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Floating offshore wind turbines (FOWTs) still face many challenges on how to better

predict the dynamic responses. Artificial intelligence (AI) brings a new solution to

overcome these challenges with intelligent strategies. A new AI technology-based

method, named SADA, is proposed in this paper for the prediction of dynamic responses

of FOWTs. Firstly, the methodology of SADA is introduced with the selection of

Key Disciplinary Parameters (KDPs). The AI module in SADA was built in a coupled

aero-hydro-servo-elastic in-house program DARwind and the policy decision is provided

by the machine learning algorithms deep deterministic policy gradient (DDPG). Secondly,

a set of basin experimental results of a Hywind Spar-type FOWT were employed to

train the AI module. SADA weights KDPs by DDPG algorithms’ actor network and

changes their values according to the training feedback of 6DOF motions of Hywind

platform through comparing the DARwind simulation results and that of experimental

data. Many other dynamic responses that cannot bemeasured in basin experiment could

be predicted in higher accuracy with this intelligent DARwind. Finally, the case study of

SADA method was conducted and the results demonstrated that the mean values of

the platform’s motions can be predicted by AI-based DARwind with higher accuracy,

for example the maximum error of surge motion is reduced by 21%. This proposed

SADA method takes advantage of numerical-experimental method and the machine

learningmethod, which brings a new and promising solution for overcoming the handicap

impeding direct use of traditional basin experimental technology in FOWTs design.

Keywords: floating offshore wind turbines (FOWT), artifical intelligence (AI), reinforcement learning (RL), software

in the loop (SIL) simulation, DARwind, basin experiment, machine learning

INTRODUCTION

The floating wind farms are beginning to flourish as offshore wind energy technology gradually
matures. Due to water depth, seabed geology, visibility and noise impacts, the fixed offshore wind
turbines are technically or commercial unfeasible at suitable sites, which also inspired further
research into FOWTs (Spring, 2020). Being dependent on the way of supporting the platform to
obtain stability and restoring force, four substructure designs were proposed for FOWTs: barge,
semi-submersible, spar buoy and tension leg platform. Liu et al. (2016) presents a comprehensive
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FIGURE 2 | The flowchart of SADA.

model, Single training (ST) method and Combined training (CT)
method will be used to run the prediction.

Discrete Model
This section gives case-of-study for application of SADAmethod
on discrete model. 9 testing cases are selected for AI training
and are shown in Table 3. These testing cases include the cases
of wind only, wave only, current only, wind and wave, wind
and wave and current (WWC). In Table 3, the irregular wave is
based on the JONSWAP wave spectrum, wherein H represents
the significant wave height, Tp represents the spectral peak wave
period, and γ represents the spectral peak parameter. Vw, Vr and
VC are the speed of wind, rotor and current, respectively.

In error analysis, the variation of error (Errorvariation ) will be
defined as:

Errorinitial

=

∣

∣

∣

∣

Outputmodel test − OutputDARwind(inital KDPs)

Outputmodel test

∣

∣

∣

∣

× 100%

Errorpresent

=

∣

∣

∣

∣

Outputmodel test − OutputDARwind(weighted KDPs)

Outputmodel test

∣

∣

∣

∣

× 100%

Errorvariation = Errorinitial − Errorpresent

The Outputmodel test is the experimental physical quantity. The
OutputDARwind(inital KDPs) is the numerical results by initial KDPs

by DARwind. Correspondingly, OutputDARwind(weighted KDPs) is

the numerical results by the weighted KDPs by DARwind.
The Errorvariation is used to measure whether the results of
SADA is better than the original DARwind. If the Errorvariation is
positive, it means that the error between experiment and
numerical simulation has decreased by SADA, otherwise the
error has increased.

In Table 4, the positive value shows that SADA reduced
the error between numerical calculation and experiment by
percentage, and vice versa, it represents the percentage of error
increase. The number of actions taken in each case is different,
which is determined according to the specific case. From the
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FIGURE 3 | Experimental model & sensors and main dimensions of spar-type Floater.

TABLE 3 | Test matrix.

No. Classified Vw Wave Vr Vc

m/s H(m) γ m/s m/s

1 Current only – – – – – 0.3

2 – – – – – 0.5

3 Wind only 9.4 – – – 7.9 –

4 Wind only 12.8 – – – 14.42 –

5 Wind and current 11.1 – – – 10.9 0.85

6 Wind & irregular wave 10.9 7.1 12.1 2.2 10.6 –

7 12.8 7.1 12.1 2.2 14.42 –

8 WWC 11.4 2 8 3.3 11.2 0.6

9 10.9 7.1 12.1 2.2 10.6 1.2

perspective of the motions, the Errorpresent of surge is less than
Errorinital, especially significant in case 1, 2, and 5. The Errorpresent
of pitch basically maintains a relatively stable variation range.

TABLE 4 | Errorvariation of FOWT platform motions (%).

Case No. Surge Heave Pitch Yaw

1 21.065 −0.84 0.629 0.021

2 9.937 0.787 1.239 0.001

3 4.324 10.615 0 −0.964

4 0.939 −2.227 0.792 1.631

5 12.666 −14.725 0.244 −0.115

6 0.947 −1.01 0.73 1.151

7 2.053 −1.322 1.527 0.64

8 4.05 −4.261 1.706 1.587

9 1.62 −8.184 1.875 1.213

Case Analysis
In case 1 (Figure 4), SADA weighs the KDPs 7 times. In the first
4 actions, the error of surge has changed significantly by each
action. However, the fifth action is unchanged compared to the
fourth one. It is because the weighted KDPs has been chosen as
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FIGURE 4 | Comparison in each action under case 1 & 8.

FIGURE 5 | Average surge amplitude change in case 9.

most suitable one. Therefore, the error of each step is unchanged
from the previous step. In some case, only part of sea state has
been considered, for example in wind only (case 3 &4), which will
not be changed with some KDPs (current speed, wave loads, etc.).

Figure 5 shows the trend of the average amplitude of surge
with each action. As showed, the red solid line is the average
experimental value of 7.07m, and the red dashed line is the
5% tolerance in range of 6.7165m. Similar to the situation
encountered in case 1, the amplitude of surge remains unchanged
after the fourth weighting action in a fully coupled environment
(WWC). It can be seen from Table 4 that the error of heave in
case 9 is increased, while the experimental result of heave in case
9 is only 0.307m, so the slight change is within the tolerable
error range. The results of other cases are not listed, which are
all provided in Table 4.

Platform Motions Analysis
This section analyzes the Errorvariation of the average amplitude
of the specific platform motion in all 9 cases. From Figure 6,
the entire FOWTs system is in a shutdown state, without
influence of wind and waves in case 1 (current only).
Compared with wind only and case 5, it shows that in the
coupled environment of wind and current, weighted KDPs
can effectively reduce the error of surge. In the last four
couple cases, the amplitude of the surge is very close to
the experimental value in these coupled cases. Therefore,
the error remains stable. Although the heave is decreasing
in most cases, its experimental value is only 0.065m. In
general, the amplitude of heave in all 9 cases is basically
two decimal places. In addition, there are not many KDPs
that directly affect the heave. Therefore, the added static force
and added linear restoring matrix can also be considered for
further optimization.

Comparing case 6 and case 7, the higher the wind speed,
the better the optimization of pitch in wind and wave
environment. At this time, the average amplitude of pitch is
6.42 deg and 4.512 deg in case 6 and case 7, respectively.
In last two cases, the 11 KDPs can achieve the greatest
optimization. If KDPs are expanded from 11 to 31 and more
factors included, then it is conceivable that there will be
a very large change in pitch in WWC environment. The
Errorvariation of yaw is more dramatic. In current only case,
the Errorvariation did not change which shows that the current
speed does not impact the yaw motion a lot. In wind only,
it has a greater impact due to the difference in wind speed.
But comparing experimental results (−0.281 deg and −0.866
deg), the larger wind speed causes the amplitude of yaw to
increase. In addition, the errors are all reduced under the
combined wind and wave conditions. Not only because wind
will inhibit the motion of the platform under wave conditions,
but also the hydrodynamic parameters in KDPs have been more
accurately corrected.
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FIGURE 6 | Variation of error of platform motions in 9 cases.

TABLE 5 | Test matrix.

No. Ve
w Wave

m/s H(m) P(s) γ m/s m/s

1 11.4 2 8 3.3 11.2 0.6

2 12.8 7.1 12.1 2.2 14.42 0.8

3 10.9 7.1 12.1 2.2 10.6 1.2

4 11.1 7.1 12.1 2.2 10.9 0.85

Continuous Model
A multi-combination training mechanism is set according to the
selected cases in continuous model. Not only the cases conducted
in the experiment, but also the undesigned cases can also be
optimized. As Table 5 shown, the first three cases are training
cases and case 4 is the forecast cases.

Two continuous methods were proposed for comparing their
efficiency. The single training (ST) method, which is to use

3 independent cases for training in a specific permutation.
In combining training (CT) method, the three cases will
be selected in a random order for training the model
(Figure 7). For example, case 1 gets a new state through
action, and the number of this action is manually set (if
10). However, after 10 actions, the training does not end,
but the model automatically and intelligently updates the
new numerical calculation settings according to the given
case list, starts the calculation of the next case and loops in
turn. This also means that the three cases do not necessarily

represent only three loops. Instead, it can train over and

over in three cases in several loops. There is no fixed exit

condition in actual operation. Generally, only one maximum
number of loops is set. Unlike classification and identification
problems, due to the limitations of numerical software, it
is currently difficult to define the exit conditions, which is
determined according to the needs of the designer. It can
be the error of the platform’s motions between numerical
results and experimental results, or any other conditions they
care about.
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FIGURE 7 | Two training method in Continuous model.

TABLE 6 | Variation of error of two methods (%).

Case No. Surge Heave Pitch Yaw

ST CT ST CT ST CT ST CT

1 0.517 4.749 0.226 −19.601 −0.12 9.944 0.158 14.074

2 0.675 2.684 −0.055 −2.546 −0.154 0.859 −0.157 1.139

3 1.125 3.974 −0.458 −15.375 −0.025 11.318 0.145 12.739

Platform Motions Analysis
From Table 6, the optimization effect of CT method is more
significant than STmethod. The case 2 has a general performance
in the variation of error of each motion. This may be caused by
the wind load and the high rotor speed. Wind load can effectively
restrain the motion of the platform, but too high rotor speed will
increase the influence of gyro moment.

The three cases belong to the combination of wind, wave
and current, and the Errorvariation of platform motions is carried
out according to each action. In Figure 8, the CT method has
the advantages of rapid convergence compared with the ST
method. For example, in case 1, the KDPs of the CT basically
reach the boundary after the sixth action, and no longer change.
The ST model still has a tendency to change after the 11th
action. This also means that the CT method can judge the next
step more effectively according to the state obtained after each
action. However, the ST method obtains the best KDPs after 25
operations which did not show in Figure 8. The error in the first
action of the CT method drops by 11%. In the next 5 actions, the
error gradually increased, but the percentage increase was very
small (within 2%). This is also a reflection of the intelligence of
the CT method. The model itself measures how to act to obtain
better benefits. According to the reward engineering, as long
as the error of surge reaches within 10%, which represents the
acceptable range.

For heave, the ST model performed well at the beginning,
and the error gradually decreased, but after the fifth action, it
remained basically unchanged. For the CT method, the error
increases rapidly after the first action, but it remains stable

afterwards. However, the heave amplitude is only 0.411m in
case 1, even if the error of the first action increases by 12%,
the impact on the entire FOWTs system is very small. This is
also the intelligence of the CT model, which can effectively filter
the weight of the maximum benefit, by choosing between surge
and heave.

For pitch and yaw motions, the optimization effect of CT
method is much better than that of ST model, in case 1. The
error reduction of each step in ST method is only kept in
a very small interval. The CT method is consistent with two
motions discussed above. In the first action, SADA made a very
wise choice, reducing the error by about 8%. In subsequent
actions, on the one hand, the KDPs may reach the boundary,
and it weighs other factors and benefits. Therefore, the error no
longer changes greatly, and basically maintains fluctuations in
a small range.

Prediction
The previous section discussed two continuous method for
known cases. This section will use the trained model to
numerically optimize an unknown continuous case 4. Although
case 4 is also part of the experimental case, here we assume that
it is an unknown case. Case 4 does not participate in the previous
training process, which will be directly used for optimization
by the trained continuous model. In order to understand the
Errorvariation more intuitively, Figure 9 shows 3 time-history
curves of surge. Through different actions, the final numerical
calculation result of the weighted KDPs has changed. Although
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FIGURE 8 | Actions of platform motions in three cases.

FIGURE 9 | Comparison of surge motion in case 4.
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the error reduction is limited (due to the setting of the boundary),
it is still desirable.

In CT method, surge and pitch are reduced by 6.662% and
1.94%, respectively. In ST method, pitch and yaw motion is
greatly increased. And the heave motion remains unchanged.
In Figure 9, the CT method maintains a 1.5–1.8% drop rate
in the first four actions. By the fifth action, the error remains
basically unchanged. The ST method is known to maintain a
rate of about 0.05% until the 11th action. The CT method
can more intelligently screen effective and high-yield actions
according to different cases when facing unknown continuous
working conditions.

CONCLUSION

Summary of SADA
The traditional dynamic response software can only analyze
based on the KDPs provided by the designer, but cannot
consider some phenomena and changes that may exist in
the actual environment changes in the basin experiment.
This article proposes an innovative and intelligent method to
optimize the numerical calculation of FOWTs by reinforcement
learning method. SADA can overcome the limitations of
traditional software, and optimize its own from the basic
theoretical part through the training of experimental results.
Based on the DDPG algorithm and DARwind program,
discrete model in SADA can effectively reduce the error
of platform motions. Two continuous methods in SADA
are proposed, namely ST and CT. A comparison of these
two methods:

• ST: The method is simple; each step is relatively stable; not
too much fluctuation. However, it contains hyper-parameters;
work not well-under unknown conditions and errors increase
in some quantities.
• CT: The optimization effect is remarkable; the convergence is

rapid; the unknown cases can be better optimized. However,
it contains many hyper-parameters and errors increase in
some quantities.

The intelligence is reflected in its self-training to optimize
errors. It can realize the interaction between DARwind and the
environment, instead of just passively setting parameters
manually by the designer. In addition, the trained AI
model can not only deal with the existing experimental
environment, but also work well in the undeveloped
environment. However, there are some limitations in
this research:

• Limitation of selected KDPs: Only 11 KDPs have been
selected in this paper. The more KDPs are added to the
training, the better performance will SADA show. For
example, the optimization of heave needs more KDPs (static
force, restoring force)
• Limitation of boundary condition of KDPs: It is basically

plus or minus 0.5 or 1–2 orders of magnitude smaller
than the initial KDPs. The boundary conditions of different

KDPs are inevitably different. For example, the coefficients in
aerodynamics and the damping coefficients in hydrodynamics
can differ by up to 1E10. In addition, KDPs can be changed
from unified to independent. For example: various coefficients
between different positions of blades and towers (11 tower
stations share a resistance coefficient of 0.5).
• Limitation of cases: For continuous model, the more training

cases, the more accurate and the better optimization.
• Hyper-parameters are used: For neural network training,

different numbers of neurons and neural layers will affect the
convergence effect of the model. For example, in this study,
two actor networks are three-layer neural networks, the first
layer of neuron nodes is 50, and the second layer is 200. The
activation functions are all ReLU, and the output layer is tanh.
The two critic networks are two-layer neural networks, the
number of nodes in the first layer is 100, and the activation
function is ReLU. The output layer is 200 and activation
function is ReLU as well.

Future Work
In response to the above problems, more work can be carried out:

• Expand more states: in addition to the platform motions,
some other physical quantities in experiment can be selected
as states. For example, in addition to platform motions as a
standard, physical quantities that can be easily obtained in
experiments such as fairlead tension can also be considered.
• Comparemore physical quantities:muchmore results can be

added as well, such as power generation, blade deformation,
tower deformation, etc.
• Impact on different disciplines of KDPs: the impact of the

KDPs of each discipline can be analyzed.
• Debugging of hyperparameters in AI module: For this

study, the selection of KDPs and the simulation of overall
FOWTs dynamic response are one of the most critical
studies. However, in future research, this is also one of the
essential links.

In general, SADA can combine experiments with numerical
simulations and make them intelligent. However, although the
AI technological changes brought new ideas to our traditional
research. It is undeniable that no matter how excellent AI
technology is, it must be based on the theoretical knowledge
and engineering application of various disciplines in the
field of FOWTs. For example, the optimization of heave
motion mentioned in this article. The selected KDPs in this
paper did not select parameters that are strongly related to
heave, which in turn reflects the importance of the choice
of KDPs.
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APPENDIX

Algorithm 1 The algorithm of DDPG.

Randomly initialize critic network Q(s; a|θQ) and actor µ(s|θµ)
with weights θQ and θµ.

Initialize target network Q′ and µ′ with weights θQ
′
← θQ,

θµ′ ← θµ

Initialize replay buffer R
for episode= 1, M do

Initialize a random processN for action exploration
Receive initial observation state s1
for t= 1, T do
Select action at= µ (st|θ

µ)+Nt according to the current
policy and exploration noise

Execute action atand observe reward rt and observe new state
st+1

Store transition (st, at, rt, st+1) in R
Sample a random minibatch of N transitions
(st, at, rt, st+1)from R

Set yi=ri+γ •Q
′
(si+1,µ

′
(si+1| θ

µ
′

)|θQ
′

)
Update critic by minimizing the

loss:L = 1
N

∑

i

(

yi−Q
(

si, ai⌋ θ
Q
))2

Update the actor policy using the sampled policy gradient:

∇θµI ≈
1

N

∑

i

∇a Q
(

s, a⌋ θQ
)⌋

s=si , a=µ(si)
∇θµµ

(

s|θµ
)⌋

si

Update the target networks:

θQ
′

← τθQ+(1−τ )θQ
′

θµ
′

← τθµ+(1−τ )θµ
′

end for
end for
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