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Abstract: Design of floating offshore wind turbines (FOWTs) needs reliable and innovative technologies to overcome the challenges
on how to better predict the dynamic responses in terms of aero-hydro-servo-elastic disciplines. This paper aims to demonstrate the
optimized prediction of the dynamic response of FOWTs by Simulation annealing diagnosis algorithm (SADA). SADA is an Artificial
Intelligence technology-based method, which utilizes the advantages of numerical simulation, basin experiment and machine learning
algorithms. The actor network in deep deterministic policy gradient (DDPG) is adopted to take actions to adjust the KDPs in each loop
according to the feedback of 6DOF motions of platform in dynamic response analysis. The results demonstrated that the mean values
of the platform’s motions and rotor axial thrust force could be predicted with higher accuracy. On this basis, other physical quantities
that designers are more concerned about but cannot be obtained from experiments and actual measurements will be predicted by SADA
with more credibility. This SADA method differs from traditional supervised learning applications in renewable energy, which do not
need to be provided physical quantities with strong direct correlation. All targets can be artificially set for SADA to obtain a better selflearning performance. In general, designers can use SADA to get a more accurate and optimized prediction of the dynamic response
of FOWTs, especially those physical quantities that cannot be directly obtained through the basin experiments.
Key words: Floating offshore wind turbine, SADA, AI-based DARwind, Artificial intelligence, Basin experiment.

Introduction
The conception of FOWTs can be traced back to
the 1970s, and the first commercialization in the world
was in the UK in 2017. Some innovative design of
FOWTs also have been proposed and validated. For
example, Hywind and DeepCwind in the OC projects[14]
and OO-Star Wind Floater[5], Nautilus steel
semisubmersible[6], IDEOL concrete floater[7] in
LIFES50+ project, etc. However, from the conception
to the real commercialization, although the FOWTs
have been existing for nearly half a century, it still faces
many challenges. The challenges are involved
particularly prominently from the beginning of the
design and operational safety issues [8]. The dynamic
model of FOWTs encompasses many engineering
disciplines, including: the coupling between
aerodynamics loads (turbine) and hydrodynamics loads
(floater and mooring lines), flexible structural
components (turbine and floater), elasticity, blade pitch
controls and restoring effect of the mooring lines,
which are all needed to validate their technical and
economic feasibility.
Many scholars have summarized some challenges
in terms of numerical simulation[9] or experimental
validation[10-11]. In addition, some representative basin
experimental techniques have been explored including
a methodology for the scaling problems by redesigned

model scale rotor[12]. Some other specific techniques
are concluded, which can be found in reference [13].
Regardless of the scale ratio problem, the physical
quantities obtained through experiments are far from
meeting the demand of designers. For commercial
FOWTs, the business community is more concerned
about the response of the superstructure and mooring
system. Therefore, it is very important to obtain
accurate dynamic responses, which cannot be obtained
directly from basin experiments during the design stage.
These must rely on a reliable numerical-experimental
method or actual measurement.
With development of AI technology, the wind
industry gains a lot of creative ideas from its utility and
simplicity. Some scholars have reviewed the machine
learning application in wind industry in condition
monitoring[14] and power forecasting[15]. Similarly,
innovations based on offshore platforms or wave
energy collectors have also been carried out. For
example, the SVM regression model[16] and artificial
neural network (ANN)[17], which were developed for
the real-time short-term forecast of wave elevations and
wave excitation forces. Although the AI technology has
greatly promoted the development of the traditional
wind power industry and offshore engineering, its
applications in FOWTs are still very few. And most of
the applications are based on supervised learning,
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relying on a large amount of full-scale data for training
and analysis. The predicted physical quantities have
certain limitations and must have very strong
correlations with the input data. In addition, due to the
confidentiality and commercial nature of the full-scale
data, it is not easily accessible for most scholars.
Using supervised learning algorithm can directly
predict the motion of the FOWTs platform [18], but this
also leads to the lack of prediction of other physical
quantities, such as the deformation of blades and towers,
which are more concerned by the wind industry.
Because the experimental physical quantities (EPQs)
that can be obtained from experiment are very limited.
Designers and industry are also very concerned about
those physical quantities (NON-EPQs) that cannot be
directly obtained. Therefore, how to obtain these NONEPQs on basis of EPQs has become another challenge
for FOWTs design. An innovative AI-based method[13],
named SADA has been proposed, and it can be used to
analyze and predict dynamic responses of FOWTs,
especially those NON-EPQs. This paper addresses a
study on demonstrating the feasibility of SADA
method in application of AI-numerical-experimental
techniques.
1. Methodology of SADA
The methodology of SADA method is briefly
introduced here, including the concept of KDPs and the
DARwind. The Key Disciplinary Parameters (KDPs) is
the first critical concept and tool proposed in SADA
method. The second critical tool is DARwind, an inhouse programme[19], which was developed to conduct
dynamic analysis for FOWTs based on fundamental
theories. The details of SADA can be referred to
reference[13].
1.1 Key Disciplinary Parameters selection
The dynamic responses prediction of FOWTs
involves multiple disciplines, including aerodynamics,
hydrodynamics, structural mechanics, multi-body
dynamics and kinematics, mooring dynamics, etc.
Many of the functions and formulas involved in these
theories are determined based on assumptions and
empirical parameter values. However, these empirical
parameters values may not be proper for FOWTs due
to its high nonlinear coupling effect. Therefore, as the
first step of using SADA method, it is of great
importance to select these key discipline parameters
properly, because critical KDPs will not only bring
more accurate calculation results, but also be used as
the data exchanging portal during the AI training
process in SADA method. Table 1 shows some
example KDPs used in this paper.
Table 1 Selected KDPs in SADA
Discipline
KDPs
Aero
Wind speed

Hydro

Mooring
Structural
Servo

Glauert correction
Current speed
Added linear restoring matrix
Added linear viscous damping matrix
Added quadratic viscous damping matrix
Added static force
Wet density
Axial stiffness
Polynomial Flap 1st vibration modes
Generator torque constant

1.2 AI-based DARwind
In SADA method, DARwind will be trained to be
intelligent specially for the objective FOWTs to run the
dynamics response analysis with the initial critical
KDPs. For more information of the DARwind
programme, please refer to the published literature[19].
DARwind is embedded an AI module. The specific
notations and nouns combined FOWTs and
Reinforcement Learning (RL) in SADA are:
Agent: DARwind
State(S): The numerical results from DARwind.
Action(A): Change the KDPs.
Reward(R): The reward and punishment
obtained by error assessment.
The Deep Deterministic Policy Gradient (DDPG)
algorithm[20] was adopted in AI module to use deep
neural networks to estimate the optimal policy function
instead of choosing the action based on a specific
distribution. The overall layout of SADA combines AIbased DARwind and KDPs is presented in Figure 1.

Fig. 1 The overall layout of SADA method.

2. Data collection and Error definition
This section mainly introduces the data collection
and error definition in SADA method. The data of the
basin experiment will be used as the target data carry
out the error assessment. In addition, the [state, action,
next state, reward] will be used to train the deep neural
network in reinforcement learning algorithm.
2.1 Basin experiment
The model test was carried out at Deepwater
Offshore Basin in Shanghai Jiao Tong University with
a model set-up corresponding to a 1:50 Froude scaling.
Figure 2 shows the experimental model and sensors the
5MW Spar-type floater. More details on the test
executions, such as the model blades fabrication, wind
field tests, restoring tests of the mooring system can be
found in references[21].

data.

Fig. 2 Experimental model and sensors.

2.2 Case setting
Fig. 3 Data classification and collection
A total of 12 experimental cases were selected for
verification, which are shown in Table 2. These cases
2.4 Error definition
include the wind only, wave only, current only, wind
In the study at this moment, only the mean value
and wave, wind and wave and current (WWC). The
is considered as the target value for each platform DOF
first 9 groups are used by Discrete models in SADA for
motion. The variation of error ( Errorvariation ) is defined
analysis, so that the numerical simulation results under
as:
a single working condition can obtain higher accuracy.
Omodel test − Oinital KDPs
th
(1)
=
× 100%
Einital
to
The 6 group will be used by Continuous model
Omodel test
predict the unknow cases which are assumed that they
Omodel test − Oweighted KDPs
have not been carried out in the basin experiment.
(2)
=
Epresent
× 100%
Omodel test
In Table 2, the irregular wave is based on the
JONSWAP wave spectrum, wherein Hs represents
(3)
Errorvariation
= Einital − Epresent
the significant wave height, Tp represents the spectral
The Omodel test is the output experimental physical
peak wave period, and γ represents the spectral peak
quantity. The Oinitial KDPs is the numerical results by
parameter. Vw and Vc are the speed of wind, rotor
initial KDPs by DARwind. Oweighted KDPs is the AI
and current, respectively.
training results by weighted KDPs by DARwind. The
Errorvariation is used to measure whether the results of
Table 2 Training cases matrix
SADA is better than the initial KDPs. If the
Wave
Vw
Vc
Errorvariation is positive, it means that the error between
No
Tp
Hs
γ
m/s
m/s
experiment and numerical simulation has decreased by
(m)
(s)
SADA, otherwise the error has increased.
1a
0.3
1b
2a
2b
3a
3b
4a
4b
5a
5b
6a
6b
6c

current only
wind only
wave only

wind and current
wind and wave
WWC

9.4
10.9
11.1
10.9
12.8
10.9
8
11.4
18

2
7.1
7.1
7.1
2
7.1
7.1

8
12.3
12.1
12.1
8
12.1
12.1

3.3
2.2
2.2
2.2
3.3
2.2
2.2

0.85
0.85
1.2
0.6
0.8
0.85

2.3 Dataset collection
The data is classified according to different cases.
Figure 3 briefly illustrates the process of data collection.
As the first step of the simulation, the program will
perform the first initial calculation, and then perform
fitting weights (actions) on KDPs, to obtain the second
calculation results and rewards. At this point, [state,
action, next state, reward] is stored as a set of training

3. Optimization results by SADA
In this section, the training outcome of SADA
method will be demonstrated. Through the error
assessment assisted by experimental data, the value
network is trained to help DARwind to adjust KDPs
intelligently according to the feedback of environment.
This section will focus on three aspects, which are
single impact, two sea loads impact and fully
wind/wave/current. The impact here refers to the
factors affecting the FOWTs system. The wind only,
wave only and current only will be considered in single
impact (case 1-3). Wind and wave, wind and current
will be considered in coupling impact (case 4-5).
3.1 Single impact
A single impact mainly includes current only
(case 1 a & b), wind only (case 2 a & b) and wave only
(case 3 a & b) cases in Table 2. Figure 4 summarizes

the results of 6 DOF motions of these 6 cases. The
stacked histogram represents the percentage of error
change, while the dotted line chart corresponding to the
right axis represents the change in amplitude under the
corresponding percentage.
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5.65m). The tension error of the fairleads at the
connection of the three mooring lines are also reduced
by 1.2%, 1.69% and 1.73% (respectively 29.66kN,
49.73kN and 50.83kN).
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Fig. 4 6DOF motions Error variation in single impact cases.
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In current only (case 1 a & b) cases, the current
speed has a dominant influence on the FOWTs system.
Except for surge motion, the amplitudes of other
motions are quite small. The error reductions of surge
are 46.35% and 32.68%, and the amplitude of the
changes are between 0.16m and 0.4m. Figure 5 shows
the time history of surge in 1b. The left coordinate
compares the experimental results and simulation
results. The right coordinate shows the results of AIbased DARwind.
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Fig. 6 Time history of surge and sway in case 2b
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Fig.5 Time history of surge in case 1b

In wind only cases (case 2 a & b), the error percentage
of roll has increased, but its experimental amplitude
does not exceed 0.03 deg. Taking case 2b as an example,
the amplitude changed 0.01 deg. Although this may not
be the global optimal solution, it is acceptable for the
entire highly coupled FOWTs system. Figure 6 shows
the time history of surge and sway in 2b. The amplitude
of the surge in 2b changed 0.13m (from 5.52m to

In the case of wave only (case 3 a & b), the
platform is basically maintained in a stable state and the
wind turbine is in a shutdown state. Under this
environment, heave and pitch motions are the
dominating motions. Taking 3b as an example, the
mean error of heave has been reduced by 83.71%,
which is a very satisfactory optimization result in
amplitude. Figure 7 shows the frequency analysis in 3b.
From the frequency domain, it can also better show the
motion induced by natural frequency of the platform
has been improved by SADA.

(Figure 11).
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Fig.9 6DOF motion Error variation in two sea loads impact cases.
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Figure 8 shows the change of heave motion in a
random 60 explorations. The mooring system plays a
vital role in maintaining the stability of the platform in
the waves. Since the boundary conditions of KDPs are
determined initially based on empirical values, their
characteristics can be further analyzed according to the
correlation during the training process. More accurate
boundary conditions not only change with different
environments, but also accelerate the convergence of
the model.
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Fig.10 Time history of surge in case 4b
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Fig.8 Heave and added restoring force (3,3) in case 3b.

3.2 Two sea loads impact
In this section, The SADA method will be used to
verify the optimization of the FOWTs system by the
two sea loads, including wind & current cases (case 4 a
& b) and wind & wave cases (case 5 a & b). The
optimization effect of the six degrees of freedom and
the amplitude of the corresponding change are shown
in Figure 9. Take case 4b as an example, through the
optimization of the SADA method, the mean error of
surge is reduced from 3.7% to 0.8%. Figure 10 shows
the corresponding time history curve of surge.
Although the mean error of Heave has increased by
10%, it is still a relatively ideal change from the
perspective of the change in the time history curve
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Fig.11 Time history of Heave in case 4b

The coupling of wind and wave will inhibit some
motion of the platform. Therefore, in the case of wind
and waves, the motions of platform have no obvious
amplitude except for surge and pitch.
For basin experiments and numerical simulations,
the optimization of single impact is the most
challenging. Because based on numerical assumptions,

apart from a single factor, other parts will not affect the
entire system. However, this is not the case in actual
basin experiments. Even the amplitude of the motion is
small, it is more affected by the environment and
instruments. In contrast, coupled conditions can indeed
better reflect the dynamic response of FOWTs in the
actual sea state. In general, the SADA performed well
in both single impact and two sea loads impact
optimization.

Figure 13 also shows the thrust increased by 36.5kN.
They are all much closer to experimental value. In
addition, the mean value of each segment changed
significantly from the initial KDPs through SADA.
Taking the first segment as an example, the mean error
of surge is reduced by 2.6%. The time history curve of
pitch and thrust optimized by SADA is closer to the
experimental data.
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Fig.12 Error and amplitude change of four segments in case 6a.

The error of heave and axial thrust has dropped
significantly. Taking the third segment as an example,
the average value of thrust has increased by 47.5kN.
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3.3 Wind/wave/current impact
This section will use SADA to optimize the
dynamic response of FOWTs in a wind/wave/current
sea environment (case 6 a, b and c). Case 6b will be
adopted to train the Continuous model in SADA. The
duration of the experimental data for Case 6b is 1 hour,
and it will be divided into four segments and each
contains 900-second target data for training. The axial
thrust of the rotor is the most important response that
affects the motions of the FOWTs, especially on the
pitch motion. For basin experiments, a more matched
thrust is the best choice to better simulate the dynamic
responses of the FOWTs. However, if the rotor speed
and wind speed in the experiment are fully used in the
numerical simulation, the thrust force calculated by the
numerical value will be different from the measured
value, due to the unmatching of low Reynolds number.
Therefore, rotor speed is also added to the adjustable
KDPs to better simulate the axial thrust of FOWTs in
this section.
Figure 12 shows the final error and amplitude
change of the four segments. The error between surge
and pitch increases slightly. Taking pitch as an example,
the error range of the four segments are all within 5
percent. This is a tolerable category in training. The
actual amplitude changes are also within the range of
0.2deg.
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Fig. 13 Time history of surge, pitch and thrust in first segments
in case 6b.

It is difficult to see the changes and training
conditions of each segment only from the time history
curve, so it is necessary to analyze the error changes

during the training, which first requires the
classification of the random segment data. Figure 14
shows the variation of the error between surge and pitch
in 500 iterations. The 4 color curves represent the error
changes of each segment in 500 iterations. It can be
seen in the first 20 training sessions, the second group
is randomly selected, and then the experimental mean
is automatically selected as the fourth group, and so on.
In the first and fourth segmented training (red and
purple lines) of surge, the error has a gradually
decreasing trend, which is also the same as the final
optimization result in Figure 12. The pitch error is
stable within a range, although each segment has a
small increase. Therefore, to better explore the
performance of pitch in 500 iterations, its statistics are
listed in Table 4.
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simulation is very close to the experimental value. The
average value of other KDPs is also consistent with the
initial setting of this working condition. The standard
deviations of rotor speed and current speed as well as
the wet density of the mooring system are very close to
zero. This is due to the boundary conditions of these
three physical quantities, which are not allowed to
change too much. From the maximum and minimum
points of view, the wind speed, the rotation speed of the
rotor, the axial stiffness of mooring system and the
current speed have been cut off after touching the
boundary conditions. The wet weight of the mooring
system is always within the boundary conditions.
The wind speed not only has a greater impact on
the aerodynamic load of FOWTs, but also affects the
thrust. Because the blade pitch control is not considered
in the experiment, the entire rotor is more sensitive to
changes in wind speed. It is a very common simulation
technology to adjust the measured wind speed value in
numerical simulation so that the axial thrust of the rotor
matches the measured value as much as possible.
Finally, SADA increased the wind speed to satisfy the
thrust similarity as much as possible, although at the
expense of some pitch accuracy. This also reflects the
weighting effect on the main physical quantities in
training. Therefore, it is important for the designers to
have a good understanding basic theories and practical
technology of FOWTs.
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Fig.14 The error of surge & pitch in 500 iterations.
Table 4 Statistical description for Pitch and KDPs
Avg
SD
Min
Pitch
6.49
0.174
6.19
Wind
11.35
0.233
11
Rotor
14.42
0.016
14.48
Current
0.80
0.080
0.7

Max
6.90
11.8
14.35
0.9

The average pitch values of the four segments are
6.54 deg, 6.42 deg, 6.45 deg and 6.57 deg respectively.
The mean value of 500 iterations of numerical

4 Prediction
In this section, the deep neural network model
trained in 6b will be applied to predict the cases 6a and
6c. It is assumed that case 6 a & b have not been carried
out in the basin experiment, so there is no target value
in the error assessment, and the model is only used for
weighting the feedback of each loop. There are 10
iterations of forecast optimization.
Figure 15 illustrates that the mean error and
amplitude change of the four EPQs (surge, heave, pitch
and thrust) in 6b and 6c. in 6b, the mean error of heave
decreased by 35.4%. The most significant is the change
in thrust, an increase of 51.8kN. The performance of 6c
was the best, and the mean error all decreased. This
may be because case 6b and 6c have the same wave
environment.

case 1 Amplitude change
case 3 Amplitude change
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Fig. 15 Error and amplitude change of prediction in 6a and 6c.

DARwind

10
9

AI-Based DARwind

Exp

1000

DARwind

900
800
700
600
500
400
300
200
100
1200

1300

1400

1500

1600

1700

1800

1900

2000

Time(s)

c)
Fig 16. Time history of surge, pitch and thrust in 6a
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For the result of 6c, it is not difficult to see from
Figure 17 that the error of the mean value of pitch and
thrust is reduced through the optimized forecast of
SADA. In the numerical simulation, the KDPs
corresponding to this result, especially the wind speed
and the rotation speed of the rotor, did not reach the
boundary conditions. According to the set error
weighting, SADA chooses equalization optimization
instead of sacrificing the accuracy of some other
physical quantities in 6a and 6b.
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Through the forecast of SADA, the thrust in 6a
can match better. As shown in Figure 16, the thrust
change is quite significant, and although the error of
surge and pitch has decreased, it is still acceptable. The
pitch curve can be found that the mean error has
increased, but the trend of increase is closer to the
experimental result. This also shows that the SADA
method is not independent from the scope of traditional
FOWTs numerical calculations. It must work together
with a reliable dynamic response agent, such as
DARwind, that allows SADA to make judgments and
learning faster, more effectively, and more accurately.
This is the character that SADA method differs from
traditional reinforcement learning methods.
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Fig 17. Time history of surge, pitch and thrust in case 6c

SADA optimizes the average of some EPQs to
make predictions of NON-EPQs with higher accuracy,
such as the deformation of blades and towers. Based on
the forecast results in the previous section, some of the
optimized NON-EPQs has been shown in Figures 18,
including the deformation of the blade tip and tower in
two directions.
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5. Conclusion
The SADA method in this paper combines
traditional FOWTs numerical simulation and Artificial
Intelligence technology methodology. Two models
(discrete and continuous) can be optimized for the
different needs of designers. With the accumulation of
training data and for different coupling environments,
its forecasting effect will be accurate and fast. In the
numerical calculation part, not only can the traditional
empirical parameters be intelligently adjusted, but also
other types of KDPs can be fitted. For the part of
artificial intelligence, different from traditional
reinforcement learning method, the AI-Based
DARwind, as an executor of dynamic response
simulation, already has a certain degree of credibility
and judgment. It is undeniable that the more efficient
and accurate the agent, the more credible the training
effect of SADA.
However, the SADA method still faces many
challenges. It is not only the dependence on the agent,
but apart from the hyperparameters of the deep neural
network, whether it is the weighting of errors, the
setting of boundary conditions for each KDPs, or the
restrictions for each action, etc. It takes time and
experience to further exploration.
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