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Abstract 6 

Metocean conditions during hurricanes are defined by multiple parameters (e.g., significant wave 7 

height and surge height) that vary in time with significant auto- and cross-correlation. In many 8 

cases, the nature of the variation of these characteristics in time is important to design and assess 9 

the risk to offshore structures, but a persistent problem is that measurements are sparse and time 10 

history simulations using metocean models are computationally onerous. Surrogate modeling is an 11 

appealing approach to ease the computational burden of metocean modeling, however, modeling 12 

the time-dependency of metocean conditions using surrogate models is challenging because the 13 

conditions at one time instant are dependent on not only the conditions at that instant but also on 14 

the conditions at previous time instances. In this paper, time-dependent surrogate modeling of 15 

significant wave height, peak wave period, peak wave direction, and storm surge is explored using 16 

a database of metocean conditions at an offshore site. Three types of surrogate models, including 17 

Kriging, Multilayer Perceptron (MLP), and Recurrent Neural Network with Gated Recurrent Unit 18 

(RNN-GRU), are evaluated, with two different time-dependent structures considered for the 19 

Kriging model and two training set sizes for the MLP model, resulting in a total of five models 20 

evaluated in this paper. The performance of the models is compared in terms of accuracy and 21 

sensitivity towards hyperparameters, and the MLP and RNN-GRU models are demonstrated to 22 

have extraordinary prediction performance in this context.  23 

Keywords: Time-dependent surrogate modeling, Kriging, Neural Networks, Deep Learning, ocean 24 

waves, storm surge 25 

1. Introduction 26 

Modeling of metocean conditions (e.g., significant wave height, peak wave period, etc.) during 27 

hurricanes is a situation well-suited for surrogate modeling, as the underlying physical processes 28 

are complex and numerical models are so computationally demanding that their potential for 29 

engineering applications is limited. The term surrogate model refers to a data-driven statistical 30 

model that approximates the behavior of a complex process characterized by input (measurable 31 

quantities that have relevant predictive power) and output (the variable(s) of interest). Some 32 

parametric surrogate models of metocean conditions during hurricanes [1] have been proposed, but 33 

these are limited to deep and open waters. However, for more general situations, such as those with 34 

limited water depth or fetch length, the conventional practice is to use numerical, time-dependent 35 

models [2, 3] that account for important nonlinear phenomena such as wind-sea and wave-wave 36 

interactions, energy dissipation, etc. Because the historical record of hurricanes is relatively short, 37 

a catalog of synthetic hurricanes representing a much longer period of time is commonly applied 38 

in engineering design and risk assessments. Numerical simulations of metocean conditions for each 39 

of the thousands of hurricanes in such a catalog are intractable, and a promising approach is to 40 
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instead simulate only a small subset of these hurricanes numerically and then create a surrogate 41 

model to replace the time-consuming numerical model for simulating the remaining hurricanes.  42 

Surrogate modeling for time-dependent processes, such as metocean conditions during hurricanes, 43 

is a challenging task. In this context, time-dependent processes refer to processes with 44 

characteristics that vary in time and are affected not only by the current conditions but also by the 45 

conditions at previous instances of time. This kind of behavior is difficult for surrogate models to 46 

represent because the correlation between the predictions made for different time instances also 47 

needs to be captured by surrogate models. Many types of surrogate models have been explored for 48 

modeling metocean conditions, including decision trees [4], response surfaces [5], Kriging [6], and 49 

support vector machine (SVM) [7]. When applying these models to a time series, each set of input 50 

and output are independent of each other, and so these models cannot explicitly model the time-51 

dependency of metocean processes. Some researchers have proposed approaches to adapt these 52 

models for time-dependent processes. For example, Jia et al. [8] used Kriging to model storm surge 53 

with a high-dimensional vector designed to preserve time-dependence. In addition to the techniques 54 

above, Neural Networks are also used for surrogate modeling of metocean conditions, such as [14-55 

16], where the networks utilized by these researchers have a structure with one hidden layer. In 56 

recent years, Neural Networks have evolved alongside the rapid development of Deep Learning, 57 

resulting in a new family of techniques that are referred to as Deep Neural Networks, which have 58 

network structures with multiple hidden layers and more sophisticated layer operations – from the 59 

basic operations of a Multilayer Perceptron, MLP, to the complex operations of a Recurrent Neural 60 

Network, RNN. These advances have yielded better performance for many complex tasks such as 61 

natural language processing [17] and computer vision [18], but their application in the surrogate 62 

modeling of metocean conditions is so far limited (refer to [7] as one example).  63 

Development of a surrogate model of time-dependent metocean conditions involves several loosely 64 

coupled choices: the size of the training dataset, the selection of the type of surrogate model (e.g., 65 

Kriging, MLP, RNN, etc.), and the design of the time-dependent structure. A model with a time-66 

dependent structure has capabilities that can predict a series of output that preserves correlation in 67 

time. Some models, like RNN, have inherent time-dependent structures, while others, like Kriging 68 

and MLP, do not have such structures inherently. For the latter type of models, the effect of time-69 

dependent processes can be modeled with ad hoc manipulation of the input and/or output vectors 70 

of the models. In this paper, a database of metocean conditions during hurricanes for an offshore 71 

site is used to compare five combinations of the surrogate model, the time-dependent structure, and 72 

the size of the training dataset. This paper has two goals: (1) to illustrate how intrinsic 73 

characteristics of the surrogate model along with details of its time-dependent structure and size of 74 

training dataset affect the overall performance of the model, and (2) to demonstrate the enormous 75 

potential of so-called Deep Neural Networks in surrogate modeling of metocean conditions. For 76 

the Neural Networks considered in this paper, the influence of the network structure (i.e., the 77 

number of hidden layers and the number of units within each hidden layer) is also explored. This 78 

paper is organized as follows. First, the background of the surrogate models utilized in this paper 79 

is provided in Section 2. Then, the database of metocean conditions during hurricanes, which is 80 

used for model training, is described in Section 3. Details of the implementation of the five models 81 

considered in this paper are presented in Section 4. Results are provided and discussed in Section 82 

5, and conclusions are summarized in Section 6.  83 

 84 
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2. Background 85 

Three types of surrogate models are considered in this paper: Kriging, the Multilayer Perceptron 86 

(MLP), and Recurrent Neural Network with Gated Recurrent Unit (RNN-GRU) [19]. The latter 87 

two models are categorized as Deep Neural Networks. These three types of models are chosen to 88 

represent a relevant range of characteristics. For example, the RNN-GRU model has an inherent 89 

time-dependent structure and can naturally model time-dependent processes, while the other two 90 

require an ad hoc arrangement of the input and output vectors to model such processes. Another 91 

important distinction is that Kriging is a memory-based approach (i.e., all training data are 92 

memorized to make predictions), while the other two are parametric models (i.e., training data is 93 

only used to determine a set of parameters of the model and is not directly involved in making 94 

predictions). Key features of these models are provided in Table 1, and the details of each model 95 

are presented separately in the remainder of this section. 96 

Table 1. Summary of the three surrogate models used in this paper to model time-dependent 97 

processes. A list of choices for the key hyperparameters explored in this paper is provided in 98 

square brackets.   99 

Surrogate 

Model 

Time-dependent 

structure? 

Memory-

based? 
Key hyperparameters 

Kriging No Yes 
 Type of regression function: linear 

 Type of correlation function: exponential 

MLP No No 

 Number of hidden layers: 

[1, 3, 5, 7] 

 Number of units per layer: 

[16, 32, 64, 128, 256, 512, 1024, 2048, 4096] 

 Activation function: ReLU 

RNN-

GRU 
Yes No 

 Number of hidden layers: 

[1, 3, 5, 7] 

 Number of units per layer: 

[16, 32, 64, 128, 256, 512, 1024, 2048, 4096] 

 Activation function: hyperbolic tangent 

 Recurrent activation function: hard sigmoid 

 100 

2.1 Kriging model  101 

For a training dataset (𝑿𝑚×𝑛, 𝒀𝑚×𝑞) composed of 𝑚 samples of n input variables and q output 102 

variables, the Kriging model uses a linear combination of training output 𝒀  to provide the 103 

prediction �̂� for any unknown input �̃� as, 104 �̂� = 𝒄⊤𝒀 = 𝒇(�̃�)⊤𝜷∗ + 𝒓(�̃�)⊤𝜸∗ (1) 105 

where 𝒄⊤ is the coefficient matrix of the linear combination, 𝒇𝑝×1(𝒙) is the regression function, 106 𝜷𝑝×𝑞∗  is the result of the generalized least squares method 𝜷∗ = (𝑭⊤𝑹−1𝑭)−1𝑭⊤𝑹−1𝒀, 𝑭𝑚×𝑝 is the 107 

result of the regression function evaluated at all the training inputs 𝑭𝑚×𝑝 = [𝒇(𝒙1)…𝒇(𝒙𝑚)]⊤, 108 𝑹𝑚×𝑚 is the result of the correlation function ℛ(𝜽, 𝒙𝑖 , 𝒙𝑗) evaluated at all of the training inputs 109 

(i.e., 𝑖, 𝑗 = 1,… ,𝑚 ), 𝒓(�̃�)𝑚×1  is the result of the correlation function evaluated between the 110 

training inputs and �̃�, and 𝜸𝑚×𝑞∗  is the result of 𝜸∗ = 𝑹−1(𝒀 − 𝑭𝜷∗). The parameter 𝜽 is optimized 111 

to minimize the mean squared error 𝐸[(�̂� − 𝒚)2] of the training dataset.  112 
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There are two hyperparameters in the Kriging model, the regression function 𝑓(𝒙)  and the 113 

correlation function ℛ(𝜽, 𝒙𝑖 , 𝒙𝑗). Possible forms for the function 𝑓(𝒙) include a constant function 114 𝑓(0)(𝒙) = 1 , a linear function 𝑓(1)(𝒙) = [1, 𝑥1, … , 𝑥𝑛]⊤ , and a quadratic function 𝑓(2)(𝒙) =115 [1, 𝑥1, … , 𝑥𝑛, 𝑥12, 𝑥1𝑥2, … , 𝑥𝑛2]. In this paper, the linear regression function and the exponential 116 

correlation function are used. The constant regression function and two other types of correlation 117 

functions, linear and Gaussian (detailed expressions for these are provided in [20]), were included 118 

in preliminary experiments, but were found to have higher prediction errors and are not discussed 119 

here. Quadratic or higher-order regression functions are not considered because the dimension of 120 𝑓(𝒙) exceeds the number of training samples for some cases considered in this paper. Note that the 121 

inclusion of some quadratic terms might improve the performance of the regression term 𝒇(�̃�)⊤𝜷∗, 122 

however, such implementation requires domain knowledge and is not common practice.  123 

2.2 MLP 124 

An MLP model is the most basic Neural Network. It includes several layers of units, with the first 125 

layer representing the input vector and the last layer representing the output vector. Figure 1 shows 126 

the structure of an MLP model with two hidden layers as an example. The operation of each hidden 127 

layer is expressed as, 128 𝒛2 = 𝑔(𝒛1 ⋅ 𝑾 + 𝒃) (2) 129 

where, for each layer of the model, 𝒛1 is the input vector, 𝒛2 is the output vector, 𝑾 is the weight 130 

matrix, 𝒃  is the vector representing bias, and 𝑔  is the so-called activation function, which 131 

nonlinearly transforms the data elementwise.  132 

Compared to the Kriging model, the MLP model has more hyperparameters. First, the MLP model 133 

includes 𝑙 hidden layers (the number of hidden layers is referred to herein as the depth of the 134 

network) and 𝑘 units per layer (the number of units per layer is referred to herein as the width of 135 

the network), which together determine the structure of the network. The ability of the model to 136 

approximate nonlinear behavior and the complexity of the training process increase with the 137 

number of hidden layers and the number of units per layer. These parameters affect model 138 

performance as does the activation function 𝑔.  139 

In this paper, the selected activation function is ReLU (Rectified Linear Unit [21], expressed as 140 𝑦 = max(0, 𝑥)). Three other types of activation functions, namely ELU (Exponential Linear Unit 141 

[23]), sigmoid (i.e., standard logistic), and hyperbolic tangent, were considered during preliminary 142 

experiments, but ReLU was found to have the best performance and so the others are not discussed 143 

here. The number of hidden layers (𝑙 = 1, 3, 5, and 7) and the number of units per layer (𝑘 = 16, 32, 144 

64, 128, 256, 512, 1024, 2048, and 4096) are investigated to determine the optimal network 145 

structure for this application. Note that the number of units per layer 𝑘 is assumed to be constant 146 

for each hidden layer to simplify the optimization, and, as such, each network structure is identified 147 

as 𝑙 × 𝑘.  148 
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𝑥1 𝑥2 𝑥𝑛 11  12  1  1  1  21  22  2  2  2 𝑦1 𝑦2 𝑦𝑞…

…
……

 149 
Figure 1. An example MLP model structure with l = 2 hidden layers and k units per hidden layer.  150 

 151 

2.3 RNN-GRU  152 

An RNN-GRU model is structured similarly to the MLP model (see Figure 1), but with the output 153 

of each layer 𝒉𝑡 expressed as, 154 𝒖𝑡 = 𝜎(𝒙𝑡 ⋅ 𝑾𝑢𝑥 + 𝒉𝑡−1 ⋅ 𝑾𝑢ℎ + 𝒃𝑢) (3) 155 𝒓𝑡 = 𝜎(𝒙𝑡 ⋅ 𝑾𝑟𝑥 + 𝒉𝑡−1 ⋅ 𝑾𝑟ℎ + 𝒃𝑟) (4) 156 �̃�𝑡 = 𝑔(𝒙𝑡 ⋅ 𝑾ℎ𝑥 + (𝒓𝑡 ∗ 𝒉𝑡−1) ⋅ 𝑾ℎℎ + 𝒃ℎ) (5) 157 𝒉𝑡 = (𝟏 − 𝒖𝑡) ∗ 𝒉𝑡−1 + 𝒖𝑡 ∗ �̃�𝑡 (6) 158 

where 𝑾𝑢𝑥 ,𝑾𝑢ℎ ,𝑾𝑟𝑥 ,𝑾𝑟ℎ ,𝑾ℎ𝑥 ,𝑾ℎℎ  are weighting matrices, 𝒃𝑢, 𝒃𝑟 , 𝒃ℎ  are bias vectors, 𝜎 is 159 

the recurrent activation function, ∗ indicates elementwise multiplication between two vectors, and 160 𝑡  indicates the time instance. For the first time instance 𝑡 = 1, the vector 𝒉0  at each layer is 161 

initialized as a zero vector and the vector 𝒉1 at each layer is calculated according to Eq. 6, which 162 

is then used as the vector 𝒉𝑡−1 to begin predictions at time instance 𝑡 = 2, and so on. The vector 163 𝒖𝑡 in Eq. 6 represents the percent of the past information (i.e., 𝒉𝑡−1) to be updated, 𝒓𝑡 indicates the 164 

percent of the past information to forget, and �̃�𝑡 represents the memory content.  165 

The same 36 network structures are tested for the RNN-GRU model as for the MLP model (i.e., all 166 

combinations of four values of 𝑙 and nine values of 𝑘, see Table 1). The activation function 𝑔 is 167 

chosen as hyperbolic tangent, the recurrent activation function 𝜎  is chosen as hard sigmoid, 168 

following common practice.  169 

3. Database of metocean conditions during hurricanes 170 

The database of metocean conditions used in this paper for training the surrogate models includes 171 

conditions during a set of synthetic hurricanes. The synthetic hurricanes are selected from a catalog 172 

developed by Liu [25], which uses historical hurricanes to characterize potential hurricane activity 173 

in the northeastern part of the Atlantic basin over a span of 100,000 years. The hurricanes are 174 

defined using the Holland model [26, 27] in terms of seven parameters: longitude and latitude of 175 

the hurricane eye location, the central atmospheric pressure, the radius to maximum wind speed, 176 

the translational velocity, the translational direction, and the B parameter.  The wind speed and 177 

atmospheric pressure fields defined by the Holland model are then used as input to a numerical 178 

metocean model Mike 21 (refer to [28] for details). The Mike 21 model couples a hydrodynamic 179 

module, which simulates two-dimensional flows based on the depth-integrated, incompressible, 180 

Reynolds-averaged Navier-Stokes equations [29], and a spectral wave module, which simulates the 181 

growth, propagation, and decay of wind-generated waves and swells based on wave action 182 

conservation equations [3], to provide predictions on metocean conditions. 183 
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One offshore site near South Carolina is considered in this paper (see Figure 2). The coordinates of 184 

this site are (78.87°W, 33.09°N) and the water depth is 17 m. All hurricanes in the catalog that 185 

induce a mean wind speed of at least 33 m/s at an elevation of 10 m are simulated, resulting in a 186 

total of 5,881 hurricanes over the 100,000-year span of the catalog. Four types of metocean 187 

conditions are considered: the significant wave height 𝐻𝑠, the peak wave period 𝑇𝑝, the peak wave 188 

direction 𝜃𝐻𝑠, and the sea surface elevation 𝜂 (including both tide and storm surge). As such, the 189 

database includes information from the 5,881 synthetic hurricanes with various durations and the 190 

corresponding hourly values of 𝐻𝑠, 𝑇𝑝, 𝜃𝐻𝑠, and 𝜂.  191 

 192 
Figure 2. The location of the offshore site near South Carolina (red star) and the trajectories of 193 

50 hurricanes randomly sampled from a total of 5,881 synthetic hurricanes included in the 194 

hurricane database. The color of the trajectory indicates the hurricane intensity per the Saffir-195 

Simpson scale (TD stands for tropical depression and TS stands for tropical storm). 196 

 197 

4. Numerical experiments 198 

Surrogate modeling is a mathematical mapping between input 𝑿 and output vectors 𝒀, i.e., 𝑿 → 𝒀. 199 

For the hurricane database introduced in Section 3, 𝒀 is a time-dependent vector of four metocean 200 

conditions (𝐻𝑠, 𝑇𝑝, 𝜃𝐻𝑠, and 𝜂) during each hurricane. Five models are introduced in this section, 201 

including three types of surrogate models (Kriging, MLP, and RNN-GRU), with two different time-202 

dependent structures considered for the Kriging model and two training set sizes for the MLP model. 203 

Some key information for each of the five models is presented in Table 2. The time-dependent 204 

structures are introduced in Section 4.1. The design of each of the input vectors 𝑿 is provided in 205 

Section 4.2, and the details of model training and evaluation are provided in Section 4.3.  206 

Table 2. Summary of five models considered in this paper. 207 

 Surrogate model Time-dependent structure 
Number of 

training samples 

Model 1 Kriging 𝑿(𝑡𝑖− , … , 𝑡𝑖) → 𝒀(𝑡𝑗 , … , 𝑡𝑗+𝑙) ~5,000 

Model 2 Kriging 𝑿(𝑡𝑖− , … , 𝑡𝑖) → 𝒀(𝑡𝑖) 5,000 

Model 3 MLP 𝑿(𝑡𝑖− , … , 𝑡𝑖) → 𝒀(𝑡𝑖) 5,000 

Model 4 MLP 𝑿(𝑡𝑖− , … , 𝑡𝑖) → 𝒀(𝑡𝑖) ~660,000 

Model 5 RNN-GRU 𝑿(𝑡𝑖) → 𝒀(𝑡𝑖) ~660,000 

 208 

4.1 Time-dependent structures 209 
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Modeling of metocean conditions during a hurricane can be abstracted as a sequence-to-sequence 210 

problem (see Figure 3), where the time-dependent input 𝑿  represents a set of parameters 211 

characterizing the hurricane and site-specific conditions, the time-dependent output 𝒀  is the 212 

metocean conditions of interest (e.g., 𝐻𝑠, 𝑇𝑝, 𝜃𝐻𝑠, and 𝜂 in this paper), and the hidden variables 𝑯 213 

represent the complex interactions of metocean characteristics. The output at step 𝑡𝑖 is affected by 214 

not only 𝑿(𝑡𝑖), but also by 𝑿(𝑡𝑖−1), 𝑿(𝑡𝑖−2), etc. 215 

……

𝒀 𝑡𝑖−2
𝑯 𝑡𝑖−2
𝑿 𝑡𝑖−2

𝒀 𝑡𝑖−1
𝑯 𝑡𝑖−1
𝑿 𝑡𝑖−1

𝒀 𝑡𝑖
𝑯 𝑡𝑖
𝑿 𝑡𝑖

𝒀 𝑡𝑖+1
𝑯 𝑡𝑖+1
𝑿 𝑡𝑖+1

 216 
Figure 3. Schematic of the time-dependent structure of a sequence-to-sequence model, where 217 

subscripts indicate the time instance, 𝑿 represents the input vector, 𝑯 represents a vector of 218 

hidden variables, and 𝒀 represents the output vector.  219 

 220 

For surrogate models without inherent time-dependent structures (e.g., the Kriging and MLP 221 

models), the effect of time-dependence can be included with an ad hoc arrangement of the input 222 

and/or output vectors. Two structures are compared in this paper. The first structure is expressed 223 

as 𝑿(𝑡𝑖− , … , 𝑡𝑖) → 𝒀(𝑡𝑗 , … , 𝑡𝑗+𝑙), a structure that stacks features (the vector 𝑿 in Figure 3) at steps 224 𝑡𝑖− , … , 𝑡𝑖 to form the input vector and predicts an output vector which includes steps 𝑡𝑗 , … , 𝑡𝑗+𝑙 225 

(see Figure 4(a)). The vector 𝒀(𝑡𝑗 , … , 𝑡𝑗+𝑙) is selected to cover the time instances corresponding to 226 

intense metocean conditions, as these conditions are most important to model accurately for 227 

engineering applications. The second structure is expressed as 𝑿(𝑡𝑖− , … , 𝑡𝑖) → 𝒀(𝑡𝑖), a structure 228 

that predicts metocean conditions independently for each time instance and includes the time-229 

dependence implicitly by stacking input features at various time instances (see Figure 4(b)). At first 230 

glance, this structure is a special case of the first structure with 𝑙 = 0. But, there is a philosophical 231 

difference between the two structures: the second structure trains and predicts metocean conditions 232 

for each hurricane hour, rather than for each hurricane. As such, each hurricane produces multiple 233 

training samples, and the duration of predictions is not constant. It is worth noting that the structure  234 𝑿(𝑡𝑖− , … , 𝑡𝑖) → 𝒀(𝑡𝑗 , … , 𝑡𝑗+𝑙) can also be implemented in a step-wise manner, i.e., generating 235 

multiple training samples for each hurricane, 𝑋(𝑡𝑖− , … , 𝑡𝑖) → 𝒀(𝑡𝑗 , … , 𝑡𝑗+𝑙) , 236 𝑋(𝑡𝑖− +1, … , 𝑡𝑖+1) → 𝑌(𝑡𝑗+1, … , 𝑡𝑗+𝑙+1) , etc. However, this results in multiple predictions for 237 

metocean conditions at the same time instance. Thus, the implementation of the first structure in 238 

this paper is based on the idea that one hurricane produces one training sample. Also note that, for 239 

both structures, the time interval of the input features does not have to match the time interval of 240 

the training data. For example, the hurricane database introduced in Section 2 has hourly intervals, 241 

but input features can be stacked for time instances with 3-hour intervals. This benefits model 242 

performance in some cases, as metocean characteristics with 3-hour intervals are less correlated 243 

with each other. Both structures are implemented using the Kriging model (see Model 1 and Model 244 

2 in Table 2), while the second structure is also implemented using the MLP model (see Model 3 245 

and Model 4 in Table 2).  246 

For the RNN-GRU model, the prediction of time-dependent processes is straightforward because 247 

it inherently models time-dependent processes. The RNN-GRU model considers input vectors at 248 
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each time instance and makes predictions with the following the structure 𝑿(𝑡𝑖) → 𝒀(𝑡𝑖). This 249 

structure is considered in Model 5 in Table 2. All three time-dependent structures are summarized 250 

in Table 3.  251 

Table 3. Summary of three time-dependent structures considered in this paper. 252 

Time-dependent structure 

Requires surrogate models 

with time-dependent 

characteristics? 

Training samples 

per hurricane 

Model # in 

Table 2 𝑿(𝑡𝑖− , … , 𝑡𝑖) → 𝒀(𝑡𝑗 , … , 𝑡𝑗+𝑙) No one 1 𝑿(𝑡𝑖− , … , 𝑡𝑖) → 𝒀(𝑡𝑖) No multiple 2~4 𝑿(𝑡𝑖) → 𝒀(𝑡𝑖) Yes multiple 5 

 253 

 254 

 

……

𝒀 𝑡𝑖−2
𝑯 𝑡𝑖−2
𝑿 𝑡𝑖−2

𝒀 𝑡𝑖−1
𝑯 𝑡𝑖−1
𝑿 𝑡𝑖−1

𝒀 𝑡𝑖
𝑯 𝑡𝑖
𝑿 𝑡𝑖

𝒀 𝑡𝑖+1
𝑯 𝑡𝑖+1
𝑿 𝑡𝑖+1

  

……

𝒀 𝑡𝑖−2
𝑯 𝑡𝑖−2
𝑿 𝑡𝑖−2

𝒀 𝑡𝑖−1
𝑯 𝑡𝑖−1
𝑿 𝑡𝑖−1

𝒀 𝑡𝑖
𝑯 𝑡𝑖
𝑿 𝑡𝑖

𝒀 𝑡𝑖+1
𝑯 𝑡𝑖+1
𝑿 𝑡𝑖+1

 255 
 (a) 𝑿(𝑡𝑖− , … , 𝑡𝑖) → 𝒀(𝑡𝑗 , … , 𝑡𝑗+𝑙) (b) 𝑿(𝑡𝑖− , … , 𝑡𝑖) → 𝒀(𝑡𝑖) 256 

 257 

Figure 4. Two structures to predict time-dependent processes using surrogate models without 258 

inherent time-dependent characteristics: (a) prediction of one output vector composed of various 259 

time instances using input features at multiple time instances, and (b) prediction of output at each 260 

time instance using input features at multiple time instances. Red rectangles indicate the inputs 261 

and outputs selected to form the input and output vectors.   262 

 263 

4.2 Design of input vector 264 

Two aspects are involved when designing the input vector: the selection of features included at 265 

each time instance (i.e., the specific form of 𝑋(𝑡𝑖) in Figure 4) and the time instances to stack these 266 

features (i.e., the selection of (𝑡𝑖− , … , 𝑡𝑖) in Figure 4). The former affects all five models, and the 267 

latter affects only Models 1~4 (see Table 2), as the time-dependent structure of Model 5 does not 268 

require such stacking. Since the target output vector 𝑌 is simulated from a numerical model driven 269 

by wind and pressure fields, the seven hurricane parameters that define the wind and pressure fields 270 

and the water depth (sum of still water depth and tide level) are the most straightforward features 271 

to include in the input vector. Other features, including the maximum wind speed within the entire 272 

wind field, local wind speed at the selected site, and local wind direction, are also considered. The 273 

two circular variables, the hurricane translational direction and local wind direction, are expressed 274 

in terms of sinusoidal and cosinoidal values, as is common practice. As such, a total of 13 features 275 

are considered for each time instance.  276 

For Models 1~4, the 13 input features are stacked at various time instances to form the input vector. 277 

Up to 9 time instances with 3-hour intervals are selected (i.e., 𝑡𝑖, 𝑡𝑖− ,…, 𝑡𝑖−2 ). For Model 1, only 278 

one training sample is extracted for each hurricane, and 𝑡𝑖 is selected as the hour of the maximum 279 𝑉 at the selected site, and the output time instances (𝑡𝑗 , … , 𝑡𝑗+𝑙) include the 12 hours before and 280 
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after 𝑡𝑖  (i.e., 25 time instances in total). The design of the input vector directly affects the 281 

effectiveness of the surrogate model, and much research has been devoted to optimizing the input 282 

vector [30, 31]. In preliminary experiments, fewer time instances and features at each time instance 283 

are tested, and the results indicate that using all 13 features at each time instance always yields the 284 

best prediction performance for Models 1~5. For Models 1, 3, and 4, stacking the 13 features at all 285 

9 time instances yields the best prediction performance, while for Model 2, no stacking of the 13 286 

features (i.e., using only the 13 features at 𝑡𝑖  as the input vector) yields the best prediction 287 

performance. 288 

4.3 Model training and evaluation 289 

The five models considered in this paper use three types of surrogate models and three time-290 

dependent structures, see Table 1 and Table 3. As such, the training and evaluation processes are 291 

slightly different for each model. For the 5,881 hurricanes included in the database of metocean 292 

conditions, 881 hurricanes are used for model evaluation (see Figure 5), leaving 5,000 hurricanes 293 

(~800,000 hurricane hours) for model training. The Kriging models are trained using the DACE 294 

package [20] in MATLAB, and the Neural Networks are trained using TensorFlow [32]. The 295 

training datasets are described for each prediction model as follows. 296 

 For Model 1, all 5,000 hurricanes are used for training, producing 5,000 training samples.  297 

 For Model 2, model training is based on hurricane hours rather than hurricanes, and 298 

therefore 5,000 hurricane hours are randomly selected from the 5,000 hurricanes as the 299 

training dataset. According to the result of the random selection, a total of ~3,000 300 

hurricanes contribute to the 5,000 hurricane hours. The same number of 5,000 training 301 

samples is selected for Model 2 because (1) this allows a fair comparison with Model 1 to 302 

reveal the impact of the time-dependent structure on predictions and (2) it is intractable for 303 

the Kriging model to memorize ~800,000 training samples formed in terms of hurricane 304 

hours, as it takes ~5,000 Gigabytes of computer memory just to construct the 𝑹 matrix in 305 

MATLAB using double-precision floating-point values for ~800,000 training samples. 306 

 For Model 3, 5,000 training samples are used again to train the MLP model to create a fair 307 

comparison with the Kriging model in Model 2. Since there are more hyperparameters for 308 

Neural Networks than Kriging models, the chance of overfitting (i.e., the model learns not 309 

only the general trend but also the local, noise-like variations, resulting in testing 310 

performance that is much worse than the training performance) is higher. To prevent 311 

overfitting, a common approach is employed: a validation dataset is prepared in addition 312 

to the training dataset, and optimal hyperparameters are selected based on the performance 313 

of the model for the validation dataset, rather than for the training dataset. The ratio 314 

between the training dataset the validation dataset used here is around 70:15. As such, a 315 

total of 1,070 samples of hurricane hours are used for validation. The training and 316 

validation datasets are shuffled and re-divided during the training process to improve 317 

training efficiency. 318 

 For Model 4, the ~800,000 hurricane hours are divided into ~660,000 samples for training 319 

and ~140,000 samples for validation according to the 70:15 ratio. The training process is 320 

the same as for Model 3. 321 

 For Model 5, the training samples are formed in terms of hurricane hours, but the training 322 

process is done in terms of hurricanes, as time instances are fed into the model in sequence 323 

for each hurricane, see Section 2.3. As such, training and validation datasets are divided 324 

based on individual hurricanes. 325 
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The division of the 5,881 hurricanes in the catalog among training, validation, and testing datasets 326 

is illustrated in Figure 5. All models are tested for the same 881 hurricanes.  327 

Model 1

Model 2

Model 3

Model 4

Model 5

5,881 hurricanes

 328 
Figure 5. Division of the training (in green), validation (in yellow), and testing (in orange) 329 

datasets for each model.  330 

 331 

5. Results and discussions 332 

For the four types of metocean conditions (𝐻𝑠 , 𝑇𝑝, 𝜃𝐻𝑠 , and 𝜂), separate prediction models are 333 

trained and results of the 𝐻𝑠 predictions are used as an example to compare the models. The overall 334 

performance of the models is presented in Section 5.1, and detailed comparisons are discussed in 335 

Section 5.2. 336 

5.1 Overall performance 337 

Models 1~5 are trained in different ways but are tested for the same 881 testing hurricanes. The 338 

root-mean-square error for the testing dataset is chosen as the metric to evaluate the performance 339 

of each model, expressed as, 340 

𝜎𝑇𝑒𝑠𝑡 = √1𝑁∑∑(�̂�𝑖,𝑗 − 𝑦𝑖,𝑗)2𝑛𝑖
𝑗=1

𝑚
𝑖=1 (7) 341 

where �̂� is the prediction value during a time instance of a hurricane, 𝑦 is the corresponding true 342 

value from the numerical time-history simulation, subscript 𝑗 indicates the prediction time instance, 343 

subscript 𝑖 indicates the testing hurricane, 𝑚 is the total number of testing hurricanes, which is 881 344 

in this case, 𝑛𝑖 is the total time instances for each testing hurricane, and 𝑁 indicates the total time 345 

instances included in the testing hurricanes. Note that for the same hurricane, 𝑛𝑖 is different for 346 

each prediction model. For instance, Model 1 provides predictions for 25 time instances regardless 347 

of the hurricane duration, while Models 2~4 provide predictions for a duration slightly shorter than 348 

the hurricane, since the mapping of 𝑿(𝑡𝑖− , … , 𝑡𝑖) → 𝒀(𝑡𝑖) determines that the first available time 349 

instance for prediction is 𝑡 +1; Model 5 provides predictions for the entire hurricane duration. As 350 

such, the number of time instances involved in 𝜎𝑇𝑒𝑠𝑡 is different for each prediction model.  351 

Each prediction model is tested for various sets of hyperparameters (see Table 1). The best 352 

performance for predicting 𝐻𝑠 and the corresponding hyperparameters are listed in Table 4. Overall, 353 

Model 1 performs the worst, with 𝜎𝐻𝑠,Test =  0.41 m, and Model 5 performs the best, with 354 𝜎𝐻𝑠,Test = 0.05 m. The model performance is revealed with more details in Figure 6, which plots 355 𝜎𝐻𝑠,Test versus 𝐻𝑠. It is interesting to note that 𝜎𝐻𝑠,Test for Models 1 and 2 differs by ~32% as listed 356 
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in Table 4, while the 𝐻𝑠~𝜎𝐻𝑠,Test curves behave quite similar for 𝐻𝑠 > 2 m. This is because the 357 

values of 𝐻𝑠 predicted by Model 1 are all relatively high because of the way the hurricane duration 358 

is defined for Model 1, while the predictions of Model 2 cover almost the entire history of each 359 

hurricane. For the latter case, the majority of 𝐻𝑠 values are low when the hurricane is far away, and 360 

the low values of 𝜎𝐻𝑠,Test for 𝐻𝑠 < 2 m lead to a lower value of 𝜎𝐻𝑠,Test. For risk analysis, which 361 

focuses on extreme conditions, a lower prediction error at high values of 𝐻𝑠 is preferable compared 362 

to the trend in Figure 6, and this can be taken into account by including more intense hurricanes in 363 

the training database and by adjusting the training process to increase the weight of high values of 364 𝐻𝑠 during the model training.  365 

 366 

Table 4. The best prediction performance on the testing dataset and the corresponding network 367 

structure for the five models in Table 1. 368 

 𝜎𝐻𝑠,Test (m) Network structure 

Model 1 0.41 - 

Model 2 0.36 - 

Model 3 0.19 3 × 1024 

Model 4 0.14 5 × 32 

Model 5 0.05 3 × 128 

 369 

 370 
Figure 6. Prediction errors as a function of 𝐻𝑠.  371 

 372 

Prediction performance of Model 5, which performs the best for 𝐻𝑠  among the five prediction 373 

models, is provided in Table 5 for the other three metocean conditions (𝑇𝑝, 𝜃𝐻𝑠, and 𝜂). Note that 374 

for the prediction of 𝜃𝐻𝑠, which is a circular variable, the output variable is selected as sin 𝜃𝐻𝑠 and 375 cos 𝜃𝐻𝑠 , so that values referring to the same direction (e.g., -180° and 180°) have the same 376 

representation. However, 𝜎𝑇𝑝,Test is evaluated based on the resulting direction errors for the range 377 

between -180° and 180°. 378 

To better illustrate the level of accuracy of Model 5 on various metocean conditions, prediction 379 

results for an individual hurricane that has a similar value 𝜎Test  as the overall value provided in 380 

Table 4 are presented in Figure 7, with 𝜎Test for 𝐻𝑠, 𝑇𝑝, 𝜃𝐻𝑠, and 𝜂 equal to 0.04 m, 1.52 s, 13.5°, 381 

and 0.06 m, respectively. Note that the duration of the hurricane plotted in Figure 7 is 163 hours, 382 

but only the results for the 24 hours before and after the maximum 𝐻𝑠  are shown here. The 383 

prediction of 𝐻𝑠 matches the details of the simulation, while the prediction of 𝑇𝑝 captures only the 384 



12 

 

overall trend of the simulation. Because 𝜃𝐻𝑠 is decomposed into sinusoidal and cosinoidal values 385 

during model training, the wrapping effect is captured (i.e., values higher than 180° reset to -386 

180°) clearly. Note that Figure 7(c) shows a lower prediction error compared to the overall 𝜎𝜃𝐻𝑠  387 

of 13.5°. This is because of some large prediction errors when the hurricane is far away from the 388 

site of interest. An opposite situation is observed in Figure 7(d), where an overestimation at the 389 

peak surge is not reflected in the relatively low value of 𝜎𝜂 for this hurricane. These situations could 390 

be clarified with an alternative metric for performance, such as 𝜎Test for the time instances when 391 

the hurricane is close to the site of interest.  392 

Table 5. The best prediction performance of Model 5 on the testing dataset and the 393 

corresponding network structures.  394 

 
Network 

structure 
𝜎Test 𝑇𝑝 3×256 1.38 s 𝜃𝐻𝑠 5×512 15.4° 𝜂 7×128 0.05 m 

 395 

 396 
 (a) (b) (c) (d) 397 

Figure 7. Time history prediction of a) 𝐻𝑠, b) 𝑇𝑝, c) 𝜃𝐻𝑠, and d) 𝜂 for a testing hurricane. Hour 398 

zero is selected as the time of maximum 𝐻𝑠.  399 

 400 

5.2 Detailed comparisons 401 

Some key aspects of the five prediction models are summarized as follows to clarify the validity of 402 

comparisons among the models.  403 

 Model 1 and Model 2 both use the Kriging model and are trained using 5,000 training 404 

samples. Model 1 is trained based on hurricanes (i.e., one training sample per hurricane), 405 

but Model 2 is trained based on hurricane hours (i.e., multiple training samples per 406 

hurricane). 407 

 Model 2 and Model 3 use the same number of training samples and time-dependent 408 

structure. Model 2 uses the Kriging model, but Model 3 uses the MLP model, which is the 409 

most basic form of Neural Networks. 410 

 Model 3 and Model 4 use the MLP model and the same time-dependent structure. Model 411 

3 is trained using 5,000 training samples, while Model 4 is trained using ~660,000 training 412 

samples. 413 

 Model 4 and Model 5 are trained using the same ~660,000 training samples. Model 4 uses 414 

the MLP model, which cannot inherently represent time-dependent behavior and relies on 415 

stacking input features at multiple time instances to represent such behavior. Model 5 uses 416 

the RNN-GRU model, which predicts the time-dependence of metocean conditions using 417 

its inherent recurrent structure. 418 
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5.2.1 Effect of time-dependent structure 419 

The Kriging model is used to implement two structures of time-dependence as represented by 420 

Models 1 and 2, which can be expressed as 𝑿(𝑡𝑖− , … , 𝑡𝑖) → 𝒀(𝑡𝑗 , … , 𝑡𝑗+𝑙) and 𝑿(𝑡𝑖− , … , 𝑡𝑖) →421 𝒀(𝑡𝑖). As revealed in Figure 6, these two models perform similarly for 𝐻𝑠 > 2 m. However, Model 422 

2 outperforms Model 1 in two ways. First, Model 2 is more flexible in predicting hurricanes with 423 

varying duration, as Model 1 only provides predictions with a fixed duration. Second, Model 2 is 424 

more efficient in terms of how the simulated hurricanes are used for training. Even though the same 425 

number of training samples are used, Model 1 uses all 5,000 simulated hurricanes, while Model 2 426 

uses only 5,000 hurricane hours (contributed by ~3,000 hurricanes), which is a small fraction of 427 

the ~800,000 total hurricane hours from the 5,000 hurricanes. The efficiency of these two strategies 428 

reflects the difference in what the models are learning from the training data. For Model 1, one set 429 

of input features related to the time instance of maximum local wind speed is used to predict the 430 

corresponding time history output, while for Model 2, each set of input features is used to predict 431 

the output at a corresponding time instance. As such, Model 1 learns how to represent metocean 432 

conditions during the maximum local wind input of a hurricane, while Model 2 learns to represent 433 

metocean conditions during any wind input of a hurricane.  434 

5.2.2 Kriging vs. Neural Networks 435 

The time-dependent structure 𝑿(𝑡𝑖− , … , 𝑡𝑖) → 𝒀(𝑡𝑖) is highly efficient, resulting in a large number 436 

of training samples, as the number of samples is approximately equal to the total hurricane hours 437 

instead of the number of hurricanes. Kriging models must memorize the entire training dataset, and 438 

thus the training process becomes intractable for large training datasets. There are some approaches 439 

(such as the adaptive Kriging combined with importance sampling method [33]) to improve 440 

efficiency in designing the training dataset, however, for a given training database, the comparison 441 

between Model 2 and Model 3 clearly shows how the type of surrogate model affects the prediction 442 

performance. The same number of 5,000 training samples are used in Model 2 and Model 3, and 443 

Model 3 using MLP lowers 𝜎𝐻𝑠,Test by 32% compared to Model 2 using Kriging. The improvement 444 

is even more pronounced for high values of 𝐻𝑠, as shown in Figure 6. The MLP model outperforms 445 

Kriging because its capacity to approximate a nonlinear process can be easily adjusted through the 446 

network structure, while Kriging models provide limited hyperparameters (i.e., the selection of 447 

regression and correlation functions) to control its ability to approximate the nonlinear behavior of 448 

a process.  449 

Another important difference between the Kriging models and the Neural Networks is that for the 450 

input included in the training dataset, Kriging models always provide an exact prediction for the 451 

corresponding training output, much like interpolation; while Neural Networks make predictions 452 

with some deviation from the corresponding training output, much like regression. For predictions 453 

of a spatial variable, where Kriging models are widely used, this characteristic is attractive because 454 

the input is well defined by the spatial coordinates. For hurricane metocean conditions, however, a 455 

regression-type behavior is more attractive, because the characteristics of a hurricane can rarely be 456 

well defined by several parameters at several time instances, i.e., the same hurricane input features 457 

can be used to describe different hurricanes, leading to variation in metocean conditions. Though 458 

there are ways to account for such variation in Kriging models [34], additional hyperparameters 459 

are required.  460 

5.2.3 Size of the training dataset 461 
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One advantage of Neural Networks compared to Kriging models is that model training is no longer 462 

constrained by the size of the training dataset. Model 4 uses the same training process as Model 3, 463 

except that the entire ~660,000 training samples are used. The resulting overall value of 𝜎𝐻𝑠,Test is 464 

reduced by 26%, and 𝜎𝐻𝑠,Test is almost reduced by half for relatively high values of 𝐻𝑠 (see Figure 465 

6).  466 

The training of Neural Networks effectively minimizes the training error. Due to the non-convex 467 

characteristics of the loss function, the mini-batch gradient descent algorithm is used as a standard 468 

approach in Deep Learning, which is also used in this paper. This algorithm uses a small number 469 

of training samples to estimate the gradient for minimizing the loss function and is more efficient 470 

and suitable when the size of the training data is large [35]. This also allows the model to be easily 471 

updated when new training samples are available, instead of re-training a model from scratch.  472 

5.2.4 Neural Networks 473 

Both Models 4 and 5 can be represented with the schematic in Figure 1. Model 4 uses a simple 474 

operation for each hidden layer as expressed in Eq. 2 and represents time-dependent processes by 475 

including hurricane features from previous time instances in the input layer. As such, the network 476 

learns the relationship between metocean conditions at each time instance and hurricane features 477 

at multiple time instances. Model 5 uses a much more complex operation for hidden layers as 478 

expressed in Eqs. 3~6 so that each hidden layer manages its own memory vector �̃�𝑡 representing 479 

the prediction history. The overall value of 𝜎𝐻𝑠,Test for Model 5 is lowered by 64% compared to 480 

Model 4, and Figure 6 reveals that the values of 𝜎𝐻𝑠,Test for Model 5 are about half of Model 4 for 481 

relatively high values of 𝐻𝑠. This suggests that using a network with an intrinsic time-dependent 482 

structure performs better than manually stacking input features. However, the better performance 483 

of Model 5 comes with a price. As shown in Figure 8, the performance of Model 5 is more sensitive 484 

to the network structure compared to Model 4. A U-shaped behavior is observed in Figure 8(b) for 485 

results based on networks with constant depth and varying width. The reason for this behavior is 486 

complex and is mainly due to the non-convex loss function within Neural Networks. Based on a 487 

study of the training and validation details, which is not presented here, some deep and narrow 488 

networks (e.g., a 5 × 16 network) converge to a local minimum of the loss function (i.e., a global 489 

minimum exists but is missed by the training algorithm) and thus perform worse compared to a 490 

shallower network with the same width. For a wide network (e.g., one with 4,096 units per hidden 491 

layer), when the number of hidden layers is large (starting from 3 hidden layers in this case), the 492 

training process becomes intractable due to the network complexity. For intermediate numbers of 493 

units per layer, a relatively clear pattern is observed: the prediction performance is insensitive to 494 

the number of hidden layers as long as more than one hidden layer is used, and the optimal number 495 

of units per layer is around 128. As such, it takes significantly more effort to test the network 496 

structure of the RNN-GRU model to reach its optimal performance compared to MLP.  497 

   498 
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 (a) (b) 499 

Figure 8. The impact of the network width on model performance for a) Model 4 and b) Model 5.  500 

 501 

6. Conclusions 502 

Multiple approaches to apply surrogate models to predict time-dependent metocean conditions 503 

during hurricanes are discussed and implemented in this paper. A hurricane database composed of 504 

numerical metocean simulations for synthetic hurricanes is used for training and testing the 505 

surrogate models.  506 

Some surrogate models, such as Kriging and Multilayer Perceptron, do not have the inherent ability 507 

to model time-dependent processes. However, by stacking inputs and/or outputs at various time 508 

instances, these models can be adapted to model time-dependent processes. Two adaptations are 509 

evaluated in this paper: 𝑿(𝑡𝑖− , … , 𝑡𝑖) → 𝒀(𝑡𝑗 , … , 𝑡𝑗+𝑙) and 𝑿(𝑡𝑖− , … , 𝑡𝑖) → 𝒀(𝑡𝑖). The latter is 510 

found to utilize training data more efficiently as multiple training samples are produced by each 511 

hurricane. In addition, for these adapted models, larger sizes of the training dataset are found to 512 

improve prediction performance, but also increase computational demands, an issue that is 513 

especially pronounced for memory-based models such as Kriging. 514 

Neural Networks are demonstrated to have great potential for time-dependent surrogate modeling 515 

for metocean conditions. They outperform the Kriging model in several respects. First, the RNN-516 

GRU model illustrates extraordinary ability in predicting four metocean variables (significant wave 517 

height, peak wave period, peak wave direction, and sea surface elevation) during hurricanes (see 518 

Table 5 and Figure 7), an ability that can lower uncertainty when applying surrogate modeling in 519 

risk analysis and other tasks. Second, the complexity of Neural Networks can be adjusted easily 520 

through the network structure, which enables the models to learn the complex behavior of metocean 521 

conditions accurately. Lastly, the optimization algorithm for Neural Network can consider large 522 

training datasets efficiently, facilitating the processes of model training and updating. The 523 

flexibility of Neural Networks, however, makes their performance sensitive to the hyperparameters, 524 

and the complex RNN-GRU model implemented in this paper is shown to be especially sensitive.   525 

The results of this paper strongly demonstrate the potential of Neural Networks and Deep Learning 526 

to represent complex metocean conditions during hurricanes, a potential that could transform the 527 

way hurricane risk is assessed.  528 
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Figures

Figure 1

An example MLP model structure with l = 2 hidden layers and k units per hidden layer.



Figure 2

The location of the offshore site near South Carolina (red star) and the trajectories of 50 hurricanes
randomly sampled from a total of 5,881 synthetic hurricanes included in the hurricane database. The
color of the trajectory indicates the hurricane intensity per the Sa�r-Simpson scale (TD stands for
tropical depression and TS stands for tropical storm).



Figure 3

Schematic of the time-dependent structure of a sequence-to-sequence model, where subscripts indicate
the time instance, X represents the input vector, H represents a vector of hidden variables, and Y
represents the output vector

Figure 4

Two structures to predict time-dependent processes using surrogate models without inherent time-
dependent characteristics: (a) prediction of one output vector composed of various time instances using
input features at multiple time instances, and (b) prediction of output at each time instance using input
features at multiple time instances. Red rectangles indicate the inputs and outputs selected to form the
input and output vectors.

Figure 5



Division of the training (in green), validation (in yellow), and testing (in orange) datasets for each model.

Figure 6

Prediction errors as a function of Hs.

Figure 7

Time history prediction of a) Hs, b) Tp, c) θ(Hs), and d) η for a testing hurricane. Hour zero is selected as
the time of maximum Hs.



Figure 8

The impact of the network width on model performance for a) Model 4 and b) Model 5.


