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Abstract

When considering the optimal placement of renewable
energy resources, having access to high spatial-resolution
data is critical for accurate assessment. In this project, we
consider the task of video super-resolution on sparse wind
speed data in the United States. We investigate the appli-
cation of image super-resolution methods on this task and
propose new modifications that quantitatively and qualita-
tively improve performance. To the best of our knowledge,
this is the first work in the literature that considers video
super-resolution on wind speed data at a high temporal res-
olution of 5 minutes.

1. Introduction

Climate data plays a crucial role in the planning and de-
velopment of current and future renewable energy projects.
Yet, there exists a disparity between the spatial resolution
demanded by these initiatives and the data provided by ex-
isting climate models and satellite sensing [1]. For instance,
tasks such as market analysis of wind power necessitate
wind data at a spatial resolution of approximately 2 km,
which is roughly 5 to 50 times higher than what is currently
available through prevailing climate models [4].

This project aims to study the task of performing 4 x
Video Super-Resolution (VSR) on sparsely sampled wind
speed data in the United States (Figure 1). Our main
data source will be the Wind Integration National Dataset
(WIND) provided by the National Renewable Energy Lab
(NREL) [3]. To the best of our knowledge, this is the first
work in the literature that considers the VSR task on this
dataset.

Our goal is to investigate the performance of existing
image super-resolution models on the VSR wind speed
task. Furthermore, we aim to propose modifications to
these algorithms that improve their qualitative and quantita-
tive behavior. Ultimately, we hope to develop an approach
that achieves sufficient accuracy while requiring reasonable
computational resources.

Low-Resolution Video

High-Resolution Video

Figure 1. VSR aims to find a map from a low-resolution video
space to a high-resolution video space. In this project, we consider
the VSR task on sparse wind speed data.

This report is structured as follows. The remainder of
this section is dedicated to surveying the most relevant lit-
erature. In Section 2, we formally describe the SR and VSR
tasks. Section 3 introduce the data used in this project and
the preprocessing steps used in data generation. Then, in
Section 4, we present the baseline models, describe our pro-
posed approach, and introduce the evaluation metrics used
in this study. Section 5 is dedicated to experiments results
and discussions. Finally, Section 6 conclude this report.

1.1. Related Literature

Super Resolution (SR) methods generate High-Resolution
(HR) images or video from Low-Resolution (LR) inputs.
Traditional signal-processing approaches for this task rely
on interpolation and produce outputs that are too smooth
(e.g., bicubic interpolation) or too pixelated (e.g., nearest
neighbor interpolation) [12]. SR is challenging because the
problem is ill-posed; several HR outputs can be valid for
any given LR input.

In the context of machine learning, SR and VSR tasks
have been formulated as a dictionary learning problem
[6, 20] and as a regression problem [2, 5]. Further, train-
ing SR and VSR regression models with Generative Ad-
versarial Networks (GANSs) has been demonstrated to work
well in practice [16, 17, 21]. More recently, diffusion-based



models have been used directly for SR and VSR tasks or
to complement other more traditional methods [10, 13, 15].
See the work of Wang et al. [18] for a general survey on
deep learning methods for SR and the work of Liu et al.
[11] for a survey on deep learning methods for VSR.

Recently, multiple works in the literature have proposed
the use of SR methods to enhance the spatial resolution of
sparse climate data [8, 9]. Specifically, Kurinchi-Vendhan
et al. [9] utilizes a GAN-based method to perform SR on
wind speed and solar radiation data while Kumar et al. [8]
utilizes a more traditional convolutional neural network to
upscale sparse wind data. Both of these examples operate
only on images and consider climate data that is spare in
time (e.g., hourly data). The data that we plan to use in this
project will be at a 5-minute temporal resolution making it
suitable for renewable energy market analysis [1].

2. Problem Statement

The goal of SR is to scale up a LR image x € R¥*" to a
HR image y € Rwt*ht where wy=r-wand hy =7-h
for a scale factor € N. Note that we focus on single-
channel images as they are the norm in climate data. A
video of length ¢ € N consists of a sequence of ¢ images
(frames). For VSR, the goal is to map form a LR video X =
(X1,...,%¢) € RXWXhtoaHR video Y = (y1,...,¥:) €
REXxwr X hy .

We use M : R¥*" — Rwr*h to denote a SR model
and V : Rt>Xwxh _ REXwixht (o denote a VSR model.
We consider parameterized models (e.g., M( -;6)) and the
goal is to find a set of parameters 6 that minimizes a loss
function L:

01 = argmin Ly (M(x;6),y) (1)
0

0y = argmin Ly (V(X;6),Y) 2)
(4

where £y : R¥tXPt 5 RWt*ht 5 R s a SR loss function
and Ly : REXwrxhe o RExwyxhy _y R jg VSR loss func-
tion. The choice of £y and Ly heavily influences the be-
havior and quality of the SR and VSR models [7, 14]. For
convenience, we use N, to denote the cardinality of z and
(), to denote the set of all valid indices in z. For instance,
if z € R**"_ we have:

N,=w-h (3)
Q, ={(i,j) eN? |i <w, j < h} )

3. Dataset

The WIND dataset covers a spatial grid of 2 km across the
continental United States, with a temporal resolution of 5

minutes. It was compiled by integrating data from ground-
based measurement stations, satellite sensing, and numeri-
cal weather prediction models. For further information on
the dataset, refer to Draxl et al. [3]. Our project specifically
focuses on the wind speed magnitude subset at a height of
100 meters above the Earth’s surface.

3.1. Preprocessing

While a part of the dataset at hourly temporal resolution is
preprocessed by NREL!, this work requires a dataset at the
5 minutes temporal resolution for the VSR task. Hence, we
conduct our own preprocessing to produce the data utilized
herein. Specifically, we select 40 locations around major
U.S. cities and extract data from four weeks in 2018 (two
weeks from January and two from July). For each loca-
tion, we create a uniform spatial grid and perform bilinear
interpolation from the original spatial grid. The details of
these steps and visualization of the data are provided in Ap-
pendix C and Appendix A respectively.

All in all, we generated 13,440 videos each consisting of
48 frames at 64 x 64 pixel resolution. The total size of this
dataset is 20 GB. We consider this dataset our HR outputs
and the LR inputs are obtained by downsampling by a factor
of 4 (i.e., an LR video will consist of 48 frames at 16 x 16
pixel resolution).

4. Methodology
4.1. Network Architecture

We use the Residual-in-Residual Dense Block (RRDB) ar-
chitecture proposed in [16, 17]. RRDB consists of a se-
ries of convolutional and non-linear layers (without batch
normalization) with dense connections (i.e., concatenation)
in between. Therefore, the number of channels in a given
RRDB grows linearly with depth, allowing the block to cap-
ture complex features and patterns. However, the final layer
in an RRDB maps back to the original number of channels
in the input layer of the block. A network of this archi-
tecture consists of multiple RRDBs with skip connections
in between operating in the LR space followed by shallow
upsampling layers.

4.2. Models

As baselines in our study, first, we consider bicubic inter-
polation Zgicubic, Which fits a bicubic function to a 4 x 4
grid surrounding each target pixel to interpolate and uses the
function value as an estimate. Second, we adapt the image
SR architecture used in [17] and apply it to videos. Using
our notations, let Frrpp be the RRDB network architecture
described above, this baseline will be given by:

VBaseline (X 0) = (Frro(X130), ..., FrroB(%::6))  (5)

Ihttps://github.com/NREL/hsds - examples /blob/

master/datasets/wtk—-us.md
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VBaseline VProposed
# of RRDB 8
Maximum # Channels 192 640
Batch Size? 16 64
Optimizer AdamW
Learning Rate 1x1074

4 Measured in numbers of videos.

Table 1. Hyperparameters for each model.

We propose two modifications to this baseline; Firstly,
utilizing the fact that bulks of RRDB computations are done
on the LR space, we propose treating the videos X as multi-
channel images and using an RRDB network to map di-
rectly from the LR video space to the HR video space.
Our hypothesis is that this approach would alleviate the ill-
posed nature of the problem. This is because the data in
this project originate from physical models that adhere to
conservation laws, and information from future frames ex-
hibits a high correlation with information from historical
frames. Secondly, instead of mapping directly to the HR
video space, we propose learning a residual map on top of
bilinear interpolation Zgijjinear- Therefore, the model is opti-
mized to learn high-frequency details that are absent in the
interpolation. In notation, both of these two modification
translate to:

Veroposed (X5 0) = Frros(X; ) + Zitinear(X)  (6)

Finally, we mention that SR and VSR models com-
monly undergo training utilizing adversarial losses, along
with data augmentation of multiple degradations in the pro-
cess of downsampling HR outputs to LR inputs. However,
owing to computational limitations, we opt for standard L1
and L2 loss objectives in our training and we also skip the
degradation augmentations.

4.3. Evaluation Metrics

To evaluate the performance of the VSR models, we con-
sider a set of metrics commonly used in the SR and VSR
literature. Let Y be an approximation of the ground truth
Y. First, we have the typical Mean Squared Error (MSE)
and Mean Absolute Error (MAE) metrics:

Y . 1 v 2
MSE(Y,Y) := Niy Z (Y, —Y)) (N
PEQY

N 1 N
MAE(Y,Y) := Ny > Y, -, ®)
PEQy

Furthermore, we consider the Peak Signal-to-Noise Ratio
(PSNR), which is the ratio between the dynamic range L of

the ground truth Y and MSE between Y and Y measured
on a log-scale. Formally:

2

PSNR(Y,Y) := 10log;, )

MAE(Y,Y)
MSE, MAE, and PSNR are considered pixel-wise evalua-
tion metrics, and they might not always correlate well with
the perceived visual quality of images and videos [19]. A
metric with a better correlation to human quality assess-
ments is the Structural Similarity Index (SSIM). SSIM mea-
sures degradation in structural information (e.g., luminance
and contrast) over a window of an image or video. If u is a
window from Y and v is a window from Y with common

size and location, then the SSIM between v and v is given
by:

(2,Ulu/Jv + cl)(20uv + C2)
(W3 + 13 + )0 + 03 + ¢2)

SSIM(u, v) == (10)
where 1 and o are the typical mean and standard deviation
operators and c; and co are small constants to avoid insta-
bility. The final SSIM between Y and Y is obtained by
averaging all the windows that segment the Y and Y.

5. Experimental Results
5.1. Training Details

We utilize 80% (10,752 videos) of our dataset for training
and validation and 20% (2,688 videos) for testing. In Ta-
ble 1, we list the hyperparameters used in the training of
each model. We note that although our proposed method
has a larger number of features, its input is larger (by a
factor of 48) than the input of the baseline. With these hy-
perparameters, both models utilized similar VRAM (around
14 GB) during training. The training was conducted us-
ing an NVIDIA Tesla V100 GPU. On average, the baseline
model required 112 minutes to train, whereas our proposed
method trains in 28 minutes.

5.2. Results and Discussions

We summarize the performance on the test dataset for each
model in Table 2. Each entry in the table is an average of
four different seeds. For the loss function Ly, each model
is trained with L1 and L2 objectives. As we can see from
the table, our proposed model with the L1 objective out-
performs the baseline and the bicubic interpolation in all
metrics. Moreover, for our proposed approach, we notice
that the model trained with the L1 objective obtains lower
L2 error than the model trained with the L2 objective. We
hypothesize that the gradient vanishes too quickly for small
pixel-wise errors when we train with the L2 objective. Fur-
ther, this effect is exacerbated because we are trying to learn
a residual model on top of bilinear interpolation.



L2 Loss

VProposed

L1 Loss

L2 Loss

0.0929 + 3.6 x 10~*
0.1892 +4.1 x 10~*
28.150 + 1.5 x 1072

T VBaseline
Bilin

“ L1 Loss
MSE | | 0.1332+0 0.0935+1.2 x 10~*
MAE | | 0.22984+0 0.1866 = 1.5 x 10~4
PSNR 1 | 26.590 0 28.172+£4.6 x 1073
SSIM T | 0.6722+0 0.7404 4+ 2.8 x 10~*

0.7358 £ 1.4 x 1073

0.0870 + 1.1 x 10~
0.1827 £ 1.8 x 10~°
28.486 +£ 2.8 x 1073
0.7534 + 2.7 x 10~*

0.0894 + 2.9 x 104
0.1883 +£3.8 x 1074
28.320 £ 1.0 x 1072
0.7428 £ 5.1 x 10~*

Table 2. Models performance on the test data set. Each figure is an average of four independent runs and =+ shows the standard deviation

between the runs.
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Figure 2. Example of the models outputs on the test dataset. Our proposed model achieves better temporal coherence on the small wind

turbulence between frames 1 and 19.

In Figure 2, we showcase an example of the models out-
puts on the test dataset. In this example, we can notice that
our proposed model achieves better temporal coherence on
the small wind turbulence. Specifically, the direction of the
high-frequency turbulence flips between consecutive frames
in the baseline while it remains consistent in our proposed
model. We believe as our proposed model has access to
multiple LR frames, it is able to correctly identify the direc-
tion of the small turbulence in this example. The full figure
for this example is provided in Appendix B along with other
examples with similar behavior (Figure 5 to Figure 7).

Moreover, we showcase other examples in Appendix B
that demonstrate the overall sharpness of each model (Fig-
ure § to Figure 10). From these examples, we notice that our
proposed model recovers sharper details than the baseline.
We believe this is likely due to the larger frame buffer that
the proposed model has, as details that might be obscured
at the current LR frame might be revealed in historical or
future frames.

Finally, we note that the models developed here can be
applied to larger spatial areas than 16 x 16 pixels. For in-
stance, to perform 64 x 64 to 256 x 256 super-resolution,

we can segment the 64 x 64 input into four segments each
of size 16 x 16, and pass them individually to the models.
However, to ensure coherence on the boundaries, we might
need to overlap the segments. We can use a similar idea to
extend the temporal axis.

6. Conclusions

In this project, we investigated video super-resolution on
sparse wind speed data in the United States. We have shown
that a larger frame buffer in the regression mapping helps
improve both temporal coherence and sharpness in this task.
Further, our results indicate that models trained with L1 loss
appear to behave quantitatively and qualitatively better than
models trained with L2 loss. Future work includes consid-
ering other loss functions and/or other models architecture
such as diffusion models.
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Supplementary Material

A. Data Visualization

In this section, we present examples from the dataset utilized in this project. Figure 3 displays relatively straightforward
cases where the HR data exhibits simple or smooth patterns. On the other hand, Figure 4 illustrates more intricate examples,
characterized by HR data containing high-frequency spatial details or patterns transitioning rapidly between consecutive

frames.
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Figure 3. Examples where the HR data exhibits simple or smooth patterns.
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Figure 4. Examples where the HR data contains high-frequency spatial and temporal details.
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B. Visualization of Models Outputs

In this section, we provide multiple examples of the models outputs on the test dataset.
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Figure 5. Example 1 for temporal coherence.
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Figure 6. Example 2 for temporal coherence.
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Figure 7. Example 3 for temporal coherence.
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Figure 8. Example 1 for sharpness.
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Figure 9. Example 2 for sharpness.
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Figure 10. Example 3 for sharpness.
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Figure 11. Sampled locations in the United States. Figure 12. Resampling of the geospatial grid.

C. Data Preprocessing

In Figure 11, we showcase the 40 locations we choose to sample data from. At any given location, the uniform grid we create
may not perfectly align with the original spatial grid in the dataset. To address this, we ensure our uniform grid is slightly
denser than the original grid and then employ bilinear interpolation to accurately map the wind speed data from the original
grid to the uniform grid. An example of these two grid is illustrated in Figure 12.
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