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Abstract

Wind energy stands out as a promising clean and renewable energy alternative, not only for its potential to combat
global warming but also for its capacity to meet the ever-growing demand for energy. However, analysis of wind data
to fully harness the benefits of wind energy demands tackling several related challenges: (1) Current data resolution is
inadequate for capturing the detailed information needed across diverse climatic conditions; (2) Efficient manage-
ment and storage of real-time measurements are currently lacking; (3) Extrapolating wind data across spatial
specifications enables analysis at costly-to-measure, unobserved points is necessary. In response to these challenges,
we introduce the One Stone Three Bird model, a modality-agnostic learning framework utilizing Implicit Neural
Network. Our model effectively compresses a large volume of climate data into a manageable latent codec. It also
learns underlying continuous climate patterns, enabling reconstruction at any scale and supporting modality transfer
and fusion. Extensive experimental results show consistent performance improvements over existing baselines in
both (1) continuous super-resolution reconstruction and (2) data compression tasks for different cross-altitude
prediction scenarios. Through systematic ablation studies, we demonstrate the effectiveness of each core component,
quantifying its individual contribution to the overall performance of the proposed design.

Impact Statement

For climate scientists, the twin goals of shrinking large-volume wind data for efficient storage and providing the
full, high-resolution detail required for precise calculation are difficult to reconcile. In this work, we propose a
deep learning method-based multi-altitude wind data processing approach that compresses the high-resolution,
sensor-acquired discrete data and reconstructs the compressed data into a continuous domain, both simultan-
eously and in a cross-altitude manner. Extensive empirical evaluations validate the superiority of our proposed
approach over existing deep learning and physics-based approaches.
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1. Introduction

The escalating challenge of climate change necessitates immediate and strategic action to mitigate its
impacts and steer toward sustainable development (Kaack et al., 2022; Rolnick et al., 2022). As the
Earth’s climate experiences higher temperatures, rising sea levels, and more extreme weather events, the
transition to renewable energy sources becomes inevitable. Wind energy, in particular, offers a notable
solution with its ability to deliver a clean power supply while greatly cutting down greenhouse gas
emissions (Stengel et al., 2020; Ramesh et al., 2022a; Ramesh et al., 2022b).

However, the deployment and optimization of wind energy face several challenges:

1. Resolution: Identifying the most suitable sites for wind turbines necessitates data with a resolution
as detailed as 1 square kilometer or finer (Irrgang et al., 2021; Kashinath et al., 2021). However,
most wind farm simulations do not achieve this resolution, limiting our capacity to enhance the
efficiency of wind energy farms.

2. Data Storage: As the granularity of simulated data and the accumulation of field measurements
increase (Klöwer et al., 2021; Huang and Hoefler, 2023), the resulting growth in data size requires
advanced storage solutions.

3. Generalization: Setting up wind measurement stations in specific locations can be challenging due
to the high costs of transportation and maintenance. This necessitates cross-altitude inference, such
as estimating high-altitude wind speeds from ground-level measurements.

Advancements in deep learning present promising solutions to these challenges. Techniques such as deep
learning-based super-resolution can enhance low-resolution data, providing the detailed representations
needed for precise analysis (Vandal et al., 2017; Diaconu et al., 2022; Gao et al., 2022). Additionally, deep
learning-based data reduction can compress extensive datasets into latent formats, reducing memory
and hardware demands. However, most existing deep learning approaches, like convolutional neural
networks and autoencoders, are grid-based and fail to offer a continuous representation of wind fields
(Requena-Mesa et al., 2021; Nguyen et al., 2023). Due to the inherently continuous nature of wind fields,
there is a crucial need for methodologies that can generate and work with continuous data representations
(Reichstein et al., 2019; Luo et al., 2023; Luo et al., 2024). Additionally, recent advancements in multi-
modal deep learning necessitate its use in the efficient and comprehensive analysis of wind data, including
the examination of wind patterns at multiple altitudes (Summaira et al., 2021; Xu et al., 2023).

In this paper, we present OSTB (One Stone Three Bird), a novel deep learning model designed for the
efficient dimension reduction and continuous reconstruction of multi-altitude climate data. Our approach
utilizes modality-agnostic implicit neural networks within an encoder-decoder (transfer)-decoder
(continuous reconstructor) framework to process multi-altitude climate data. The encoder segment of
the three-dimensional implicit neural network functions as a nonlinear data compressor, and the decoder
(transfer) segment functions as a modality transfer network that exploits inter-altitude data relationships
to improve feature extraction. The decoder (continuous reconstructor) employs implicit neural repre-
sentations to reconstruct continuous fields. Overall, our contributions are as follows:

• We design a novel, parameter-efficient deep encoder-decoder (transfer)-decoder (continuous
reconstructor) framework for simultaneous dimension reduction and continuous reconstruction
via super-resolution of multi-altitude climate data.

• We design a three-dimensional implicit neural network for transforming data from one modality/
altitude to another modality/altitude. Due to this structure of our designed implicit neural network,
our proposed model is scalable to datasets consisting of a large number of modalities, unlike
traditional multi-modal deep learning models which face severe scalability issues.

• We employGAAM (Gaussian AdaptiveAttentionMechanism) (Ioannides et al., 2024) in the decoder
(transfer) segment of our proposed three-dimensional implicit neural network as a parameter-efficient
alternative to regular query-key-value based attentionmechanisms (Vaswani et al., 2017), which to the
best of our knowledge has not been tested in a super-resolution task.
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• We employ a KAN (Kolmogorov-Arnold Network) (Liu et al., 2025) as a superior alternative to the
traditional multi-layer perceptron neural network (Hornik et al., 1989) within the state-of-the-art
LIIF (Local Implicit Image Function) (Chen et al., 2021) based decoder (continuous reconstructor),
which also has not been employed in data reduction or super-resolution tasks.

2. Related work

ClimateDownscaling is a critical process in climate science, allowing for the translation of global climate
model outputs into finer, local-scale projections. Themainmethods for downscaling can be categorized into
dynamical downscaling and statistical downscaling (Keller et al., 2022; Harder et al., 2023). Dynamical
downscaling,while comprehensive, demands significant computational power and depends on the accuracy
of the global climatemodel data (Chau et al., 2021; Chen et al., 2022). Statistical downscaling, in contrast, is
more computationally efficient and faster but assumes historical relationships will persist, potentially
missing changes in climate variability and extremes (Groenke et al., 2020; Liu et al., 2020).

Alternatively, Deep Learning-based Super-resolution techniques are revolutionizing the enhance-
ment of climate data, delivering unparalleled detail and precision in climate models and remote sensing
imagery. Different deep neural networks specialize in analyzing both spatial and temporal climate data’s
complex patterns, enhancing model accuracy and details beyond what traditional downscaling achieves
(Vandal et al., 2017; Stengel et al., 2020; Requena-Mesa et al., 2021; Diaconu et al., 2022; Gao et al.,
2022). However, these methods often rely on fixed resolutions, highlighting the need for models that offer
resolution-independent, continuous climate pattern representations (Luo et al., 2023).

Implicit Neural Representation (INR) uses neural networks to model continuous signals, transcend-
ing traditional discrete methods like pixel and voxel grids (Xie et al., 2022; Huang and Hoefler, 2023).
This approach has recently made significant strides in climate data analysis, enabling high-resolution
reconstructions beyond fixed enhancement scales. In Luo et al., 2024, a context-aware indexing
mechanism was introduced to enhance the efficiency of INR in reconstructing fields from sparse
observations. In Schwarz et al., 2023, a novel compression algorithm is introduced, utilizing INR within
a universal approach to data handling, that effectively generates compact yet comprehensive latent
depictions of ERA5 climate data. These advancements highlight INR’s capability in precise, scalable
data representation. In the meantime, Neural Operator and INR have been applied for solving PDEs and
enhancing spatio-temporal resolution (Kovachki et al., 2021; Li et al., 2021). INR-based PDE solvers like
MeshfreeFlowNet (Jiang et al., 2020) and MAgnet (Boussif et al., 2022) reconstruct continuous spatio-
temporal data from sparse or discrete low-resolution inputs but lack focus on cross-spatial or cross-
temporal reconstruction.

DeepMulti-modal Learning transforms machine perception by concurrently integrating diverse data
sources such as text, images, audio, and video, unlike traditional single-modal approaches. Multi-modal
deep learning has shown impressive performance across different domains (Ngiam et al., 2011; Jing et al.,
2021; Boussioux et al., 2022; Cao andGao, 2022; Tu et al., 2022; Ramesh et al., 2022a, 2022b; Ruan et al.,
2023). In Qayyum et al., 2024, a novel multi-modal deep learning method is introduced for simultaneous
dimension reduction and continuous cross-altitude reconstruction. However, as the number of modalities
increases, the aforementioned multi-modal deep learning models encounter scalability issues, highlight-
ing the need for a parameter-efficient multi-modal model capable of facilitating cross-altitude inference.

3. Preliminaries

3.1. Multi-altitude as multi-modality

Traditionally, multi-modal data refers to the scenario of different data types from differentmodalities, e.g.,
image/text, video/text. Similar to the definition used by Qayyum et al., 2024, we follow a more flexible
definition of multi-modality where data from each modality is acquired through different sensors, and we
consider multi-altitude climate data as multi-modal data with each altitude as a separate modality.
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3.2. Gaussian adaptive attention mechanism

Conventional attention mechanism calculates weights based on the dot-product between different
weight matrices (Vaswani et al., 2017), whereas the Gaussian adaptive attention mechanism employs a
Gaussian-based modulation of input features, enabling improvement of the standard self-attention
mechanism in Transformers along with a reduced number of trainable parameters and lower compu-
tational cost (Ioannides et al., 2024).

In GAAM (Gaussian Adaptive Attention Mechanism), the multi-channel spatial feature
F = f1, f2,⋯, fcf g (c as the number of channels of the multi-channel spatial feature) goes through the

process of computation of mean bμ= 1
c

Pc
s= 1

fs and variance bσ2 = 1
c

Pc
s= 1

fs�bμð Þ2. The channel mean bμ is then
adjusted by a learnable offset δ to learn ψ = δþbμ. Then, the attention ga fsð Þ is computed through

normalized fs, fnorm,s, where fnorm,s =
fs�ψffiffibσp 2

þϵ
: ga fsð Þ= e�

fnorm,s
2ζ2 , with a small ϵ> 0.

The output of the Gaussian adaptive attention block G is described as:

G Fð Þ= f1⊙ga f1ð Þ, f2⊙ga f2ð Þ,⋯, fs⊙ga fsð Þ,⋯, fc⊙ga fcð Þf g (3.1)

3.3. Three-dimensional positional encoder

Three-dimensional positional encoder P employs Fourier based positional encoding on 3D coordinate
points (Tancik et al., 2020). Considering v= x,y,hð Þ to denote a 3D coordinate point, with x cð Þ = x,yð Þ
being a point in the 2D coordinate spaceXc, and h the altitude of the correspondingmodality, the output of
the 3D positional encoder is: P vð Þ= ⋯, cos 2πσj=mv

� �
, sin 2πσj=mv

� �
,⋯

� �
for j∈ 0,1,⋯,m�1f g, where

m denotes the number of frequencies of the learned Fourier features, and σ denotes the frequency constant.

3.4. Kolmogorov-Arnold network

Traditional multi-layer perceptrons (MLPs) model non-linearity through fixed activation functions on
nodes (Hornik et al., 1989), whereas KANs employ learnable activation functions on edges (Z Liu et al.,
2025). There is no linear weight whatsoever in KANs, each weight parameter is substituted with a
univariate function that is parameterized as a spline function instead (Boor, 1978). For a traditional MLP,
the output at node j of layer lþ1, can be defined as

xlþ1,j = σ
Xnl
i = 1

wlþ1,i,jxl,i

 !
(3.2)

with σ as a non-linear activation function. For a KAN, the output at node j of layer lþ1, can be defined as

xlþ1,j =
Xnl
i = 1

ϕlþ1,i,j xl,ið Þ, (3.3)

where the non-linear function ϕ can be defined as ϕ xð Þ=w b xð Þþ spline xð Þð Þ, with
b xð Þ= silu xð Þ= x= 1þ e�xð Þ and spline xð Þ a linear combination of B-splines,

P
iciBi xð Þwith trainable ci‘s.

3.5. Local implicit image function

Local implicit image function (LIIF) (Chen et al., 2021) is a deep learning-based continuous repre-
sentation method from a discrete image or a multi-channel two-dimensional feature representation. A
decoding functionDθ,liif is typically parameterized as anMLP and takes the form s=Dθ,liif z,xð Þ, where z
is the observation of image pixel values or features at a 2D coordinate point x. Consider, our objective is
to predict the output at point x cð Þ, with observed features zt at neighboring coordinate points
x tð Þ, t = 00,01,10,11f g. St is the area of the rectangle between x cð Þ and x t0ð Þ where t0 is diagonal to t
(i.e. 00 to 11, 10 to 01). Then, LIIF predicts the output at x cð Þ as:
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s x cð Þ
� �

=
X

t = 00,01,10,11f g

St
S
�Dθ,liif zt,x

cð Þ � x tð Þ
� �

(3.4)

S=
P

tSt is the total area of the four rectangles. Figure 1 illustrates this area-based interpolation through
Dθ,liif . Instead of applying the area-based interpolation through Dθ,liif directly on the input image pixels,
multi-channel features zt are first extracted using an EDSR (Lim et al., 2017) model and then decoded
through Dθ,liif .

4. Problem statement

Let xHk ∈MH
k ⊂Rh×w denote the discrete high resolution data representation ofmodality kwithMH

k being
the discrete high resolution data space of modality k. We aim to achieve simultaneous data dimension
reduction and cross-modal/altitude continuous reconstruction of this data instance. Our goal is to design a
model capable of pertaining the following tasks:

1. Data Dimension Reduction: Execute xHk ! xLk ∈ML
k ⊂Rh

d ×
w
d , where xLk represents the discrete low

resolution representation of xHk withML
k being the discrete low resolution data space of modality k

and d being the dimension reduction factor.
2. Cross-Altitude/Modality Continuous Reconstruction: Execute xLk ! xCl ≠ k x cð Þ� �

∈MC
l x cð Þ� �

⊂R.
Let, x cð Þ ∈Xc be any coordinate point in the continuous 2D coordinate space Xc. Here xCl x cð Þ� �
represents the target value at coordinate point x cð Þ formodality l andMC

l x cð Þ� �
represents the data space

of target values. The continuous nature of Xc makes this task a continuous reconstruction from low
dimensional representation xLk .

We will use cross/multi-altitude and cross/multi-modality interchangably throughout the rest of
the paper.

5. Method

Overview. Our proposed encoder-decoder (transfer)-decoder (continuous reconstructor) framework,
Tθ, comprises three primary components:

• encoder: The three-dimensional implicit neural network, Eϕ, reduces dimension of the data from
input modality/altitude xHin to x

L
in. This compression is optimized to retain sufficient information for

downstream tasks. hin being the altitude of the input modality, we can define the encoder mapping:
xLin =Eϕ xHin,hin

� �
,Eϕ :M

H
in !ML

in.

Figure 1. LIIF method.
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• decoder (transfer): The three-dimensional implicit neural network,Dtr, transforms the discrete low
resolution representation of the input modality/altitude xLin to the discrete high resolution represen-
tation of the target modality/altitude xHout. hout being the altitude of the target modality, we can define
the mapping: xHout =Dtr xLin,hout

� �
,Dtr :M

L
in !MH

out.
• decoder (continuous reconstructor): The implicit continuous decoder,Dcr, that utilizes the modality/
altitude-transferred discrete high resolution representation xHout to predict wind data at specific coordinate
xCout x

cð Þ� �
.We can define this mapping: xCout x

cð Þ� �
=Dcr xHout,x

cð Þ� �
,Dcr :M

H
out ×Xc !MC

out.

Figure 2 summarizes the proposed model, Tθ ≔ Dcr∘Dtr∘Eϕ. We describe the encoder-decoder
(transfer) segment, Dtr∘Eϕ in Section 5.1 and decoder (continuous reconstructor) segment Dcr in
Section 5.2.

5.1. Three-dimensional encoder-transfer implicit neural network

3D ETINN (Three-Dimensional Encoder-Transfer Implicit Neural Network) consists of the first two
segments of the overall framework: (i) encoder: a 3D encoder INN, Eϕ, and (ii) decoder (transfer): a 3D
decoder (transfer) INN, Dtr. Both the encoder and decoder (transfer) consist of (i) a convolution block,
Conv, and several (ii) residual implicit neural blocks, Rinn. 3D encoder INN, Eϕ, consists of a
convolutional block, Convin, followed by several residual implicit neural blocks, Rin

inn,j = 1,2,⋯,4f g, and
can be described as

Eϕ ≔ Rin
inn,4 ∘ ⋯∘Rin

inn,2 ∘R
in
inn,1 ∘Convin (5.1)

3D decoder (transfer) INN, Dtr, consists of several residual implicit neural blocks, Rout
inn,j = 1,2,⋯,4f g,

followed by a convolutional block, Convout, and can be described as

Dtr ≔ Convout ∘Rout
inn,4 ∘ ⋯ ∘Rout

inn,2 ∘R
out
inn,1 (5.2)

We employed four residual implicit neural blocks in our proposed method. We varied the number of
residual implicit neural blocks in our method and report the results in Supplementary Materials.

5.1.1. Residual implicit neural block
Residual implicit neural blockRinn consists of a Gaussian adaptive attention blockG, a three-dimensional
positional encoder P, and a 2-layer MLP networkDinn. Conventional implicit neural networks use a two-

LIIF with KAN
Decoder

Residual
Implicit
Neural
Block

Implicit Super
Resolution Decoder

Residual
Implicit
Neural
Block

2D
Convolution
Block

2D
Convolution
Block

3D Encoder INN 3D Decoder INN

Channel-
wise

Gaussian
Adaptive
Attention
Block

Coordinate (x, y)
Multi-channel Spatial Feature

Modality Altitude (h1(Encoder)/h2(Decoder))

MLP

Positional
Encoder

Residual Implicit Neural Block

Reduction Transfer Continuous Reconstruction

Figure 2. Overview of the proposed method, which jointly enables data reduction, transfer across
modalities, and continuous representation and arbitrary-scale super resolution.
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dimensional positional encoder to process grid-like 2D data, such as images. In contrast, the residual
implicit neural block operates on two-dimensional data while utilizing a positional encoder, P, that
accepts three-dimensional coordinate points as input. This approach allows the flexibility in transforming
2D data across modalities.

Let the input to Rinn be the multi-channel two-dimensional spatial feature, F ∈Rc× h
d ×

w
d , and

G Fð Þ∈Rc × h
d ×

w
d be the output of the Gaussian adaptive attention block, G. G Fð Þ can be considered as

a stack of hw
d2

numbers of c-dimensional features, gf x cð Þ½ �hw
d2

(visually illustrated in the lower block of

Figure 2). Let gf x cð Þ ∈Rc be the local feature at 2D coordinate point x cð Þ ofG Fð Þ, where c is the number of
channels for the spatial feature. gf x cð Þ is then transformed intoDinn gf x cð Þ ,P x,y,hð Þf gð Þþgf x cð Þ , whereDinn

is a 2-layer MLP network, h is the altitude for the corresponding modality. Similar transformation is done
for all those hw

d2
numbers of gf ‘s. So, the feature transformation throughRinn can be described as a two-step

transformation:

1. Feature transformation through Gaussian Adaptive Attention, F!G Fð Þ.
2. Transformation of G Fð Þ through residual neural network:

G Fð Þ= gf x cð Þ½ �hw
d2
!Rinn Fð Þ= Dinn gf x cð Þ ,P x,y,hð Þf gð Þþgf x cð Þ½ �hw

d2
(5.3)

5.2. Implicit super-resolution decoder

Implicit super-resolution decoder, Dcr :M
H
k ×Xc !MC

k , takes the transformed discrete high-resolution
representation XH

k and any 2D coordinate point x cð Þ ∈Xc and predicts the output at coordinate point x cð Þ,
xCk x cð Þ� �

. We use a modified version of local implicit image function (LIIF) based decoder, which is a
coordinate based decoding approach (Chen et al., 2021). The original LIIF decoder primarily consists of
two components: (i) EDSR-based feature encoder (Lim et al., 2017), and a (ii) MLP network. In our
modified LIIF-KAN decoder, we replace theMLP network with a KAN (Kolmogorov-Arnold Network)-
based decoder (Liu et al., 2025).

Decoder (continuous reconstructor): EDSR-based (Lim et al., 2017) feature encoder, FE, encodes
MH

out into the encoded feature space MF
out,FE :MH

out !MF
out. The KAN-based decoder, Dkan, then

predicts the output at coordinate point x cð Þ following the similar methodology followed in LIIF (Chen
et al., 2021). The overall continuous reconstruction can be described as: xCout x

cð Þ� �
= Dkan ∘ FEð Þ xHout,x

cð Þ� �
.

5.3. Cross-altitude prediction

Let, xHin be a discrete high-dimensional datapoint at altitude hin. For simultaneous dimension reduction and
continuous cross-altitude reconstruction through super-resolution, we need to infer discrete low-
resolution representation xLin, and xCout x

cð Þ� �
, where x cð Þ can be any 2D coordinate point in Xc at altitude

hout. Then,

xLin =Eϕ xHin,hin
� �

(5.4)

xCout x cð Þ
� �

=Dkan FE Dtr xLin,hout
� �� �

,x cð Þ
� �

(5.5)

hin ≠ hout refers to the cross-altitude prediction scenario. At a super-resolution scale s, we evaluate DKAN

on s2hw number of different x cð Þ ∈Xc, resulting in a super-resolved output with dimension Rsh× sw.

6. Experiments

We first introduce the wind dataset that we used to evaluate our proposed model. Then we continue to
elaborate the optimization procedure and obtained results.
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6.1. Wind data

National Renewable Energy Laboratory’s Wind Integration National Database (WIND) Toolkit provides
high spatial and temporal resolution wind power, wind power forecasting, and meteorological data for
over 126,000 locations across the continental United States during a 7-year span (Draxl et al., 2015). The
simulated forecasts were developed using the Weather Research and Forecasting Model, which operates
on a 2-kilometer (km) by 2-kilometer (km) grid with a 10-meter(m) resolution from the ground to 200m
above ground with several temporal resolutions available at 1-hour, 4-hour, 6-hour, and day-ahead
forecast horizons. The spatial resolution of theWIND Toolkit is 2km × 1hr in spatio-temporal resolution.
As a result, the wind dataset size is 1602 latitudeð Þ× 2976 longitudeð Þ× 61368 number of instancesð Þ, or
almost 1.2 TB per wind component (wind data at different heights). We randomly cropped data to reduce
the resolution to 1500 latitudeð Þ× 2000 longitudeð Þ for each time instance. Wind velocity components at
specific direction were determined using the wind speed and direction at a specific height. For example, if
wind speed at height h is V at an angle θ ° with northern direction, the northern and eastern components
are u =V cosθ ° ,v=V sinθ ° accordingly. In this paper, we only report the results with the northern
projection of wind speed data.

6.2. Experimental setup

6.2.1. Dataset
To evaluate the continuous reconstruction capability of our proposed method, we created a dataset for
multi-modal super-resolution tasks using simulated wind data discussed in Section 6.1.

Dataset creation. From the total 61368 data instances at different timepoints, we randomly sampled 4000
data points from various timestamps at heights of 10m,60m,160m and 200m. We used 3000 data points
for training, 200 for validation and 800 for testing.

Data sample processing. We used bicubic interpolation to generate a pair of discrete and continuous
high-resolution samples for each instance. For example, if the discrete input dimension is 120× 160 and
the super-resolution scale is 2:5 × , the continuous output dimension is 300× 400. Data sample creation for
training and validation/test has been conducted differently for better learning of the model.

• Train: During training, the continuous high-resolution sample is created by randomly cropping
from the actual 1500× 2000 resolution data sample and then generating the discrete high-resolution
sample via bicubic interpolation. The discrete high-resolution dimension was set to 120× 160, with
super-resolution scales ranging from 1× to 4×.

• Validation/Test: At testing, we split the original 1500× 2000 resolution data into 4 data samples of
resolution 750× 1000 by splitting them evenly into four regions. As a result, the test dataset consists
of 3200 data samples, each with a dimension of 750× 1000. To avoid randomness during testing, both
continuous and discrete high-resolution samples were generated by bicubic interpolation from this data
sample with dimension 750× 1000. For example, if the task is to super-resolve the discrete super-
resolution sample of dimension 120× 160 to a super-resolution scale 2:5 × (the continuous high-
resolution sample dimension is 300× 400), both the discrete and continuous high-resolution samples
are generated through bicubic interpolation from the original cropped sample of dimension 750× 1000.

6.2.2. Training details
Adam was adopted as the optimizer (Kingma and Ba, 2015), to train the model for 600 epochs. The
learning rate during the optimization was set following the cyclical learning rate technique with a
minimum learning rate of 10�5 and a maximum learning rate of 10�4 (Smith, 2017). At super-resolution
scale s, the super-resolution ground truth xSout has a dimension of sh× sw. Coordinate-based implicit neural
networks, e.g., LIIF (Y Chen et al., 2021), predict outputs pixel-by-pixel instead of predicting the whole
super-resolved image at a single forward pass. We randomly selected 2048 coordinate points, at each
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optimization step, among the s2hw coordinate points of the target super-resolved continuous represen-

tation, and optimized the parameters based on the predictions bxCout x cð Þ� �
and the ground truth xCout x

cð Þ� �
on

those coordinate points to extradite the optimization process. We used the L1 loss function,

l1 bxCout,xCout,x cð Þ
� �

= ∣xCout x cð Þ� ��bxCout x cð Þ� �
∣, to optimize the model. It took about 12 hours to train the

model on a workstation with a single NVIDIA A100 GPU.

6.2.3. Evaluation metrics
We employed two metrics to evaluate the continuous reconstruction through super resolution. Peak
signal-to-noise ratio (PSNR) is the ratio of a signal’s maximum possible value (power) to the power of
distorting noise that affects the quality of its representation. Structural similarity index (SSIM) is a
perceptual metric that evaluates the degradation of image quality, which compares the spatial structures
between the target image and reproduced image. For evaluation of the compression performance, we
employed the Compression Ratio (CR)metric, whichmeasures the ratio between the requiredmemory for
storing the compressed versus the uncompressed data. These evaluation metrics have been discussed in
detail in the Supplementary Materials.

6.3. Results

6.3.1. Task
We evaluated the model’s continuous reconstruction capability by performing super-resolution at
different scales on a test dataset containing 800 data points. As we split each data point into 4 regions,
the total number of effective test data samples is 3200.

6.3.2. Setup
High-resolution input dimension was set to 120× 160, with a dimension reduction factor d = 8, yielding
a low-resolution representation of 15× 20. We focus on cross-altitude predictions where the input
modality height hin is closer to the ground (10 m, 60 m) and the output modality height hout is
significantly higher (160 m, 200 m). Evaluation results for the opposite cross-altitude prediction
scenarios have been discussed in the Supplementary Materials. Due to the lack of existing method-
ologies for simultaneous dimension reduction and reconstruction through super-resolution, we use the
following three methods as baselines:

• MAINN (Multi-Altitude Implicit Neural Network): Multi-altitude simultaneous reduction and
continuous reconstruction through a multi-modal implicit neural network (Qayyum et al., 2024). We
trained 4 differentmodelswith combinations of data from (10m, 160m), (60m, 160m), (10m, 200m),
and (60 m, 200 m) heights.

• GINO: Bicubic downscaling followed by Geometry-Informed Neural Operator (GINO) (Li et al.,
2024).

• WindLaw:We used the wind power law v1=v2 = h1=h2ð Þα with our proposed One Stone Three Bird
(OSTB) model. We eliminated the 3D Decoder INN and trained four different models for four
altitudes, and then used the wind power law for cross-altitude prediction.

6.3.3. Result summary
As shown in Figure 3, our model consistently outperforms all the baselines across all cross-altitude
scenarios and super-resolution scales for PSNR and SSIM. Our model obtained low LPIPS
for the super resolution scale 2× , but obtained higher LPIPS for higher super-resolution scales.
The GINO model obtained superior results in terms of LPIPS. Results for super-resolution scales
s∈ 2,4½ � and s∈ 5,6½ � respectively illustrate the results for in-distribution scales and out-of-
distribution scales.
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6.4. Additional Experiment 1: data compression

6.4.1. Task
We evaluate the data compression performance of our model and compare it against existing compression
methods, focusing on cross-altitude prediction and reconstruction accuracy.

6.4.2. Setup
We employed the Prediction by Partial Matching (PPM) data compression algorithmwith μ-law encoding
at various quantization levels (Q) for data compression and reconstruction, as described inMoffat (1990).
Additionally, we tested bicubic interpolation for compressing and decompressing the data. For cross-
altitude predictions, we used the wind power law v1=v2 = h1=h2ð Þα to transform the reconstructed data
from one height to another for both PPM and bicubic methods. To assess performance, we measured the
average compression ratio, PSNR, and SSIMover the test set. Since traditional compressionmethods lack
super-resolution capabilities, we limit super-resolution comparison to the scale s= 1 for our model.

6.4.3. Result summary
Figure 4 illustrates the cross-altitude prediction methodology of these methods, while Table 1 presents a
detailed comparison. For cross-altitude predictions where the input modality height is 10 m, our model
outperforms the baseline methods across three metrics—compression ratio, PSNR, and SSIM. In cases
where the input modality height is 60 m, while our model does not achieve the best PSNR and SSIM, it
significantly surpasses others in terms of compression ratio. For bicubic models with a reduction factor
d = 4, the low-resolution dimension is 30× 40. With a higher reduction factor (d = 8), bicubic models
achieve a compression ratio similar to ours but at the cost of lower PSNR and SSIM. Likewise, PPM
models attain higher compression ratios at lower Q values, but at the expense of PSNR and SSIM. Only
our model consistently delivers a high compression ratio alongside either the best or near-best PSNR and
SSIM. Regarding the LPIPS metric, our model is outperformed by other models across all cross-altitude
prediction scenarios, however their compression ratio is significantly higher than our model.

Figure 3.Comparative Results with Baselines. x�axis shows different super resolution scales for all three
subplots, and y�axis shows the metric values (PSNR, SSIM and LPIPS metric values are shown in the
three columns from left to right column accordingly). The 4 rows show the evaluation results in 4 different
cross-altitude prediction scenarios: 10 m! 160 m, 10 m! 200 m, 60 m! 160 m, and 60 m! 200 m
from top to bottom row accordingly. For the WindLaw baseline, the displayed results are observed with
α= 0:16.
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6.5. Additional experiment 2: modality transfer

6.5.1. Task
We evaluate the performance of our model without the 3D ETINN segment by designing and training
separate models for different altitude levels, then comparing them in cross-altitude prediction tasks.

6.5.2. Setup
We removed the 3D ETINN segment and developed four distinct models, each trained on data from a
specific height, following consistent optimization procedures. For cross-altitude predictions, we used the
wind power law (Touma, 1977) to transform the reconstructed data from one altitude to another. For
instance, for an input height hin = 10 m and output height hout = 200 m, we applied the model trained at 10
m to predict super-resolved wind data and then used the wind power law to transform it to 200m. Figure 5
summarizes this cross-altitude prediction methodology without the 3D ETINN. The downsampling
architecture for dimension reduction followed the design of the invertible UNet (Etmann et al., 2020),
as depicted in Figure 5. We tested different values of α for cross-altitude predictions at various super-
resolution scales.

6.5.3. Result summary
Figure 6 presents the average PSNR, SSIM, and LPIPS across the test set at different super-resolution
scales. In all cross-altitude prediction scenarios, the model incorporating the 3D ETINN consistently
outperforms the models without it, demonstrating the critical role of the 3D ETINN in enhancing
performance.

6.6. Additional experiment 3: ablation studies

6.6.1. Task 1
Ablation of decoder. We evaluate the performance of the proposed decoder by comparing it against other
implicit neural network-based super-resolution models.

Setup. To benchmark the performance of our model, we replaced the LIIF-KAN decoder segment with
the LIIF (Y Chen et al., 2021), ITNSR (Yang et al., 2021), HiNOTE (Luo et al., 2024), SRNO (Wei and
Zhang, 2023), DIINN (QH Nguyen and Beksi, 2023), and LTE (Lee et al., 2022) models. We also tried
LTE-KAN, replacing MLP with KAN in the LTE model, similar to the modification done in LIIF-KAN.
All models were trained using the same optimization procedures. Figure 7 illustrates the average PSNR
and SSIM across the test set at varying super-resolution scales, with the x-axis of each plot showing the
respective scales.

C
om
pression

R
econstruction

Figure 4. Data compression followed by cross-altitude prediction using wind power law.
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Table 1. Comparative compression performance at different cross-altitude prediction scenarios. Best
performing methods are boldfaced according to respective metrics.

Model

hin = 10 m! hout = 160 m hin = 10 m! hout = 200 m

PSNR(↑) SSIM(↑) LPIPS(↓) CR(↑) PSNR(↑) SSIM(↑) LPIPS(↓) CR(↑)

PPMQ= 4,α = 0:16 16.1586 0.2220 0.4652 97.0277 16.1174 0.2179 0.4753 97.0277
PPMQ= 4,α = 0:24 16.1619 0.2218 0.4695 97.0277 16.1139 0.2169 0.4807 97.0277
PPMQ= 4,α = 0:32 16.1120 0.2160 0.4754 97.0277 16.0408 0.2094 0.4878 97.0277
PPMQ= 8,α = 0:16 24.6997 0.4343 0.2864 95.6397 24.2223 0.4127 0.3034 95.6397
PPMQ= 8,α = 0:24 22.9060 0.4043 0.3188 95.6397 22.3011 0.3813 0.3400 95.6397
PPMQ= 8,α = 0:32 20.8745 0.3696 0.3597 95.6397 20.1082 0.3442 0.3864 95.6397
PPMQ= 12,α = 0:16 27.4357 0.5559 0.2270 94.2337 26.7911 0.5228 0.2446 94.2337
PPMQ= 12,α = 0:24 25.7281 0.5135 0.2576 94.2337 24.9666 0.4764 0.2792 94.2337
PPMQ= 12,α = 0:32 23.5273 0.4572 0.2949 94.2337 22.7020 0.4168 0.3193 94.2337
PPMQ= 16,α = 0:16 28.9872 0.6221 0.1893 93.3278 28.2311 0.5839 0.2070 93.3278
PPMQ= 16,α = 0:24 27.3643 0.5773 0.2168 93.3278 26.5088 0.5334 0.2383 93.3278
PPMQ= 16,α = 0:32 25.1355 0.5125 0.2502 93.3278 24.1513 0.4629 0.2764 93.3278
Bicubicd = 4,α= 0:16 30.3240 0.6559 0.3387 93.7500 29.6082 0.6306 0.3380 93.7500
Bicubicd = 4,α= 0:24 29.1067 0.6318 0.3468 93.7500 28.2963 0.6007 0.3477 93.7500
Bicubicd = 4,α= 0:32 26.9890 0.5805 0.3587 93.7500 26.0394 0.5417 0.3618 93.7500
Bicubicd = 8,α= 0:16 29.5809 0.6024 0.6427 98.4375 28.9719 0.5850 0.6411 98.4375
Bicubicd = 8,α= 0:24 28.4870 0.5840 0.6745 98.4375 27.7818 0.5626 0.6748 98.4375
Bicubicd = 8,α= 0:32 26.5472 0.5438 0.7036 98.4375 25.6907 0.5162 0.7048 98.4375
OSTB∗ 31.3332 0.6801 0.4174 98.4375 30.7483 0.6657 0.4099 98.4375

Model

hin = 60 m! hout = 160 m hin = 60 m! hout = 200 m

PSNR(↑) SSIM(↑) LPIPS(↓) CR(↑) PSNR(↑) SSIM(↑) LPIPS(↓) CR(↑)

PPMQ= 4,α = 0:16 14.1466 0.2907 0.4921 97.3825 14.1382 0.2881 0.4992 97.3825
PPMQ= 4,α = 0:24 14.1615 0.2963 0.4920 97.3825 14.1566 0.2944 0.4994 97.3825
PPMQ= 4,α = 0:32 14.1761 0.3014 0.4921 97.3825 14.1741 0.2998 0.4998 97.3825
PPMQ= 8,α = 0:16 25.3451 0.5294 0.2627 96.2921 24.9154 0.5081 0.2758 96.2921
PPMQ= 8,α = 0:24 24.8199 0.5217 0.2703 96.2921 24.2698 0.4988 0.2857 96.2921
PPMQ= 8,α = 0:32 24.2433 0.5132 0.2785 96.2921 23.5485 0.4884 0.2965 96.2921
PPMQ= 12,α = 0:16 28.3028 0.6492 0.2038 94.9586 27.6685 0.6137 0.2208 94.9586
PPMQ= 12,α = 0:24 27.6473 0.6360 0.2133 94.9586 26.8731 0.5970 0.2332 94.9586
PPMQ= 12,α = 0:32 26.9218 0.6203 0.2238 94.9586 25.9739 0.5769 0.2472 94.9586
PPMQ= 16,α = 0:16 30.7661 0.7342 0.1583 94.1765 29.9271 0.6925 0.1761 94.1765
PPMQ= 16,α = 0:24 30.1380 0.7210 0.1668 94.1765 29.1738 0.6750 0.1871 94.1765
PPMQ= 16,α = 0:32 29.3750 0.7039 0.1761 94.1765 28.2249 0.6522 0.1994 94.1765
Bicubicd = 4,α= 0:16 33.4129 0.7627 0.3196 93.7500 32.4829 0.7356 0.3183 93.7500
Bicubicd = 4,α= 0:24 33.1206 0.7572 0.3214 93.7500 32.0726 0.7270 0.3207 93.7500
Bicubicd = 4,α= 0:32 32.4632 0.7470 0.3236 93.7500 31.2240 0.7115 0.3240 93.7500
Bicubicd = 8,α= 0:16 32.0933 0.6916 0.6241 98.4375 31.3809 0.6743 0.6220 98.4375
Bicubicd = 8,α= 0:24 31.8357 0.6870 0.6352 98.4375 31.0246 0.6673 0.6355 98.4375
Bicubicd = 8,α= 0:32 31.2836 0.6785 0.6462 98.4375 30.2944 0.6549 0.6488 98.4375
OSTB∗ 33.5972 0.7500 0.4138 98.4375 32.9439 0.7354 0.4062 98.4375
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Result summary. Our modified LIIF-based decoder, LIIF-KAN, consistently outperforms all other
implicit super-resolution models, including the original LIIF decoder. The results show a significant
performance improvement in both PSNR and SSIM, demonstrating that LIIF-KAN offers superior super-
resolution capabilities compared to existing models. However, the SRNO decoder performs best among
all the decoders in terms of the LPIPS metric for most of the super-resolution scales.

6.6.2. Task 2
Ablation of attention mechanisms. We assess the efficacy of the Gaussian adaptive attention in the
Residual Implicit Neural blocks by comparing it with other attention mechanisms.

Dimension
Reduction
Encoder

LIIF with KAN
Decoder

Implicit Super
Resolution Decoder

Figure 5. Methodology for cross-altitude prediction without modality transfer INN.

Figure 6. Results for Modality Transfer Experiment. x�axis shows different super-resolution scales for
all three subplots, and y�axis shows the metric values (PSNR, SSIM and LPIPS metric values are shown
in the three columns from left to right column accordingly). The 4 rows show the evaluation results in 4
different cross-altitude prediction scenarios: 10 m! 160 m, 10 m! 200 m, 60 m! 160 m and 60 m!
200 m from top to bottom row accordingly.
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Setup. We replaced the Gaussian adaptive attention mechanism in the Residual Implicit Neural blocks
with the standard Query, Key, Value (QKV) attention mechanism (Vaswani et al., 2017), and also tested
the performance without any attention mechanism. All models were trained following identical proced-
ures. Figure 8 presents the results, showing the performance of each variant.

Result summary. The results demonstrate that our proposedmethod, incorporating the Gaussian adaptive
attention mechanism, is outperformed by both the QKV-based attention and the version without attention
in terms of PSNR and SSIM. However, it achieves lower LPIPS than its counterparts. This observation
leaves us to balance among the three metrics. We have observed that our proposed model outperforms
other models in all previous experiments, but it often failed to obtain low LPIPS. However, we observed
that with QKV-based attention and without the attention method obtained even higher PSNR and LPIPS,
but at the cost of even more suboptimal LPIPS. Also, the Gaussian adaptive attention mechanism is
parameter-efficient compared to the QKV-based attention mechanism.

7. Conclusion

We have developed an innovative deep learning approach for simultaneous continuous super-resolution,
data dimensionality reduction, and multi-altitude learning for climatological data. We designed a three-
dimensional implicit neural network specifically for learning continuous, rather than discrete, represen-
tations of multi-altitude velocity fields used for wind farm power modeling across the continental United
States. Unlike traditional multi-modal deep learning models, which handle only a limited number of
modalities due to scalability issues, our three-dimensional implicit neural network is scalable to a large
number of modalities. We employed two very recently proposed techniques: the Gaussian adaptive
attention mechanism and the Kolmogorov–Arnold network to design our model and modify existing

Figure 7. Ablation of decoders. x�axis shows different super-resolution scales for all three subplots, and
y�axis shows the metric values (PSNR, SSIM, and LPIPS metric values are shown in the three columns
from left to right column accordingly). The 4 rows show the evaluation results in 4 different cross-altitude
prediction scenarios: 10 m! 160 m, 10 m! 200 m, 60 m! 160 m and 60 m! 200 m from top to bottom
row accordingly.
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models. Experimental results have shown promising potential in improving wind energy assessment for
electricity generation, efficient large data storage via dimensionality reduction, and extrapolation to
inaccessible spatial areas. Both Gaussian adaptive attention and Kolmogorov–Arnold networks have the
potential to enhance interpretability in machine learning models, making this an area for future research.

Supplementary material. The supplementary material for this article can be found at http://doi.org/10.1017/eds.2026.10043.
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