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Finer resolution is one of the development trends in ocean surface waves simulation and forecasting. However,
high-resolution numerical models for ocean surface waves have led to an enormous increase in computational
complexity, posing a challenge with respect to balancing computational efficiency and timeliness. To meet the
demand for refined ocean surface waves simulation/forecasting and to address the computational efficiency
challenge of high-resolution ocean surface waves models, we propose a downscaling model called the Global
location-Specific transformation Downscaling Network (GSDNet) based on the non-autoregressive fusion
network (NAFNet). By incorporating global location-specific transformation and introducing a land-sea distri-
bution indicator, GSDNet can quickly and accurately map low-resolution significant wave heights to high-
resolution grids. The results show that, compared with traditional interpolation methods such as the bilinear,
inverse distance weight interpolation (IDW), and bicubic methods, the GSDNet model can reduce the global
mean absolute error (MAE) by >77%. Compared with those of FourCastNet (FCN), the Koopman neural operator
(KNO), the original NAFNet, and residual networks in deep learning from empirical downscaling methods
(DL4DS_ResNet), the MAE decreases by >21%. Furthermore, the GSDNet model outperforms the other down-
scaling methods at the coastal boundary and for identifying the maximum significant wave height. In this work,
we provide an effective solution for balancing computational efficiency and timeliness, which is important for
improving the accuracy and reliability of ocean surface waves simulation/forecasting.

1. Introduction

As an important physical phenomenon in the ocean, ocean surface
waves (hereafter called wave) have a significant impact on various
maritime activities, including ocean engineering, offshore oil extraction,
fisheries, and maritime transportation. With the increase in maritime
activities, the demand for accurate wave forecasting has been growing.
Fine-scale wave forecasting can help reduce marine disasters, promote
oceanographic research, and enhance marine forecasting services
(Lavidas and Venugopal, 2018; Thomas and Dwarakish, 2015). The core
tool for wave forecasting is numerical models. High-resolution wave

numerical models, characterized by finer grids, can provide more
detailed wave information and have become a major trend in wave
modeling and forecasting. However, high-resolution wave models result
in a significant increase in computational complexity (Qiao et al., 2016).
In general, for each order-of-magnitude increase in the horizontal res-
olution, the computational workload increases by three orders of
magnitude, posing challenges in terms of timeliness for weather fore-
casting and scientific research (Chawla et al., 2013). A balance between
computational efficiency and timeliness has become a crucial and
challenging issue in the pursuit of high-resolution modeling and
forecasting.

* Corresponding author at: First Institute of Oceanography, and Key Laboratory of Marine Science and Numerical Modeling, Ministry of Natural Resources,

Qingdao 266061, China.
E-mail address: songroy@fio.org.cn (Z. Song).

https://doi.org/10.1016/j.seares.2024.102482

Received 20 December 2023; Received in revised form 26 January 2024; Accepted 5 February 2024

Available online 6 February 2024

1385-1101/© 2024 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-

nc-nd/4.0/).


mailto:songroy@fio.org.cn
www.sciencedirect.com/science/journal/13851101
https://www.elsevier.com/locate/seares
https://doi.org/10.1016/j.seares.2024.102482
https://doi.org/10.1016/j.seares.2024.102482
https://doi.org/10.1016/j.seares.2024.102482
http://crossmark.crossref.org/dialog/?doi=10.1016/j.seares.2024.102482&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/

X. Wuetal

channels

embedding

C,=36

upsample

Journal of Sea Research 198 (2024) 102482

Y4(C3, S*H, S*W)

i Xp(C, H, W) _ INAFNet | X3(C;, H, W) o |Ya(Cy, 5H, S*W) Y3(Cy, S*H, S*W) ;
@—)2 2 Block x 12 LS SubPixelConv 7‘ GS > L onvBlock
'_f—/’

Y1(Cy, S*H, S*W)

Fig. 1. The architecture of the Global location-Specific transformation Downscaling Network (GSDNet).

Downscaling is the process of transforming output information from
large-scale, low-resolution models into small-scale, high-resolution in-
formation. Currently, there are two commonly used downscaling
methods: dynamic downscaling and statistical downscaling (Jacobeit
et al., 2014; Massaoudi et al., 2021). Dynamic downscaling involves the
use of global or larger-scale low-resolution models to provide initial and
boundary conditions for higher-resolution models in relatively smaller
regions. By linking internal dynamics with other physical processes,
dynamic downscaling can capture additional regional small-scale fea-
tures while retaining the large-scale characteristics of global low-
resolution models. Dynamic downscaling methods provide good phys-
ical meaning but require significant computational costs (Xu et al.,
2019). Conversely, statistical downscaling relies on establishing statis-
tical relationships between data elements at different resolutions based
on historical data to derive high-resolution data. Common methods
include interpolation methods (such as bilinear methods) and tradi-
tional statistical models (Hessami et al., 2008). However, traditional
statistical downscaling methods do not accurately establish a mapping
relationship between low-resolution observed data and high-resolution
data, leading to poor accuracy and low reliability in simulation and
forecasting (Massaoudi et al., 2021).

In recent years, with the development of deep learning, researchers
have discovered that neural networks can be used to capture the
nonlinear functional relationships between low-resolution and high-
resolution data. Long short-term memory recurrent neural networks
(RNN-LSTM) (Misra et al., 2018), convolutional neural networks (CNNs)
(Pan et al., 2019), and other deep learning models have been applied for
statistical downscaling (Bano-Medina et al., 2020) and have shown
significant advantages over traditional statistical downscaling methods.
In the field of deep learning, image superresolution (SR) is an important
application for enhancing image and video resolutions (Wang et al.,
2020) and further explores the mapping relationships between low-
resolution and high-resolution data. The application of image SR in
meteorology was first introduced by Vandal et al. (2017), who proposed
a generalized deep-stacked SR convolutional network that significantly
improved the downscaling ability compared with previous methods. The
application of SR in the atmospheric sciences has been studied by Vandal
et al. (2017), Leinonen et al. (2020), Kumar et al. (2021), Ooi and
Ibrahim (2021). While these methods have shown promising results,
they still have limitations, including poor spatial and temporal gener-
alization and difficulties in capturing important features. Furthermore,
research on downscaling significant wave heights is still in its early
stages. Michel et al. (2022) used a CNN for the statistical downscaling of
significant wave height predictions and observed better results than

other statistical downscaling methods; however, their results still fall
short of the performance of physical models. Adytia et al. (2022, 2023)
proposed the use of LSTM and bidirectional LSTM to downscale signif-
icant wave heights in two marine regions near Indonesia; however, these
methods did not perform well for enclosed regions. Currently, high-
resolution global wave simulation and forecasting remain challenging.

To address the high-resolution modeling and forecasting of global
significant wave heights, we propose a deep-learning downscaling
model called the Global location-Specific transformation Downscaling
Network (GSDNet) based on the non-autoregressive fusion network
(NAFNet). This model incorporates a global location-specific trans-
formation (GS), which enables accurate and high-performance mapping
of low-resolution wave height data to a high-resolution grid. The pro-
posed GSDNet model includes two main improvements.

1. The design of a global location-specific transformation allows the
model to capture fine features in complex regions, thereby improving
the downscaling ability at sea-land boundaries.

2. The accuracy of the overall model is further improved by introducing
land (invalid points) and sea (valid points) distribution identifiers
and eliminating all land points in the loss function.

The remainder of the paper is structured as follows. Section 2 in-
troduces our data sources, methodology, and evaluation metrics, and in
Section 3, we validate the effectiveness of the GSDNet model from
multiple perspectives. In Section 4, we discuss the effect of network
block hyperparameters on the accuracy and migration learning ability of
the model to improve its generalizability and provide further sugges-
tions and strategies to improve the accuracy and generalizability of the
GSDNet model. Finally, in Section 5, we summarize our results and
provide an outlook for future work.

2. Dataset and methods
2.1. Dataset

The experimental data in this work was obtained from the MASNUM-
WAM model developed by the Key Laboratory of Marine Science and
Numerical Modeling (MASNUM). MASNUM-WAM is a third-generation
spectral wave model, which solves the energy spectrum balance equa-
tion in spherical coordinates and wavenumber space. And the ST6
source function package (Liu et al., 2017) is adopted to simulate the
effects of wind input, white-capping dissipation, and swell dissipation
on the evolution of waves (Jiang et al., 2023). It has been calibrated and
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Table 1

Parameter settings for different deep learning downscaling methods.*

up_scale embedding_size num_blks feature

FCN 4 256 12 5
KNO 4 36 12 5
DL4DS_ResNet 4 64 8 5
NAFNet 4 36 12 5
GSDNet 4 36 12 5

up_scale indicates the downscaling scale, embedding_size indicates the size
of the initial embedding performed on the input data in the channel dimension
(width of the neural network), num_blks indicates the number of blocks stacked
in the neural network (one of the depth hyperparameters), and feature indicates
the number of features in the input data.

adopted many times in wave simulations, and other scientific studies
(Wang et al., 2016; Qiao et al., 2019; Bao et al., 2020; Song et al., 2020;
Jiang et al., 2023). Therefore, validation of the MASNUM-WAM is not
shown in this work.

In this work, model simulations were conducted at spatial resolutions
of 1° x 1°,1/2° x 1/2°,1/4° x 1/4°, and 1/8° x 1/8° for the global
wave field spanning 80° S-80° N and 0°-359° E in 2021. The spectral
space is set to 24 directions in intervals of 15° with 35 wavenumbers
equivalent to frequencies from 0.042 Hz to 1.073 Hz with a ratio of 1.1
at infinite depth. The wind-forcing data used in the simulations were
obtained from the ECMWEF-ERAS5 reanalysis dataset with a temporal
resolution of 1 h (Hersbach et al., 2020). For the downscaling model, we
used five variables with 1 h temporal resolution derived from MASNUM
outputs as the input, which are the significant wave height (SWH), peak
wave period (Tp), mean wave direction (Dirm), zonal wind speed
(windx), and meridional wind speed (windy). As a result, there are 8764
records for each variable from January 1 to December 31, 2021.

2.2. GSDNet model

2.2.1. Design principles and workflow

The GSDNet model is designed based on the NAFNet by incorpo-
rating a global location-specific transformation (GS) function (GS in
Fig. 1), which considers the valid/invalid (sea/land) point distributions.
The design of GS can capture fine features in margin regions to improve
the downscaling ability at coastal boundaries and eliminate invalid
(land) points in the loss function more easily.

A schematic of the structure of GSDNet is given in Fig. 1. Firstly, the
input, low-resolution data X;(C;,H, W), is upsampled (upsample in
Fig. 1) by the superscaling ratio (S) to Y;(Cy, S*H, S*W). Here C; is the
numbers of input channels, which is equal to 5 (SWH, Tp, Dirm, windx,
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windy). H and W are the numbers of grids in the latitudinal direction and
longitude direction, respectively. Meanwhile, the input is embedded
(embedding in Fig. 1) to X3(Cz,H, W), in which C; is the size of the
initial embedding performed on the input data in the channel dimension
(width of neutral network, embedding_size in Table 1) and set as 36 in
this work. Secondly, following the NAFNet block for multiple feature
extraction, X3(Cz,H, W) is mapped as X3(Cz,H, W). Thirdly, the sub-
pixel convolution SubPixelConv is applied to the X3 and then mapped
output of the high-resolution data Y,(Cy,S*H, S*W). Fourthly, by using
the global location-specific transformation (GS in Fig. 1), we can obtain
Ys3(Cy, S*H, S*W). Fifthly, sum the Y3 and Yi, and then feed into the
output layer of the ConvBlock to obtain the final target high-resolution
SWH Y4 (Cs, S*H, S*W), in which Cj is equal to 1 meaning we only select
the first channel (SWH) data.

Here, the GSDNet model is further improved based on physical
knowledge, i.e., by adding the ocean land identifier and using only the
points of the ocean region (the dashed box in Fig. 2) in the calculation of
the loss function. That is,

toss = 3" (Iez)* (hy(n) = hun)) )7, W

where hy,(n) and hy,(n) denote the downscaling and true values of n at the
sample points, respectively; N = Nj,, X Nig, where Ny, and Ny, are the
numbers of meridional and latitudinal grids, respectively; and Ijpez, is
the fitness function, i.e., I;;,cz; = 1 when sample point n is a point in the
ocean region; otherwise, Ij,4=y = 0; and E denotes the set of sample
points in all ocean regions.

2.2.2. Backbone selection

The upsampling method greatly impacts the accuracy of the super-
scoring model; currently used upsampling methods consist of numerical
upsampling and artificial intelligence (AI) upsampling. Numerical
upsampling methods include bilinear interpolation, bicubic interpola-
tion, and kriging interpolation. Although fast, numerical interpolation
only involves simple operations based on low-resolution images to
obtain high-resolution images, and these calculations can cause noise
amplification and blurring of the results. The mainstream methods for Al
upsampling are inverse convolution and subpixel convolution. Inverse
convolution extends an image by inserting zeros and convolving them to
obtain high-resolution images. Conversely, subpixel convolution
directly expands the data in the channel dimension, and via periodic
rearrangement, each pixel is decomposed into smaller pixels that are
rearranged into high-resolution images according to certain rules (Shi
et al., 2016). Overall, subpixel convolution is computationally small,
fast, and effective and can avoid the blurring or checkerboard effects

Input : (C, H, W)

9 (o ]

(C, scale*H, scale*W)

Output : (C, scale*H, scale*W)

weight : (C, scale*H, scale*W)

Gloabal location-Sepecific tranformation (GS)

Fig. 2. Schematic of global location-specific transformation (GS), where C is the number of features in the data, H is the number of grids in the latitudinal direction,
W is the number of grids in the longitudinal direction, and the scale is the superscaling ratio.



X. Wuetal

caused by numerical interpolation or inverse convolution. Accordingly,
subpixel convolution was adopted in this study as the upsampling
method for our downscaling model.

We also considered the location of the upsampling operation in the
model. SR frameworks can be classified into four categories based on the
location of upsampling in the model: preupsampling SR, postupsampling
SR, stepwise upsampling SR, and iterative updownsampling SR.
Considering the design complexity and training difficulty of stepwise
upsampling and iterative upsampling, we chose a framework that
combines the two methods of preupsampling and postupsampling.

Consequently, NAFNet was chosen as the baseline model; this model
not only is powerful and concise for single-view feature extraction but
can also fuse left- and right-view features via the cross-attention module
(Chu et al., 2022). Its inputs are obtained by preupsampling and post-
upsampling the high-resolution data and the residuals of the high-
resolution data, respectively, which reduces the spatiotemporal
complexity and results in faster training and inference speeds (Wang
et al., 2020). In this work, we selected the single-view feature extraction.

2.2.3. Global location-specific transformation (GS)

Superscaling involves mapping low-resolution data to high-
resolution data via neural networks, much like SR involves mapping
low-resolution images to high-resolution images. However, the down-
scaling process involves not only fine-grained pixel filling of the image
but also recalculation of the interactions between multiple elements (Li
et al., 2023). The subpixel layer of the upsampling subpixel convolution
approach proposed in the previous subsection has a larger receptive
field, which provides more contextual information to help generate
more realistic details. However, because the distribution of the receptive
field is not uniform and the block regions actually share the same
receptive field, this may lead to artifacts near the boundaries of different
blocks, resulting in a limited ability to recover details. The image size
can therefore be increased but not accurately enough to recover high-
frequency details, especially for complex textures and sharp edges. In
particular, in some of the topographically complex regions involved in
the downscaling task, such as coastal boundaries and the Asia—Pacific
intersection region, the computationally inclined smooth deep learning
method has difficulty capturing complex geographic location features.

Accordingly, we propose a global location-specific transformation
scheme that adds a locational transformation to each grid block based on
its absolute location (Fig. 2). Mathematically, the entire feature map has
a spatial resolution of N x Nj,,; X Nig, where N, Ny, and Ny, denote the
division of the data block along the feature axis and the longitude and
latitude axes, respectively, into N. x Nj,, x Nj, windows, each of which
has a size of 1 x 1x 1. The global location-specific transformation
matrix contains N, x Ny, x Nj,; submatrices, each of which has one
learnable parameter. By training the parameters of this global location-
specific transformation matrix, different weights can be learned for
different geographic locations. This approach enhances the ability of the
downscaling method to identify features of complex terrains and can
significantly improve the accuracy of the model. Moreover, the time
complexity of this process is only O(1), which means there is no addi-
tional time overhead.

2.3. Evaluation metrics

In this work, the data from the MASNUM-WAM simulation are
treated as true values, and the model downscaling ability is evaluated
using the mean absolute error (MAE), root mean square error (RMSE),
and Pearson correlation coefficient (PCC), where the MAE and RMSE are
used to assess the deviation of the downscaling values from the MAS-
NUM data and the PCCs are used as measures of the correlation between
the downscaling values and the MASNUM data. The above evaluation
indicators are calculated as follows:
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MAE = le ]Z] 1 B (is), @
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where i and j denote the spatial grid point coordinates, I denotes the total
number of latitudinal grid points, J denotes the total number of longi-
tudinal grid points, h,(i,j) is the downscaling value of the model at point
(i.j), and hn(i,j) is the true value at point (i,j). h,(i,j) is the average of
the model's downscaling values, and hy(i,j) is the average of the true
values.

This work also evaluated the downscaling ability of the model
around the margin regions by coastal boundary error metrics. First, we
define a coastal boundary point (i,j), i.e., when Hs(i,j) = 0 and Hs(i —
1,j)+ Hs(i+1,j)+ Hs(i,j+ 1)+ Hs(i,j — 1)+ Hs(i—1,j— 1)+ Hs(i—
1,j+1)+Hs(i+1,j—1)+Hs(i+1,j+1) > 0, weregard point (i,j) asa
shore boundary point. The error of the shoreline point (i, ) is calculated
as follows:

MAE(.J) = MAB(9) = L5 _ (1)~ ). ©

where ¢ ={{i—1j},{i+1,j}{ij+1}{ij-1}L{i-1,j-1}{i—
1,j+1},{i+1,j—1},{i+1,j+1}} and |/¢|| denote the number of el-
ements in the set ¢.

2.4. Experimental design

In addition to choosing NAFNet as a baseline model, traditional
numerical interpolation methods such as inverse distance weight
interpolation (IDW), bilinear interpolation (bilinear), and bicubic
interpolation (bicubic) were also tested. The recently popular Koopman
neural operator (KNO) model and FourCastNet (FCN) neural operator
model were also served as comparison models in this work. In addition,
we used residual networks (ResNets) constructed from deep learning
from the empirical DownScaling (DL4DS) library (Gomez Gonzalez,
2023), which integrates cutting-edge downscaling algorithms, as a
comparison model. ResNet adds a residual mechanism to traditional
convolutional networks to alleviate the model degradation problem and
is used in many supersegmentation models, including SRResNet, the
deep recursive convolutional network for image superresolution
(DRCN), and the multiscale residual network for image superresolution
(MSRN) (Ledig et al., 2017; Kim et al., 2016; Li et al., 2018). For ease of
illustration, we use the term DL4DS_ResNet to represent this model. The
parameter settings for each depth model are given in Table 1.

As the characteristics of ocean surface waves may vary in different
months, we divided the wave data for each month into training, vali-
dation, and testing sets in a ratio of 6:2:2 to ensure the reliability and
generalization of the downscaling model. Therefore, the training, vali-
dation, and testing sets contain 5252, 1754, and 1754 records, respec-
tively. Downscaling experiments with 1°-to-1/4° resolutions were then
performed. Each downscaling method was built based on Python 3.8 and
PyTorch 2.0, and 100 epochs were trained in a single A100 (traditional
numerical interpolation models do not need to be trained).



X. Wuetal

60°N
30°N

0°
30°S
60°S

Journal of Sea Research 198 (2024) 102482

(a) GSDNet (b) Bilinear (c) Bicubic
60°N
30°N
o°F
. 30°S ;
B ) 60°S - .

I . S——— [T i 0 NS — [T e o R S
0° 60°E 120°E180°W120°W 60°W 0° 0° 60°E 120°E180°W120°W 60°W 0° 0° 60°E 120°E180°W120°W 60°W 0°
(d) IDW (e) DLADS_Resnet (f) FCN

60°N -
30°N |
0o F
30°S |
60°S - 60°S -

T S — [T k. o R —— [T ke S ——
0°  60°E 120°E180°W120°W 60°W 0° 0°  60°E 120°E180°W120°W 60°W 0° 0°  60°E 120°E180°W120°W 60°W 0°
(g) KNO (h) NAFNet (i) True

60°N -

30°N

0°F

30°S |

- 60°S 60°S
[T el — — (I i T—— — [T el T

0°  60°E 120°E180°W120°W 60°W 0°

0° 60°E 120°E180°W120°W 60°W 0°

0° 60°E 120°E180°W120°W 60°W 0°

Fig. 3. Spatial distributions of (a)-(h) those generated by different downscaling methods, and (i) the true values (MASNUM wave model simulations) for the
testing set.
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Fig. 5. Line plots of the downscaling ability of each downscaling method as a function of the significant wave height. The horizontal axis represents the true
significant wave height, and the vertical axis represents the natural logarithm (In) of the MAE between the model downscaling value and the true value. A larger

value indicates a larger error. The black line indicates the GSDNet method.
3. Results
3.1. Evaluation of the global SWH downscaling ability

Fig. 3 shows the spatial distributions of the SWH mean of the true
values (MASNUM-WAM model output with 1/4° resolution) of the
entire testing set and the downscaling results obtained by each method.
It seems that all downscaling methods can reproduce the major pattern
of SWH distributions, such as larger SWH in the mid-high latitudes.
However, from spatial distributions of the MAEs of each downscaling
method (Fig. 4), it is clear that traditional numerical interpolation
methods, such as bilinear (Fig. 4b), bicubic (Fig. 4c), and IDW (Fig. 4d)
interpolations, generate results far from the true values because these
interpolation methods use simple linear or quadratic polynomial inter-
polation, which cannot accurately map the complex nonlinear re-
lationships between different resolutions. Compared with traditional
numerical interpolation methods, the deep learning methods (Figs. 4a,
and e-h) show a better downscaling ability, whose biases are closer to
the true values. Moreover, the MAEs of GSDNet (Fig. 4a) are closer to
0 (dark blue) within the global ocean and are obviously better than those
of the other models, suggesting that the GSDNet method is able to
capture finer features.

To further explore the downscaling ability of GSDNet, the MAEs for
each downscaling method as a function of SWH are shown in Fig. 5. The
horizontal axis represents the true value of SWH, and the vertical axis
represents the natural logarithm (In) of the MAE between the down-
scaling value and the true value. Similarly to previous conclusions from
the spatial distributions of the MAE, the traditional numerical interpo-
lation methods show an obviously poor downscaling ability compared
with deep learning methods. Among five deep learning methods, the
downscaling errors of GSDNet (black line) are below 0.05 m (—3 in the
vertical axis) and less than those of other downscaling methods (other
colour lines) for the range of SWH from O m to 12 m. For the range of
SWH from 12 m to 16 m, the GSDNet errors grow to 0.37 m (—1 in the
vertical axis), but it still shows better downscaling ability than other
methods, although GSDNet errors occur larger than those of NAFNet and

Table 2

Results of different downscaling methods on the evaluation indicators.
Downscaling Method MAE (Units: m) RMSE (Units: m) PCCs
Bilinear 0.1640 0.2484 0.9820
IDW 0.1676 0.2541 0.9800
Bicubic 0.1668 0.2568 0.9808
FCN 0.0475 0.0862 0.9977
KNO 0.0711 0.1034 0.9966
DL4DS_Resnet 0.0582 0.0798 0.9979
NAFNet 0.0553 0.0783 0.9981
GSDNet 0.0372 0.0511 0.9991

DL4DS _ResNet at several points. It is interesting that the errors of neural
operator models (FCN and KNO) increase rapidly earlier than other deep
learning methods (DL4DS_Resnet, NAFNet, and GSDNet), which will be
discussed in Section 3.3.

The downscaling evaluation metrics also indicate that the GSDNet
method has the lowest overall error and the highest correlation coeffi-
cient (Table 2). Decreases in the MAEs of 77.3%, 77.8%, and 77.7% and
decreases in the RMSEs of 79.4%, 79.9%, and 80.1% are observed
compared with those of the traditional bilinear, IDW, and bicubic
interpolation methods, respectively. Compared with those of the FCN,
KNO, and DL4DS_Resnet models, the GSDNet MAE decreases by 21.7%,
47.7%, and 36.1%, respectively, and the RMSE decreases by 40.1%,
50.6%, and 36.0%, respectively. Moreover, the 32.7% decrease in the
MAE and 34.7% decrease in the RMSE compared with those of NAFNet
indicate that GSDNet is able to capture more useful and detailed char-
acteristics of SWH distributions by introducing global location-specific
transformation. In general, GSDNet shows a better performance in the
SWH downscaling compared to traditional interpolation methods and
other deep learning methods.

3.2. Evaluation of the SWH downscaling ability in margin regions

A significant characteristic, as well as an advantage, of high-
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resolution simulation/forecasting compared with low-resolution simu-
lation/forecasting is the ability to provide a more detailed character-
ization of margin regions. Therefore, we conducted further analysis of
the downscaling ability of different methods, specifically for margin
regions. As shown in Fig. 6, the GSDNet (Fig. 6a) has the lowest error in
the margin regions compared with the other downscaling methods. The

MAESs of GSDNet are 94.5%, 94.7%, and 94.4% lower than those of the
traditional bilinear (Fig. 6b), bicubic (Fig. 6¢), and IDW (Fig. 6d)
interpolation methods, respectively. The MAEs of GSDNet are 64.3%,
85.7%, and 28.6% lower than those of KNO (Fig. 6g), FCN (Fig. 6f), and
DL4DS_ResNet (Fig. 6e), respectively, and 68.8% lower than those of
NAFNet. To evaluate the performance and robustness of the models in
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margin regions, we considered an extreme case and analyzed the
maximum absolute error in the margin regions for the testing dataset
(Fig. 7). The results show that the MAE of the maximum error in the
margin regions for GSDNet (Fig. 7a) is only 0.44 m. In terms of the
spatial distribution map colors and the MAE values, GSDNet clearly
outperforms the other models, indicating a higher accuracy and reli-
ability when downscaling the SWH in margin regions.

In particular, in the margin region of the Indo-Pacific convergence
zone (Fig. 8), where the topography is very complex with many islands,
the MAEs of the traditional numerical interpolation methods are all
approximately 1 m, and those of the deep learning methods (except for
the FCN), are all <0.1 m. However, the MAE of GSDNet is the smallest
(0.02 m), which is lower than that of the other deep learning methods by
>50%, demonstrating the effectiveness of the global location-specific
transformation strategy proposed in this work.

The average and maximum errors for the margin regions and the
average error for the coastal boundary in the Asia-Pacific convergence
zone show that GSDNet could effectively capture the features of
different regions to achieve the best results, followed by DL4DS_ResNet.
Because of its weak feature recognition ability, while NAFNet can cap-
ture the general features of ocean regions, it has difficulty with margin
regions with complex topography. The neural operator-based models
FCN and KNO are better suited to the downscaling problem. However,
the upsampling method using backconvolution generates ambiguous
results because of zero filling, which is especially obvious in margin
areas. The simple linear or quadratic polynomial interpolations used in
traditional interpolation methods ignore complex topographic features
and can not simulate the dynamics of the wave field.

3.3. Evaluation of the maximum-SWH downscaling ability

Accurate modeling and forecasting of the maximum SWH are critical
for coastal safety, marine engineering and construction, and coastal
protection. Accordingly, we identified the location of maximum value at
each record in the testing set and analyzed the downscaling ability of
each downscaling method at the location of maximum value to assess

the ability of each downscaling method to simulate the maximum SWH.
Fig. 9 shows a scatter plot of the downscaling results versus true values
for each method at the location of the maximum value, and the linear
relationship using the least squares method y = kx+ b, where x and y
are the downscaling results and true values, respectively. A value of k
closer to 1 corresponds to b being closer to O, indicating that the
downscaling result of the method is closer to the true value. As shown in
Fig. 9, traditional interpolation methods (Fig. 9b-d) use simple linear
functions that cannot capture the nonlinear structure where the maxima
are located. Thus, unsurprisingly, these methods perform poorly in
terms of downscaling the maximum value. The neural operator models
FCN (Fig. 9f) and KNO (Fig. 9g) have bottlenecks in terms of maximum
value downscaling due to the inverse convolution operation, which may
introduce pseudo-detail, handle edges and details inaccurately, and in-
crease noise in the downscaling.

Interestingly, the downscaling maximum values of GSDNet (Fig. 9a),
DLA4DS ResNet (Fig. 9e), and NAFNet (Fig. 9h) are basically the same. A
possible reason is that all of them have adopted the residual mechanism
in the model architecture, which can alleviate the vanishing gradient
problem in the training process of the deep neural network through
cross-layer connections and residual blocks. This architectural design
helps to extract and represent the features related to the maxima in the
input data, thus improving the downscaling of the maxima. We further
compared the global spatial distributions of the maximum downscaling
results of each method (Fig. 10) and found that GSDNet (Fig. 10a) had
the smallest error in terms of the location of the maximum SWH in the
margin regions, where its error was 34.2% lower than that of
DL4DS_ResNet and 68.9% lower than that of NAFNet. In contrast, the
traditional numerical interpolation methods had errors >3 m. The above
analysis on the evaluation of maximum SWH shows that the GSDNet also
has a good performance in extreme events downscaling.

4. Discussion

Next, we discuss the impact of the block size (one of the hyper-
parameters) on both the downscaling accuracy and speed. In addition,
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we also examine the model's generalization ability at other resolutions.

4.1. Options to block size hyperparameter (num_blks)

The number of blocks stacked in the neural network (one of the depth
hyperparameters) is one of the key hyperparameters, which may affect
not only the downscaling accuracy but also the downscaling speed. How
to balance the downscaling accuracy and speed is worth analyzing
further. Therefore, we selected different values of the hyperparameter
named num_blks of the GSDNet model (parameters in Table 1) ranging
from 1 to 29 to find the relationships among the block size hyper-
parameter, downscaling accuracy, and downscaling speed (Fig. 11a).
Here we use MAE to represent downscaling accuracy. The experiment
results show that with increasing num_blks, the MAE (yellow line in

Fig. 11a) gradually decreases while the downscaling time (blue line in
Fig. 11b) gradually increases. Fitting the two curves using the least
squares method (Fig. 11b), we find that the two fitted lines intersect
when the num_blks is at 12.01. That is the reason that we set the
num_blks as 12 in this work, which is the balance of downscaling ac-
curacy and training speed. Certainly, without regard to the downscaling
speed, the block size hyperparameter value (num_blks) can be further
increased to improve the downscaling accuracy. Conversely, we can
reduce the block size hyperparameter value to increase the downscaling
speed.

4.2. Applicability of other resolutions

To analyze and evaluate the generalization ability of the GSDNet
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Table 3
Global location-Specific Transformation Downscaling Network (GSDNet) 1/2°-
to-1/8° inference results with different fine-tuning settings.

MAE (Units: m) RMSE (Units: m) PCCs
GSDNet_NoneTrain 0.2153 0.3037 0.9842
GSDNet _Part 0.0535 0.1167 0.9966
GSDNet _Total 0.0782 0.1370 0.9954

model deployed at other resolutions with the same downscaling ratio,
we trained the model at 1°-to-1/4° resolutions and then applied for 1/
2°-to-1/8° downscaling. To ensure an adequate amount of training and
evaluation data, we selected 1400 records as the training set and 1000
records as the testing set. We carried out three sensitive experiments.
The first experiment, named GSDNet NoneTrain, used the GSDNet
model trained at 1°-to-1/4° resolutions for the 1/2°-to-1/8° downscaling
directly. The second experiment, named GSDNet_Total, used the GSDNet
model trained at 1°-to-1/4° resolutions for downscaling after all model
hyperparameters were fine-tuned on the 1/2°-to-1/8° training set. The
third experiment, named GSDNet_Part, used the GSDNet model trained
at 1°-to-1/4° resolutions for downscaling after the hyperparameters of
the last two layers (GS and ConvBlock in Fig. 1) were fine-tuned on the
1/2°-to-1/8° training set.

As shown in Table 3, the GSDNet NoneTrain experiment did not
yield good results when directly inferring the 1/2°-to-1/8° resolution
because the hyperparameters of the global-specific location trans-
formation in the GSDNet model trained on the 1°-to-1/4° dataset are
suitable only for the 1/4° grid and cannot be directly generalized to the
1/8° grid. Compared with GSDNet NoneTrain experiment, both fine-
tuning approaches effectively enabled GSDNet to generalize to the 1/
8° grid. Moreover, both GSDNet Total and GSDNet Part converged
within 10 epochs of training, significantly reducing the computational
cost compared with training the downscaling model from scratchona 1/
2°-to-1/8° resolution. Fig. 12 shows the spatial distribution of the MAEs
in the margin regions for the three experiments. Both GSDNet_Part
(Fig. 12c) and GSDNet Total (Fig. 12b) achieved good downscaling
performance in the margin regions, while GSDNet Part exhibited a
particularly low MAE of only 0.09 m. It indicates GSDNet model cap-
tures the features of the SWH distributions between different
resolutions.

Itis interesting that GSDNet_Part performs better than GSDNet_Total.
It may be due to the amount of the training data. We used 5252 records
to train the GSDNet model downscaling from 1° to 1/4° resolutions.
However, only a subset of data (1400 records in this work) was used to
fine-tune the parameters because we want to deploy the trained model
for other downscaling resolutions (1/2° to 1/8° in this work) at a low
cost. Fewer trained data may lead to overfitting if we fine-tune all pa-
rameters of the model trained with more data. Certainly, if we used more
data, such as 5252 records, the GSDNet_Total would perform better (not
shown), but it would take longer training time and cost more training
resources.

Note that there are various ways to perform fine-tuning and that we

(a) GSDNet_NoneTrain

(b) GSDNet_Total
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presented only two approaches here. We believe that with an appro-
priate fine-tuning strategy, even better results can be obtained.

5. Conclusions

In this work, we proposed a downscaling model, GSDNet, which can
map low-resolution global significant wave heights to high-resolution
significant wave heights with high accuracy and performance. The 1°-
to-1/4° experiments show that the fine features in complex regions can
be well captured by including the global location-specific trans-
formation strategy, and the downscaling ability of GSDNet is better than
that of traditional interpolation methods and other deep learning
methods.

Compared with the Bilinear, IDW, and bicubic numerical interpola-
tion methods, the MAEs of SWH are reduced by >77%. Compared with
the FCN, KNO, NAFNet, and DL4DS_Resnet deep learning methods, the
MAEs of SWH decreased by >21%, and their RMSEs decreased by
>34.0%. The MAEs over the margin regions for the GSDNet model are
>94% lower than those of the bilinear, IDW, and bicubic methods and
>28% lower than those of the KNO, FCN, NAFNet, and DL4DS_Resnet
methods. Moreover, GSDNet achieved better results in downscaling the
maximum SWH, and the biases in the margin regions were reduced by
>34% compared with that of the other methods. And, in the coastal
boundary of the Indo-Pacific convergence zone, which features complex
topography, the GSDNet reduced the MAEs by >97% compared with
traditional numerical interpolation methods and by >60% compared
with the FCN, KNO, NAFNet, and DL4DS_Resnet deep learning methods.

The experiments of generalization ability, in which GSDNet model
was trained at 1°-to-1/4° resolutions and then applied for 1/2°-to-1/8°
downscaling, show the GSDNet model captures the features of the SWH
distributions between different resolutions and lies an extensive appli-
cation perspective for SWH downscaling using low computational cost
fine-tuning strategy (i.e., freezing the underlying weights and retaining
only specific layers for training for several epochs).

This work is a good attempt at SWH downscaling, and GSDNet
showed the potential application in wave downscaling. However, there
are still several issues that need further study. Firstly, the data used in
this work is only from a single year (2021), so the generalization per-
formance needs to be evaluated further. Secondly, the hyperparameters,
both the width and depth of the neural network, play important roles in
model results. We only discussed the effects of num_blks (one of the
depth hyperparameters) on downscaling results. The width (embed-
ding size) and the joint effects need to be analyzed further. Thirdly,
additional wave parameters, such as wave period and wave direction,
are also important for ocean science research and engineering. We will
develop a joint downscaling model for wave parameters based on
GSDNet by increasing the number of output channels, and try to apply it
to other fields, e.g., ocean temperature downscaling. Fourthly, the
GSDNet model remains a supervised deep learning model. In fact, as
obtaining high-resolution data is still a challenge, we should pay more
attention to unsupervised deep learning models for downscaling in the
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