char‑
acteristics at higher ϐlow velocities, DAVIV maintained
high prediction accuracy. The comparison of these three
cases indicates that DAVIV has reliable calculation ac‑
curacy and wide applicability in predicting the VIV re‑
sponse of ϐlexible risers. This program has comparable
accuracy in predicting the VIV response of lateral ϐlow to
the semi‑empirical software SHEAR7.

This study adopts theBayesiandeepactive learning
method, which is well suited for small‑sample and high‑
Reynolds‑numberCFDsimulation scenarios, to establish
a dedicated hydrodynamic database for cylindrical VIV
at critical Reynolds numbers. The database is obtained
via high‑ϐidelity three‑dimensional large eddy simula‑
tion (LES) on the HRAPIF platform [43], targeting the typ‑
ical critical Reynolds number condition Re = 2.5 × 105
corresponding to the actual service environment of full‑
scale marine risers. The turbulence model and numer‑
ical method have been already introduced in present
study [36]. Complete parametric hydrodynamic data col‑
lection and convergence analysis have been conducted
for a rigid cylinder subjected to forced cross‑ϐlow oscil‑
lations, ϐilling the research gap of scarce experimental
and numerical data in this high critical Reynolds number
regime, and providing reliable data support for the rapid
prediction of VIV responses. The LES in this study was
primarily conducted on a supercomputing platform. For
the simulation of forced vibrations of a single‑degree‑of‑
freedom rigid cylinder under current critical Reynolds
number conditions, the computational cost is inϐluenced
by the frequency ratio and amplitude ratio, with the
frequency ratio having a particularly signiϐicant impact.
The current computational mesh employs a multi‑block
structured grid divided into 48 grid blocks, thereby uti‑
lizing 48 cores simultaneously. The computational cost
for a single high‑ϐidelity LES case ranges from 4 days to
2 months, with total core‑hours per operating condition
ranging from 8,000 to 57,600. Based on approximately
40 LES calculations, the total computational cost for
building the entire database is approximately 3 months.

This study generated 15 initial points in the pa‑
rameter space deϐined by amplitude ratio and fre‑
quency ratio through random sampling, ensuring that
the initial samples were uniformly and representa‑

tively distributed throughout the entire parameter do‑
main, thereby avoiding local sampling redundancy or
gaps. In each iteration, based on the prediction en‑
tropy criterion combined with the non‑maximum sup‑
pression strategy, a ϐixed number of candidate samples
were selected in batches for LES calculation, effectively
avoiding the problem of sampling point aggregation
within the parameter space. The iterative update was
terminatedwhen the global prediction uncertainty sta‑
bilized and the discrepancies between consecutive iter‑
ations were minimized. At this stage, the active learn‑
ing loop shifted from global exploration to localized re‑
ϐinement, where introducing additional LES samples
provided diminishing returns for database accuracy.
In the preliminary study, the performance of differ‑
ent alternative models was compared. Considering
the ϐluid dynamic characteristics under high Reynolds
numbers discussed in this paper, the prediction en‑
tropy criterion was ultimately selected. This criterion
provides a better balance between exploring unknown
areas and identifying high‑uncertainty areas, making
it more suitable for constructing this hydrodynamic
database.

The database we currently refer to only consid‑
ers the two‑dimensional parameter space distribution of
amplitude ratio and frequency ratio, with a resolution
of 0.025. The amplitude ratio ranges from 0.3 to 1.4,
and the frequency ratio ranges from 0.4 to 1.6. The cur‑
rent range of forced vibration parameters is sufϐicient to
cover the amplitude and frequency of vortex‑induced vi‑
bration under critical Reynolds number conditions, and
canbe reasonably extrapolatedunder identical Reynolds
number conditions, althoughparameters such as surface
roughness are not yet included.

To evaluate the BDALmodel’s effectiveness in guid‑
ing the acquisition of key data points, we compared
its distribution optimization performance against both
random sampling and Latin hypercube sampling (LHS)
across successive iterations, as illustrated in the Fig‑
ure 4a. The Wasserstein distance was employed as the
primary metric to quantify distribution discrepancies,
where larger values indicate greater divergence. At the
same time, Figure 4b shows the relationship between
prediction accuracy and the number of iterations.
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Figure 4. Evolution of (a) Wasserstein Distance and (b) RMSE Over Iterations: A Comparative Analysis of Random Sampling,
Latin Hypercube Sampling (LHS), and the BDAL‑Based Sampling Strategy for Critical Reynolds Number Database Construction.

The results demonstrate that the BDAL model con‑
sistently outperforms both baseline methods. Although
the performance gap between LHS and BDAL narrows
in the later stages, the samples captured by BDAL in‑
herently possess higher information density—a critical
advantage that blind sampling methods like LHS cannot
replicate. Unlike conventional LHS, which fails to distin‑
guish between data points of varying importance and of‑
ten exhausts sampling capacity on redundant, low‑value
regions, BDAL intelligently prioritizes points that maxi‑
mize the database’s representational integrity.

Figure 5 illustrates the evolution of the database
distribution patterns across the four distinct stages of

the BDAL‑driven sampling process. As shown by the dis‑
tribution of selected sample points, the BDALmodel not
only ensures comprehensive coverage of the parameter
space but also strategically prioritizes sampling density
along the zero‑contour line of Clv. In regions character‑
ized by high‑gradient negative values, where gradients
remain largely uniform and lack ϐine‑scale features, the
underlying distribution can be accurately reconstructed
through simple linear interpolation. The BDALmodel ef‑
fectively identiϐies this behavior, thereby avoiding a com‑
monpitfall in active learning frameworks: the inefϐicient
over‑sampling of high‑gradient zones that yields little to
no improvement in global model accuracy.

Figure 5. Evolution of the Clv in the parameter space. Four‑stage visualization of sampling points across the using BDAL‑based
sampling strategy.
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Interpolation uncertainty is related to the spatial
density of sampling points. In sparsely sampled regions,
interpolation performance deteriorates due to insufϐi‑
cient effective constraint data, and the uncertainty in‑
troduced by interpolation cannot be ignored. However,
based on current other experimental results, the distri‑
bution of the excitation force database differs from that
of subcritical cases. The gradients in local distributions
are very gentle with no abrupt changes. So it can be
concluded that the accuracy of linear interpolation is ac‑
ceptable. Furthermore, since the high‑gradient negative‑
value regions are not actually used for VIV prediction,
the resulting prediction errors are tolerable.

However, due to the limited number of samples,
conventional interpolation tends to smooth out local fea‑
tures of the ϐlow ϐield to some extent and fails to cap‑

ture suddenparameter changes; the resulting deviations
become an additional source of error in DAVIV analysis.
This issue can be addressed in futurework by increasing
the sampling density in low‑density regions or by adopt‑
ing more advanced interpolation algorithms.

As illustrated in the revised Figure 6, under the
guidance of the BDAL model, the overall predictive en‑
tropy decreases monotonically across successive itera‑
tions. Crucially, the selection of each new sample point
fundamentally reshapes the entropy landscape: once a
point is sampled, its exact properties become fully deter‑
ministic, causing its local entropy to drop to zero. This lo‑
calized information gain thenpropagates through the pa‑
rameter space following the covariance structure (Gaus‑
sian kernel decay), thereby signiϐicantly suppressing the
global epistemic uncertainty.

Figure 6. Evolution of the predicted entropy in the parameter space. Four‑stage visualization of sampling points using the
BDAL‑based sampling strategy.

Therefore, we integrated the hydrodynamic co‑
efϐicients derived from the 40 LES simulations into
the DAVIV database to enhance the prediction of
VIV responses at the critical Reynolds number. This
database covers the complete distribution character‑
istics of three core hydrodynamic coefϐicients, namely

the excitation coefϐicient Clv, added mass coefϐicient
Cmy, and mean drag coefϐicient Cdm, within the two‑
parameter space of dimensionless frequency ratio fe/fs
and amplitude ratio A/D, as shown in Figure 7. It
clearly depicts the unique ϐlow features of the criti‑
cal ϐlow regime distinct from subcritical and super‑
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critical conditions, including the disappearance of the
secondary ampliϐication peak of the excitation coef‑
ϐicient, attenuation of non‑resonant branches, dras‑
tic variation in the distribution pattern of the added
mass coefϐicient, and the modulation effect of vibra‑
tion parameters on the drag crisis around a cylindri‑
cal structure. These features fully reϐlect the cou‑
pling mechanism between boundary layer transition,
wake vortex evolution and structural vibration at crit‑
ical Reynolds numbers. Compared with conventional
empirical databases at low Reynolds numbers, the

database established in this study is more consistent
with the actual ϐlow conditions of full‑scale marine
engineering structures, and its data convergence and
applicability have been numerically veriϐied. It can
be directly used as an accurate data source for the
subsequent rapid prediction of marine riser VIV re‑
sponses, parametric sensitivity analysis and response
law judgment at critical Reynolds numbers, avoiding
the repetitive implementation of time‑consuming high‑
precision numerical simulations and effectively im‑
proving the efϐiciency of VIV prediction.

Figure7. Hydrodynamics coefϐicient database for a rigid oscillating cylinder at the critical Reynoldsnumber (250,000). Subplots
(a)–(c) show contour distributions of (a) the cross‑ϐlow excitation coefϐicient Clv, (b) the mean drag coefϐicient Cdm, and (c) the
addedmass coefϐicient Cmy, respectively. The coefϐicients are plotted as functions of the dimensionless amplitude ratio Ay/D and
frequency ratio fe/fs.

This study does not aim to train a high‑ϐidelity
global surrogate model to ϐit the entire parameter space.
Rather, the core approach is to use prediction uncer‑
tainty information to guide the sampling of real LES data
in key high‑information regions.

For sampling points where actual LES computa‑
tions have been completed, themodel simultaneously re‑

tains hydrodynamic coefϐicients along with their corre‑
sponding cognitive, aleatory, and total uncertainty infor‑
mation. For the remaining locations within the parame‑
ter space where LES sampling has not been conducted, a
global hydrodynamic database is constructed using spa‑
tial interpolation based on existing real sampling points,
rather than relying on point‑by‑point predictions from a
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surrogate model.
In the DAVIV vortex‑induced vibration prediction

framework, uncertainty is not propagated point‑by‑
point using Bayesian networks; instead, calculations
are performed directly using an interpolated hydrody‑
namic database for ϐinite element hydrodynamic semi‑
empirical modeling.

Table 4 lists the structural parameters of the
riser, which were tested at Re = 2.5 × 105. These

parameters correspond to full‑scale operating condi‑
tions in the critical Reynolds number regime, where
boundary‑layer transition and drag crisis effects be‑
come prominent.

Figure 8 illustrates the axial distribution of the di‑
mensionless cross‑ϐlow displacement amplitude along
the ϐlexible riser. This result is obtained using the DA‑
VIV model updated with the proposed critical Reynolds
number hydrodynamic database.

Table 4. Structural parameters of the riser which testing in Re = 2.5 × 105.
Structural Parameter Value

Length (m) 600
Inϐlow velocity (m/s) 0.5468
Line density (kg/m) 289.6

Bending stiffness EI (Nm2) 1.07× 108
Top tension (kN) 4,925

Figure 8. Cross‑ϐlow non‑dimensional displacement predicted by DAVIV with the corrected database, in comparison with CFD
simulation and SHEAR7 results (under critical Reynolds number Re = 2.5× 105).

Figure8 also includes theCFDsimulation results of
Gong [44] and the prediction results of the conventional
SHEAR7 program [16] for comparison. The present DA‑
VIV prediction yields a relatively smooth amplitude dis‑
tribution along the riser. CFD results show a similar
modal distribution trend, indicating consistency in dom‑
inant‑mode prediction between the two methods. On
the other hand, the SHEAR7 solution relies on the con‑
ventional subcritical Reynolds number hydrodynamics
database, which predicted considerable amplitudes and
more obvious alternating peaks and valleys along the
riser length. These differences highlight the inϐluence of
Reynolds‑number effects on hydrodynamic loading and

VIV responses.
SHEAR7 uses the hydrodynamic coefϐicients at sub‑

critical Reynolds number, where laminar boundary layer
separation and intense periodic vortex shedding are still
present. This is the reason that results in enhanced exci‑
tation forces and thus overprediction of vibration ampli‑
tudes. In contrast, the DAVIV model updated with the
present critical Reynolds number database accounts for
boundary‑layer transition, laminar separation bubbles,
and the drag crisis typical of full‑scale ϐlow conditions,
which suppress vortex shedding intensity and reduce hy‑
drodynamic excitation.

Based on the CFD simulation results, a quantita‑
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tive comparison was conducted on the lateral root mean
square displacement distribution of the Present DAVIV
and SHEAR7models. The results showed that the RMSE
and MAPE of Present DAVIV and CFD were 0.167 and
29.3% respectively. While the RMSE and MAPE of
SHEAR7 and CFD were 0.321 and 62.1% respectively.
Comparedwith SHEAR7, the error of Present DAVIVwas
reduced by approximately 48.0%, and the prediction ac‑
curacy was signiϐicantly improved. The direct compar‑
ison between the two models also indicated that the
RMSE of DAVIV and SHEAR7 was 0.334, indicating that
there were signiϐicant differences in the prediction of vi‑
bration amplitude distribution by the two models. The
prediction results of DAVIV were closer to the CFD simu‑
lation.

As a result, the present DAVIV solution yields
more moderate and physically consistent amplitude re‑
sponses that align better with high‑ϐidelity CFD results,

demonstrating the importance of adopting Reynolds‑
number‑dependent hydrodynamic databases for accu‑
rate VIV prediction of full‑scale marine risers.

However, the agreement relies primarily on com‑
parisons with CFD results rather than independent ex‑
perimental evidence, which constitutes a speciϐic lim‑
itation of the current work. Conducting experiments
on full‑scale risers hundreds of meters long under crit‑
ical Reynolds number ϐlow is extremely difϐicult. There
are currently no reliable experimental data available for
thorough validation. Future work should, where possi‑
ble, include independent experiments or high‑precision
numerical results for cross‑validation.

Table 5 lists the structural parameters of the full‑
scale ϐlexible riser adopted from the “Deep Sea No. 1”
platform [45], corresponding to the actual service condi‑
tions of deep‑sea risers in the transitional Reynolds num‑
ber regime.

Table 5. Structural parameters of the full‑scale “Deep Sea No. 1” riser.
Structural Parameter Value

Length (m) 300
Inϐlow velocity (m/s) 0.1–0.55
Line density (kg/m) 289.6

Bending stiffness EI (Nm2) 1.07× 108
Top tension (kN) 4,925

Figure 9 presents the three‑dimensional axial dis‑
tribution of dimensionless cross‑ϐlow displacement am‑
plitude of the full‑scale ”Deep Sea No. 1” riser, pre‑
dicted by two methods: the modiϐied DAVIV model with
critical Reynolds number database and the widely‑used
engineering program SHEAR7. Both methods can cap‑
ture the typical multi‑modal vibration characteristics of
the ϐlexible slender riser, and the amplitude shows reg‑
ular peak‑valley alternation along the riser axial direc‑
tion, precisely corresponding to the modal nodes and
anti‑nodes of each order of structural vibration modes,
reϐlecting the inherent modal distribution law of ϐluid‑
structure interaction vibration of slender ϐlexible struc‑
tures. However, the dominant modal order differs be‑
tween the twomethods: SHEAR7 predicts a third‑mode‑
dominated vibration, whereas the present DAVIV model
yields a second‑mode‑dominated response.

In terms of amplitude magnitude and distribution
pattern, the vibration amplitude predicted by SHEAR7

is generally higher, with the amplitude at anti‑nodes
approaching 0.9D, characterized by intense axial modal
oscillation and an expanded ϐluctuation range. In con‑
trast, the modiϐied DAVIV model predicts a more stable
response, with anti‑node amplitudes remaining within
0.3D to 0.6D. Analyzed combinedwith the ϐlowReynolds
number regime characteristics, the ϐlow velocity in this
study is in the transition regime from subcritical to crit‑
ical Reynolds numbers, where the ϐlow boundary layer
evolution and vortex shedding characteristics are obvi‑
ously different from those in the pure subcritical ϐlow
ϐield. The built‑in hydrodynamic coefϐicient database
of SHEAR7 is obtained based on low‑Reynolds‑number
subcritical ϐlow tests, and its coefϐicient law is only suit‑
able for the ϐlow and vortex‑induced excitation charac‑
teristics in subcritical ϐlow ϐields, failing to adapt to the
evolution of ϐlow physical mechanisms in the transition
regime, which is the core inducement of the response dif‑
ference between the two methods.
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Figure 9. Cross‑ϐlow VIV amplitude distribution of the full‑scale riser under varying inϐlow velocities: Comparison between the
present DAVIV model (critical Reynolds number database) and SHEAR7.

Figure 10 further compares the maximum cross‑
ϐlow vibration amplitude predicted by the twomethods in
the full velocity range. The present DAVIV program pre‑
dicts a mean maximum amplitude of 0.198 across the en‑
tire velocity range, with a lower bound of 0.113 at 0.50
m/s and a peak response of 0.324 at 0.64m/s. Conversely,
SHEAR7 exhibits a highly conservative and severe overpre‑
diction, maintaining an elevated mean maximum ampli‑
tude of 0.852, which is 4.3 times higher than that of DAVIV.
The maximum amplitude predicted by SHEAR7 reaches
0.892 at 0.54 m/s, overestimating the response by 63.7%
compared to the peak value of DAVIV.

Figure10. Comparison ofmaximumdimensionless cross‑ϐlow
VIV amplitude between the present DAVIVmodel and SHEAR7
under varying inϐlow velocities.

Within the entire transition regime velocity range,
the maximum amplitude predicted by SHEAR7 always
maintains a high level of 0.7–0.9, with only a slight drop
at 0.56 m/s, showing a consistently high‑intensity vi‑

bration response without a clear amplitude evolution
trend. In contrast, the modiϐied DAVIV model predicts
generally lower amplitudes, ranging from 0.1 to 0.33,
and presents a clear trend of rising ϐirst, reaching the
peak at 0.64m/s and then slightly falling back. This vari‑
ation law conforms to the real evolution logic of ϐlow
ϐield‑structural modal coupling in the transition regime:
when the ϐlow velocity further approaches the critical
Reynolds number, the ϐlow boundary layer character‑
istics gradually change, the vortex shedding excitation
characteristics change, the coupling excitation energy
cannot continue to increase, and the amplitude gradu‑
ally decreases after reaching the peak. In contrast, the
prediction results of SHEAR7 do not reϐlect the response
changes caused by the ϐlow ϐield evolution in the transi‑
tion regime.

Figure 11 shows the contour plot of absolute am‑
plitude error predicted by the two methods, intuitively
displaying the distribution characteristics of prediction
differences along the riser axis andwith ϐlow velocity. In
the low‑velocity range where the ϐlow ϐield approaches
subcritical (V < 0.56 m/s), high‑error regions are con‑
centrated at z/L ≈ 0.2 and z/L ≈ 0.8, which exactly cor‑
respond to the anti‑nodes of the low‑order vibration
modes of the riser, while the errors at modal nodes and
riser ends are extremely low, and the error distribution
presents signiϐicant modal dependence. This is because
the vibration amplitude at themodal anti‑nodes is larger,
and the adaptability difference of hydrodynamic coefϐi‑
cients is further ampliϐied here.
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Figure 11. Contour of absolute VIV amplitude error for the
riser at different uniform inϐlow velocities (comparison be‑
tween the present DAVIV model and SHEAR7).

As the ϐlow velocity increases and the ϐlow ϐield
gradually deepens into the subcritical‑critical transition
regime, an obvious high‑error band forms at the mid‑
spanposition z/L≈0.5 of the riser, which is the anti‑node
region of higher‑order modes and the region with the
most signiϐicant evolution of ϐlow ϐield characteristics
in the transition regime. Combined with the aforemen‑
tioned amplitude distribution law, it can be seen that
the prediction difference between the two methods is
not caused by the numerical calculation method itself,
but stems from the different working condition adap‑
tation ranges of the hydrodynamic databases: the low‑
Reynolds‑number subcritical database used by SHEAR7
does not match the current transition regime Reynolds
numberworking conditions, and cannot ϐit the real phys‑
ical mechanisms of ϐlow ϐield, ϐluid‑structure interaction
and structuralmodal vibration in this regime, eventually
leading to systematic deviations in its prediction results
under this working condition. This also conϐirms the ne‑
cessity of adopting ahydrodynamic database suitable for
high‑Reynolds‑number transition regime to improve the
accuracy of vortex‑induced vibration prediction for full‑
scale deep‑sea risers.

Moreover, the discrepancy between the two pre‑
dictions widens with increasing velocity, indicating that
the limitations of subcritical hydrodynamic databases
become more severe under conditions approaching the
critical Reynolds number regime. This difference can
be attributed to the differences in the ϐlow physical
mechanisms involved in the databases used by each
method. The SHEAR7programemploys a hydrodynamic

database at subcritical Reynolds number, where laminar
boundary layer separation and periodic vortex shedding
are more common. These phenomena lead to enhanced
excitation forces and subsequent overestimation of the
amplitude. In contrast, the current DAVIV model up‑
dates the critical Reynolds number database and consid‑
ers boundary layer transition, laminar separation bub‑
bles, and drag crises. All these considerations are key
features of full‑scale ϐlow conditions at critical Reynolds
number. These critical Reynolds number phenomena re‑
duce the excitation effect of hydrodynamics, which gen‑
erate a more moderate and more consistent amplitude
response with the full‑scale marine risers operating en‑
vironment. By capturing the unique ϐlow physical char‑
acteristics during the transition state of Reynolds num‑
bers, the currentmethod provides amore physically con‑
sistent and accurate assessment of VIV responses. These
results emphasize that when operating full‑scalemarine
structures in high Reynolds number environments, a
Reynolds number‑related hydrodynamic database must
be adopted.

Although this study yields promising results for
riser hydrodynamic response prediction, several inher‑
ent technical limitations must be acknowledged when
extending these ϐindings to full‑scale deepwater engi‑
neering applications.

First, regarding the hydrodynamic inputs, this
work adopts a simpliϐied crossϐlow oscillating cylin‑
der, thereby neglecting the highly coupled cross‑ϐlow
and in‑line orbital trajectories. This simpliϐication fails
to capture the vortex‑shedding mode transitions in‑
duced by orbital motions in wakes, potentially lead‑
ing to non‑linear deviations in hydrodynamic coefϐi‑
cients within high‑amplitude regimes. Concurrently,
the idealized smooth‑cylinder assumption overlooks
the surface roughness effects generated by opera‑
tional degradation on real‑world risers. Such rough‑
ness can prematurely trigger boundary layer transi‑
tion and signiϐicantly alter drag coefϐicients. Further‑
more, the present simulations are conducted under
uniform ϐlows with no turbulence. In contrast, tur‑
bulence ϐluctuations in ocean currents tend to accel‑
erate wake dissipation and disrupt the spanwise co‑
herence of vortex shedding, ultimately leading to nar‑
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rower lock‑in bandwidths and attenuated peak ampli‑
tudes in ϐield environments.

Second, regarding structural response dynamics in
strongly sheared ocean currents, these ϐlexible struc‑
tures often exhibit alternating traveling and standing
wave responses driven by complex multi‑modal compe‑
tition. The frequency‑domain approach adopted herein
inherently lacks the capability to fully resolve these tran‑
sient, multi‑modal time‑history features.

Finally, concerning extrapolative robustness un‑
der extreme conditions, the parameter validation and
database construction in this study are strictly concen‑
trated within the critical Reynolds number regime. Ma‑
rine risers routinely operate in supercritical or ultra‑
high Reynolds number regimes where the boundary
layer becomes fully turbulent and vortex street restruc‑
turing may occur. Due to the lack of dedicated mecha‑
nisms within the present framework to capture turbu‑
lent transition and laminar separation bubble evolution
at broader Reynolds numbers, direct extrapolation to
such supercritical engineering conditions should be ap‑
proached with caution.

All in all, this study proposes a BDAL‑driven frame‑
work for hydrodynamic database construction and full‑
scale riser VIV prediction. While enhancing the capture
accuracy of hydrodynamic characteristicswithin the crit‑
ical Reynolds number regime, this methodology estab‑
lishes a viable paradigm for practical deepwater engi‑
neering applications. In terms of workϐlow integration
and cost‑beneϐit alignment for engineering deployment,
despite the current frequency‑domain solver's limita‑
tions in capturing time‑domain transient responses, the
adaptively generated database serves as a high‑ϐidelity
data source that can be seamlessly integrated into exist‑
ing industrial semi‑empirical prediction programs (e.g.,
DAVIV). Regarding framework scalability, this active
learning–database–semi‑empirical prediction architec‑
ture exhibits algorithmic universality. Although the cur‑
rent database construction has some limitations, the un‑
derlying logic is inherently independent of speciϐic ϐlow
regimes. Future research will retain this core algorith‑
mic framework while introducing further physical re‑
ϐinements. This will further extend the framework to
wider Reynolds number regimes, laying a technical foun‑

dation for constructing comprehensive full‑scale hydro‑
dynamic databases across the entire ϐlow regime of ma‑
rine risers.

4. Conclusion
This study utilized the Bayesian active learning

method to drive the high‑ϐidelity σ‑LES simulations for
sampling, and constructed a unique hydrodynamic co‑
efϐicient database at a critical Reynolds number (Re =
2.5 × 105). This database was integrated into the semi‑
empirical in‑house DAVIV program so as to be able to
accurately predict the VIV of full‑scale risers. The main
research results and conclusions are summarized as fol‑
lows.

(1) When utilizing the subcritical hydrodynamic
database, the DAVIV program achieves predic‑
tive accuracy comparable to the established en‑
gineering software SHEAR7, as validated against
the Chaplin riser VIV experiments. It can cap‑
ture modal features and amplitude envelopes,
conϐirming the stability of the semi‑empirical
framework. Meanwhile, for full‑scale deep‑sea
risers operating at critical Reynolds number, the
present DAVIV program demonstrates more suit‑
able response prediction compared to SHEAR7
when using hydrodynamics database at critical
Reynolds number. The present DAVIV program
has captured the effect of these ϐlow features on
the ϐluid excitation force, thereby generating an
amplitude response that is more consistent with
the highly accurate CFD results.

(2) The results under different ϐlow velocity con‑
ditions indicate that the prediction error be‑
tween DAVIV and SHEAR7 gradually increases
as the ϐlow transitions from subcritical to crit‑
ical Reynolds number range. The subcriti‑
cal Reynolds number database fails to capture
the evolution mechanism during the transitional
state, causing SHEAR7 to overestimate the ampli‑
tude of the VIV by up to 0.9D. This indicates that
whenpredicting amplitude response of risers, the
database that matches the operating Reynolds
number conditions should be used.
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(3) This study proposes an extensible methodology
for vortex‑induced vibration prediction. Through
an active learning mechanism, it achieves a
paradigm shift from the blind, exhaustive logic
of orthogonal experiments to active, optimal in‑
formation acquisition. Furthermore, the valid‑
ity of the current database has been veriϐied
through comparison with high‑precision CFD re‑
sults. This framework provides a more ro‑
bust decision‑makingbasis for selecting engineer‑
ing solutions, offering signiϐicant scientiϐic explo‑
ration value and engineering guidance.

(4) The hydrodynamic database used in this study
is based on a rigid oscillating cylinder in cross‑
ϐlow direction. This setup effectively captures the
dominant ϐlow mechanisms of VIV in the cross‑
ϐlow direction at critical Reynolds numbers. As
an efϐicient modeling approach for engineering
applications, its simplifying assumptions also de‑
ϐine its scope of applicability. It is primarily suit‑
able for operating conditions characterized by a
dominant response in the cross‑ϐlow direction,
weak in‑linemotion contributions, and structural
modal decoupling. Physical phenomena inher‑
ent to deep‑sea risers, such as two‑degree‑of‑
freedom coupling, inline/cross‑ϐlow interference,
multi‑modal interaction, and the ϐluid‑structure
feedback of structural ϐlexibility—are currently
excluded from the scope of this database model.
Future work could focus on systematic expan‑
sion to account for factors such as bidirectional
coupled response, multimodal excitation mech‑
anisms, inϐlow turbulence, surface roughness,
thereby further enhancing the database’s applica‑
bility and prediction accuracy under complex op‑
erating conditions.
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Abbreviations

VIV Vortex‑Induced Vibration
LES Large Eddy Simulation
LSB Laminar Separation Bubble
CFD Computational Fluid Dynamics
SGS Subgrid‑Scale
CF Cross‑Flow
IL In‑Line

ELBO Evidence Lower Bound
BNN Bayesian Neural Network
DNS Direct Numerical Simulation
2DOF Two Degrees of Freedom
HRAPIF High‑Resolution Algorithm Platform for Incompressible Flow
BDAL Bayesian Deep Active Learning
MAPE Mean Absolute Percentage Error
RMSE Root Mean Square Error

Re Reynolds number p(w) Prior distribution of network weights
D Cylinder diameter qθ(w) Variational posterior
U Inϐlow velocity L(θ) Evidence lower bound (ELBO)
A Oscillation amplitude μpred Predicted mean
fe Oscillation frequency σale Aleatoric variance
fs Vortex shedding frequency σtotal Total uncertainty

Clv~ Cross‑ϐlow excitation coefϐicient σepi Epistemic uncertainty
Cmy Added mass coefϐicient u(z,t) Riser horizontal displacement
Cdm Mean drag coefϐicient c(z) Hydrodynamic damping coefϐicient
EI Flexural rigidity m(z) Linear density
y+ Non‑dimensional wall distance f (z,t) Distributed hydrodynamic force
u Velocity vector M, C, K Mass, damping, stiffness matrices
p Pressure F Fluid excitation force vector
ρ Fluid density Fy , Fx Cross‑ϐlow/In‑line excitation force
ν Kinematic viscosity Cdv In‑line excitation coefϐicient

τijSGS Subgrid‑scale stress tensor φk(z) k‑th mode shape
σ₁, σ₂, σ₃ Eigenvalues of velocity gradient tensor Qk(t) k‑th modal coordinate

Δ Filter width Ak Modal response amplitude
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