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Abstract

Offshore floating photovoltaics (OFPVs) show great potential for future renewable energy generation
by complementing existing wind energy. To maximize power output, it is essential to accurately predict
the response of these structures under wave-induced forces.

Although finite-element fluid-structure interaction (FE-FSI) models can simulate the response of very
large floating structures (VLFSs) with high accuracy, they are computationally expensive and time-
intensive. To address this challenge, this thesis develops and optimizes three surrogate deep learning
models: a Convolutional Neural Network (CNN), a Long Short-Term Memory (LSTM) network, and a
hybrid CNN-LSTM model. An iterative trial-and-error approach was employed to fine-tune the hyper-
parameters and improve model performance.

The CNN model accurately captured spatial features but struggled with generalization across varying
sea states. The LSTM model captured temporal patterns well, but had lower accuracy and longer
training times. The hybrid CNN-LSTM model combined the strengths of both approaches, achieving
a low weighted absolute percentage error (WAPE) of 0.98%. All models performed well under typical
wave conditions but exhibited reduced accuracy in extreme scenarios, particularly for low-amplitude
tilts. A sensitivity analysis indicated that these errors were likely caused by insufficient representation
of extreme sea states in the training data.

The hybrid CNN-LSTM model was selected as the model that most accurately predicts the response of
VLFSs due to its balanced performance, minimal prediction time, and generalization capability across
typical operating conditions. While the model shows high reliability for typical sea states, its perfor-
mance declines for extreme conditions, such as extremely large waves or very small tilts. Despite
reduced reliability in extreme conditions, the model provides a promising tool for real-time OFPV re-
sponse prediction and preliminary studies.
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1
Introduction

The introductory chapter of this thesis begins with background information on the significance of off-
shore floating photovoltaics (OFPVs) in Section 1.1, emphasizing their role in renewable energy gener-
ation. In Section 1.2, the coupling between the irradiance and the tilt angle of OFPV systems is exam-
ined, highlighting how the tilt relates to the power output. Section 1.3 explores the underlying physics
essential for understanding the behavior of OFPV systems, including Airy wave theory in Section 1.3.1,
which describes the propagation of gravity waves on deep water surfaces, and Fluid-Structure Interac-
tion (FSI) in Section 1.3.2, which highlights how fluid forces interact with floating structures. Section 1.4
discusses the current computational model used to simulate the response of very large floating struc-
tures (VLFSs), specifically the Finite Element Fluid-Structure Interaction (FE-FSI) model, which serves
as a baseline for this project. Recognizing the limitations of existing models, Section 1.5 introduces
machine learning as a potential solution, setting the foundation for the surrogate models proposed in
this research. Section 1.6 outlines the research questions guiding this thesis, addressing the identified
research gaps. Section 1.7 defines the scope of the project, specifying the objectives and boundaries
of the study. Finally, Section 1.8 presents an outline of the methodology employed to achieve the re-
search objectives.

1.1. Background
Due to the swift energy transition, the demand for renewable energy is increasing rapidly. Action is
essential to mitigate the effects of global climate change. The European Union has set a renewable en-
ergy target of 42.5% by 2030, placing pressure on governments to develop additional renewable energy
sources [8]. Photovoltaic energy is considered one of the most promising renewable energy sources for
meeting these targets. However, photovoltaic systems require large surface areas, which makes inland
deployment challenging, particularly in densely populated regions [7]. In addition to spatial constraints,
previous studies have shown that the annual energy output of offshore photovoltaic systems is 12.96%
higher than that of similar land-based systems [12]. While large offshore wind farms are now widely
deployed, OFPV systems still need to expand their global footprint. Offshore wind farms can provide
substantial energy throughout the year [2]. However, due to the limitations of current energy storage
technologies and the intermittency of wind power, complementary renewable sources are needed to
ensure a stable energy supply. Many ongoing plans aim to install OFPV systems alongside existing
wind farms, optimizing the use of offshore space, smoothing the inter-annual variability of wind energy,
and providing more consistent power generation across seasons.

1
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Figure 1.1: Robust coefficient of variation for the mean annual (upper panel) and mean seasonal wind power density for the
Mediterranean Sea in winter (middle left panel), spring (middle right panel), summer (lower left panel), and autumn (lower right

panel) [14].

Wind energy and solar energy are negatively correlated, meaning that during windy seasons, wind en-
ergy can supply the majority of power, whereas photovoltaic energy can maintain renewable energy
output during periods of low wind velocity [11]. In Figure 1.1, the coefficient of variation of wind power
density around the Mediterranean Sea is presented. It is evident that wind power density is highest in
winter, while Figure 1.2 shows that solar irradiance is lowest during the same season. The opposite
trend is observed in spring and summer [32].
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Figure 1.2: Mean annual (upper panel) and mean seasonal solar irradiance for the Mediterranean Sea in winter (middle left
panel), spring (middle right panel), summer (lower left panel), and autumn (lower right panel) [14].

Soukissian et al. [14] conducted a study to evaluate the complementarity of offshore wind and solar
resources. Monthly energy outputs of wind, photovoltaic, and their combination were analyzed at six
different locations around the Mediterranean Sea. The results, presented in Figure 1.3, show that while
photovoltaic energy exhibits a parabolic trend and wind energy follows an inverse parabolic trend, their
combination produces a more uniform energy output. This flattening of the curves indicates that the
hybrid system can provide a more consistent renewable energy supply throughout the seasons. It is
therefore important to optimize solar energy capture and enhance the power output of photovoltaic
panels.
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Figure 1.3: Monthly values of energy output of an 8-MW offshore wind turbine, an 8-MW floating solar farm, and their
combination at the Alboran Sea (upper left), the central Aegean Sea (upper middle), the Gulf of Lion (upper right), the Gulf of

Sidra (lower left), the Northeastern part of Sicily (lower middle), and the Southern part of Cyprus (lower right) [14].

1.2. Irradiance-Tilt Coupling
OFPV systems float on the sea surface, and their motion is closely related to the properties of the
waves. The interaction between the floater and the waves is crucial for analyzing the structure’s motion,
as the floater’s movement directly affects the tilt angle, β. As illustrated in Figure 1.4, the irradiance (an
instantaneous measurement of solar power received per unit area (in W/m2)) on a module comprises
three types of radiation: Global Horizontal Irradiance (GHI) (IGHI ), Direct Normal Irradiance (DNI)
(IDNI ), and Diffuse Horizontal Irradiance (DHI) (IDHI ).

Figure 1.4: Global horizontal (reflected) irradiance (IGHI ), direct normal irradiance (IDNI ), and diffuse horizontal irradiance
(IDHI ) [30].

These components are all influenced by the tilt angle, β, before contributing to the total irradiance
(Gtotal(β)), which consists of direct beam irradiance (Gbeam(β)), diffuse irradiance (Gdiffuse(β)), and re-
flected irradiance (Greflected(β)) [30]:

Gtotal(β) = Gbeam(β) +Gdiffuse(β) +Greflected(β) (1.1)

The total irradiance is directly proportional to the direct current (DC) power output of the PV module. A
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simple approximation of the DC power output in watts (W) is given by:

PDC = APV × ηmod × Gtotal(β) (1.2)

Where:

• APV : area of the PV module (m2)
• ηmod: overall module conversion efficiency (-)

So how does a change in β relate to a change in the total irradiance?

When assuming an isotropic sky, the diffuse irradiance can be approximated using the Liu and Jor-
dan model, as shown in Equation 1.3. A smaller tilt angle, β, results in a larger cosine term, thereby
increasing the diffuse irradiance.

Reflected irradiance can be estimated using ground reflectance, as demonstrated in Equation 1.4. Re-
flected irradiance depends on the ground reflectance (ρa) and ranges from 0 (no reflection) to 1 (total
reflection), known as the albedo. In offshore environments, ρa represents the water surface reflectivity,
which typically has a low albedo (< 0.1). Unlike diffuse irradiance, reflected irradiance includes a neg-
ative cosine term. Therefore, only large tilt angles result in significant reflected irradiance. However,
since the pontoons supporting OFPV systems are moored to buoys or the seabed, tilt angles are often
limited to a maximum of 20◦ [10]. Consequently, the reflected irradiance component remains very small
in the calculation of the total irradiance for OFPVs.

Gdiffuse(β) = IDHI × 1 + cos(β)

2
(1.3)

Greflected(β) = IGHI × ρa × 1− cos(β)

2
(1.4)

The last term, the direct beam irradiance, can be approximated as following:

Gbeam(β) = IDNI × cos(θi) (1.5)

The angle of incidence, θi, is defined as the angle between the sun’s rays and the normal to the PV
surface. It relates to the tilt angle, β, in a complex manner, as θi depends on several factors: solar
declination (δ), solar zenith angle (θz), solar azimuth angle (γs), hour angle (ω), surface azimuth angle
(γ), and latitude (ϕ). For south-facing PV panels in the Northern Hemisphere, the relationship between
θi and β can be simplified to:

cos(θi) = cos(β)× (sin(δ) sin(ϕ) + cos(δ) cos(ϕ)) (1.6)

From the simplified equation, it can be seen that the angle of incidence (θi) and the tilt angle (β) are
proportional to each other. This means that a smaller tilt angle, β, results in a larger direct beam
irradiance. For full derivations, approximations, and simplifications of these formulas, the reader is
referred to the book Solar Engineering of Thermal Processes [9].

Considering that reflected irradiance is minimal for OFPV systems, and combining the equations above,
the DC power output increases as the tilt angle, β, decreases. To accurately predict this tilt response,
it is essential to understand the motion dynamics of OFPV systems.
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1.3. Underlying Physics
This section introduces the underlying physics essential for analyzing the motion of OFPVs. The equa-
tions presented here form the foundation of the dataset used in the surrogate model, which is further
detailed in Section 1.4. The hydrodynamics governing the motion of OFPVs are based on fundamental
equations derived from conservation laws, as discussed in Subsection 1.3.1. The interaction between
fluids and solid structures, known as Fluid-Structure Interaction (FSI), describes how these interactions
affect the motion of both the fluid and the structure. Subsection 1.3.2 analyzes this phenomenon in the
context of offshore environments.

1.3.1. Linear Wave Theory
The motion of offshore floaters is highly influenced by wave-induced forces, resulting in tilting. These
forces are characterized by wave motion, typically described using wave theory. In offshore environ-
ments, waves exhibit non-linear behavior; however, in certain cases, their motion can be approximated
as linear, as described by linear wave theory. The primary assumption underlying this theory is the
small-amplitude approximation, which assumes that the wave elevation η, expressed as a fraction of
the wavelength λ and the water depth d, is relatively small (Equations 1.7 and 1.8). These ratios are
commonly referred to as wave steepness and relative depth. Another method to assess the applicabil-
ity of linear wave theory is by consulting the graph in Figure 1.5, which indicates whether linear wave
theory is appropriate or if a non-linear wave theory should be applied. Additionally, the graph shows
the breaking limit of waves.

η

λ
≪ 1 (1.7)

η

d
≪ 1 (1.8)

Figure 1.5: Ranges of applicability of different wave theories. With H being the wave height, h being the water depth, τ being
the wave period, and g the gravitational constant [5].

Other key assumptions in Linear wave theory are:
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• The fluid has zero viscosity
• The fluid is incompressible
• The flow is irrotational
• The fluid properties are uniform (homogeneous)
• The depth is constant in the domain considered
• The bottom is rigid and impermeable
• Gravitation is the sole restoring force
• The flow is only considered in a two-dimensional plane

Linear wave theory, also known as Airy wave theory, is derived from two fundamental conservation
equations: the mass balance and the momentum balance. Under the aforementioned assumptions,
these equations can be simplified to the Laplace and linearized Bernoulli equations by introducing
a velocity potential function, whose spatial derivatives represent the velocities of the water particles
(Equation 1.9). Figure 1.6 presents these equations along with the kinematic and dynamic boundary
conditions applied to the domain Ω. For a detailed derivation, the reader is referred to the textbook
Waves in Oceanic and Coastal Waters [15]

ϕ(x, y, z, t) with ux =
∂ϕ

∂x
, uy =

∂ϕ

∂y
and uz =

∂ϕ

∂z
(1.9)

Figure 1.6: The Laplace and linearized Bernoulli equations and boundary conditions for linear wave theory, in terms of the
velocity potential ϕ applied to a domain Ω [15].

η(x, t) = a sin(ωt − kx + θ) (1.10)

ϕ(x, z, t) = ˆϕ(z) cos(ωt − kx + θ) with ˆϕ(z) =
ωa

k

cosh[k(d+ z)]

sinh(kd)
(1.11)

An analytical solution to the linearized equations can be expressed as a propagating harmonic wave
η(x, t) (Equation 1.10), characterized by the wave amplitude a, wave number k, angular frequency
ω, and phase shift θ. This solution is associated with a velocity potential, as shown in Equation 1.11,
which also depends on the depth d. The propagating harmonic wave represents only one of the many
waves present in offshore waters. In Linear Wave Theory, the total wave motion in offshore waters
can be represented as a superposition of harmonic waves with varying amplitudes, wave numbers,
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frequencies, and directions. Considering N linear waves, each with distinct characteristics, the total
wave elevation η at a given position x and time t is given by:

η(x, t) =

N∑
i=1

ai sin (kix− ωit+ θi) with ki = ki ni (1.12)

Where:

• η(x, t): Total wave elevation at position x and time t.
• ai: Amplitude of the i-th wave.

• ωi: Angular frequency of the i-th wave, ωi =
2π

Ti
, with Ti being the period.

• θi: Phase shift of the i-th wave.

• ki: Wavenumber of the i-th wave, ki =
2π

λi
, with λi being the wavelength.

• ni: Unit normal factor indicating the direction of the propagation of the i-th wave.

The combination of these waves is commonly represented by a wave spectrum, such as the Pierson-
Moskowitz or JONSWAP spectrum, which describes the distribution of wave energy across different
frequencies and directions. Further details are provided in Section 2.2.

1.3.2. Fluid-structure interaction
FSI refers to the interplay between fluid motion and a structural body, where the fluid influences the
structure’s motion, and conversely, the structure affects the fluid’s motion. This multi-physics phe-
nomenon requires solving both fluid dynamics and structural mechanics equations simultaneously. FSI
typically involves two types of interactions. The first isRigid Body Interaction, where the structuremoves
as a whole without deforming, such as a ship moving through water. The second type is Flexible Body
Interaction, in which the structure undergoes partial deformation due to fluid forces, a common scenario
in VLFSs. Zhang et al. [33] introduced a third type: Very Flexible Body Interaction, where the structure
almost entirely deforms under fluid forces, often characterized by very small structural thickness.
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Figure 1.7: The global response of floating structures under fluid forces [33].

A quick way to determine the dominant type of interaction is by consulting the graph in Figure 1.7. The
key parameter in this graph is the characteristic length λc, which is defined as:

λc = 2π
(EI

ρg

) 1
4

. (1.13)

Here, the product ρg represents the hydrostatic stiffness of the structure, while EI denotes the bend-
ing stiffness, where E is the Young’s modulus and I is the moment of inertia. When limEI→0, the
structure lacks rigidity, causing its motion to fully follow the fluid motion, making it 100% Very Flexible
Body Motion dominant. Conversely, when limEI→∞, the structure becomes perfectly rigid and does not
deform under fluid forces, making it 100% Rigid Body Motion dominant. For VLFSs, the ratio of struc-
tural length L to characteristic length λc typically ranges between 1 and 10. In this range, the coupling
between fluid dynamics and structural mechanics equations determines the magnitude of the response.

To model this FSI, it can be convenient to look at the same domain Ω as discussed in the previous
subsection. However, in this case the kinematic boundary condition

∂ϕ

∂z
=

∂η

∂t
on Γfs (1.14)

and dynamic boundary condition

∂ϕ

∂t
+ gη = 0 on Γfs (1.15)

are no longer valid, as there is a floating structure instead of a free surface. Consequently, the boundary
Γfs is replaced by Γb, where the governing equations couple the fluid dynamics with the structural
mechanics at this boundary. It is important to note that the boundary conditions adjacent to the platform
at Γfs remain unchanged. Figure 1.8 illustrates the boundary value problem.
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Assuming, as in Airy wave theory, that the flow is two-dimensional and focusing on the transverse
deflection of the beam, the Euler-Bernoulli beam theory can be used to model the beam. Given that
both the velocity potential ϕ and the propagating wave η are harmonic, it is reasonable to assume
that the beam’s response u is also harmonic, resulting in complex-valued solutions. Therefore, the
deflection of the beam, which varies in both time and space, is defined as:

u(x, t) = u(x) exp(−iωt). (1.16)

Which can be separated into a time-dependent and space-dependent component, simplifying both the
equation of motion and the boundary conditions. Assuming the beam is homogeneous, the equation
of motion is given by:

EI
∂4u

∂x4
− mbω

2u = p (1.17)

where EI is the beam’s bending stiffness,mb the beam’s mass per unit area and p the transverse load.

Figure 1.8: A schematic of the boundary value problem of the fluid domain Ω, bounded by the inlet Γin, outlet Γout, sea bed
Γsb, free surface Γfs, and floating platform Γb[1].

With the assumption that there is no gap between the beam and the fluid, the kinematic boundary
condition 1.14 can be simplified to

∂ϕ

∂z
+ iωu = 0 on Γb. (1.18)

The dynamic boundary condition couples the fluid dynamics with the structural mechanics by equating
the transverse load in the beam’s equation of motion to the pressure exerted by the fluid beneath the
beam, which is derived from the linearized dynamic Bernoulli equation. Consequently, the dynamic
boundary condition becomes:

EI
∂4u

∂x4
− mbω

2u − iωρϕ + ρgu = 0 on Γb (1.19)

Here, g denotes the gravitational constant, ρ represents the density of water, and the remaining pa-
rameters are as previously defined. Incorporating the beam’s equation of motion into the fluid domain
requires additional boundary conditions for the beam. These conditions can be determined by defining
the boundaries Λe as free-edge boundaries, where the moments and shear forces are set to zero.

EI
∂2u

∂x2
= 0 on Λe. (1.20)
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EI
∂3u

∂x3
= 0 on Λe. (1.21)

In case multiple floaters are present, instead of just a singular floater, equation 1.20 is also applicable
at the joints Λi between the floaters, setting again the bending moment to zero.

EI
∂2u

∂x2
= 0 on Λi. (1.22)

It should be noted that this section focuses solely on the influence of the fluid on the structural body,
without considering the reverse effect. Factors such as added mass and added damping, which in-
fluence the response of VLFSs and affect the fluid around the structure, are acknowledged. In this
problem, the effect is mitigated by introducing a damping zone Ωd to absorb waves reflected by the
floating platform. For a detailed description of this approach, the reader is referred to [24]. The equa-
tions presented in this section serve as the foundation and input for the FE-FSI model discussed in the
next section.

1.4. Current model

Figure 1.9: Offshore floating photovoltaic system with 3 floaters and 2 joints [1].

Alcañiz et al. [1] conducted an optoelectrical analysis of the response of OFPVs, including a structural
analysis of the underlying VLFS, as schematized in Figure 1.9. The response of these VLFSs is solved
numerically using a Finite Element (FE) model combined with the FSI equations presented in the pre-
vious section. This analysis builds on the complex hydroelastic FSI model developed by Colomés et
al. [24] and employs a monolithic finite element scheme, where the coupled boundary value problem
is formulated as a single unified weak form rather than treating each governing equation separately.
The problem is first discretized in space using the same domain Ω defined in Section 1.3 (see Figure
1.10), followed by time discretization using a frequency domain approach, as the focus is on harmonic
or steady-state solutions. This approach simplifies the coupling of the equations and facilitates the
inclusion of damping zones to absorb reflected waves.
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Figure 1.10: A sketch of the discretized fluid domain Ω bounded by the inlet Γin, outlet Γout, sea bed Γsb, free surface Γfs,
and floating platform Γb used in the FE-FSI model [1].

The FE-FSI model uses environmental conditions and platform properties as input, while keeping the
water depth d and structure length L constant. For multiple floaters, the floaters are connected through
joints. The output consists of complex-valued solutions for beam deflection u, free-surface elevation
η, and velocity potential ϕ, providing both the magnitude and phase of the response. The various
configurations and magnitudes of the environmental conditions and platform properties are discussed
in Chapter 2, as they serve as input to the model proposed in the next section.

1.5. Limitations: Introduction to Machine Learning
A numerical simulation tool, such as the FE-FSI model described in the previous section, is invaluable
when real-life sensor data is unavailable or impractical. It can accurately predict specific phenomena
and responses with negligible errors. However, despite advancements in processing power, such sim-
ulations remain computationally expensive and time-intensive, particularly when numerous simulations
with varying parameters are required. As the offshore solar industry continues to grow, a computation-
ally efficient and faster alternative is increasingly desirable for enhancing the performance of OFPVs.

Machine learning, which has gained significant attention across various industries and simplified com-
plex engineering problems, offers a promising alternative. Several machine learning techniques can
be employed to develop surrogate models, including supervised learning methods such as Linear and
Polynomial Regression, Decision Trees, and Random Forests, as well as unsupervised learning meth-
ods like K-Means Clustering and Principal Component Analysis. Each method has distinct strengths
and is suited to specific types of problems. This research focuses on deep learning, a branch of ma-
chine learning capable of modeling complex linear and non-linear phenomena by extracting patterns
from input data and generalizing them into continuous outputs [27]. This introduction to machine learn-
ing will explore different deep learning methods, their proven utility in various engineering applications,
and their potential for predicting the response of VLFSs.

A dense neural network (DNN), also known as a Multi-Layer Perceptron (MLP), is a neural network
architecture in which every neuron in one layer is fully connected to every neuron in the subsequent
layer. DNNs are widely used for identification and classification tasks [20], and many offshore floating
structures can be effectively monitored using this approach. Wang et al. [3] applied a DNN to infer
information about an offshore floating wind turbine at the location of a faulty sensor using data from
functioning sensors. Similarly, Kwon et al. [19] predicted the structural responses of a submerged float-
ing tunnel using a DNN. In addition, DNNs have been employed to improve the accuracy of significant
wave height predictions in offshore environments, an essential parameter in offshore data processing.
Studies have shown that DNNs can reduce the prediction error of significant wave heights from 26%
(with numerical models) to 12% [13].
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Although DNNs have proven useful, convolutional neural networks (CNNs) are often preferred due to
their ability to recognize local patterns and dependencies more effectively. This capability is particu-
larly advantageous when local dependencies are more critical than global ones, or when working with
image-based input data, such as satellite images or structural health monitoring imagery [28]. CNNs
also provide translational invariance, making them suitable for offshore environments where the exact
location of features may vary. Compared to DNNs, CNNs excel at extracting damage-sensitive fea-
tures due to their local pattern recognition capabilities. Consequently, CNNs are frequently applied in
structural health monitoring, including damage detection in offshore jacket structures [4] and damage
identification and classification of mooring lines in offshore floating wind turbines [16]. Additionally,
CNNs can be employed for continuous input data. Kawai et al. [17] utilized a CNN architecture to
estimate the sea state by deriving frequency features from response spectra, demonstrating its utility
in offshore applications.

Figure 1.11: Comparison of the overall accuracy of the LSTM model and the 1D-CNN model, capturing the response over left)
2.5 s and right) 5.0 s [29].

Although CNNs are effective for damage recognition, they are less suited for capturing temporal depen-
dencies, as structural health changes typically occur over extended time intervals. While CNNs can
handle time series data, converting the input from the time domain to the frequency domain is often
recommended. Many offshore phenomena, such as incoming wind waves, tidal waves, currents, and
temperature, are time-dependent and can be modeled using deep learning techniques. Recurrent neu-
ral networks (RNNs) are well-suited for such tasks, as they can capture sequential data and temporal
dynamics by remembering previous inputs. However, a major limitation of RNNs is the vanishing or
exploding gradient problem during training, which makes learning long-term dependencies challeng-
ing. To address this, variations of the RNN architecture, such as Long Short-Term Memory (LSTM),
Gated Recurrent Unit (GRU), and bidirectional RNNs, have been developed. Bidirectional RNNs pro-
cess input data in both forward and backward directions, making them useful when future information
is relevant to the current state.

Shi et al. [29] used an LSTM architecture to predict the short-term motion of a floating offshore wind
turbine, incorporating second-order hydrodynamic effects. Their study compared the LSTM model to
a multi-input 1D-CNN trained on the same dataset, aiming to evaluate the impact of time dependency
on structural response and patterns between time steps. Figure 1.11 presents a comparison of the
models’ accuracies for different forecast times. At a forecast time of 2.5 s (left figure), both models show
similar accuracy, with a difference of about ±1%. However, at a forecast time of 5.0 s (right figure), the
accuracy of the LSTM model improves by approximately 5%. This demonstrates that temporal neural
network architectures, such as LSTMs, can outperform CNNs in time series prediction, particularly as
the forecast interval increases.

Although RNN architectures generally handle time-series data more effectively, important features ex-
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tracted by CNN models can also be valuable when using raw sensor data in time-series applications.
Ordóñez et al. [26] were among the first to combine CNNs with RNNs for human activity recognition,
a task that involves complex motor sequences and requires capturing temporal dynamics. To address
this challenge, they developed a hybrid DeepConvLSTM model. Following this, hybrid models found
applications in engineering fields. Canizo et al. [6] proposed a CNN-RNN architecture for anomaly
detection in high-value machinery, where the CNN extracts meaningful features from sensor data, and
the RNN learns temporal patterns.

Figure 1.12 illustrates the architecture of the hybrid model. Rather than processing the entire time-
series data from all sensors at once, the data is segmented into smaller windows, allowing feature
extraction to occur iteratively for each window. This approach enables the model to focus on distinct
phases within the time series. The extracted features from all windows are subsequently combined
and processed by the RNN component of the model.

Figure 1.12: The hybrid CNN-LSTM architecture. The data coming from the sensors are all processed individually. The
time-series is divided into multiple time windows, resulting in a feature map per window. The feature maps belonging to the

same time window are concatenated and chronologically used in the subsequent RNN [6].

LSTM architectures have proven effective in combination with CNNs, but GRUs can also perform well
in hybrid models. Li et al. [22] proposed a model for forecasting ship motion that combines a CNN
with a GRU, followed by an attention layer. The attention layer assigns higher weights to important
time steps, enhancing the model’s focus on significant events. The architecture from that study is
schematized in Figure 1.13. The order of components mirrors that of the DeepConvLSTM model:
first, a one-dimensional CNN extracts key features through successive convolution and pooling layers,
reducing dimensionality. The resulting vectors are passed to the GRU layer, which captures temporal
features. An attention layer follows, weighting critical temporal features before applying a softmax
function. This approach is particularly useful when specific past events, such as tidal waves or recurring
currents, have a greater impact on the present state. Finally, the output layer combines all learned
features.

Bidirectional RNNs can be useful when future data is relevant; however, in structural health monitoring
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and wave or weather forecasting, this is rarely the case. As a result, bidirectional architectures are
generally unsuitable for offshore engineering problems. Wang et al. [31] employed a bidirectional
LSTM network to predict ship roll angles, where the bidirectional setup allowed feature extraction from
both forward and reverse sequences of the time series. Despite this, LSTM and GRU architectures
remain more common in offshore engineering due to their simplicity and ability to effectively capture
temporal patterns.

While literature demonstrates the successful prediction of ship motion using hybrid models, no existing
studies have modeled the motion of floating offshore structures using CNN-LSTM or CNN-GRU archi-
tectures. Therefore, the hybrid model proposed by Li et al. represents a state-of-the-art approach in
this domain.

Figure 1.13: The hybrid CNN-GRU architecture used to forecast ship motion. Including a 1D CNN layer, Gated Recurring Unit
layer, and an attention layer.

The combination of these studies demonstrates that deep learning models can be highly complex and
challenging to manage. A model that appears suitable for a specific problem does not always yield the
best results. Proper tuning of input parameters is crucial when employing different approaches, as it can
significantly enhance the model’s performance. Additionally, increasing the amount of data does not
always improve the results. Nevertheless, existing literature indicates that there remains considerable
potential for further exploration in applying deep learning to offshore floating engineering problems.
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1.6. Research Questions
This research will explore the potential of machine learning in engineering by predicting the tilt response
of VLFSs, which serve as the floating foundations for OFPVs. The goal of this research is to answer
the following research question:

How to develop and optimize a surrogate machine learning model to accurately predict the tilt response
of very large floating structures?

In order to answer this main research question, it is divided in the following sub-questions that will be
answered throughout this thesis:

• How effectively do temporal (e.g., LSTM) and spatial (e.g., CNN) neural networks address the
interplay between wave-induced motions and tilt response in offshore floating solar platforms?

• How do variations in environmental input parameters (e.g., wave height, peak period) affect the
performance of the surrogate model?

• What challenges and advantages arise when implementing real-time deep learning models for
predicting VLFS tilt responses under varying environmental conditions?

• How do variations in deep learning model architectures (e.g., CNN, LSTM, hybrid models) influ-
ence accuracy and computational efficiency in tilt response prediction?

• Towhat extent can the final surrogatemachine learningmodel be considered reliable for predicting
VLFS tilt responses across varying scenarios?

1.7. Research Scope
Literature such as [24] and [1] has explored the response of floating structures and identified variables
critical to the design of OFPVs. Where these traditional FE-FSI simulations, while highly accurate,
are resource-intensive and impractical for large-scale or real-time applications. This research aims to
extend these studies by proposing multiple deep learning frameworks that can predict the tilt response
of a specific OFPV system instantaneously (once trained), for varying environmental scenarios. Such
a model opens the door for site-adapted operational rules, near real-time operational decision support,
and integrated digital twin solutions. However, the proposed model is not meant to replace FE-FSI
simulations entirely. Rather, it augments them by serving as a surrogate for repeated or real-time
predictions, thus substantially reducing computational overhead during the conceptual design phase
or routine monitoring.

The scope of this research excludes the effect of mooring lines on the structure, as well as the direct
calculation of power output. Instead, the model focuses on predicting the tilt response of the structure
under irregular wave conditions, based on linear wave theory. While the calculation of power output is
outside the scope of this thesis, it can be addressed in future studies by conducting an optoelectrical
analysis that incorporates the tilt response predicted by this model as an input. For the purposes of this
thesis, maximizing the power output of OFPVs is equivalent to minimizing the tilt angle, φ (previously
denoted as β), as demonstrated in Section 1.2.

1.8. Research Methodology
The research questions will be addressed using a conceptual framework consisting of seven sequential
steps, from data acquisition to model comparison. The structural response data (target data) is already
available and depends on the material properties of the structure and the sea state parameters (input
data). The objective is to develop and compare multiple surrogate machine learning models for pre-
dicting the tilt response of VLFSs. These models include a CNN, an LSTM, and a CNN-LSTM hybrid
model. The optimization of these models will involve tuning their hyperparameters.

Automated tuning methods, such as Bayesian Optimization, Grid Search, Hyperband, and Random
Search, are often preferred because they rely on probabilistic models, systematic enumeration of pos-
sible combinations, or (partial) random sampling from the hyperparameter space. However, since this
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thesis serves not only as a research project but also as a learning experience, an iterative trial-and-error
approach is employed to optimize hyperparameters and gain a better understanding of their sensitivity.

Figure 1.14 presents the flowchart of the methodology, followed by a detailed description of each step.

Figure 1.14: Flowchart of the methodology of this research.

These seven sequential steps, involved in following the flowchart, together with their required necessi-
ties, are enumerated below.

1. Data Acquisition: Collect the material properties, sea state parameters, and structural response
data of the OFPVs from simulations performed using the FE-FSI model. The majority of the data
that is needed for this research is already available. Therefore, this step of the methodology will
not be a part of the research.

2. Data Preprocessing: In this step, the available data will be analyzed, processed, and prepared
for model development. If necessary, downsampling will be performed to reduce data size while
preserving important features. The data will then be split into training, validation, and test sets,
followed by data scaling and other preprocessing steps as required. Additionally, the data will
be converted to tensors for compatibility with machine learning frameworks such as TensorF low
and Keras.

Required software, equipment, access, training, accreditation:

• DelftBlue
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• Python
• Python packages (TensorF low,Keras, Scikit − learn,Matplotlib, etc.)

3. Model Development: In this step the deep-learning model will be created. This process will start
with building the backbone architecture. The initial hyperparameters will be based on assump-
tions and engineering intuition.

Required software, equipment, access, training, accreditation:

• Python
• Python packages (TensorF low,Keras, Scikit − learn,Matplotlib, etc.)
• GitHub repositories

4. Model Training and Validating: The model will be trained using the training set, while the vali-
dation set will be used to monitor performance during training. Performance metrics such as loss
and accuracy will be tracked to guide hyperparameter adjustments later on.

Required software, equipment, access, training, accreditation:

• GPU Resources
• Python
• Python packages (TensorF low,Keras, Scikit − learn,Matplotlib, etc.)

5. Model Testing: The model will be tested using the unseen test set to evaluate its generalization
performance. Prediction errors will be analyzed, and a small sensitivity analysis will be conducted
to assess the impact of key features and hyperparameters on the model’s output.

Required software, equipment, access, training, accreditation:

• Python
• Python packages (TensorF low,Keras, Scikit − learn,Matplotlib, etc.)

6. Model Adjustment: To ensure the model’s reliability, it is crucial to enhance its accuracy. There-
fore, this step circles back to step 3 of this methodology, and involves revisiting the model archi-
tecture and hyperparameters to improve performance. Adjustments will be made iteratively, and
the process will continue until no further significant improvements are observed.

Required software, equipment, access, training, accreditation:

• GPU Resources
• Python
• Python packages (TensorF low,Keras, Scikit − learn,Matplotlib, etc.)

7. Model Comparison and Error Quantification: In this final step, the developed and optimized
deep learning models will be compared based on their prediction accuracy, computational effi-
ciency, and error metrics. The model with the best overall performance will be selected as the
final surrogate model. Finally, an error quantification analysis will be conducted to assess the
reliability of the selected model.

Required software, equipment, access, training, accreditation:

• Python
• Python packages (TensorF low,Keras, Scikit − learn,Matplotlib, etc.)



2
Dataset

This chapter introduces the dataset generated using the FE-FSI model, which will serve as the input
and target data for the deep learning models developed in this research. Section 2.1 discusses the
environmental conditions and structural properties used in the simulations. In Section 2.2, the gen-
erated simulation data is reviewed, and the process of converting simulation output into input data is
explained, including any assumptions or simplifications made. Finally, Section 2.3 outlines the prepro-
cessing steps required to prepare the input data for the deep learning models.

2.1. Environmental Setup
The analysis is based on environmental data from an offshore meteorological station in the North Sea
(53°24’42.0”N, 6°11’57.0”E) for the year 2017. Hourly wind data are used to compute the significant
wave height (Hs) and peak period (Tp), with these environmental properties constrained by the values
listed in Table 2.1. The tilt (target data) is induced by waves generated using the JONSWAP (Joint North
Sea Wave Project) spectrum and a random phase for each storm. It should be noted that combining
all possible phase shifts with each storm would result in an unmanageably large input dataset, making
model training infeasible. Incorporating uncertainty quantification or a probability density function for
this parameter could improve the reliability of the input set. However, this enhancement lies beyond
the scope of this research. Therefore, the spectral density input values are used with a single set of
random phase shifts.

Table 2.1: Environmental Properties.

Property Symbol Value
Water depth d 30m
Significant wave height Hs Hs ∈ [0.050m, 14.869m]
Peak wave period Tp Tp ∈ [0.628 s, 16.250 s]

To simulate the required input and target data, the floating platform is hypothetically positioned in the
North Sea with a constant water depth of d = 30,m and a South-facing orientation (180◦). For this
study, the platform length is also fixed at Ltot = 100,m. Existing OFPVs typically consist of multiple
interconnected floaters, which help to reduce overall structural stress and material usage. In the case
of Ltot = 100,m, the platform configuration can be defined as:

Lf =



100 m, if Nf = 1

50 m, if Nf = 2

20 m, if Nf = 5

10 m, if Nf = 10

4 m, if Nf = 25

2 m, if Nf = 50

for Nf ∈ {1, 2, 5, 10, 25, 50}

19
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As this research focuses primarily on evaluating the performance of deep learningmodels under varying
environmental conditions, the dataset corresponding to a single floater (Nf = 1) is used as input and
target data.

The floating platform is constructed from high-density polyethylene (HDPE) with a standard thickness of
hb = 0.2,m. Although the weight of the photovoltaic (PV) panels is negligible compared to the floating
structure, it is still included in the platform’s mass. The selected PV module design has a length of
Lpv = 1.420,m. A summary of the structural properties of the floating platform is provided in Table 2.2.

Table 2.2: Structural Properties of the floating platform.

Property Symbol Value
Floater thickness hb 0.2m
Cross-section Moment of Inertia per unit width I = 1

12h
3
b 6.667×10−4m3

Young’s Modulus E = EHDPE 500MPa

Mass per unit area m 192.956 kgm−2

Characteristic hydro-elastic length λc 15.076m
Total length floating platform Ltot 100m
Length PV module Lpv 1.420m

2.2. Simulation Data
In Section 1.5, various deep learning approaches relevant to this topic were introduced. Consequently,
Section 1.8 focuses on investigating multiple deep learning architectures with increasing model com-
plexity, aiming to develop a model that best predicts the response of VLFSs.

Since different deep learning models require different inputs and targets, the CNN model, which excels
at recognizing spatial patterns, uses a JONSWAP spectrum as input. The significant wave height (Hs)
and peak period (Tp) provided in Section 2.1 are used to compute the JONSWAP spectrum (Equation
2.1), which is subsequently converted into a one-dimensional array containing spectral density values
across various frequencies.

S(f) = αg2f−5 exp

(
−1.25

(
fp
f

)4
)
γ
exp

−
[f − fp]

2

2σ(f)2f2
p


(2.1)

Where:

• S(f): Spectral density at frequency f (in m2/Hz ).
• α: Empirical constant for the JONSWAP spectrum, calculated as:

α = 0.076

(
H2

s

T 4
p

)

• g: Acceleration due to gravity (g = 9.81m/s
2).

• f : Frequency (in Hz).

• fp: Peak frequency, calculated as fp =
1

Tp
.

• γ: Peak enhancement factor (default value γ = 3.3).
• σ(f): Spectral width parameter, defined as:

σ(f) =

{
0.07, if f ≤ fp

0.09, if f > fp
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Since the primary objective is to predict the tilt response of the VLFS over time, a time series of the tilt is
the most appropriate form of target data. Accordingly, the FE-FSI model generates a time series output
of the tilt at various points along the floating platform. Virtual sensors are placed at 2-meter intervals,
starting from x = 1,m and ending at x = 99,m. The position of the i-th sensor is given by:

xi = im, for i = 1, 3, 5, . . . , 99.

For this CNN model, the input data XCNN and target data Y extracted from the simulations will have
the shapes

XCNN ∈ RNsamples×Nfreq_bins×1

Y ∈ RNsamples×Ntime_steps×Nsensors

Here, Nsamples = 8760 corresponds to the number of samples derived from hourly wind data over a full
year (24 × 365); Nfreq_bins represents the number of frequency bins used in the JONSWAP spectrum;
Ntime_steps denotes the number of time steps, with a default value of 14400 time steps per hour at intervals
of 0.25 s; andNsensors = 50 represents the number of virtual sensor locations along the floating platform.

It should be noted that when dealing with power output, the total number of samples Nsamples is less
than 8760, as solar energy production is not continuous throughout the day.

When using an LSTMmodel, which excels at capturing temporal patterns, it is crucial to adjust the input
and target data to fully utilize the model’s strengths. While spatial information about the floating platform
may be relevant, the platform’s response is assumed to be harmonic and primarily time-dependent.
Therefore, both the input and output data should be time-dependent to effectively capture temporal
patterns. The target data for the LSTM model can retain the same shape and form as that used for the
CNN model, as it already represents sequential data, making it well-suited for LSTM models. However,
the input parameters Hs and Tp lack temporal resolution, as they are summary statistics describing
the overall sea state during a specific time interval, without detailed information on how the sea state
evolves within that interval. To address this limitation, a different type of input is needed to provide
time-resolved information about the sea state.

The wave elevation η (Equation 1.10), which varies with time, can serve as a suitable input. Assuming a
time step∆t = 0.25, s, the wave elevation provides detailed information about the sea state at intervals
of 0.25 seconds. Let η−∞(t) and η0(t) denote the undisturbed far-field and undisturbed upstream wave
elevations, respectively. With the target data Y unchanged, the input data XLSTM will have the shape:

XLSTM ∈ RNsamples×Ntime_steps×2

This generalizes to the case where more locations of known wave elevation can be included:

XLSTM ∈ RNsamples×Ntime_steps×Nwave_elevation_locations

In a hybrid model that combines both CNN and LSTM architectures, the inputs for both models are
utilized. The initial input, XCNN, is processed by the CNN component of the hybrid model, after which
the LSTM input is incorporated at a later stage. Further details regarding the architecture, as well as
the input and output shapes, are provided in Section 3.3.

2.3. Data Preparation
With the input and target data defined, the next step is to prepare the data for model training. A key
consideration regarding the target data is its size. A large target dataset increases computational load
and model complexity, potentially reducing generalization capability. Downsampling the dataset can
significantly reduce its size, improving training efficiency.
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While the number of sensors (Nsensor) cannot be reduced, as monitoring the response along the struc-
ture is essential, the number of samples (Nsamples) can be adjusted. Using 8,760 samples per structural
configuration would generate an enormous dataset, likely exceeding available RAM/VRAM capacity.
The number of selected samples may vary depending on the model and will be discussed in Chapter
3. Nonetheless, examining the sample distribution is necessary.

The magnitudes of significant wave height (Hs) and peak period (Tp) vary considerably, as shown by
the bounds in Table 2.1. However, extreme values are rare in the North Sea. Figure 2.1 presents the
seasonal distribution of Hs and Tp using boxplots. The figure shows that these bounds are outliers,
with over 50% of Hs values below 2.0 m and more than 50% of Tp values below 8.5 s.

(a) (b)

Figure 2.1: Boxplots per season of a) hourly significant wave height values and b) hourly peak period values.

A more detailed visualization of the data is provided in Appendix A, where the distribution is shown per
month. The majority of outliers occur during the autumn and winter months, except for June, which
likely experienced a few stormy days. While outliers are often not representative of the overall dataset,
they are relevant in this case, as such extreme weather conditions occasionally occur. When significant
wave heights reach nearly 15 meters, the storms are considered extreme, often linked to cyclonic activ-
ity. It is highly unlikely that OFPVs operate under these conditions, particularly given the accompanying
cloud coverage. Therefore, in terms of power output, the response of OFPVs under such conditions
is irrelevant. However, these extreme events are crucial for assessing the structural integrity of the
platform.

Due to the limited availability of information on maximum wave conditions during OFPV operations, a
maximum significant wave height of 7.5 meters is selected. This threshold is based on the maximum
operational wave height for offshore floating wind turbines [21] and constraints from existing OFPVs
[25]. Consequently, all samples with Hs > 7.5 meters will be excluded from the dataset. Additionally,
samples where the tilt φ remains below 0.1° at all time instances will be removed, as such values are
negligible and can be treated as zero tilt.

These extreme values are rare and likely underrepresented in the dataset, which can hinder the model’s
ability to handle them effectively during training. Removing these outliers is expected to enhance the
model’s performance.

Since seasonal variations significantly influence the response of OFPVs, it is essential to ensure that
the selected samples are distributed evenly across the entire year to maintain model generalizability.
Figure A.3 in Appendix A presents a boxplot of the standard deviation of the tilt per month. This figure,
consistent with other boxplots in the appendix, demonstrates a positive correlation between Hs, Tp,
and the tilt φ. Consequently, larger input values correspond to larger output values.
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Figure 2.2: Quartile JONSWAP spectra for each season

Figure 2.2 presents the quartile JONSWAP spectra for each season, illustrating how the spectrum
evolves with varying values of Hs and Tp. The median JONSWAP spectrum for each season is repre-
sented by the blue line. When the values are below the median, the spectrum aligns more closely with
the green dotted line, while values above the median correspond to the red dotted line. In 75% of the
cases, the spectrum shape lies within the grey area, representing the interquartile range.

Notably, the peak heights of the spectra vary significantly across seasons, indicating that average wave
heights are larger in autumn and winter compared to spring and summer. Additionally, the spectra
become more peaked with increasing wave heights and more flattened for smaller waves. This effect
is particularly evident in the 5th percentile JONSWAP spectrum shown in Figure 2.3.
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Figure 2.3: 5th percentile JONSWAP spectra for each season

In these graphs, less than 5% of the data exhibits a spectral density value S(f) greater than 1 ×
10−4,m2/Hz for frequencies above 1 Hz. Therefore, it is reasonable to assume a maximum frequency
of 1 Hz, corresponding to a 1-second period. Each sample from the FE-FSI model consists of 14,400
time steps with a time interval of ∆t = 0.25, s, resulting in a sampling frequency of 4 Hz. Consequently,
each sample can be downsampled by a factor of 4, reducing its size while retaining nearly all relevant
information.

Another essential preprocessing step is scaling. Large datasets often contain features with varying
magnitudes, where those with larger values can dominate the learning process, distorting the model’s
performance. Scaling ensures that all features contribute uniformly, enhances optimization efficiency,
and prevents numerical instability. The most commonly used scaling method is Min-Max scaling (nor-
malization), which transforms features to a fixed range [0, 1]. However, since the target values (the tilt
φ) can be both positive and negative, standard scaling (standardization) is preferred. Standard scaling
centers the data around a mean µ of zero and scales it to have a standard deviation σ of one, as defined
by:

Xscaled =
X − µX

σX
. (2.2)

Yscaled =
Y − µY

σY
. (2.3)

Before standardization, it is essential to split the dataset into training (70%), validation (15%), and test
(15%) sets. To maintain alignment between inputs and outputs after randomization, all data is split
simultaneously. Given the wide dispersion of values in the dataset, it is crucial to ensure that each
set contains a balanced representation across various value intervals. For instance, if the training
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set contains a disproportionate number of small values, these values may be underrepresented in the
validation and test sets, potentially degrading model performance.

Stratified sampling addresses this issue by dividing the data into bins—value intervals typically based
on the mean of a sample. However, since the dataset contains both positive and negative values,
using the mean directly is inappropriate. Instead, using the absolute value of the mean provides a
more accurate measure of the sample’s magnitude.

The number of bins (Nbins) should be selected based on the dataset, as it can significantly influence
model performance. Since each model operates with its own dataset and architecture, Nbins must
be treated as a variable. Furthermore, as Nbins can either enhance or degrade performance, it is
considered a hyperparameter.

Once the data is split, the scaling parameters are determined using only the training set and applied
uniformly to all sets. It is important to fit the scaling parameters exclusively on the training set to avoid
data leakage.

With the data properly preprocessed, it is now ready for use in model training.



3
Model configuration

As discussed in Section 1.5, comparing different deep learning models is crucial. Each model responds
differently to specific inputs and often requires tailored input formats for optimal performance. Never-
theless, deep learning models also share common characteristics. This chapter focuses on building
and analyzing the different models, with an emphasis on their differences, which may explain why a
particular model is best suited for this problem.

The first model, a CNN, is detailed in Section 3.1, covering its architecture, input and output types (and
shapes), and relevant hyperparameters. Section 3.2 introduces a fundamentally different model: an
LSTM. This section highlights key differences in architecture, input, and hyperparameters between a
model designed for grid-like data and one intended for sequential data. Finally, Section 3.3 presents a
hybrid model that integrates both CNN and LSTM architectures.

The objective of the models is to accurately predict the tilt response of a VLFS—a complex task due
to the numerous parameters involved in fluid-structure interaction. Among other inputs, environmental
conditions, the number of floaters, and the structural stiffness all significantly influence the response
of the VLFS. The combination of these parameters can simulate an VLFS well, but it can result in
large datasets and high model complexity. In this thesis, the input is limited to Case 1: Base Case,
as shown in Table 3.1 and Figure 3.1. While the table and figures outline additional aspects for future
investigation, this thesis focuses exclusively on the base case due to the primary research objective
and time constraints. Further research could explore Case 2 and Case 3 in greater depth to gain
a more comprehensive understanding of the VLFS response. The values of Nf in Case 2 and the
values of both Nf and EIf in Case 3 are left open, as they can be chosen arbitrarily depending on the
researcher’s focus. Please note that the length of the floater, Lf , can never be smaller than the length
of the PV module, Lpv.

Table 3.1: Three distinct input scenarios that could significantly affect the tilt response of OFPVs.

Case Variable/Constant Input

Case 1: Base Case
Hs ∈ [0.050m, 14.869m], Tp ∈ [0.628 s, 16.250 s]

Nf = 1
EIf = EIHDPE = 333.35 kNm

Case 2: Multiple Floaters
Hs ∈ [0.050m, 14.869m], Tp ∈ [0.628 s, 16.250 s]

Nf ∈ [..., ...]
EIf = EIHDPE = 333.35 kNm

Case 3: Multiple Floaters +
Varying Stiffness

Hs ∈ [0.050m, 14.869m], Tp ∈ [0.628 s, 16.250 s]
Nf ∈ [..., ...]

EIf ∈ [..., ...] kNm
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(a)

(b)

(c)

Figure 3.1: Schematic of an OFPV platform showing (a) one floater, (b) multiple floaters interconnected through hinges, and (c)
multiple floaters with variable stiffness.

3.1. Convolutional Neural Network
This section outlines the configuration of the CNN model, focusing on three key criteria: input parame-
ters, model architecture, and hyperparameters. Each aspect will be described and analyzed to evaluate
how the model handles generalization and increasing data size.
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3.1.1. Input parameters
After the preprocessing steps in Section 2.3, the data is prepared for use in the model. Since this
research focuses exclusively on Case 1, only the environmental input varies, with changes in significant
wave height (Hs) and peak period (Tp) resulting in different sample inputs. Each storm is associated with
a specific Hs and Tp, leading to distinct JONSWAP spectra. The number of frequency bins, Nfreq_bins,
is set to 300, starting from 0.01 Hz with a step size of 0.01 Hz. Consequently, each sample consists of
an array of 300 spectral density values.

To balance computational efficiency with model complexity, Nsamples is set to 3000, ensuring sufficient
training samples across various value ranges for effective generalization. The resulting input shape for
the CNN is XCNN = (3000, 300, 1).

3.1.2. Model architecture & Hyperparameters
The architecture of the model can be described as a classic CNN with 4 convolutional layers and 2
dense layers, before reshaping it to the appropriate output format. A brief summary of all the layers
is provided below. All the layer configurations and their corresponding shapes are illustrated in Figure
3.2.

1. Input Layer: Serves as an entry point in the model for the spectral density values derived from
the JONSWAP spectrum.

2. First Convolutional Block

• Layers:

– Conv1D: 64 filters, kernel size 3, padding: ’same’
– Activation function: Hyperbolic Tangent (tanh)
– MaxPooling1D: Pool size 2

• Function: Captures the initial features with a moderate number of filters, followed by a
tanh activation function that introduces non-linearity into the network. The tanh activation
function is particularly useful when dealing with both positive and negative values, ensuring
that negative values are appropriately transformed and propagated through the network.
The max pooling layer reduces the dimensions of the feature maps, thereby decreasing
the number of parameters, ensuring translational invariance, and increasing computational
efficiency. Since the output values are centered around zero, the maximum values provide
more information than the average values, hence the choice of max pooling.

3. Second Convolutional Block

• Layers:

– Conv1D: 128 filters, kernel size 3, padding: ’same’
– Activation function: Hyperbolic Tangent (tanh)
– MaxPooling1D: Pool size 2

• Function: With an increasing number of filters, this layer captures more complex patterns.
The same activation and pooling strategies are applied to enhance the model’s feature ex-
traction capabilities.

4. Third Convolutional Block

• Layers:

– Conv1D: 256 filters, kernel size 3, padding: ’same’, L2 Regularizer: 0.001
– Activation function: Hyperbolic Tangent (tanh)
– MaxPooling1D: Pool size 2

• Function: Further increases the number of filters and feature extraction capabilities. A
weight decay algorithm (L2 Regularizer) is introduced, to add a penalty to the gradient and
reduce overfitting, leading to an enhanced model generalization.

5. Fourth Convolutional Block
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• Layers:

– Conv1D: 512 filters, kernel size 3, padding: ’same’
– Activation function: Hyperbolic Tangent (tanh)
– MaxPooling1D: Pool size 2

• Function: This last convolutional block maximizes the network’s capacity to learn high-level
features. The large number of filters enhances the model’s ability to make accurate predic-
tions.

6. Flattening Layer: This layer serves as a preparatory step for the upcoming fully connected layer.
It reduces the multi-dimensional output of the convolutional blocks to a single vector.

7. First Dense Layer

• Layers:

– Dense: 512 units
– Activation function: Hyperbolic Tangent (tanh)

• Function: This first dense layer interprets the features extracted by the convolutional layers
and learns complex combinations and interactions between those features. While convolu-
tional layers are useful for detecting local patterns, dense layers are effective for capturing
global patterns. The number of units is chosen to match the number of filters in the last
convolutional layer, balancing model size and complexity.

8. Second Dense (Output) Layer

• Layers:

– Dense: 180,000 units
• Function: Produces the final prediction output, which is then reshaped to the desired tem-
poral and spatial dimensions of (3600, 50). This represents the tilt at 50 locations along the
floating platform for every second in an hour. This layer accounts for more than 90% of the
total trainable parameters, making it the most critical layer. Note that no activation function
is used in the output layer as it constrains the output to a certain range, which is undesirable.
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(a) Convolutional Layer 1 (b) Convolutional Layer 2 (c) Convolutional Layer 3

(d) Convolutional Layer 4 (e) Dense Layers

Figure 3.2: Layer configuration of the CNN model architecture. Each black box corresponds to the name of the layer, with its
corresponding input and output shape noted in the white box. Note that the output of one layer serves as the input for the

subsequent layer.

The training of this architecture is fully supervised and conducted in batches usingMini-Batch Stochastic
Gradient Descent with the Adam optimizer. The number of convolutional and dense layers is selected
to optimize performance while maintaining a manageable model size to avoid Out-Of-Memory (OOM)
errors. The data is stratified into six bins (Nbins = 6). A batch size of 8 is chosen to balance com-
putational efficiency and memory consumption. The Adam optimizer employs the Huber loss function
(Equation 3.1), which combines mean squared error and mean absolute error. It behaves quadratically
for small errors and linearly for large errors, making it less sensitive to outliers—a crucial feature given
the significant presence of outliers in the dataset, as shown in Figure 2.1.

During training, the learning rate is managed using the ReduceLROnPlateau scheduler, starting at
0.001. This scheduler reduces the learning rate by half if the validation loss does not improve for three
consecutive epochs. The maximum number of epochs is set to 30, with early stopping applied after
10 epochs to prevent overfitting. An overview of all the fixed training parameters and hyperparameters
used in this architecture is provided in Table 3.2.

Lδ(y, ŷ) =

{
1
2 (y − ŷ)2 for |y − ŷ| ≤ δ,

δ ·
(
|y − ŷ| − 1

2δ
)

otherwise.
(3.1)
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Where:

• y is the true value.
• ŷ is the predicted value.
• δ is a threshold parameter that determines the point where the loss function transitions from
quadratic to linear.

Table 3.2: Fixed parameter and hyperparameter specifications for the CNN architecture.

(Hyper)parameter Value
Loss function Huber (δ = 2.0)
Optimizer Adam
Learning rate (ReduceLROnPlateau) 0.001 (start value)
Nr. of Epochs 30
Nr. of Conv. Layers 4
Nr. of Dense Layers 2
Nr. of Input Channels 1
Activation Function Tanh
Nbins 6
Early Stopping (Patience) 10
L2 Regularizer 0.001 (3rd layer)
Kernel Size 3
Stride 1
Padding ‘same’
Number of learnable parameters 97,576,352
Model size 372.22 MB
Training time 220 s
Evaluation time 2.31 s
Memory usage (RAM) 17.71 GB
GPU utilization 22%
GPU memory usage (VRAM) 12.57 GB

3.2. Long Short-Term Memory
This section discusses the configuration of the Long Short-TermMemory (LSTM) model, which is partic-
ularly suited for sequential data. Consequently, both the model architecture and input data differ from
those of the CNN model. Subsection 3.2.1 covers the various inputs used for the LSTM model, while
Subsection 3.2.2 introduces the model architecture and its corresponding hyperparameters.

3.2.1. Input parameters
In the previous chapter, two wave elevations, η−∞(t) and η0(t), were introduced. Both parameters
contribute to the LSTM input XLSTM. Since the target data is downsampled to a 1-second time interval,
the wave elevations are similarly downsampled, resulting in an input shape of (3000, 3600, 2).

Although LSTMs are designed to handle long sequences, excessively long sequences can complicate
the training process and increase computational cost. To address this, a sliding window approach is
employed to segment the data into manageable, fixed-length windows, enabling the model to focus on
relevant time horizons. Given that wind-induced waves typically have peak periods around 16 seconds,
using the entire 3600-second sequence is unnecessary. Since the dataset is filtered, a peak period
exceeding 12 seconds is unlikely. Using this peak period as a reference, the wave number can be
calculated via the dispersion relation:

ω2 = gk tanh(kd) =⇒ (
2π

12
)2 = 9.81 · k tanh(30 · k). (3.2)

Using the wave number and peak period, the phase speed can be calculated, resulting in c = 14.75
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ms−1. Consequently, a wave will traverse the 100-meter platform in under 7 seconds. This indicates
that a sliding window of at least 7 seconds is sufficient, making the use of the entire 3600-second
sequence unnecessary and inefficient. However, reducing the window size too much increases com-
putational complexity. Therefore, a well-balanced window size must be selected.

In the sliding window approach, a windowW of lengthWL is moved across the entire time series with a
step size WS . Each window is processed independently, and the outputs are reshaped back into their
original chronological order. The sliding window is defined as:

Xwindows = {Xoriginal[n, t : t+WL, :] | n = 0, . . . , NW − 1; t = 0,WS , 2WS , . . . , T −WL}, (3.3)

ywindows = {yoriginal[n, t : t+WL, :] | n = 0, . . . , NW − 1; t = 0,WS , 2WS , . . . , T −WL}. (3.4)

Where T is the total time series length, and the number of windows NW is defined as (T−WL

WS
+ 1) ×

Nsamples. The input will now have a shape (213000, 100, 2), withWL = 200s, andWs = 190s. The output
will be of the shape (56685, 200, 50), before reshaping it to (3000, 3600, 50).

In this case the step size is smaller than the window size, resulting in overlapping windows. This overlap
ensures that every last bit of the window also influences the next window. The values of WL = 200s,
and Ws = 190s are chosen to create overlapping windows, and to balance computational efficiency
with the minimum window size, as mentioned before. To ensure the overlapping windows don’t affect
the output shape, the average of the overlapping values is taken.

3.2.2. Model architecture & Hyperparameters
The architecture of the LSTM model is an expansion on the classic RNN model, with the aim at mitigat-
ing the vanishing gradient problem in long-term dependencies. The first stage in the LSTM architecture
is the forget gate, This is defined as ft in Figure 3.3, where:

• ft : Forget gate vector at time step t .
• σ : Sigmoid activation function, which outputs values between 0 and 1.
• Wf : Weight matrix for the forget gate.
• ht−1 : Hidden state from the previous time step.
• xt : Current input vector.
• bf : Bias vector for the forget gate.

In this part of the architecture the model determines which elements of the cell state is relevant based
on the previous time step and the new input data. This stage can be seen as a filter stage, where
the filter determines what information, and how much, is being discarded or retained based on a value
provided by the sigmoid activation function.

The following stage is the input gate, where:

• it : Input gate vector at time step t .
• C̃t : Candidate cell state vector (proposes new information).
• Wi,WC : Weight matrices for the input gate and candidate cell state.
• bi, bC : Bias vectors for the input gate and candidate cell state.

This gate act as a gatekeeper for new information. It determines to what extent new information is
added from the candidate cell state, which creates new potential candidate values for the cell state.
The candidate values are proposed through a tanh activation function.

The final stage is the output gate. The output gate determines what the output should be as the hidden
state for the current time step. This hidden state is used for predictions and passed to the next time
step. This final stage is also shown in Figure 3.3, where:
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• ot : Output gate vector at time step t .
• ht : Hidden state (output) at time step t .
• Wo : Weight matrix for the output gate.
• bo : Bias vector for the output gate.

Figure 3.3: An LSTM memory cell, including a forget gate, input gate, and output gate [18].

The full sequence of these three stages complete one time step. The selected information will then
be stored and transferred to the next time step, until all the time steps in a window are predicted.
Increasing the number of LSTM layers, increases the model’s complexity and number of learnable
parameters. Therefore multiple LSTM layers are selected, with each an increasing number of units.
A short summary of the model’s architecture and layers is given below. The layer configurations, and
corresponding shapes are depicted in Figure 3.4.

1. Input Layer: Serves as an entry point in the model for the wave height values η−∞(t) and η0(t),
which are the only two features in this model.

2. First LSTM Block

• Layers:

– LSTM: 64 units
– Activation function: Hyperbolic Tangent (tanh)
– Recurrent Activation function: Sigmoid

• Function: Captures the temporal dependencies of the input data and maintains a hidden
state of 64 dimensions. This layer learns to retain important information from the input se-
quence and pass it forward to the subsequent layers.

3. Second LSTM Block

• Layers:

– LSTM: 128 units
– Activation function: Hyperbolic Tangent (tanh)
– Recurrent Activation function: Sigmoid
– Batch Normalization
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• Function: Further processes the temporal information extracted by the first LSTM layer and
increases themodel’s capacity to learn with 128 hidden units. Includes a batch normalization
to stabilize and accelerate the training process.

4. Third LSTM Block

• Layers:

– LSTM: 256 units
– Activation function: Hyperbolic Tangent (tanh)
– Recurrent Activation function: Sigmoid
– Batch Normalization

• Function: Further deepens the network to capture more complex sequences. With 256
units the model’s capacity to learn also further increases. Again a batch normalization is
added to normalize the output and ensures subsequent layers have consistent statistical
properties.

5. Fourth LSTM Block

• Layers:

– LSTM: 512 units
– Activation function: Hyperbolic Tangent (tanh)
– Recurrent Activation function: Sigmoid

• Function: Last sequential layer. Adds significant depth to the model, allowing it to capture
very complex temporal patterns.

6. First Time Distributed Dense Layer

• Layers:

– Dense: 512 units
– Activation function: Hyperbolic Tangent (tanh)

• Function: Applies a fully connected layer at each time step individually. It facilitates the
modeling of time-dependent patterns before the production of the final output.

7. Second Time Distributed Dense Layer

• Layers:

– Dense: 50 units
• Function: Maps the transformed features from the previous dense layer to the desired out-
put dimensionality (e.g., 50), representing the tilt at 50 locations along the floating platform.
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(a) LSTM Layer 1 (b) LSTM Layer 2 (c) LSTM Layer 3

(d) LSTM Layer 4 (e) Time Distributed Dense Layers

Figure 3.4: Layer configuration of the LSTM model architecture. Each black box corresponds to the name of the layer, with its
corresponding input and output shape noted in the white box. Note that the output of one layer serves as the input for the

subsequent layer.

The training of this LSTM model is also fully supervised. The window size is 200 seconds, with a step
size of 190 seconds. This ensures a consistent 10-second overlap, adhering to the minimum overlap
time discussed earlier. The Adam optimizer is used for gradient descent, with a Huber loss function
where the parameter δ is set to 1.0. The learning rate scheduler ReduceLROnPlateau is employed
with an initial learning rate of 0.001. The stratified sampling parameter Nbins is set to 8. A batch size
of 64 is chosen to balance computational efficiency and model generalization. Early stopping is set at
15 epochs, as overfitting is unlikely due to the relatively limited input data compared to the CNN model.
All fixed training parameters and hyperparameters used in this architecture are summarized in Table
3.3.

3.3. Convolutional Neural Network - LSTM hybrid
In this final model configuration section, the two previously discussed models are combined. The spa-
tial pattern recognition capabilities of the CNN are integrated with the sequential processing strengths
of the LSTM. The model architecture largely follows a sequential combination of the two models, uti-
lizing both inputs. Subsection 3.3.1 analyzes the model’s inputs and specifies where the two inputs
are incorporated. Subsection 3.2.2 presents the combined architecture and outlines the modifications
made by merging the two models.

3.3.1. Input parameters
Combining the CNN and LSTM models requires merging their respective inputs, which presents a
challenge since the CNN input is time-independent while the LSTM input is time-dependent. The
same inputs, XCNN and XLSTM, are used as in the previous models. The input XLSTM has a shape
of (3000, 3600, 50), and as discussed in Section 3.2, including 3600 time steps per epoch is computa-
tionally infeasible and may result in Out-Of-Memory errors. Therefore, a windowing approach is again
employed for the hybrid CNN-LSTM model.

Ideally, windowing would be applied only toXLSTM, as it is primarily needed for the LSTM part. However,
the machine learning package TensorF low requires that multiple inputs have the same length along
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Table 3.3: Fixed parameter and hyperparameter specifications for the LSTM architecture.

(Hyper)parameter Value
Loss function Huber (δ = 1.0)
Optimizer Adam
Learning rate (ReduceLROnPlateau) 0.001 (start value)
Nr. of Epochs 30
Nr. of LSTM Layers 4
Nr. of Dense Layers (Time Distributed) 2
Nr. of Input Channels 1
Activation Function Tanh
Recurrent Activation Function Sigmoid
Nbins 8
Early Stopping (Patience) 15
Number of learnable parameters 2,374,962
Model size 9.06 MB
Training time 3,942 s
Evaluation time 6.20 s
Memory usage (RAM) 22.02 GB
GPU utilization 85%
GPU memory usage (VRAM) 8.42 GB

the first dimension (number of samples). Applying windowing solely to XLSTM results in a mismatch, as
its first dimension becomes larger than that of XCNN due to the reduction of the second dimension to
length WL. Consequently, windowing must be applied to both inputs.

The second dimensions of XCNN and XLSTM also differ: XCNN has a second dimension of length 300,
representing spectral density values, while XLSTM has a length of 3600, representing time steps. To
reconcile this discrepancy, XCNN is concatenated 12 times along its second dimension, ensuring that
the correct spectral density values correspond to the appropriate samples. The window size WL and
step size WS are both set to 300, matching the number of spectral density values per sample. This
ensures that the entire JONSWAP spectrum influences each window. The trade-off is the absence of
overlapping windows, meaning each time step does not influence subsequent time steps.

Following Equation 3.3 from the previous section, the resulting shapes ofXCNN andXLSTM are (36000, 300, 1)
and (36000, 300, 2), respectively. After windowing, the data is scaled to ensure that standardization oc-
curs per window. Note that the first dimension of these tensors represents the total number of samples,
which are subsequently divided into training, validation, and test sets as described in Section 2.3.

3.3.2. Model architecture & Hyperparameters
The hybrid model combines a CNN and a LSTM architecture in series. The CNN part captures spatial
patterns from the visual representation of the spectral density values. Once processed, the output
is passed to the LSTM part, where it is concatenated with the wave elevation input XLSTM along the
feature axis. This combined tensor is then processed as sequential data per window to capture temporal
dependencies.

The CNN part comprises four convolutional layers, each followed by a pooling layer. The resulting
tensor is flattened and passed through two dense layers. The output vector is reshaped to match the
window size along the second dimension and concatenated along the third dimension with the wave
elevation input. This combined tensor is then passed through two LSTM layers, followed by a time-
distributed dense layer. The final output represents the tilt of the floating platform at 50 locations over
time, with a shape of (36000, 300, 50). A summary of the model’s architecture is provided below, with
the layer configurations illustrated in Figure 3.5.

1. First Input Layer: Serves as an entry point in the model for the spectral density values derived
from the JONSWAP spectrum.
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2. First Convolutional Block

• Layers:

– Conv1D: 64 filters, kernel size 3, padding: ’same’
– Activation function: Hyperbolic Tangent (tanh)
– MaxPooling1D: Pool size 2

• Function: This block performs initial feature extraction by applying convolutional filters to
capture local patterns in the spectral density data. The hyperbolic tangent activation intro-
duces non-linearity, enabling the model to learn complex representations. The ‘MaxPool-
ing1D‘ layer downsamples the feature maps, reducing their temporal dimension by half and
retaining the most important features, which helps in minimizing computational complexity
and controlling overfitting.

3. Second Convolutional Block

• Layers:

– Conv1D: 128 filters, kernel size 3, padding: ’same’
– Activation function: Hyperbolic Tangent (tanh)
– MaxPooling1D: Pool size 2

• Function: This block deepens the feature extraction process by increasing the number of
convolutional filters to 128, allowing the model to capture more complex and abstract pat-
terns in the data.

4. Third Convolutional Block

• Layers:

– Conv1D: 256 filters, kernel size 3, padding: ’same’
– Activation function: Hyperbolic Tangent (tanh)
– MaxPooling1D: Pool size 2

• Function: This advanced convolutional block further amplifies the feature extraction capa-
bility by utilizing 256 filters, enabling the capture of highly intricate and abstract features from
the spectral density inputs.

5. Flattening Layer: This layer serves as a preparatory step for the upcoming fully connected layer.
It reduces the multi-dimensional output of the convolutional blocks to a single vector, allowing the
dense layers to process the extracted features effectively.

6. First Dense Layer

• Layers:

– Dense: 512 units
– Activation function: Hyperbolic Tangent (tanh)

• Function: This dense layer transforms the flattened feature vector into a higher-dimensional
space with 512 units, enabling the model to learn complex, non-linear relationships within
the data. The ‘tanh‘ activation introduces non-linearity, facilitating the modeling of intricate
patterns necessary for accurate tilt predictions.

7. Second Dense Layer

• Layers:

– Dense: 76,800 units
• Function: This expansive dense layer further transforms the feature representations into
a very high-dimensional space (76,800 units), effectively preparing the data for temporal
modeling by the LSTM layers. This large number of units ensures that the rich feature set is
adequately captured and retained for subsequent sequential processing, allowing the LSTM
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layers to access a comprehensive set of features for accurate tilt prediction. The number of
units is chosen such that it can be reshaped in the following layer to the desired dimensions.

8. Reshaping Layer: Serves as a layer that reshapes the output of the previous layer to the desired
dimensions: window size WL in the second dimension, and number of features NLSTM

features in the
third dimension. Note that NLSTM

features is arbitrarily chosen to be 256, and has nothing to do with the
number of units in the following (first) LSTM block.

9. Second Input Layer: Serves as an entry point in the model for the wave height values η−∞(t)
and η0(t), which is only used in the LSTM part of the hybrid model.

10. Concatenation Layer: This layer concatenates the output of the CNN part with the second input
layer over the third dimension.

11. First LSTM Block

• Layers:

– LSTM: 256 units
– Activation function: Hyperbolic Tangent (tanh)
– Recurrent Activation function: Sigmoid
– Batch Normalization

• Function: This LSTM layer is responsible for capturing short-term temporal dependencies
in the combined feature set from the dense layers and the wave height inputs. With 256 units,
it processes the sequential data, maintaining a memory of previous time steps through its
gating mechanisms (as described in Section 3.2). The ‘Batch Normalization‘ layer normal-
izes the activations, accelerating training and improving model stability by reducing internal
covariate shift.

12. Second LSTM Block

• Layers:

– LSTM: 512 units
– Activation function: Hyperbolic Tangent (tanh)
– Recurrent Activation function: Sigmoid

• Function: This advanced LSTM layer deepens the model’s capacity to capture long-term
temporal dependencies by utilizing 512 units. It processes the output from the first LSTM
block, further refining the temporal representations and enabling the model to understand
more extended sequences of wave height variations.

13. Time Distributed Dense Layer

• Layers:

– Dense: 50 units
• Function: This layer applies a dense (fully connected) transformation to each time step
individually, mapping the rich temporal features learned by the LSTM layers to the desired
output dimensionality. With 50 units, it generates the tilt predictions for 50 distinct locations
along the floating platform. The ‘TimeDistributed‘ wrapper ensures that the same dense
layer is applied to every time step in the sequence, maintaining consistency and enabling
the model to produce a sequence of predictions corresponding to the required sequence
length.
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(a) Convolutional Layer 1 (b) Convolutional Layer 2 (c) Convolutional Layer 3

(d) Dense Layers (e) Concatenation Layer

(f) LSTM layers (g) Time Distributed Dense Layer

Figure 3.5: Layer configuration of the CNN-LSTM hybrid model architecture. Each black box corresponds to the name of the
layer, with its corresponding input and output shape noted in the white box. Note that the output of one layer serves as the

input for the subsequent layer, except for the concatenation layer where an additional input is included. The layers are in order
from a to g.
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The training of the hybrid model is supervised, with a batch size of 36. This value is selected to balance
noise in gradient estimates while maintaining training stability. Additionally, the batch size is a multiple
of 12, ensuring that each batch contains an integer number of storms during training. With a window
size of 300 and a step size of 300, one storm is processed every 12 batches. The Adam optimizer is
utilized for gradient descent, employing a Huber loss function with δ set to 1.0. The optimizer uses the
learning rate scheduler ReduceLROnPlateau from TensorF low, starting with an initial learning rate of
0.001. The stratified sampling parameter Nbins is set to 5.

Compared to the previous two models, the number of training epochs is reduced to 20 to improve com-
putational efficiency. Due to the increased complexity of the hybrid model and its higher susceptibility
to overfitting, early stopping is set at 5 epochs. All the fixed parameters and hyperparameters used in
this hybrid architecture are summarized in Table 3.4.

Table 3.4: Fixed parameter and hyperparameter specifications for the CNN-LSTM hybrid architecture.

(Hyper)parameter Value
Loss function Huber (δ = 1.0)
Optimizer Adam
Learning rate (ReduceLROnPlateau) 0.001 (start value)
Nr. of Epochs 20
Nr. of Conv. Layers 3
Nr. of LSTM Layers 2
Nr. of Dense Layers 2
Nr. of Dense Layers (Time Distributed) 1
Nr. of Input Layers 2
Activation Function Tanh
Recurrent Activation Function Sigmoid
Nbins 6
Kernel Size 3
Stride 1
Padding ‘same’
Early Stopping (Patience) 10
Number of learnable parameters 46,763,186
Model size 178.39 MB
Training time 2690 s
Evaluation time 6.46 s
Memory usage (RAM) 23.21 GB
GPU utilization 88%
GPU memory usage (VRAM) 11.54 GB



4
Model Performance

In Chapter 3, multiple models were developed, each with distinct architectures and input parameters.
These models were trained and validated using their respective training and validation datasets. This
chapter evaluates the models’ performance on the test set. First, the results of each model will be ana-
lyzed to assess their accuracy in both spatial and temporal dimensions. Since differences in model per-
formance may not always be visually apparent in graphs, various evaluation metrics will be employed
to aid in the analysis. Finally, an overview of all models’ performances will be presented, highlighting
their differences and similarities, and concluding with a comparative analysis to determine the model
best suited for predicting the response of a very large floating structure.

Although a small error in predictionsmay seem favorable, the primary concern lies not in the accuracy of
tilt angle predictions themselves but in how these errors influence the power output predictions of OFPV
modules. Therefore, before assessing the performance of the models, it is essential to understand how
errors in tilt angle predictions translate into errors in power output.

In Section 1.2, the coupling between power output and tilt angle of PV modules is presented. Each
irradiance term is influenced by the cosine of the tilt angle. Since cosine functions are continuous
and differentiable, a small perturbation in the tilt angle leads to a small change in power output. This
relationship is confirmed by applying a first-order Taylor expansion with a small perturbation∆φ around
a reference tilt angle φ0. The first-order Taylor expansion and a numerical example are illustrated in
Appendix B. These calculations demonstrate that a small error in tilt angle prediction results in only a
minor error in power output.

4.1. Convolutional Neural Network Performance
This section analyzes the performance of the CNN model. The predicted values (ŷ) will first be inverse-
scaled to their original scale and then compared with the actual values (y) from the test set. Given that
the response variable (tilt φ) must be predicted across the entire platform and over time, the results will
be examined both temporally and spatially.

4.1.1. Spatial and Temporal Tilt Analysis
Beginning with the spatial predictions, the learning process appears steady. Referring to the learning
curve in Figure 4.1, both the training and validation losses gradually decrease towards zero. The plot
shows no indications of underfitting or overfitting. Additionally, the magnitude of the loss on the y-axis
suggests a reasonable performance.

41
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Figure 4.1: Learning curve of the CNN model, including the training and validation sets.

This observation is further supported by Figure 4.2, which presents two plots. In these plots, the blue
dots represent actual values from the test set, while the red line illustrates the predicted values gener-
ated by the model. The left plot shows a randomly selected winter sample, demonstrating near-perfect
prediction. At every location along the floating platform, the model closely matches the actual values.
In contrast, the right plot, depicting a summer sample, reveals that the model does not capture the
trend as accurately. However, the red line follows the general trend of the blue dots, indicating that
although the predictions are less precise, the model successfully identifies some underlying patterns.

Figure 4.2: Predicted and actual values of the inclination angle φ along the floating platform at time instance t = 10 s for a
sample drawn from winter (left) and summer (right).

The summer sample presented is not randomly selected; it was chosen because it has one of the lowest
standard deviations, σY = 0.018◦. Compared to the winter sample, this value is approximately 1/100th
of the corresponding winter values. Referring to the boxplot of tilt standard deviations in Appendix A, a
value of 0.014 lies at the lower end, indicating that such cases are rare in the dataset. This imbalance
likely hinders the model’s ability to learn patterns effectively, resulting in poor generalization for values
in this range.

From a physics perspective, this observation is expected. Larger wave heights induce larger tilts due
to stronger forces, while very small tilts result from minimal forces, which are often less predictable and
introduce more variability and noise into the data.

The similarity between actual and predicted values is further illustrated in the temporal predictions of the
CNN model. Figure 4.3 shows the predicted tilt over time for the same seasonal samples. The upper
plots display predictions at x = 51 m for a winter sample, demonstrating high accuracy throughout
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the time period. Even with an irregular signal, the model predicts it almost perfectly. In contrast, the
lower plots, representing summer samples, show less accurate predictions. While the model captures
the general trend, it struggles with precision for samples exhibiting smaller tilt magnitudes. However,
inaccurate predictions are infrequent, as the model generalizes well and yields accurate results for
spring and autumn samples. Appendix D.1 provides similar graphs for these seasons, where the model,
like in the winter sample, almost perfectly predicts the response.

Figure 4.3: Predicted and actual values of the tilt φ over the first and last 100 s of a storm at x = 51 m for a sample drawn from
winter (top) and summer (bottom).

4.1.2. Evaluation Metrics Assessment
The accuracy of the spatial and temporal predictions is clearly illustrated in Figure 4.4, which plots
the percentiles of the mean absolute error (MAE) and mean absolute percentage error (MAPE) over
time for each location along the floating platform. The percentiles indicate, for example, that the 50th
percentile corresponds to the value below which the MAE or MAPE falls for 50% of the time. The MAE
provides a direct and intuitive interpretation of the average error, and can be calculated as following:

MAE =
1

N

N∑
i=1

|yi − ŷi| (4.1)

It is the absolute error between the predictions (ŷi) and the actual values (yi). The MAPE measures
the average absolute percentage difference between the predicted and the actual values, see equation
4.2. Since the MAPE is scale-independent, it is useful for comparing models across different datasets.
Division by zero is prevented by dividing by max(yi, ϵ), with ϵ = 1× 10−7 as a standard value.

MAPE =
100%

N

N∑
i=1

∣∣∣∣ yi − ŷi
max(yi, ϵ)

∣∣∣∣ (4.2)

However, when considering this value, an actual tilt of 1◦×10−7 is unrealistic. Such small tilts are effec-
tively horizontal and do not need to be assessed using an error metric. This is primarily because when
a predicted value ŷi deviates from a very small actual value yi, the denominator becomes very small,
inflating the error term. For example, if yi = 0.001◦ and ŷi = 0.002◦, the MAPE for that specific point
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would be 100%. Even though the predicted and actual values are close, the overall MAPE increases
drastically, which is not representative. Therefore, in this research, the epsilon term is set to 1× 10−3.
Note that this change does not affect the MAPE percentile plots, as these small values probably only
constitute the smallest 5% of the MAPE.

In the left plots, representing the winter sample, even for small tilts (maximum 1.5◦), 95% of the values
have a MAE below 0.008◦ and a MAPE below 2.20◦, indicating extremely accurate predictions.

In contrast, the right plots, representing the summer sample, show that 95% of the values have a MAE
below 0.025◦, which is still relatively small. However, this low error is mainly due to the significantly
smaller tilt values in the sample, resulting in a proportionally smaller MAE. The lower right plot highlights
a large MAPE, indicating that the model struggles to accurately predict this sample despite the low
absolute error, as the percentage error is amplified by the small magnitude of the target values.

Figure 4.4: The mean absolute error (MAE) 50th, 75th, 90th, and 95th percentiles over time for each location along the floating
structure for a sample drawn from winter (left) and summer (right).

Another notable observation in both figures is that the MAE is slightly higher at the beginning of the
structure (x = 1 m). This is where the wave first impacts the floating platform and where boundary
conditions are applied, making predictions more challenging. Beyond this point, the MAE fluctuates
around a relatively constant value (depending on the percentile) until the end of the structure. Since
the platform consists of a single homogeneous floater, it is expected that the MAE remains consistent
without sudden peaks. However, at the end of the structure (x = 99 m), where different boundary
conditions apply, the MAE increases slightly. To demonstrate that the MAE remains small across all
samples, similar plots for the spring and autumn seasons are included in Appendix D.1.

Table 4.1 presents three overall metrics used to further assess the model’s performance: MAE, MAPE,
and WAPE. The MAE is an easy to comprehend metric, used to give insight into the absolute error.
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However, this also means that when yi is large, the MAE will tend to be larger as well. The MAPE is
relative error metric, it offers insight into the error magnitude relative to the actual values. For example,
while the predictions for the autumn sample (Appendix D.1) appear more accurate than those of the
summer sample, the MAE is lower for the summer sample due to the smaller magnitude of the tilt
values. In contrast, the MAPE is lower for the autumn sample, reflecting its relative accuracy despite
higher absolute values.

The final metric is the Weighted Absolute Percentage Error (WAPE), which, like MAPE, calculates the
relative error:

WAPE =

(∑N
i=1 |yi − ŷi|∑N

i=1 |yi|

)
× 100% (4.3)

However, unlike MAPE, WAPE is less sensitive to near-zero values that can disproportionately inflate
the error. By aggregating the relative error across all samples, WAPE provides a more stable metric.
Each actual value yi implicitly acts as a weight for its corresponding error |yi − ŷi|. Larger values
contribute more to both the numerator and the denominator, ensuring that errors on larger deviations
have a proportionate impact on WAPE, which makes sense considering very small deviations can be
considered negligible on OFPVs. The lower the WAPE, the better the model’s overall performance, as
it represents the proportion of total error relative to the sum of actual values.

Table 4.1: Evaluation metrics subjective to the CNN model.

Season MAE MAPE WAPE
Winter 3.23× 10−3 3.23% 0.43%
Spring 2.98× 10−3 3.80% 0.54%
Summer 3.08× 10−3 3.90% 0.56%
Autumn 3.54× 10−3 3.77% 0.44%

Overall 3.22× 10−3 3.58% 0.48%

The overall MAE, MAPE, and WAPE scores are exceptional. A forecast is considered reasonable
when the MAPE is between 20% and 50%, a forecast is considered good when a MAPE is between
10% and 20%, and highly accurate when the MAPE is below 10% [23]. The WAPE does not have
universal thresholds applicable across all industries or use cases. It is therefore context-dependent. In
the context of this thesis, a WAPE of 0.48% is considered exceptionally good. To put this number into
perspective: 99.52% of the tilts are predicted correctly across 3,600 time steps, 50 locations, and 450
samples.

4.2. Long Short-Term Memory Performance
This section evaluates the performance of the Long Short-Term Memory (LSTM) model. Given that the
model specializes in temporal predictions, it is expected to perform better over time than across spatial
dimensions. After training, the predicted values (ŷ) will be inverse-scaled to their original scale and
compared side by side with the target test values (y) to assess the model’s performance. The results
will be analyzed both temporally and spatially.

4.2.1. Spatial and Temporal Tilt Analysis
Examining the training progress in Figure 4.5, the learning process appears steady, with both the train-
ing and validation losses decreasing towards zero. There is a sudden peak at epoch 10, which is
likely due to a gradient explosion. However, since this peak is immediately followed by a return to the
previous trend in the subsequent epoch, it should not adversely affect the learning process.
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Figure 4.5: Learning curve of the LSTM model, including the training and validation sets.

Despite the training and validation losses trending toward zero, the results reveal a different outcome.
Figure 4.6 presents two plots of the predicted and actual inclination angles for samples taken from
winter and summer at a snapshot of t = 10 s. The left plot shows a winter sample, where the predicted
red-striped line closely follows the actual blue-dotted line, indicating a near-perfect prediction. Across
various locations along the platform, the model demonstrates strong alignment with the actual values,
suggesting that it effectively captures the underlying trends and patterns.

In contrast, the right plot shows a summer sample, where the model generalizes poorly, with minimal
alignment between predicted and actual values. The actual values, represented by the blue-dotted
line, exhibit a cyclic movement that gradually dampens, while the predicted values, represented by the
red-striped line, display an irregular response with some cyclic characteristics. Although the model
captures certain patterns, as indicated by the consistent spacing between peaks, its predictions lack
precision for this sample.

Figure 4.6: Predicted and actual values of the inclination angle φ along the floating platform at time instance t = 10 s for a
sample drawn from winter (left) and summer (right).

The results for the summer sample show significantly smaller magnitudes compared to the winter sam-
ple. Similar plots for samples taken from spring and autumn are provided in Appendix D.2 for snapshot
t = 10 s. In these plots, the model appears to converge toward the correct solution up to a certain point,
after which it follows the shape of the actual solution but does not perfectly align with the blue-dotted
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line, similar to the winter sample in Figure 4.6.

Since this model is designed to capture temporal dependencies, weaker spatial performance was an-
ticipated. The key question, then, is how well the LSTM model performs over time. Figure 4.7 presents
the results for the same samples plotted over time, showing the first 100 time steps and the time steps
from t = 3300 s to t = 3400 s. Note that the final window cannot be fully predicted, as overlapping
windows require time steps up to 3,619 seconds to complete the last window.

Figure 4.7: Predicted and actual values of the tilt φ over the first and last 100 s of a storm at x = 1 m for a sample drawn from
winter (top) and summer (bottom).

The top two plots represent the results over time for the winter sample. Both plots demonstrate that the
model can capture the high non-linear behavior of tilt over time. Although the red-striped line does not
perfectly align with the blue-dotted line, it reflects well-learned behavior on unseen data. In contrast,
the predictions for the summer sample are less accurate. While the model identifies some patterns, it
is not as precise for samples with larger tilt magnitudes, as illustrated in Appendix D.2.

4.2.2. Error Metrics Assessment
The model’s performance can also be quantified by examining the percentile graphs of MAE and MAPE
in Figure 4.8. The top two plots display the MAE for the winter and summer samples. The MAE for the
summer sample is lower than that of the winter sample, despite the earlier graphs indicating a better
prediction for the winter sample.
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Figure 4.8: The mean absolute error (MAE) at the 50th, 75th, 90th, and 95th percentiles over time for each location along the
floating structure for a sample drawn from autumn (left) and summer (right).

This discrepancy becomes evident in the lower two plots, which display the MAPE. For the winter sam-
ple, the 50th percentile MAPE remains below 50% across most of the platform, whereas for the summer
sample, it is significantly higher, indicating a smaller relative error in the winter sample. Additionally,
the summer sample is not representative of the entire dataset, as shown by the corresponding graph
in Appendix D.2. Most samples exhibit a median MAPE below 100%, with the summer sample being
an extreme case selected for illustrative purposes.

Table 4.2 presents the overall MAE and MAPE across seasons. While the MAEs are relatively consis-
tent across different seasons, the MAPE varies significantly. This confirms the earlier observations from
the plots, underscoring the high relative error. An overall MAPE of 49.48% suggests that the model’s
reliability is reasonable, but limited. When considering the WAPE, the LSTM model still achieves a
reasonably low error, with over 97% of all values in the test set being predicted correctly.

Table 4.2: Evaluation metrics for the LSTM model.

Season MAE MAPE WAPE
Winter 2.52× 10−2 39.94% 2.40%
Spring 2.49× 10−2 53.08% 3.44%
Summer 2.64× 10−2 69.83% 4.18%
Autumn 2.52× 10−2 33.44% 2.23%

Overall 2.54× 10−2 49.48% 2.89%
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4.3. CNN-LSTM Hybrid Performance
In this section, the performance of the CNN-LSTM hybrid model is evaluated using the test set by
comparing the predicted values (ŷ) with the actual values (y). Various evaluation metrics, as outlined
in Subsection 4.2.1, are used to assess the model’s accuracy. While the hybrid model is expected
to outperform the CNN and LSTM models due to its increased complexity, literature suggests that
higher complexity does not always guarantee better performance. Therefore, a detailed evaluation is
necessary. Subsection ?? will further analyze the model’s strengths by examining its input parameters
and hyperparameter configuration.

4.3.1. Spatial and Temporal Tilt Analysis
Figure 4.9 illustrates the learning curve during the training progress of the hybrid model. After a few
epochs, both the training and validation losses decrease below 5 × 10−4. Subsequently, the losses
continue to decline towards zero. The learning curve clearly indicates that the model does not require
a large number of epochs to improve performance, suggesting that 20 epochs are sufficient.

Figure 4.9: Learning curve of the CNN-LSTM Hybrid model, including the training and validation sets.

To accurately assess the model’s performance, the results are analyzed both spatially and temporally.
Figure 4.10 compares the actual and predicted tilt values along the floating platform at a specific time
instance (t = 10 s). The selected samples represent scenarios with the highest and lowest standard
deviations, thereby illustrating the model’s performance under extreme conditions. The figure demon-
strates a near-perfect prediction for the autumn sample, whereas the prediction for the summer sample
is noticeably less accurate. This outcome aligns with expectations, as the majority of the data corre-
sponds to higher tilt ranges, making these ranges more prominently represented in the training set.

In both plots, the blue-dotted line exhibits non-linear behavior. For the autumn sample, the hybrid model
closely follows the actual values, accurately predicting the tilt across the platform. In contrast, the
summer sample prediction deviates significantly, with the model output resembling a piecewise linear
trend rather than capturing the true non-linear (cyclic) pattern. This suggests that the model struggles
to capture the complex fluid-structure interaction dynamics associated with small tilt amplitudes. The
underlying reason for this limitation is likely linked to the variability of forces at lower amplitudes. As
shown in Equation 1.17, the equation of motion for a beam includes a transverse load, primarily driven
by wave pressure on the submerged portion of the floater and the vertical component of the orbital
motion of water particles.

According to Figure 1.7, given the structural properties, the floating platform operates in the flexible
body motion dominant region (a typical behavior for VLFS). However, body dominance can vary de-
pending on the storm characteristics. The autumn sample, with the highest standard deviation, likely
includes longer wavelengths, placing it firmly in the flexible region. Conversely, the summer sample,
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with the lowest standard deviation, likely corresponds to shorter wavelengths. This distinction is also
evident from the plots: the blue-dotted line for the summer sample crosses the zero line frequently,
indicating elastic body motion dominance, while the autumn sample shows fewer zero crossings, sug-
gesting less frequent variation and a behavior closer to rigid body motion dominance. Even though
the structure remains in the flexible region overall, the shift toward rigid body motion dominance under
such conditions explains the observed discrepancies in prediction accuracy.

Figure 4.10: Predicted and actual values of the inclination angle φ along the floating platform at time instance t = 10 s for a
sample drawn from autumn (left) and summer (right).

Small forces are easily triggered and can occur simultaneously, resulting in a superposition of minor
forces. This often leads to complex, non-linear behavior in the structure. In contrast, large forces occur
less frequently and, when present, are typically dominant. The simultaneous presence of multiple large
forces is uncommon, and if smaller forces occur alongside larger ones, they are generally negligible in
comparison. Therefore, from a physics standpoint, the observed differences in prediction accuracy for
varying tilt magnitudes are logical.

When examining the space-tilt plots in Appendix D.3, which present two different samples at time in-
stances t = 10 s, t = 500 s, and t = 3000 s, the model produces nearly identical results for both
samples, differing primarily in tilt magnitude. Despite this variation in magnitude, the shape of the plots
remains consistent, highlighting the model’s remarkable pattern recognition capability. This suggests
that the JONSWAP spectra of these two samples are nearly identical, differing only in the magnitude
of the spectral density values. The consistent shape across different time instances demonstrates that
the model captures the underlying physics effectively.

A similar conclusion can be drawn from the hybrid model’s temporal predictions shown in Figure 4.11
and Appendix D.3. The model predicts medium to large tilt angles with high accuracy but struggles with
small tilt angles, where predictions become less precise. Visually, the time series response for both
small and large tilts appears non-cyclic, lacking distinct repeating patterns corresponding to specific
wave impacts. Instead, various waves impact the floater at different time instances, resulting in non-
cyclic, non-linear behavior. Despite these complexities, the model successfully identifies the underlying
patterns, achieving a near one-to-one alignment between the actual and predicted values.
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Figure 4.11: Predicted and actual values of the tilt φ over the first and last 100 s of a storm at x = 1 m for a sample drawn from
autumn (top) and summer (bottom).

4.3.2. Error Metrics Assessment
The model’s performance can be further evaluated using the percentile graphs of the MAE and MAPE
shown in Figure 4.12. Both plots indicate that the MAE remains consistently low across the platform.
However, the MAPE plots reveal a disparity in accuracy between the two samples: the summer sample
exhibits higher relative errors, while the autumn sample demonstrates high accuracy, with 95% of all
time steps during this storm having a MAPE below 10%. To further validate the model’s performance,
similar plots for samples drawn from winter and spring are provided in Appendix D.3.
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Figure 4.12: The mean absolute error (MAE) at the 50th, 75th, 90th, and 95th percentiles over time for each location along the
floating structure for a sample drawn from autumn (left) and summer (right).

Another notable observation in these figures is that the error tends to increase at the boundaries of the
floaters. While themodel effectively captures the fluid-structure interaction dynamics in themiddle of the
floater—where structural behavior is more uniform—it faces challenges at the ends of the floater. This
difficulty is likely due to complex boundary effects and structural constraints that introduce additional
variability, making accurate predictions more challenging in these regions.

The overall performance of the hybrid model is summarized in Table 4.3, which presents the MAE,
MAPE, and WAPE, both overall and by season. The MAPE indicates reasonable to good results,
while the WAPE shows that over 99% of the tilt values are predicted correctly, reflecting high accuracy.
Despite this discrepancy, the results underscore the importance of evaluating the model using multiple
error metrics. Even with a larger epsilon, the MAPE can be sensitive to near-zero values, which inflate
the error percentage, whereas the WAPE provides a more balanced measure of the model’s overall
predictive accuracy.

Table 4.3: Evaluation metrics for the CNN-LSTM Hybrid model.

Season MAE MAPE WAPE
Winter 5.20× 10−3 18.81% 0.73%
Spring 5.43× 10−3 23.06% 1.19%
Summer 6.52× 10−3 32.91% 1.61%
Autumn 5.12× 10−3 15.02% 0.75%

Overall 5.50× 10−3 22.11% 0.98%
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4.4. Model Comparison
Now that the results of each of the three deep learning models are known, the models can be compared
based on their performance. The effectiveness of the training process will be assessed, as well as the
outcome of the model. After the comparison of the different models, one model will be selected that can
be presented as the best model, that is, the model with the best accuracy and applicability. In the next
chapter, certain criteria will be set on whether and when this model can be used in real-life scenarios.

First, let’s examine the training process. The learning curve of the CNN is quite different from the
learning curves of the LSTM and CNN-LSTM hybrid. This is mostly due to the batch size of 8 compared
to batch sizes of 64 and 36, respectively. With more batches being processed simultaneously, the
learning process seems to be steadier. This can clearly be seen in the shapes of the three learning
curves. Also, the learning curve of the CNN tends toward zero after 20 epochs, while the learning line
of the LSTM is almost horizontal after 10 epochs. In the hybrid model, this is already the case after 8
epochs. These quick drops indicate that the models effectively capture the patterns during the training
process, especially in the hybrid model. However, this is difficult to compare since the batch sizes differ.

In terms of training time, the LSTM model scores the worst. Due to the many LSTM blocks, each with
its corresponding gates, it takes a while to train: ± 65 minutes. The hybrid model has fewer LSTM
layers but includes some convolutional blocks as well, leading to a training time of approximately 45
minutes. The CNN model is very efficient, and even with more epochs, the training time is only around
4 minutes.

In the sense of matching complexity with effectiveness, the training process of the CNN model seems
to be very efficient. However, the number of trainable parameters is very large in this model and can
lead to out-of-memory errors when the layers are not handled correctly.

When looking at the results of the models, the LSTM model seems to perform the worst. The space-tilt
graphs show some patterns, but none of the red-striped lines follow the blue-dotted lines very accurately.
Especially when considering small tilt angles, the predictions are off. The space-tilt graphs of the CNN
and CNN-LSTM hybrid closely align. Only small tilt angles are harder to predict, but this is the case for
both models. This is probably due to the underrepresentation of the smaller values, but also because
of the Huber loss function used, a loss function where large outliers are penalized more. So from the
space graphs, it is very hard to distinguish a more accurate model.

When looking at the time-tilt graphs, again the LSTM model doesn’t perform well. The CNN and CNN-
LSTM hybrid again go head-to-head since all the time predictions seem to be nearly perfect. However,
the error metrics favor the CNN model since it has an overall MAE of 3.22 × 10−3, an overall MAPE
of 3.58% and an overall WAPE of 0.48%. While the CNN-LSTM hybrid model has an overall MAE of
5.50×10−3, an overall MAPE of 22.11%, and an overall WAPE of 0.98%. But the error metrics do not say
everything since the MAE doesn’t give any information on the relative error, the MAPE can be sensitive
to near-zero values, and the WAPE favors the large tilts.

Other powerful visualization tools to compare the two models, which complement these quantitative
error metrics, are actual-versus-predicted plots. These scatter plots offer a more intuitive understanding
of how the model behaves on individual samples and how well the model aligns with or deviates from
the perfect prediction line.

Since both the CNN model and the CNN-LSTM hybrid model perform well on various storms, selecting
more specific and representative samples can be particularly useful in explaining why one model might
outperform or behave differently from the other. Therefore, in Figure 4.13 and Figure 4.14, different
scatter plots are shown for samples representing: the largest and smallest standard deviations at the
beginning of the structure (x = 1m), the middle of the structure (x = 51m), and the end of the structure
(x = 99 m) for both models.

From the top three plots in both figures, there are not many values or patterns to distinguish. With a
large standard deviation, i.e., a large response of the structure, both models seem to follow the perfect
prediction line. There are few to no predicted values that deviate from the actual values. Only in the
scatter plot of the hybrid model do some outliers deviate from the perfect prediction line, but this amount
is minimal. Another point to note is the error magnitude. It is difficult to quantify this error magnitude
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(a)

(b)

Figure 4.13: Actual versus Predicted scatter plots of the CNN model for three locations along the structure, including an error
magnitude color map. For a sample with the largest standard deviation: 4.15◦ (a), and a sample with the smallest standard

deviation: 1.48◦ × 10−2 (b).

since most of the values lie on the x-y line, but in the hybrid model plot, some single values exceed an
error magnitude of 0.4◦, which is not the case in the CNN model plots.

In the lower plots of both figures, illustrating the same scatter plots for the samples with the smallest
standard deviation, a significantly larger spread is visible. In the CNN plots, the elongated ‘cloud’
clusters around the diagonal line, indicating that the model captures the patterns well. The lower plots
of Figure 4.14 show a more scattered cloud, with an increased width (i.e., how much the points spread
out perpendicular to the diagonal). This indicates that the model performs worse on smaller standard
deviations compared to the CNN model. Also, the min/max of the axes are the same in both figures,
but the error in the hybrid plots reaches larger values.

Another noteworthy observation in both figures is the systematic shift or bias. In the lower plots of
the CNN model, one may notice a slight upward or downward tilt further away from the center, as
if the clusters had rotated a few degrees away from the perfect prediction line. This shows that the
model overestimates at specific bands. While the model’s prediction is accurate around zero values, it
overestimates (in absolute terms) further away from zero. However, this is not the case in the scatter
plots of the CNN-LSTM hybrid model. In these plots, although the accuracy is worse, the cloud does
not show any form of underestimation or overestimation further away from zero values. The CNN
model thus exhibits a small bias when estimating smaller values, which is not observed in the CNN-
LSTM hybrid model. The LSTM layers in the hybrid model can capture sequential dependencies that a
standalone CNN might miss. By modeling potential time- or sequence-based relationships, the hybrid
architecture may correct for biases that occur when those relationships are ignored. Hence, the bias
in the CNN predictions for small tilts.

In the previous sections, the MAE plots indicated a larger error at the boundaries of the structure.
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(a)

(b)

Figure 4.14: Actual versus Predicted scatter plots of the CNN-LSTM Hybrid model for three locations along the structure,
including an error magnitude color map. For a sample with the largest standard deviation: 4.24◦ (a), and a sample with the

smallest standard deviation: 1.82◦ × 10−2 (b).

However, when examining the three locations in these scatter plots, the differences are so small that
these scatter plots cannot confirm this. The min/max on the axes in the middle plots only show a smaller
response in the middle of the structure. However, this only indicates the fluid-structure response and
not the model’s performance.

It is interesting to assess themodel’s performance in extreme cases. However, operating conditions are
the most common scenarios the structure (and the model) will encounter. Therefore, it is also relevant
to examine how the model performs in the majority of cases. In Figure 4.15 and Figure 4.16, three of
the same scatter plots are shown from samples selected based on the most frequent standard deviation
in the test dataset. This is done by selecting an arbitrary number of bins (10 in this case) in which the
samples are classified based on the standard deviation. The three samples are selected from the bin
with the highest count. Additionally, since the previous scatter plots with the lowest standard deviation
revealed a lot of information about the models, the next three lowest standard deviation samples are
also shown.
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Figure 4.15: Actual versus Predicted scatter plots of the CNN model for the three next to lowest standard deviation samples
(upper plots), and for three samples of the most frequent standard deviation in the test dataset (lower plots).

Figure 4.16: Actual versus Predicted scatter plots of the CNN-LSTM Hybrid model for the three next to lowest standard
deviation samples (upper plots), and for three samples of the most frequent standard deviation in the test dataset (lower plots).

For the plots with the lowest standard deviation, there is not much additional information visible. How-
ever, from the top plots of the CNN model, it can be confirmed that the model has a bias towards
overestimating small values away from zero. Again, the width of the clusters in the CNN-LSTM hybrid
model is consistent on both sides of the perfect prediction line, indicating that there is no bias.

The lower plots definitely show more accurate results. The width of the cluster is much smaller, espe-
cially in the CNN-LSTM hybrid model. However, they also reveal a significant number of outliers away
from the cluster. Themajority of these single values lie around the zero predicted line, with most of them
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between 0 and 0.5. This indicates that the model frequently predicts values in this range incorrectly. In
this case, with more outliers around the zero predicted line, the model is underestimating values in this
range. Further away from the center, the width of the cluster narrows and eventually forms a pointy
end, demonstrating a more accurate prediction of larger values.

The lower plots of the CNN model clearly show some variation in the most frequent standard deviation
bin. Even with a lower standard deviation, the model is more accurate in its predictions. The lower left
plot shows a standard deviation comparable to those in the CNN-LSTM hybrid plots. It demonstrates
excellent prediction, with almost all values lying on the perfect prediction line.

All of these plots show very good results for the majority of storms for both models. The CNN model
excels in accurate prediction for medium to large tilts. It also shows decent results for smaller tilts
but exhibits a bias towards over-predicting when slightly increasing these small values. The CNN-
LSTM hybrid model shows good results in predicting medium to large tilts but remains inaccurate when
predicting small tilts.

In terms of applicability, the CNN model shows excellent potential but cannot be used since it needs to
be trained on input data containing multiple phase shifts, as discussed in Section 2.1. The CNN-LSTM
hybrid model, on the other hand, contains information about the incoming waves—the wave elevation
at two locations in front of the structure. While it shows good results, its accuracy still depends on the
input. Since this model can be used in real-life scenarios, it is chosen as the best-suited model for
predicting the tilt response of very large floating structures. But when can this model be used? In the
next and final chapter, an error quantification will be performed, and the final research sub-question will
be answered: to what extent is the final model reliable?
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Error Quantification & Reliability

Currently, all data samples with a significant wave height exceeding 7.5 meters have been removed
from the dataset, as well as samples with tilts smaller than 0.1◦. Existing floating photovoltaics are
operational only up to a maximum wave height of 4 meters, including both OFPVs and those deployed
on inland waters. However, for the model to be applicable to both inland and offshore waters, multiple
input constraints need to be analyzed to assess its performance in calm conditions and its behavior
under extreme conditions. This evaluation can demonstrate whether the model is reliable under oper-
ating conditions or if it can even be used to assess the ultimate strength limit during severe weather.
Sensitivity testing of these inputs will reveal how input constraints affect the model’s performance and
will help quantify the error under specific input conditions.

To assess the reliability of the final model, multiple sets of input constraints are created. The first set of
input constraints includes samples that reach at least a certain tilt once during a storm. Each storm lasts
for one hour, so only the samples that reach a specific tilt at least once during that hour are selected,
while keeping the maximum significant wave height at 7.5 meters. The selected tilt thresholds are: 0.5◦,
1.0◦, 1.5◦, 2.0◦, and 5.0◦. In Figure 5.1, the 95% confidence errors are presented over the length of
the platform, with location index 0 corresponding to 1 meter and location index 49 corresponding to 99
meters. Three error metrics are shown: the MAE, MAPE, and WAPE.

Figure 5.1: The 95th percentile MAE (left), the 95th percentile MAPE (middle), and WAPE (right) along all locations of the
structure under different input constraints.

The three graphs show a clear correlation between small tilt values and the error metrics. Excluding
small tilt values significantly reduces the overall error. Increasing the exclusion threshold from 0.5◦ to
1.0◦ reduces the MAPE by almost 50%. This reduction continues with each subsequent increase in
the threshold. Including only tilt values greater than 5.0◦ further decreases the MAPE to below 10%,
indicating that the model is highly accurate for larger tilts. However, as previously mentioned, the MAPE
is very sensitive to near-zero values and may underestimate the model’s performance for samples with
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small tilts. These samples tend to fluctuate around the zero line and therefore include more values
close to zero. The WAPE graph provides additional insight into the model’s reliability. For instance,
the blue line representing tilt values from 0.5◦ onward shows that the model is reasonably reliable.
Moreover, the WAPE graph indicates that, for the majority of the structure, the model correctly predicts
the tilts in 99.2% of cases. Increasing the tilt threshold further demonstrates even greater reliability.

Determining the cutoff for “small” target values (i.e., small inclination angles) warrants further discussion.
Very small inclination angles can be considered nearly horizontal, while an increase in tilt can already
reduce power output. Establishing a threshold between “horizontal” and “significant tilt” angles requires
examining the relationship between inclination angle and power output. Alcañiz et al. [1] found that
horizontal PV systems provide higher annual energy yields than floating panels or MPPT systems.
Therefore, including samples with small inclination angles in the model may be unnecessary, as calm
conditions already yield the highest energy output. In this research, a conservative threshold of 0.1◦
has been chosen. Increasing this threshold to 0.5◦, 1.0◦, 1.5◦, 2.0◦, or 5.0◦ further improves model
performance.

The second set of input constraints is the significant wave height, Hs. This set includes only input and
target values corresponding to significant wave heights below 12 meters, 10 meters, 8 meters, and
6 meters. In Figure 5.2, the same graphs are plotted for this set of input constraints. While a trend
of decreasing error was observed when excluding smaller tilt values in the previous plots, this trend
is not apparent here. Excluding larger significant wave height values does not necessarily lead to a
reduction in MAE or MAPE. In fact, the middle plot suggests that the model performs better when larger
significant wave height values are included. However, since this set of input constraints includes even
more near-zero tilt values, the MAPE could again be misleading.

Figure 5.2: The 95th percentile MAE (left), the 95th percentile MAPE (middle), and WAPE (right) along all locations of the
structure under different input constraints.

The WAPE shows reasonable results. The model appears to generalize better when including storms
with Hs smaller than 12 meters rather than 10 meters. Beyond this, there is an error jump in the
prediction for storms with Hs smaller than 8 or 6 meters, which does not seem to significantly impact
the results. Given the variety in these graphs, it can be inferred that including storms with medium
or large significant wave heights does not notably affect the model’s performance, especially when
comparing this set of input constraints to the previous set. Nevertheless, achieving a correct prediction
rate of 98.7% when including all storms with Hs smaller than 12 meters and a tilt of 0.1◦ is still highly
reasonable.

Since the model also performs well when storms with large significant wave heights are included, how
will it perform if all storms with Hs smaller than 12 meters are included, while the tilt varies between
1.5◦, 2.0◦, 2.5◦, and 3.0◦? In Figure 5.3, the same graphs are presented for this final set of input
constraints.
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Figure 5.3: The 95th percentile MAE (left), the 95th percentile MAPE (middle), and WAPE (right) along all locations of the
structure under different input constraints.

When comparing these graphs with those from Figure 5.1, many similarities emerge. For the same tilt
values, the MAE graphs look almost identical, and the overall error magnitudes are comparable. Like-
wise, the magnitude in the MAPE plots is nearly the same, indicating that samples with large significant
wave heights do not drastically affect the MAPE.

However, it is more apparent here that the MAPE decreases farther away from the wave impact
location—a trend that was harder to discern in the first set of graphs. This suggests that when large
waves are included, the model performs worse near the impact region but improves as the location
approaches the end of the structure. At the boundaries, where the tilt is generally largest, the model
shows its poorest performance, likely due to the more complex behavior of the structure.

Although these boundary tilt values are already specified in the target dataset, themodel still struggles to
capture boundary patterns compared to the more stable regions near the center of the platform. While
this can be observed in all the graphs, it is especially clear in the MAE graphs because of how the
error is defined. The MAE and WAPE both display this trend in error across the structure. Meanwhile,
since the MAPE is sensitive to near-zero values, it can cause error spikes at specific points along the
structure, leading to deviations from the MAE and WAPE trends and a less stable overall pattern.

The WAPE plot does show some differences in performance. The blue line corresponds to samples
with tilts larger than 1.5◦. The WAPE for these samples is almost halved when excluding significant
wave heights of 7.5 meters or larger. This final plot demonstrates that the model performs better when
large significant wave heights are excluded. In real-life scenarios, this is often applicable, as it is
currently unrealistic to operate or even deploy OFPVs in offshore areas where significant wave heights
of 12 meters can occur. Since determining the operational limitations of OFPVs is a study in itself,
this chapter focuses on identifying under which environmental conditions this deep learning model is
reliable enough to use.

Each of the three sets of input constraints showed distinct strengths and weaknesses. So, under
which conditions can this CNN-LSTM hybrid model be used? The MAPE often exhibits a few extreme
values that skew the overall error. Therefore, a 95% percentile MAPE is more representative, as it
filters out most of these extreme values. Additionally, since WAPE provides a robust overall error
metric, it is used to help determine whether the model is sufficiently reliable under certain constraints.
However, because reliability thresholds are domain-specific and no established literature exists for this
domain, the decision on whether aWAPE value is reliable will be made by combining the reliability of the
MAPE with the values of the WAPE. Table 5.1 provides the reliability threshold range. Since quantifying
whether a model is reliable solely based on these thresholds is challenging, this table serves more as
a tool to evaluate the reliability of each input constraint and facilitate comparison.
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Table 5.1: Reliability thresholds based on the MAPE and WAPE.

WAPE Range Reliability Level Interpretation
WAPE < 0.5% Very Reliable Model is extremely close to actual values overall.
0.5% ≤ WAPE < 1.0% Reliable Model has good accuracy for most practical pur-

poses.
1.0% ≤ WAPE < 3.0% Moderately Reliable Errors are somewhat higher, but might still be ac-

ceptable.
WAPE ≥ 3.0% Not Reliable Error is large relative to the signals of interest.

Now that there are thresholds defined that map the WAPE values to reliability labels, the reliability of
the model can be mapped under different input constraints/environmental conditions. In table 5.2, the
reliability of the CNN-LSTM hybrid model is charted under different input conditions. The MAE and
MAPE are also depicted in this table for the sake of completeness.

Table 5.2: Reliability quantification under certain input constraints.

Constraints MAE MAPE WAPE Reliability
φ > 0.5◦ & Hs < 7.5 m 5.70× 10−3 37.33% 0.79% Reliable
φ > 1.0◦ & Hs < 7.5 m 5.20× 10−3 36.66% 0.73% Reliable
φ > 1.5◦ & Hs < 7.5 m 4.90× 10−3 35.50% 0.67% Reliable
φ > 2.0◦ & Hs < 7.5 m 4.70× 10−3 35.58% 0.64% Reliable
φ > 5.0◦ & Hs < 7.5 m 3.90× 10−3 16.07% 0.42% Very Reliable

φ > 0.1◦ & Hs < 12 m 8.40× 10−3 49.66% 1.27% Moderately Reliable
φ > 0.1◦ & Hs < 10 m 9.60× 10−3 45.49% 1.34% Moderately Reliable
φ > 0.1◦ & Hs < 8 m 6.20× 10−3 50.51% 0.95% Reliable
φ > 0.1◦ & Hs < 6 m 6.00× 10−3 52.74% 0.96% Reliable

φ > 1.5◦ & Hs < 12 m 1.01× 10−2 33.91% 1.27% Moderately Reliable
φ > 2.0◦ & Hs < 12 m 6.10× 10−3 36.27% 0.81% Reliable
φ > 2.5◦ & Hs < 12 m 8.30× 10−3 34.59% 1.05% Moderately Reliable
φ > 3.0◦ & Hs < 12 m 6.60× 10−3 33.09% 0.82% Reliable
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Conclusions

OFPVs show significant potential in renewable energy generation and can complement existing off-
shore floating wind farms by reducing the inter-annual variability of wind energy. To enhance the per-
formance of these systems, proper research on the structural response of VLFSs that support OFPVs
is essential.

Current finite element models accurately simulate the response of VLFSs under wave-induced forces,
but they are computationally expensive and time-consuming. This limitation creates a need for sur-
rogate machine learning models, which, once trained, can provide instantaneous predictions and aid
in optimizing OFPV design parameters. This thesis aimed to develop such models and assess their
accuracy in predicting the tilt response of VLFSs, providing a tool to support finite element models in
preliminary design and real-time applications. With the development of these models, this research
aims at answering the following research question:

How to develop and optimize a surrogate machine learning model to accurately predict the tilt
response of very large floating structures?

In order to answer this main research question, several sub-questions were formulated. Below each
sub-question will be answered based on the results of the previous chapters.

How effectively do temporal (e.g., LSTM) and spatial (e.g., CNN) neural networks address the interplay
between wave-induced motions and tilt response in offshore floating solar platforms?

Three deep learning models were developed and evaluated: a CNN, an LSTM, and a CNN-LSTM
hybrid. The CNN model effectively captured spatial features but was limited to a specific sea state due
to the use of a single set of phase shifts. As a result, it generalized poorly across different sea states.
Yet it showed an incredible potential, with a WAPE of 0.48%. The LSTM model captured temporal
dynamics well, including recurring wave patterns, and generalized better to different sea states due to
its input structure. However, it showed lower overall accuracy (WAPE of 2.89%) and required longer
training times. The hybrid CNN-LSTM model combined the strengths of both approaches, resulting in
better overall performance, with a low WAPE of 0.98%.

How do variations in environmental input parameters (e.g., wave height, peak period) affect the perfor-
mance of the surrogate model?

All models exhibited similar behavior with respect to varying input parameters: they performed well
under typical wave conditions but showed reduced accuracy in extreme sea states, particularly for
small wave heights or short peak periods, resulting in small tilt responses. The errors were more
pronounced for very low-amplitude tilts, likely due to underrepresentation in the training data and the
complex behavior of the structure under minor forces. Sensitivity analysis confirmed that the model’s
accuracy decreases for extreme scenarios, emphasizing the importance of balanced training data.

What challenges and advantages arise when implementing real-time deep learning models for predict-
ing VLFS tilt responses under varying environmental conditions?
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A key challenge in implementing real-time deep learning models is ensuring computational efficiency
while maintaining high prediction accuracy. Balancing this trade-off is essential to achieve computa-
tional feasibility without compromising accuracy. Another major challenge is generalizing the model
across diverse environmental conditions. A model trained on limited environmental data may struggle
to perform well in unseen conditions.

While training times varied significantly across models, all demonstrated minimal prediction times once
trained, making them suitable for real-time applications. In most cases, the model successfully pre-
dicted the full 3600 seconds of a storm, enabling real-time monitoring and control.

How do variations in deep learning model architectures (e.g., CNN, LSTM, hybrid models) influence
accuracy and computational efficiency in tilt response prediction?

The CNN model had the fastest training and inference time and demonstrated high accuracy. However,
it struggled with generalization. The LSTM model, despite its simple architecture and small model size,
required significant training time and delivered less accurate predictions. The hybrid CNN-LSTMmodel
achieved a balance, offering reasonable accuracy with moderate computational demands.

To what extent can the final surrogate machine learning model be considered reliable for predicting
VLFS tilt responses across varying scenarios?

Ultimately, the hybrid CNN-LSTM model was selected as the final model due to its consistent perfor-
mance across typical sea states and its low prediction errors in most scenarios. Excluding extreme
conditions, such as large waves (Hs > 8 m) and low-amplitude tilts (below 5◦), enhances the model’s
reliability significantly. While the model’s reliability decreases in extreme conditions, its generaliza-
tion capability under typical operating conditions and unseen data makes it a valuable tool for OFPV
response prediction.



7
Discussions

This thesis demonstrated the applicability of deep learning models in predicting the response of very
large floating structures (VLFSs). The models showed performances ranging from reasonable to ex-
cellent under different input constraints. However, the reliability and practical usage of these models
remain important points of discussion, beginning with the applicability and limitations of the deep learn-
ing models.

The CNN-LSTM hybrid model demonstrates robust overall predictive performance, evidenced by a
WAPE of 0.98%. However, it yields a higher MAPE of 22.11%, indicating that while errors at smaller
tilt angles are relatively larger, they have less influence on the WAPE due to its implicit weighting by yi.
This aligns with the findings in Section 1.2, which show that small inclination angles minimally affect
the DC power output, and are thus less important in real-life application.

Despite the discrepancy between WAPE and MAPE, the model’s accuracy is sufficient for preliminary
studies and operational decision-making. Its reliability can be further enhanced by integrating the input
constraints discussed in Section 5. Since the CNN-LSTM hybrid model was developed and validated
for a specific OFPV geometry, its primary application is in operational environments where the plat-
form design is fixed. Operators can use the model to rapidly predict tilt under forecast or real-time
environmental conditions, allowing them to make quicker decisions about power output optimization
and maintenance scheduling. For instance, if wave height and wind speeds are expected to increase
above threshold values, immediate tilt predictions can guide adjustments to mooring lines or panel
orientations. Moreover, the approach is beneficial when considering multiple potential locations for
deployment of the same platform design; by inputting site-specific wind and wave data, stakeholders
can quickly gauge performance and feasibility across different regions without resorting to additional
high-fidelity simulations. Nevertheless, any substantial change to the platform’s geometry would re-
quire re-calibration of the model with updated training data. In addition, FE-FSI simulations remain
indispensable for final validation, particularly under extreme or high-risk scenarios.

Another point of discussion is the performance of the CNN model. The CNN model exhibited excellent
performance for small to large amplitude tilts, with near-perfect predictions in many cases. It demon-
strated that CNN models can be highly accurate while maintaining computational efficiency. However,
a key limitation lies in the input: simulating a sea state requires both spectral density values and phase
shifts. Since the CNN model only used spectral density values, it was limited to a single set of phase
shifts and thus generalized poorly across different sea states. Generalizing the CNN model to account
for all possible sea states would require an impractically large dataset and significant memory resources.
Given the feasibility constraints and the scope of this research, it was not possible to include such a
range of inputs. Consequently, despite its accuracy under specific conditions, the CNN model lacked
the reliability required to be selected as the final model.

The LSTMmodel, on the other hand, used wave elevation data as input and demonstrated a reasonable
ability to capture temporal patterns over time. It predicted tilt responses for 50 locations over 3400
seconds using only two wave elevations per second as input. Although the overall predictions were not
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highly accurate, the model demonstrated good pattern recognition capabilities. Increasing the number
of wave elevation inputs could potentially improve accuracy. However, literature on deep learning
indicates that adding more input data does not always enhance performance, and further research
would be necessary to validate this hypothesis.

Regarding the input data used for both the CNN and the CNN-LSTM hybrid models, the number of
frequency bins (Nfreq_bins) was set to 300. This choice was reasonable, as it captured approximately
99% of the spectral density values for most sea states. However, some samples likely contained
significant spectral density values beyond 3 Hz, corresponding to very small waves. These samples,
where inputs may have been padded with zeros for the majority of the frequency range, could have
negatively impacted the models’ ability to generalize for very small amplitude tilts.

The computational constraints faced during this research represent another key limitation. Since all
models were developed and trained on Google Colab, memory and GPU RAM restrictions limited the
amount of data that could be used. Although a full year of data (8760 samples) was initially available,
out-of-memory errors necessitated reducing the dataset to 3000 samples. Consequently, it remains
unclear whether model performance could be improved with the full dataset. Future research could
explore training the models on larger datasets using more powerful hardware to determine whether
performance gains can be achieved.

Lastly, an iterative trial-and-error approach is employed in the methodology to search for optimal hy-
perparameters. This approach was adopted to gain better insight into the behavior of different hyper-
parameters within a deep learning environment. It indeed enhanced the understanding of how specific
hyperparameters influence either the accuracy or computational efficiency of the model. However,
the trial-and-error method is time-consuming and may overlook optimal configurations that are not im-
mediately apparent. Additionally, the optimal configuration is not derived from quantifiable metrics,
rendering the approach less scientific. Although this method provides a better understanding of how
hyperparameters function, it is only recommended for those conducting deep learning research for the
first time. This is because it offers valuable insights into hyperparameter sensitivity, which are useful
as preliminary values, rather than selecting arbitrary initial values.



8
Recommendations for Future Work

This thesis highlights several opportunities for future research, many of which were beyond the scope
of this study due to time constraints and limited computational resources. Below, key recommendations
are provided to extend the research line and further improve the development of surrogate deep learning
models for OFPV systems.

8.1. Expanding Input Cases
In Table 3.1 of Chapter 3, three different input cases were proposed for training the deep learning mod-
els. However, this thesis only explored Case 1: Base Case, where a single floater with constant stiff-
ness was considered. The remaining cases—Case 2: Multiple Floaters and Case 3: Multiple Floaters
+ Varying Stiffness—represent more realistic scenarios for real-world OFPVs. Incorporating these ad-
ditional cases into future models would improve the accuracy and practicality of the surrogate models
by allowing for variability in stiffness and the interaction of multiple floaters.

Implementing these cases would enable the design of OFPVs to be optimized based on customized
objective functions, such as minimizing tilt or maximizing power output across multiple floaters. How-
ever, such implementations would require significantly more computational resources, as the models
would need to generalize across a much larger and more complex dataset.

8.2. Generalizing the CNN Model
Although the CNN model demonstrated excellent predictive performance with low error metrics, its
applicability is currently limited because it was trained on a single set of phase shifts. As a result,
it cannot generalize across all possible sea states. Future research should investigate methods to
incorporate phase shifts into the model.

One potential approach is to apply a probability density function around the phase shift parameter,
quantifying the likelihood of different sea states. By incorporating such a probability distribution, the
CNN model could be adapted to account for a broader range of sea states, improving its generalization
and reliability. Further exploration of this method could determine how often specific sea states occur
and assess the CNN model’s reliability under different conditions.

8.3. Incorporating Physics-Based Approaches
Currently, the deep learning models developed in this thesis are purely data-driven. However, the input
and target data used for training were generated using finite element-fluid structure interaction (FE-FSI)
simulations, which are based on well-established physical equations and boundary conditions.

Future research could explore the use of physics-informed machine learning, where known physical
laws are embedded into the learning process. Such hybrid models may enhance performance, particu-
larly in scenarios where purely data-driven models struggle, such as predicting small amplitude tilts. By

66



8.4. Fatigue and Long-Term Performance 67

incorporating FSI principles directly into the neural network architecture or loss function, these models
could potentially offer better generalization and reliability across extreme or underrepresented cases.

8.4. Fatigue and Long-Term Performance
Another important area for future research is the inclusion of fatigue analysis in the performance as-
sessment of OFPVs. While Alcañiz et al. focused on minimizing mismatch losses and this thesis aimed
to determine optimal power output locations, both approaches assume that minimizing motion is ideal.
However, simply designing an OFPV with one floater and high stiffness, which reduces motion, may
negatively impact the system’s fatigue life and material usage.

OFPVs are subject to large dynamic forces, and repeated loading cycles can lead to structural fatigue
and eventual failure. Therefore, once Case 2: Multiple Floaters and Case 3: Multiple Floaters + Varying
Stiffness are implemented, future research should incorporate fatigue as a parameter in the objective
function. This approach would enable the development of designs that balance minimal motion and
extended structural lifespan.
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A
Dataset

In this appendix detailed information on the dataset is given. In Figure A.1 and A.2 the distribution of
the input data is given for each month. In Figure A.3 the distribution of the standard deviation of the
target data is given for each month.

Figure A.1: Boxplot of hourly significant wave height values for each month.
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Figure A.2: Boxplot of hourly peak period values for each month.

Figure A.3: Boxplot of the standard deviation of the tilt for each month.



B
First-order Taylor Expansion

To effectively assess the performance of the deep learning models, it is crucial to understand how
errors in tilt angle prediction translate into errors in power output prediction. In this appendix, a first-
order Taylor expansion is employed to analyze the sensitivity of the tilt angle (φ) with respect to the
power output (PDC). The formulas presented in Section 1.2 are utilized to demonstrate this relationship
through a numerical example, thereby validating the conclusions drawn from the Taylor expansion. For
clarity, the tilt angle is denoted as β, as in the formulas, although it is referred to as φ from Chapter 2
onward.

Let PDC(β) be the power output as a function of tilt angle β. A first-order Taylor expansion around a
reference tilt angle β0 states:

PDC(β0 +∆β) ≈ PDC(β0) +
dPDC

dβ

∣∣∣∣
β=β0

∆β, (B.1)

From Equation (B.1), the change in power, ∆PDC, is:

∆PDC ≈ dPDC

dβ

∣∣∣∣
β=β0

∆β. (B.2)

Let’s assume:

• β0 = 10◦ (reference tilt angle),
• A small deviation of ∆β = +2◦,
• A nominal direct current power output PDC(β0) = 313W at β0 = 10◦.

In PV installations, the optimal tilt angle is not a sharp peak but sits on a broad plateau of near-optimal
performances. Each component of the total irradiance is a smooth function of β and does not change
abruptly around typical operating angles. Lets suppose a (hypothetical) derivative, that is reasonable
small:

dPDC

dβ

∣∣∣∣
β=10◦

= −0.5W/◦.

This means that for each additional degree, the power reduces by 0.5W. Using Equation (B.2), the
change in power can be approximated:

∆PDC ≈ (−0.5W/◦) × (2◦) = −1.0W.

Hence, the new power at β0 +∆β = 12◦ is approximately:

PDC(12
◦) ≈ 313W + (−1.0)W = 312W.
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In this simple example, a 2-degree error in the tilt angle reduces the power by only 1W, indicating that
minor errors in predicting β lead to proportionally minor errors in PDC. This mostly depends on the
magnitude of the derivative, let’s confirm that the derivative is small with a numerical example.

First, let’s define some arbitrarily chosen constants and inputs:

• Direct Normal Irradiance (DNI): IDNI = 800Wm−2

• Diffuse Horizontal Irradiance (DHI): IDHI = 100Wm−2

• Global Horizontal Irradiance (GHI): IGHI = 900Wm−2

• ρ = 0.06 (typical for water)
• PV Module Area: APV = 2m2

• Module Efficiency: ηmod = 0.18 (i.e., 18%)
• Nominal (reference) tilt angle: β0 = 10◦

• A small increment for the difference quotient: ∆β = +1◦

For the direct beam term, the angle of incidence, θi, is needed. For demonstration purposes, the
effective angle of incidence is assumed to be θi,0 = 15◦ at β0 = 10◦ (In reality, θi depends on solar
geometry).

As shown in Section 1.2, the total irradiance consists of:

Gtotal(β) = Gbeam(β) +Gdiffuse(β) +Greflected(β).

The direct beam irradiance can be calculated as following.

Gbeam(β0) = IDNI × cos(θi,0).

For our assumed values,
IDNI = 800Wm−2, θi,0 = 15◦.

Hence,
cos(15◦) ≈ 0.9659,

Gbeam(10
◦) = 800× 0.9659 ≈ 773Wm−2.

Assuming the Liu–Jordan isotropic model, the diffuse irradiance is given as:

Gdiffuse(β0) = IDHI ×
1 + cos(β0)

2
.

Here,
IDHI = 100Wm−2, β0 = 10◦.

So
cos(10◦) ≈ 0.9848,

1 + cos(10◦)

2
=

1 + 0.9848

2
≈ 0.9924.

Thus,
Gdiffuse(10

◦) = 100× 0.9924 ≈ 99.24Wm−2.

The reflected irradiance can be calculated as following:

Greflected(β0) = IGHI × ρ× 1− cos(β0)

2
.

With:
IGHI = 900Wm−2, ρ = 0.06, β0 = 10◦.

So,
1− cos(10◦) = 1− 0.9848 = 0.0152,
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0.0152

2
= 0.0076.

Hence,
Greflected(10

◦) = 900× 0.06× 0.0076 ≈ 0.41Wm−2.

Summing the components:

Gtotal(10
◦) = Gbeam(10

◦) +Gdiffuse(10
◦) +Greflected(10

◦).

Numerically,
Gbeam(10

◦) ≈ 773, Gdiffuse(10
◦) ≈ 99.24, Greflected(10

◦) ≈ 0.41.

Therefore,
Gtotal(10

◦) ≈ 773 + 99.24 + 0.41 = 872.65Wm−2.

Now the DC Power at β0 = 10◦ can be calculated using:

PDC(β) = APV × ηmod ×Gtotal(β).

The PDC, at β0 = 10◦ is given as:

PDC(10
◦) = 2× 0.18× 872.65 ≈ 314.15W.

Now, consider a small increment:

∆β = +1◦ (from 10◦ to 11◦).

The same steps are repeated to find Gbeam(11
◦), Gdiffuse(11

◦), Greflected(11
◦), and hence PDC(11

◦).

Assume θi goes from 15◦ to say 15.5◦ for a 1-degree tilt change (a moderate assumption), the direct
beam irradiance is given as:

Gbeam(11
◦) = 800× cos(15.5◦).

cos(15.5◦) ≈ 0.9613, so
Gbeam(11

◦) ≈ 800× 0.9613 = 769Wm−2.

The diffuse irradiance is calculated as:

Gdiffuse(11
◦) = 100× 1 + cos(11◦)

2
.

cos(11◦) ≈ 0.9816, so
1 + 0.9816

2
= 0.9908,

Gdiffuse(11
◦) ≈ 100× 0.9908 = 99.08Wm−2.

Finally, the reflected irradiance is calculated as:

Greflected(11
◦) = 900× 0.06× 1− cos(11◦)

2
.

1− cos(11◦) = 1− 0.9816 = 0.0184,

0.0184/2 = 0.0092,

Greflected(11
◦) ≈ 900× 0.06× 0.0092 = 900× 0.000552 = 0.50Wm−2.
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Summing the irradiance components:

Gtotal(11
◦) = 769 + 99.08 + 0.50 = 868.58Wm−2.

This leads to a DC Power output at 11◦ of:

PDC(11
◦) = 2× 0.18× 868.58 ≈ 312.69W.

The derivative around β = 10◦ can now be approximated:

dPDC

dβ

∣∣∣∣
β=10◦

≈ 312.69− 314.15

1◦
=

−1.46

1
= −1.46W ◦−1.

This means the slope near β = 10◦ is about −1.46W/◦ (This negative sign indicates that increasing tilt
from 10◦ to 11◦ slightly decreases the power).

Hence, we see that a small error of +1◦ in tilt yields a change of about −1.46W, or ≈ 0.46% relative
to the original 314.15W. This confirms the notion that dPDC

dβ (the slope) is modest, so minor errors in β
translate into minor errors in PDC. In practical terms, this supports the argument that a deep learning
model predicting β with a small error will, in turn, produce only a small error in the predicted power
output.



C
Visualization of the Models

This appendix presents visualizations of the three developed deep learning models: the CNN, the
LSTM, and the CNN-LSTM hybrid (shown over two pages).
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Figure C.1: CNN Architecture Visualization.
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Figure C.2: LSTM Architecture Visualization.
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Figure C.3: CNN-LSTM hybrid Architecture Visualization (1).
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Figure C.4: CNN-LSTM hybrid Architecture Visualization (2).



D
Results

In this Appendix the results are given for the different architecture models. In Appendix D.1 the results
of the CNN architecture are given, in Appendix D.2 the results of the LSTM architecture are given, and
in Appendix D.3 the results of the Hybrid model are given.

D.1. CNN Results

Figure D.1: The predicted and actual values (CNN) of the inclination angle φ along the floating platform at time instance t = 10
s for a random sample in spring (left) and autumn (right).
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Figure D.2: Predicted and actual values (CNN) of the tilt φ over the first and last 100 s of a storm at x = 51 m for a sample
drawn from spring (top) and autumn (bottom).
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Figure D.3: The mean absolute error, and mean absolute percentage error 50th, 75th, 90th, and 95th percentile (CNN) in time
for every location along the floating structure for a sample drawn from spring (left) and autumn (right).

D.2. LSTM Results

Figure D.4: The predicted and actual values (LSTM) of the inclination angle φ along the floating platform at time instance t =
10 s for a random sample in spring (left) and autumn (right).
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Figure D.5: Predicted and actual values (LSTM) of the tilt φ over t = 0 - 100 s and t = 3300 - 3400 s of a storm at x = 1 m for a
sample drawn from spring (top) and autumn (bottom).
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Figure D.6: The mean absolute error, and mean absolute percentage error 50th, 75th, 90th, and 95th percentile (LSTM) in
time for every location along the floating structure for a sample drawn from spring (left) and autumn (right).

D.3. CNN - LSTM Hybrid Results

Figure D.7: The predicted and actual values (CNN-LSTM hybrid) of the inclination angle φ along the floating platform at time
instance t = 10 s for a random sample in winter (left) and spring (right).
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Figure D.8: The predicted and actual values (CNN-LSTM hybrid) of the inclination angle φ along the floating platform at time
instance t = 500 s for a random sample in winter (left) and spring (right).

Figure D.9: The predicted and actual values (CNN-LSTM hybrid) of the inclination angle φ along the floating platform at time
instance t = 3000 s for a random sample in winter (left) and spring (right).
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Figure D.10: Predicted and actual values (CNN-LSTM hybrid) of the tilt φ over t = 0 - 100 s and t = 3500 - 3600 s of a storm at
x = 1 m for a sample drawn from spring (top) and autumn (bottom).
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Figure D.11: The mean absolute error, and mean absolute percentage error 50th, 75th, 90th, and 95th percentile (CNN-LSTM
hybrid) in time for every location along the floating structure for a sample drawn from spring (left) and autumn (right).
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