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ABSTRACT: Superresolution is the general task of artificially increasing the spatial resolution of an image. The recent
surge in machine learning (ML) research has yielded many promising ML-based approaches for performing single-image
superresolution including applications to satellite remote sensing. We develop a convolutional neural network (CNN) to
superresolve the 1- and 2-km bands on the GOES-R series Advanced Baseline Imager (ABI) to a common high resolution
of 0.5 km. Access to 0.5-km imagery from ABI band 2 enables the CNN to realistically sharpen lower-resolution bands
without significant blurring. We first train the CNN on a proxy task, which allows us to only use ABI imagery, namely, de-
grading the resolution of ABI bands and training the CNN to restore the original imagery. Comparisons at reduced resolu-
tion and at full resolution with Landsat-8/Landsat-9 observations illustrate that the CNN produces images with realistic
high-frequency detail that is not present in a bicubic interpolation baseline. Estimating all ABI bands at 0.5-km resolution
allows for more easily combining information across bands without reconciling differences in spatial resolution. However,
more analysis is needed to determine impacts on derived products or multispectral imagery that use superresolved bands.
This approach is extensible to other remote sensing instruments that have bands with different spatial resolutions and re-
quires only a small amount of data and knowledge of each channel’s modulation transfer function.

SIGNIFICANCE STATEMENT: Satellite remote sensing instruments often have bands with different spatial resolu-
tions. This work shows that we can artificially increase the resolution of some lower-resolution bands by taking advan-
tage of the texture of higher-resolution bands on the GOES-16 ABI instrument using a convolutional neural network.
This may help reconcile differences in spatial resolution when combining information across bands, but future analysis

is needed to precisely determine impacts on derived products that might use superresolved bands.

KEYWORDS: Remote sensing; Satellite observations; Artificial intelligence; Deep learning; Neural networks

1. Introduction

Superresolution (SR) is the general task of artificially in-
creasing the spatial resolution of an image. While there have
been many proposed techniques for superresolving images
(Farsiu et al. 2004; Freeman et al. 2002; Glasner et al. 2009),
an increasingly large number of recent approaches rely specif-
ically on convolutional neural networks (CNNs; Yang et al.
2019). SR, in general, is an ill-posed problem since many pos-
sible high-resolution images exist for a given low-resolution
image. This makes SR an inherently challenging task. As a re-
sult, CNNs and other machine learning approaches that mini-
mize pixelwise error often yield blurry or overly smooth
solutions (Wang et al. 2004). This, among other reasons, has
led to the development of generative adversarial network
(GAN)-based approaches for SR such as SRGAN (Ledig
et al. 2017). SRGAN utilizes a second discriminator model
that differentiates between superresolved and real images. In
addition, it minimizes a content loss based on the intermediate
activations of a separate pretrained CNN. This often yields an
image with high-frequency detail more similar to ground truth
but with higher pixelwise error (Ledig et al. 2017). Other
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recent approaches have used diffusion models for superresolu-
tion (Li et al. 2022) that iteratively refine images by reversing
a process that gradually adds noise, effectively enhancing im-
age details at each step.

Deep learning SR techniques have recently seen wide use
in the atmospheric and Earth sciences. Vandal et al. (2017)
used a modified stacked SRCNN (Dong et al. 2015) to down-
scale precipitation data. Stengel et al. (2020) superresolved
50-times-higher resolution wind speed and 25-times-higher
resolution solar irradiance fields from climate models. This is
done using a two-stage process with two consecutive SRGAN-
based models that first superresolve to an intermediate me-
dium resolution and then again to the target high resolution.
Geiss and Hardin (2020) explored the use of dense U-Net
(Ronneberger et al. 2015; He et al. 2015) for superresolution
of ground-based radar plan position indicator scans and found
that they outperform commonly used techniques such as Lanczos
and bicubic interpolation. Geiss and Hardin (2023) recently pre-
sented an approach to enforce invertibility in superresolution
models, which is a property often desirable in many Earth science
applications including remote sensing. In this context, invertibility
ensures that the predicted high-resolution image can be used to
exactly reproduce the original low-resolution image.

The vast majority of satellite remote sensing superresolution
applications focus on low-Earth orbit (LEO) missions with spa-
tial resolutions on the order of 1-100 m (Masi et al. 2016;
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TABLE 1. The band number, central wavelength, and spatial resolution of the 16 channels present on ABI. Spatial resolutions
listed here are representative for the subsatellite point, and they increase with larger viewing angles. Wavelength ranges and
descriptions are quoted from Schmit et al. (2017) for GOES-16 ABI specifically.

ABI band Central wavelength (wm) Wavelength range (um) Spatial resolution (km) Description
Band 1 0.47 0.45-0.49 1 Blue

Band 2 0.64 0.60-0.68 0.5 Red

Band 3 0.86 0.847-0.882 1 Vegetation

Band 4 1.37 1.366-1.380 2 Cirrus

Band 5 1.6 1.59-1.63 1 Snow/ice

Band 6 22 2.22-2.27 2 Cloud particle size
Band 7 39 3.80-3.99 2 Shortwave window
Band 8 6.2 5.79-6.59 2 Upper-level water vapor
Band 9 6.9 6.72-7.14 2 Midlevel water vapor
Band 10 73 7.24-7.43 2 Lower/midlevel water vapor
Band 11 8.4 8.23-8.66 2 Cloud-top phase

Band 12 9.6 9.42-9.80 2 Ozone

Band 13 10.3 10.18-10.48 2 Clean longwave window
Band 14 11.2 10.82-11.60 2 Longwave window
Band 15 123 11.83-12.75 2 Dirty longwave window
Band 16 133 12.99-13.56 2 CO,

Lanaras et al. 2018; Scarpa et al. 2018; Gargiulo et al. 2019;
Armannsson et al. 2021) and revisit times on the order of
multiple days. Fewer efforts have focused on geostationary
(GEO) imagers with coarser spatial resolutions on the order
of 1-10 km. One example is Deneke et al. (2021) which dem-
onstrated that a relatively simple linear model can increase the
spatial resolution of cloud property retrievals by using a high-
resolution visible channel on a GEO imager. A clear advan-
tage of GEO imagers over LEO imagers is the relatively high
temporal resolution often making them more suitable for
time-sensitive applications such as characterizing transient at-
mospheric or meteorological features. The Advanced Baseline
Imager (ABL Schmit et al. 2017) aboard the Geostationary Op-
erational Environmental Satellite (GOES) R series satellites,
for example, currently has a full-disk temporal resolution of
10 min and features a high resolution of 0.5 km for a single
visible channel (band 2; 0.64 um) and 2-km resolution for in-
frared wavelengths (see Table 1 for a full list). Alternatively, the
Sentinel-2 Multispectral Imager (MST; Drusch et al. 2012), an in-
strument frequently used in SR applications (Lanaras et al. 2018;
Wau et al. 2023; Salgueiro Romero et al. 2020), has a revisit time
of 10 days and a spatial resolution of 10-60 m depending on the
channel.

In this work, we superresolve the 15 lower-resolution channels
out of the 16 channels present on ABI. Specifically, we artificially
increase the resolution of the three 1-km channels and twelve
2-km channels on ABI to a common high resolution of 0.5 km.
This constitutes a 2-times (2X) and 4-times (4X) increase in spa-
tial resolution, respectively. Superresolving the lower-resolution
channels could alleviate the need to reconcile differences in
spatial resolution in the development of derived quantitative
products (such as cloud, aerosol, or surface properties) or multi-
spectral imagery from ABIL Our proposed approach leverages
spatial texture in the higher-resolution channels to guide the esti-
mation of subpixel radiance distribution in the lower-resolution
channels. For example, low-resolution channels may contain
cloud edges, shadows, and land and water boundaries. Band 2, in

some cases, provides information on the exact placement of these
boundaries at high resolution. The presence of the 0.5-km channel
on ABI allows the model to produce realistic texture in the super-
resolved imagery during the day when visible reflectances are
available. This is done without the use of adversarial training and
without the added complexity and opacity of utilizing a separate
pretrained model as is done in SRGAN. Additionally, it does not
require multiple forward passes at inference time as is needed in
current diffusion-based approaches.

Leveraging the texture of a high-resolution channel means
that this work shares similarities with the objective of pan-
sharpening (Javan et al. 2021). Pan-sharpening involves the
use of a panchromatic band, which is a band with high spatial
resolution but relatively wide spectral response. Spatial vari-
ability from the panchromatic band is used to sharpen other
bands with low spatial resolution, but with narrower (and of-
ten overlapping) spectral response. In some respects, pan-
sharpening could be considered a special case of SR where a
panchromatic band is used to aid in superresolving the lower
spatial resolution bands. In our case, the sole 0.5-km band on
ABI is not necessarily panchromatic and its bandwidth does
not overlap with other channels, but general features like
cloud edges, shadows, and land and water boundaries are also
observable in other ABI bands, which could help inform sub-
pixel radiance distributions. Pan-sharpening, like SR, has seen
many recent successful applications using CNN architectures
(see Tsagkatakis et al. 2019 for a review). Our approach uses
a similar CNN architecture (with some modifications) as Deep
Sentinel-2 (DSen2; Lanaras et al. 2018), which is a model
trained to pan-sharpen Sentinel-2 imagery.

In this analysis, we train the CNN model on a proxy task us-
ing a synthetic lower-resolution dataset to learn a mapping
that estimates the 1-km ABI channels at a 2X higher resolu-
tion and the 2-km channels at a 4X higher resolution. We per-
form both quantitative and qualitative evaluations in the
reduced-resolution domain and compare the CNN to results
from bicubic interpolation. Then, we use the CNN trained on

Brought to you by NOAA Library | Unauthenticated | Downloaded 03/28/25 07:03 PM UTC



APRIL 2024

WHITE ET AL. 3

TABLE 2. The band number, approximate wavelength range, sensor, and spatial resolution of the channels present on Landsat-8 and
Landsat-9. Wavelength ranges quoted here are for Landsat-8 (Barsi et al. 2014) and differ only slightly for Landsat-9.

OLI/TIRS bands Wavelength range (uwm) Sensor Spatial resolution (m)
Band 1 0.435-0.451 OLI 30
Band 2 0.452-0.512 OLI 30
Band 3 0.533-0.590 OLI 30
Band 4 0.636-0.673 OLI 30
Band 5 0.851-0.879 OLI 30
Band 6 1.566-1.651 OLI 30
Band 7 2.107-2.294 OLI 30
Band 8 0.503-0.676 OLI 15
Band 9 1.363-1.384 OLI 30
Band 10 10.60-11.19 TIRS 100
Band 11 11.50-12.51 TIRS 100

the lower-resolution task to the desired task of superresolving
the original ABI bands to 0.5-km resolution. We show exam-
ples of predicted 0.5-km imagery from the CNN. In most typi-
cal SR and pan-sharpening applications, it is difficult to
quantitatively compare estimated imagery at the target reso-
lution due to a lack of ground-truth observations. We attempt
to address this deficiency by collocating superresolved ABI
imagery with National Aeronautics and Space Administration
(NASA) and U.S. Geological Survey (USGS) Landsat-8/
Landsat-9 observations (Irons et al. 2012; Barsi et al. 2014;
Waulder et al. 2019) that are made natively at much higher spa-
tial resolution. Then, we quantify how well the CNN estimates
fine-scale texture that is observed in Landsat imagery and
compare it to bicubic interpolation. Last, we end with a dis-
cussion of the limitations of this approach, potential improve-
ments for specific applications, and areas of future work.

2. Data

ABI is a GEO imager present on the four GOES-R series
satellites. It measures radiance at 16 channels with a nadir
spatial resolution of 0.5 km for band 2; 1 km for bands 1, 3,
and 5; and 2 km for all other bands (Table 1). The temporal
resolution of full-disk imagery varies with the scan mode used
but is 10 min for the time period used in this work. All images
from ABI in this analysis come from GOES-16 in GOES-East
position at a central longitude of 75.2°W. The ABI images
used for training and evaluation of the neural network are se-
lected from the first day of each month in 2021 at 1600, 1730,
and 1900 UTC resulting in 36 full-disk images each consisting
of 16 channels. The full disk is almost completely illuminated
at 1730 UTC with the edges of the terminator visible on the
western and eastern sides at 1600 and 1900 UTC. Our training
set is created from images collected from 1 January 2021 through
1 October 2021. The validation set is created from the three im-
ages on 1 November 2021. The testing set is created from the
three images collected on 1 December 2021.

Landsat-8 and Landsat-9 are polar orbiting sun-synchronous
satellites with 16-day repeat cycles. Landsat-8 instruments in-
clude the Operational Land Imager (OLI) and the Thermal
Infrared Sensor (TIRS). OLI has 9 bands at visible and near-
infrared wavelengths at a nadir spatial resolution of 30 m with

the exception of the panchromatic band (band 8) with a reso-
lution of 15 m. TIRS has two bands near the infrared window
region at 10.9 and 12.0 um with a nadir spatial resolution of
100 m (Table 2). Landsat-9 instruments (OLI-2 and TIRS-2)
are improved versions of OLI and TIRS with improved radio-
metric resolution but are otherwise similar.

The Landsat data included in this work are not used during
training and are only used to evaluate the superresolved
images from the neural network at 0.5-km resolution after it
has been trained. We collect 191 tiles from Landsat-8 and
Landsat-9 centered around a 300-km radius from the GOES-16
subsatellite point located at 0°, 75.2°W. These tiles are col-
lected between 1 May 2022 and 1 August 2022. Additional
GOES-16 ABI data are obtained at the Landsat overpass
times in order to collocate observations between the two
instruments.

3. Methods

a. Constructing a supervised proxy task using the
Wald protocol

Supervised machine learning problems require labeled data
in order to train models. Since 0.5-km observations from ABI
for all 16 channels only exist for band 2, we instead train our
model on a proxy task that uses reduced-resolution imagery.
This process consists of creating synthetic lower-resolution
imagery and training a model to recreate the original native-
resolution imagery. In the pan-sharpening literature, this
methodology is commonly referred to as the Wald protocol
(Wald 2002). Once trained, the model can be applied to
native-resolution imagery to obtain the superresolved output.
This protocol is illustrated in Fig. 1.

Our objective is to increase the resolution of the 2- and 1-km
channels to 0.5-km resolution, which is a 4-times and 2-times in-
crease in resolution, respectively. This means that in order to sim-
ulate a reduced-resolution training dataset, one must reduce the
resolution of all 16 ABI channels to a 4-times-lower resolution.
Thus, we degrade the 2-km ABI bands to an 8-km resolution,
1-km bands to 4 km, and the sole 0.5-km band to 2 km. The
CNN is then trained to use the 8-, 4-, and 2-km inputs to pro-
duce imagery at a common resolution of 2 km. Once trained,
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Band-13 (10.3 pm), 8-km
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i
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FIG. 1. A conceptual illustration of the different resolutions used during the training and inference stages for the (top) 12 native 2-km
bands, (middle) three native 1-km bands, and (bottom) single native 0.5-km band from ABI. Images with salmon-colored borders repre-
sent the native resolution. Images bordered in blue are their counterparts at reduced resolution that are used as inputs when training the

CNN model.

the model can use 2-, 1-, and 0.5-km inputs to superresolve all
channels to a common resolution of 0.5 km.

Training at a reduced resolution, of course, involves a key
assumption about these data. We effectively assume some
amount of scale invariance between the transformations learned
by the CNN for the synthetic reduced-resolution dataset and the
observations at their native resolution. In other words, it is as-
sumed that mapping pixels of an 8-km resolution image to 2-km
resolution is the same transformation as mapping pixels of a
2-km resolution image to 0.5-km resolution. This assumption of-
ten goes untested in SR and pan-sharpening applications since
imagery at the target resolution does not typically exist. We at-
tempt to evaluate this assumption later in this analysis by com-
paring the texture of superresolved ABI imagery with Landsat-8
and Landsat-9. Armannsson et al. (2021) evaluated this as-
sumption in a similar way for Sentinel-2 pan-sharpening
methods by using coarsened 5-m Airborne Visible Near-
infrared Spectrometer (AVIRIS; Green et al. 1998) imagery.
Lanaras et al. (2018) evaluated this assumption by applying
their trained model across different scales and found a small
increase in error when doing so.

The CNN we train here seeks to learn the inverse of the im-
age degradation procedure used to create the synthetic re-
duced-resolution dataset. Therefore, it is important to consider

the subtleties of accurately simulating hypothetical ABI imag-
ery at a 4X lower spatial resolution. Specifically, one needs to
account for the fact that satellite imagers do not have a perfect
spatial response. For example, a point source contained within
an imager pixel can contribute to the radiance observed in
neighboring pixels (and vice versa). Quantifying the spatial re-
sponse is critical for applications centered around bright fine-
scale features such as characterizing properties of fires (Calle
et al. 2009). The modulation transfer function (MTF; Boreman
2001) and the point spread function (PSF) are two ways of de-
scribing this characteristic of imaging systems. In our case, when
creating the synthetic reduced-resolution dataset, one needs to
account for the spatial response when downsampling to the re-
duced resolution.

Following the Wald protocol, we simulate the spatial re-
sponse when creating the reduced-resolution dataset by blur-
ring the image prior to downsampling. In practice, we achieve
this by convolving the native-resolution imagery with an im-
age filter defined by the PSF for each ABI channel. We as-
sume that the PSF can be represented by a two-dimensional
Gaussian distribution with a zero mean and a standard devia-
tion calculated from known MTF values in Eq. (1), where o
represents the standard deviation of the PSF and s represents
the scale ratio between images:
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FIG. 2. Conceptual diagram of the CNN architecture used in this work. Lower-resolution channels are (top center) interpolated to
0.5 km using bicubic interpolation and (top right) passed through the CNN, which includes (bottom right) several residual blocks. (bottom
center) The output of the CNN is added elementwise to the 15 interpolated bands to yield the superresolved imagery with nothing being

added to band 2. See text for full description.
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B [ —2In (MTF)] )

In Eq. (1), we specifically use the value of the MTF at the Ny-
quist frequency. These values are obtained from the MTF es-
timates already made in Wu and Schmit (2019) for GOES-16
ABI. Without blurring the image with this kernel, the resulting
low-resolution imagery would be too sharp. Thus, not accounting
for an instrument’s spatial response would likely yield a trained
model that undersharpens the native-resolution imagery.

b. Neural network architecture

The CNN architecture we use closely follows that of Lanaras
et al. (2018). It consists of two-dimensional (2D) convolution
layers, rectified linear unit (ReLU) activations, and residual
scaling layers. A conceptual diagram of the CNN is shown in
Fig. 2. Before the first convolutional layer, the resolution of
each channel is increased to match the dimensions of band 2.
This is done using a 2X bicubic interpolation for bands 1, 3, and

5 and a 4X bicubic interpolation for band 4 and bands 6-16.
The 16-channel image is then passed to the first convolutional
layer with a set number of 3 X 3 filters (Np) followed by a
ReLU activation. The output of the ReLU activation is passed
through a number of residual blocks (Nrg), with N filters in
each convolutional layer. After the last residual block, a final
convolutional layer outputs 15 channels, which are then added
elementwise to the original bicubically interpolated imagery.
The skip connection between the inputs of the CNN and the
output means that the model is trained to estimate a positive or
negative adjustment to the pixels in the interpolated images
given as input. The terms Ny and Ngg are both hyperpara-
meters that can be tuned for an application-specific balance of
performance and computational expense.

The residual blocks have a fairly simple design and follow
those used in enhanced deep superresolution (EDSR) net-
works (Lim et al. 2017) and other pan-sharpening applications
(Lanaras et al. 2018; Wu et al. 2020). They consist of a 2D
convolution, ReLLU activation, a second 2D convolution, and
residual scaling (Szegedy et al. 2016) that multiplies the
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activations by a scale factor of 0.1. The output of the resid-
ual scaling is then added to the input of the residual block.
Lim et al. (2017) noted that removing batch normalization
(Ioffe and Szegedy 2015) from residual blocks and adding
residual scaling increased performance on superresolution
tasks and improved stability during training. We similarly
found that for this application, removing batch normaliza-
tion and adding residual scaling allow the CNN to converge
faster during training, reach a lower loss, and be more nu-
merically stable.

The receptive field in this model is relatively small com-
pared to other image-to-image translation applications that
use U-Net-based architectures (Ronneberger et al. 2015; Zhou
et al. 2018; Huang et al. 2020). As noted in Lanaras et al.
(2018), much of the information relevant to sharpening the
lower-resolution channels is likely local in space to any indi-
vidual pixel. Thus, a larger receptive field may not be neces-
sary. During the development of this approach, we noted that
using various types of U-Nets with much larger receptive fields
but with a similar total number of trainable parameters typi-
cally yielded imagery with roughly 1.25-1.5-times-larger mean
absolute error (MAE). We did not perform a thorough hyper-
parameter search with the U-Net models, so a more formal
comparison is not included here.

c¢. Training details and data preparation

Full-disk images for GOES-16 ABI band 2 at 0.5-km reso-
lution have dimensions of 20968 X 20968 pixels and are
much too large to be processed in GPU memory all at once.
For training purposes, we divide the full-disk images into
512 X 512 tiles at 0.5-km resolution. Tiles with more than
30% of pixels outside the full disk are discarded. No other re-
strictions based on viewing or solar geometry are applied to
the tiles. Pixels outside the full disk are assigned a sample
weight of zero and are not counted in the loss function or
evaluation metrics. This yields 1424 tiles for each full-disk image.
Following the training, validation, and testing split indicated pre-
viously, this results in 42 720 tiles for training, 4272 for validation,
and 4272 for testing. The image degradation procedure described
previously is used to create reduced-resolution tiles at 8-, 4-, and
2-km resolutions with resulting dimensions of 32 X 32, 64 X 64,
and 128 X 128 pixels, respectively. The model is trained to
sharpen this imagery to a uniform 2-km resolution (128 X 128).
During the development of this model, we noted that mod-
els trained on only 30% of the images used here performed
very similarly in terms of MAE on our validation set. Since
this model is trained using synthetic data, our training set
could feasibly be increased to a much larger size. However,
we expect further increases in performance from doing so
to be relatively small.

The CNN operates on scaled radiance (Schmit and Gunshor
2021) read directly from the ABI files without converting to
true radiance. Scaled radiances are integers with values rang-
ing from a minimum of 0 to a valid maximum of 16382 or less
depending on the channel. We standardize the scaled radiance
by subtracting the mean and dividing it by the standard devia-
tion for each channel independently. This makes converting to
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FIG. 3. Results of a hyperparameter search over the number of
residual blocks (Ngrp) and the number of filters per convolutional
layer (Np) for the reduced-resolution proxy task.

true radiance an unnecessary step since the resulting standard-
ized values would be the same due to the linear relationship
between scaled radiance and radiance. The conversion to radi-
ance, reflectance, or brightness temperature can instead be per-
formed on the CNN’s output after multiplying by the standard
deviation and adding the mean for each channel. See Schmit
and Gunshor (2021) for details about these conversions.

MAE is used as the loss function to train the CNN. Other
loss functions were considered including adding an additional
term to penalize differences in high-pass-filtered imagery sim-
ilar to Lu and Chen (2019). The addition of this component of
the loss did not appear to significantly change the quality of
the estimated imagery for this specific application so it is not
included here. The CNN is trained with a batch size of 24 im-
ages with an initial learning rate of 5 X 10~ The loss is calcu-
lated on the entire validation set after every 1000 batches.
The learning rate is reduced by a factor of 10 to a minimum of
5 X 1075 when no improvement in the validation loss is ob-
served for 2000 batches. Training is stopped when no im-
provement is observed for 4000 batches. Models typically
finished training at around 35 000 batches.

Figure 3 shows how the performance of the neural network
changes according to Nrg and N for this reduced-resolution
proxy task. The validation set MAE was calculated at the re-
duced resolution and averaged across all bands except band 2.
MAE decreased monotonically with increasing Ngg and in-
creasing Ny over the range of values that we tested. Figure 3 im-
plies that a model with Ngg = 20 and N = 256 has the lowest
error. However, in the following analysis, we will use the
model with Ngg = 12 and Np = 256. Although there are
models with better performance, this model was selected as
a compromise between performance and computational ex-
pense with near-real-time applications in mind. A single
model with Ngrg = 12 and Ny = 256 trains in roughly 3 h on
a single NVIDIA RTX A6000 GPU. Our implementation of
this model can produce a superresolved full-disk image in
roughly 2.5 min and a superresolved mesoscale sector in
roughly 3 s.
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Shown are selected images from bands (a),(b) 1, (c),(d) 4, (e),(f) 5, (g),(h) 6, (i),(j) 8, and (k),(1) 13 for two sample

cases in the left and right columns.

4. Results
a. Comparisons at reduced resolution

We begin our analysis of the superresolved imagery with
qualitative and quantitative comparisons to reference imagery
in the reduced-resolution domain (superresolving to 2-km res-
olution from 8 and 4 km). Where appropriate, we compare to
bicubic interpolation—a simple baseline approach that does
not take into account subpixel variability observed in band 2
and does not utilize spectral variability in any way. Since the
CNN uses interpolated imagery as input, the difference in
performance between the CNN and bicubic interpolation may
be interpreted as the added value of using the CNN to super-
resolve ABI imagery.

1) VISUAL IMAGERY COMPARISON

Figure 4 shows a qualitative comparison of the reduced-
resolution imagery at 8 and 4 km (LR), bicubic interpolation
to a uniform resolution of 2 km, the CNN output at 2 km, and
the original high-resolution imagery at 2 km (HR) for a few
selected bands for two sample cases. In all cases, as expected,

bicubic interpolation tends to produce very fuzzy images. As
a result, many fine-scale features present in the original high-
resolution imagery appear blurry or nonexistent in the bicubic
interpolated imagery. Band 4 in Fig. 4c and band 6 in Fig. 4h
are particularly striking examples of this. As expected, ABI
channels with only a 2X increase in resolution are less blurred
by bicubic interpolation.

The CNN output at 2 km overall appears significantly
sharper and is more similar to the target high-resolution imag-
ery. In many cases, features present in the CNN output are
not recognizable in the original LR images but are easily iden-
tified in the corresponding HR images. This implies that the
high-resolution observations in band 2 heavily influence the
subpixel variability present in the CNN output. Figures 4a
and 4b show examples of fine-scale clouds in the CNN output
that are not present in the bicubic interpolation but match
well with features in the original HR imagery. In contrast to
bicubic interpolation, the CNN more frequently estimates ra-
diances larger than those in the original LR imagery espe-
cially in band 4 and improves the appearance of finer-scale
cloud features. In the superresolved imagery, it is much easier
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TABLE 3. MAE and RMSE of bicubic interpolation and the superresolved imagery from the CNN calculated on the reduced-
resolution dataset. Ratios near 0 indicate large improvement in the CNN predictions relative to bicubic interpolation. Ratios near
1 indicate little to no improvement. MAE and RMSE are expressed in units of W m ™2 st ' um™' for bands 1-6 and in units of

mW m 2 sr ! cm for bands 7-16.

Central MAE MAE MAE ratio RMSE RMSE RMSE ratio
ABI band wavelength (wm) bicubic CNN (CNN/bicubic) bicubic CNN (CNN/bicubic)
Band 1 0.47 6.996 0.448 0.064 13.416 0.751 0.056
Band 3 0.86 4.43 0.497 0.112 7.963 1.086 0.136
Band 4 1.37 0.422 0.145 0.344 1.226 0.375 0.306
Band 5 1.6 0.779 0.13 0.167 1.31 0.243 0.185
Band 6 22 0.374 0.064 0.171 0.594 0.106 0.178
Band 7 39 0.03 0.01 0.333 0.05 0.019 0.380
Band 8 6.2 0.029 0.014 0.483 0.062 0.025 0.403
Band 9 6.9 0.087 0.038 0.437 0.191 0.072 0.377
Band 10 73 0.181 0.071 0.392 0.402 0.142 0.353
Band 11 8.4 1.278 0.35 0.274 2.229 0.642 0.288
Band 12 9.6 0.861 0.225 0.261 1.586 0.424 0.267
Band 13 10.3 1.887 0.504 0.267 3.308 0.934 0.282
Band 14 11.2 2.058 0.557 0.271 3.645 1.048 0.288
Band 15 12.3 1.991 0.574 0.288 3.622 1.094 0.302
Band 16 13.3 1.314 0.413 0.314 2.559 0.789 0.308

to delineate between upper- and lower-level clouds in band 6
in Fig. 4g. Despite appearing sharper than bicubic imagery,
the CNN still appears to underestimate extreme values. Tex-
ture in band 8 (Figs. 4i,j) and finer-scale features in band 4
(Figs. 4c,d) are also smoother compared to the original HR
images. This illustrates the limitations of using only a 0.6-um
band to inform the spatial texture in other bands sensitive
to different spectral properties of the surface, clouds, and
atmosphere.

2) RESULTS FOR PIXELWISE ERROR: MAE AND RMSE

Next, we evaluate the performance of the CNN by calculating
the MAE and the root-mean-square error (RMSE; Table 3).
These metrics are calculated after converting the output of the
CNN and bicubic interpolation to radiance. Note that radiance
is integrated over wavelength for ABI bands 1-6 with units of
W m 2 sr ! pum™! and integrated over wavenumber for ABI
bands 7-16 with units of mW m~2 sr! cm. Since the range of
typical radiance values varies widely across different channels,
we also calculate the ratio of CNN and bicubic metrics. Ratios
near 1.0 imply little benefit through using the CNN, and values
close to zero imply very large improvement. For all channels,
we find very substantial improvement with the CNN compared
to bicubic interpolation for both MAE and RMSE. Specifically,
for MAE, we observe that the CNN has 6.4% of the error that
bicubic interpolation has for band 1 (0.47 um). At worst, we see
that the CNN has 48.3% of the MAE that bicubic interpolation
has for band 8 (6.20 wm).

There are a few key points made by the ratios in Table 3.
First, we see that bands 1, 3, and 5 have much lower ratios than
the other bands. One major reason for this is that only 2X SR is
required for these bands. Another reason is that these bands,
along with band 6, typically covary strongly with band 2 and of-
ten have similar texture, which also makes it an easier task to
superresolve them. All other bands require 4X SR, and many

are sensitive to different properties of the atmosphere com-
pared to band 2. For example, bands 8-10 (6.2, 6.9, and 7.3 um)
are relatively sensitive to water vapor absorption. This makes
these bands difficult to superresolve since they share little simi-
larity to band 2. However, band 2 could still be informative in
determining boundaries of upper-level clouds as seen in band 8
in Fig. 4i.

3) RESULTS FOR SPATIAL STRUCTURE: SSIM

To evaluate the estimated spatial texture from the bicubic
interpolation and the CNN output, we use the structural simi-
larity index measure (SSIM) that was developed specifically
to assess the degradation of structural information in images
in an effort to mimic human visual perception (Wang et al.
2004). SSIM is calculated on a sliding window throughout an
image and has a maximum ideal value of 1 indicating very
similar images, a minimum value of —1 indicating anticorrela-
tion, and a central value of 0 indicating no similarity. Example
SSIM values for bicubic interpolation and the CNN output
can be seen in Fig. 5 for band 13 and band 6. The relatively
large difference between the bicubic interpolation SSIM and
the CNN’s SSIM represents the differences in spatial texture
in these example images. This difference is particularly evi-
dent in Fig. 5d where many bright, fine-scale features are
smoothed over in the interpolated images.

The mean SSIM is calculated across the entire testing set
separately for each ABI channel and is shown in Fig. 6. The
relatively large SSIM values for bicubic interpolation in the
water vapor absorption bands (6.20, 6.90, and 7.3 wm) could
represent the relatively smooth texture typically observed at
these wavelengths. The stark difference between bicubic inter-
polation and the CNN at band 6 (2.20 um) is likely a combina-
tion of multiple factors. This channel requires a 4X increase in
spatial resolution but typically covaries strongly with band 2.
The CNN is able to take this relationship into account, but
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FIG. 5. Example SSIM values calculated for (a),(d) bicubic interpolation and (b),(e) superresolved images relative to the original HR
images, in the reduced-resolution dataset. (c),(f) Also shown are the original HR band-13 and band-6 images for these examples.

bicubic interpolation does not. For all channels, the CNN out-
performs bicubic interpolation in terms of SSIM. Larger differ-
ences occur in the infrared channels at 3.90 wm and with
wavelengths longer than 8.4 um, and the largest difference oc-
curs with the 2.2-um band. It is difficult to draw strong conclu-
sions from SSIM alone when comparing improvement across
channels. However, it is an additional piece of evidence to
show the value added by the CNN compared to bicubic inter-
polation on a per-channel basis.

4) RESULTS FOR SPECTRAL SIMILARITY: SAM

Quantitative satellite products from ABI such as sea and
land surface temperature, cloud detection, cloud and aerosol
properties, volcanic ash detection, and many others rely more
on spectral properties of the observations rather than spatial
patterns. These spectral properties can consist of simple dif-
ferences between brightness temperatures, ratios between re-
flectances, or more complicated spectral indices. Thus, it is
useful to explore how well the superresolved imagery pre-
serves relationships between channels and how this compares
to the bicubic baseline approach. Evaluations of image proc-
essing methods often use spectral angle mapper (SAM; Kruse
et al. 1993) as a metric to assess spectral distortion in esti-
mated imagery. Originally designed as a classification algo-
rithm, SAM values have since been used as a metric to
describe the similarity between two spectra (Deborah et al.
2015). This is done by measuring the angle formed by two vec-
tors representing the predicted and reference spectra. SAM

values describe the same property of images as cosine similar-
ity (CS), another often-used metric in the remote sensing and
computer vision literature. SAM and CS can be described and
related by Eqs. (2) and (3), where j, is the scalar predicted
value for the ith band, and y; is the reference value for this
band. Ideal values of SAM are smaller with a minimum of 0,
and ideal values of CS are larger with a maximum of 1:

, and ?2)

SAM = cos (CS). 3)

In the following, we report results using SAM. For each pixel
in a pair of superresolved and original HR images, we calcu-
late the SAM values between the two 16-dimensional vectors
that represent the 16 bands in an ABI image. Larger SAM
values, expressed in degrees, indicate larger differences in
spectra and imply that relationships between channels may
not be preserved in the predicted high-resolution imagery.
ABI bands with a larger range of observed radiances can
have a disproportionate influence on the direction the vectors
point, so we calculate SAM on radiances normalized by their
maximum observed value. However, we found similar results
when calculated on radiances without normalization. The dis-
tributions of SAM values are shown in Fig. 7 for all images in
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FIG. 6. SSIM values calculated on the testing dataset and aver-
aged for each channel for bicubic interpolation (gray) and the
CNN (blue) on the reduced-resolution dataset. SSIM for bicubic
interpolation at 2.20 um is 0.62. The gray dashed line indicates the
maximum ideal SSIM value of 1.0.

ABI Band Wavelength

the testing dataset for both the CNN and bicubic interpola-
tion. The CNN images have a much larger proportion of
pixels with lower SAM values compared to the bicubic im-
ages. The mean SAM value is also almost 5 times larger for
bicubic interpolation compared to the CNN. This indicates
that the CNN is more likely to better preserve relation-
ships across channels compared to the bicubic interpola-
tion baseline.
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FIG. 7. Histograms of the SAM values for bicubic interpolation
and the CNN estimates. The y axis represents the fraction of total
pixels within each of the equally spaced bins.
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FIG. 8. Assessment of the impact of adding different sets of bands
to the CNN on the superresolution of the 2-km bands.

5) ASSESSMENT OF THE VALUE OF THE
HIGH-RESOLUTION BANDS

The model shown in the previous analyses appears to add
substantial value to bicubic interpolation. Our hypothesis is
that the higher-resolution bands aid the superresolution of
the 2-km bands. In an effort to quantify the impact of the
high-resolution information, we retrain four different models
to only superresolve the 2-km channels. Each of these four
models has access to a different combination of inputs accord-
ing to their spatial resolution shown in Fig. 8. Reduction in
the ratio of CNN RMSE to bicubic RMSE with the additional
1- or 0.5-km bands indicates improvement in CNN perfor-
mance. These four models are all trained in the same way
with Nrg = 12 and N = 256. Note that some of these ratios
may differ from Table 3 since the prediction task here does
not include the 1-km channels.

Figure 8 illustrates that without the 1- and 0.5-km bands,
the CNN can superresolve the 2-km bands with 53%-74% of
the RMSE of bicubic interpolation. With the addition of
either the 1-km bands or the single 0.5-km band, the results
improve substantially. For all but the 3.90-um band, the single
0.5-km band offers more improvement than the three 1-km
bands. As expected, in all bands, the lowest RMSE occurs
when using all available high-resolution information to super-
resolve the 2-km channels. However, the amount of improve-
ment that comes with the addition of the high-resolution
information varies between bands. It is worth noting that our
model is designed specifically to exploit the information avail-
able in the highest-resolution band by upsampling the lower-
resolution channels and convolving the images at a native
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F1G. 9. (a),(c),(d),(e) Qualitative comparison of the native-resolution imagery, bicubic interpolation to 0.5 km, and
CNN SR to 0.5 km from left to right in each subpanel. (b) The native 0.5-km band-2 imagery. Each subpanel shows a
different band indicated on the left side. Note the differences in the color bar and units for each band. This scene has
a central latitude and longitude of 27.14°N, 80.17°W and was acquired at 1600 UTC 1 Dec 2021.

resolution of 0.5 km. If only 2-km channels were available in
practice, then there are other model architectures that may be
a better choice.

b. Comparisons at full resolution

In the previous section, we evaluated the superresolved im-
agery from the CNN in the reduced-resolution domain, where
we sharpen 8- and 4-km imagery to 2 km. We showed that the
CNN adds value to bicubic interpolation for all channels
through qualitative and quantitative comparisons measured
by pixelwise error (MAE and RMSE), spatial texture (SSIM),
and spectral similarity (SAM). Next, we turn to the full-resolution
domain where the CNN superresolves 2- and 1-km imagery to a
uniform 0.5-km resolution. These images are more difficult to
evaluate due to the lack of ground-truth reference data at the
target 0.5-km resolution.

1) FULL-RESOLUTION IMAGERY COMPARISON

We first start with a qualitative analysis of the predicted
0.5-km imagery for selected bands. Figure 9 shows bands 1, 6,

11, and 13. For each channel, we show native resolution,
bicubic interpolation to 0.5 km, and the CNN output at
0.5-km resolution. Band 2 is also shown to illustrate the
high-resolution information used in the CNN. For band 1
and band 6, we can observe much greater detail in the sur-
face features and more well-defined low-level cloud cover
over land. For band 6 specifically, we see low-level broken
cloud cover over the ocean in the eastern portion of the im-
age that is not easily distinguished in native-resolution band 6.
This cloud cover seen in the CNN imagery appears realistic and
is faintly visible in other bands such as in native-resolution band 1
and band 2. Bicubic interpolation does not show these features
for band 6. Infrared wavelengths are also shown in band 11
and band 13 (8.4 and 10.3 wm). These infrared bands do not
have much similarity with the 1- and 0.5-km channels making
it difficult to evaluate the quality of this imagery from a qualita-
tive perspective. However, there are more well-defined features
present in the CNN output compared to the native-resolution
image and the bicubic interpolation. The CNN shows similar
cloud features both over land and over the ocean seen in band 2.
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F1G. 10. As in Fig. 9, but with a central latitude and longitude of 36.98°N, 80.71°W. These images were acquired at
1600 UTC 1 Dec 2021.

The CNN also shows sharper gradients relative to the native-
resolution imagery corresponding to surface features, and coastal
boundaries in the infrared channels.

Next, we compare a selection of visible and near-infrared
wavelengths sharpened to 0.5 km in Fig. 10. This scene shows
more vertically developed clouds casting shadows on the land
surface and contains both upper- and lower-level cloud cover.
In all bands shown, the CNN estimates offer more detailed im-
agery compared to the native-resolution and bicubic imagery.
Band 4 is somewhat unique among the visible/near-infrared
channels shown here since it is mostly sensitive to upper-level
clouds due to strong water vapor absorption. Band 5 and band 6
have some sensitivity to cloud phase and are typically darker
(smaller radiance) for ice clouds and brighter (larger radiance)
for liquid water clouds. Thus, it is possible that band 5 with a na-
tive resolution of 1 km, in addition to band 2, can play a role in
sharpening the texture of band 4 for upper-level cirrus. This im-
agery, to a limited extent, illustrates the ability of the CNN to
stay true to the general appearance of bands 5 and 6 despite
the delineation between ice and water clouds being less apparent
in band 2. Despite only being faintly visible in band 2, the fine-
scale surface features in the center of these images appear well-
resolved in the CNN imagery compared to bicubic interpolation.

Overall, the difference between bicubic interpolation and the
CNN is less striking for bands 3 and 5 due to only a 2X increase
in spatial resolution.

To examine bands 7-10, which include short- and midwave in-
frared wavelengths, we choose a scene with a moderate amount
of water vapor and a mix of high- and low-altitude clouds. Bands
8, 9, and 10 are particularly sensitive to water vapor absorption at
the upper, middle, and lower levels of the atmosphere, respec-
tively. These bands typically do not share much similarity in tex-
ture with band 2 except for dry atmospheres and high-altitude
cloud cover. In Fig. 11, it is clear that the band-2 texture in
the high-altitude cloud band in the middle of the images could be
used to sharpen similar features in the water vapor bands. The
low-level cloud feature in the upper right of the band-2 imagery is
apparent in band 10. However, this feature becomes less pro-
nounced as water vapor absorption increases in bands 8 and 9. A
similar effect is observed with the cloud features in the bottom
right of these images. The larger area of strong water vapor
absorption in the upper left of these images is relatively homoge-
neous. This is a case where bicubic interpolation appears rela-
tively accurate and where superresolving the image with a CNN
adds little value. Strongly absorbing and spatially homogeneous
water vapor features are likely one reason why the CNN has
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FIG. 11. As in Fig. 9, but with a central latitude and longitude of 36.41°N, 91.28°W. These images were acquired at
1600 UTC 1 Dec 2021.

48.3% of the MAE for band 8 compared to smaller percentages
for bands 11-16 (Table 3 in the reduced-resolution dataset).

2) COMPARISONS TO LANDSAT IMAGERY

While the imagery in Figs. 9-11 gives some confidence in
the quality of the superresolved imagery from the CNN, this
alone is not enough to determine whether the superresolved
details are realistic or correct. Next, we perform a quantitative
evaluation of the superresolved 0.5-km imagery by comparing
it to observations from Landsat-8 and Landsat-9 imagers that
are made natively at 30- and 100-m resolution depending on
the channel (Table 2). These data are collocated with full-disk
ABI images collected at roughly the same time at ABI’s sub-
satellite point. The median difference in acquisition time be-
tween instruments is 2 min but can be as large as 5 min. Only
superresolved imagery from channels with roughly similar cen-
tral wavelengths will be compared with Landsat in this section.

(i) An example of superresolved ABI and coarsened
Landsat imagery

Figure 12 shows a portion of one of the 191 image matchups
between the Landsat satellites and ABI obtained between

1 May 2022 and 1 August 2022. There are nine channels
(including band 2) on ABI that have roughly similar central
wavelengths present on the Landsat imagers (OLI/TIRS).
Qualitatively, it appears that the CNN superresolved imagery
has captured many fine-scale details that are also present in
analogous OLI/TIRS channels. The CNN seems to appropri-
ately sharpen the low-level broken cumulus that are present
in the OLI/TIRS particularly in ABI band 1 and ABI band 6
(Figs. 12d,g). These features are blurred and, in some cases,
appear as spatially homogeneous low-level clouds in the bicu-
bic interpolated images.

The band-13 CNN imagery appears to be an improvement
over bicubic interpolation overall, but there are some minor is-
sues. The cirrus cloud edges visible in TIRS band 10 (Fig. 12k)
appear slightly smoother than those seen in the ABI band-13
superresolved image (Fig. 12j). There are also a few areas
where the texture of lower-level broken clouds visible in band 2
may have been added to the cirrus clouds in band-13 CNN out-
put or is overemphasized in translucent clouds. When comparing
to TIRS band 10, these features look much smoother, implying
the CNN may have oversharpened ABI band 13 in some areas.
This, again, may show a clear disadvantage in only using a visible
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FIG. 12. An example of a collocated scene between GOES-16 ABI and Landsat-9 OLITIRS. (left) The bicubic interpolation to 0.5 km
for bands (c) 1, (f) 6, and (i) 13. (center) Shown are (a) native-resolution band-2 and (d),(g),(j) superresolved imagery from the CNN.
(right) Shown are (b),(e),(h),(k) OLI/TIRS imagery coarsened to a resolution of 0.5 km.
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band to sharpen imagery at wavelengths sensitive to other radi-
ative properties of the surface, clouds, and atmosphere. A
relatively small part of this specific textural difference be-
tween ABI and TIRS could also be due to differences in
spectral response at these wavelengths. Low-level cloud tex-
ture (absent any upper-level cirrus) and cloud boundaries
appear to be better represented in the superresolved CNN
imagery in all bands shown in Figs. 12d, 12g, and 12j.

Despite these images occurring within a median time dif-
ference of 2 min and with similar viewing geometry, signifi-
cant care needs to be taken when comparing these two
instruments quantitatively. At a resolution of 0.5 km and
finer, even small time differences can allow for the advec-
tion of cloud features into neighboring pixels. This potential
for slight spatial mismatching between ABI and Landsat fa-
vors smoother imagery when comparing individual collo-
cated pixels along the edges of fine-scale cloud features.
Differences in spectral response between the OLI/TIRS and
ABI channels are an additional source of error that will
weaken the overall correspondence between the measure-
ments of these two sensors but will not necessarily favor one
method over the other.

(ii) Comparison of selected collocations with Landsat

In an effort to reduce issues associated with the time differ-
ence between ABI and OLI/TIRS images, we focus the first
portion of this analysis on collocated pixels where local spatial
patterns match relatively well between both instruments. For
this purpose, we use the native 0.5-km observations from ABI
band 2 and 0.5-km coarsened imagery from OLI band 4. For
every pixel in the images, we then calculate the Pearson corre-
lation coefficient in a 3 pixel X 3 pixel sliding window be-
tween these two channels. When the correlation coefficient is
near 1.0, it implies good correspondence in the local spatial
patterns of both images. Large positive correlations also im-
ply, but do not guarantee, minimal issues with the movement
of clouds between images. We select pixels in these images
for comparison when their local correlations are larger than
0.90. Note that this selection criterion likely favors stationary
surface features, images with smaller time differences, and
lower-level cloud cover due to the increased likelihood of
greater wind speeds at high altitudes.

After selecting pixels with similar local spatial patterns
in the observations, we evaluate the quality of the superre-
solved ABI channels by comparing them to analogous
channels on OLI/TIRS. Figure 13 shows the correlation be-
tween ABI and OLI/TIRS after applying two different
high-pass filters. These values are shown for bicubic inter-
polation and for the CNN, each with a 3 X 3 filter [G3x3;
Eq. (4)] and a 5 X 5 filter [Gs5xs; Eq. (5)]. We choose to
compare high-pass-filtered imagery since, ideally, the value
of the CNN processing comes from the additional high-
frequency detail. These two high-pass filters are used to as-
sess the high-frequency detail produced in the estimated
imagery at slightly different scales. In channels with 2-km
resolution, Gj x ;3 summarizes detail contained entirely within a
native-resolution pixel. At the other extreme, Gsx s summarizes
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F1G. 13. Selected-collocation comparison: Pearson correlation
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The results from Fig. 13 illustrate that the CNN more reliably
estimates fine-scale texture present in the coarsened 0.5-km
Landsat imagery. The added value of using the CNN relative
to bicubic interpolation varies with wavelength and the size of
the filter. The channels with the highest correlations in local
texture are at visible and near-infrared wavelengths except
for the 1.37-um channel. This is likely because these channels
share more information with band 2, and in the case of the
0.47- and 0.86-um channels, only require a 2X increase in res-
olution. The infrared channels have some of the lowest corre-
lation with OLI/TIRS but still offer substantial improvement
over bicubic interpolation. We expect that the relatively low
correlations between ABI band 4 (1.37 um) and the
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(b) ABI Band-2, OLI/TIRS Band-4
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(c) ABI Band-3, OLI/TIRS Band-5
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FIG. 14. (a)—(i) All-collocation histograms: Histograms of high-pass-filtered imagery using the 5 X 5 filter in Eq. (5) and taking all pixels
into account. Each panel shows a different comparison of roughly comparable channels from ABI and OLI/TIRS. Note that the two ABI
histograms in (b) are the same since band 2 has a native resolution of 0.5 km. The x axis limits for each subplot are defined by the Oth and

95th quantile of the Landsat OLI/TIRS distributions.

corresponding OLI/TIRS channel may be, in part, due to the
time difference between images. The 1.37-um channel is
mostly sensitive to upper-level cloud features where high
wind speeds are more likely to advect clouds larger distances
over a given period of time.

(iii) Comparison across all collocations with Landsat

The requirement used above unfortunately limits the com-
parison to a sample size of 1364236, which is only 5.36% of
the roughly 25.3 million total collocated observations. As an
alternative approach for evaluating the quality of the CNN
output, we compare the overall distributions of the values
after convolving them with Gs s (Fig. 14). This approach re-
duces issues caused by the movement of clouds except when
advected outside the edge of these images and allows us to
consider all collocated observations. However, it ignores the
exact spatial matching between pixels used in Fig. 13.

Figure 14 shows the distributions of high-pass-filtered chan-
nels from ABI after bicubic interpolation and CNN SR to
0.5 km, as well as similarly filtered OLI/TIRS imagery. Compari-
sons between the native 0.5-km ABI band 2 and OLI/TIRS

band 4 show very similar distributions. The small differences be-
tween them might be attributed to each instrument’s spectral re-
sponse among other minor factors. Comparing distributions for
other channels reveals that the CNN superresolved imagery has
a texture more similar to that of OLI/TIRS compared to bicubic
interpolation. As expected, the CNN provides much more high-
frequency detail shown by the closely aligned histograms of
the CNN and OLI/TIRS. The bicubic interpolation is much
smoother shown by the higher frequency of smaller gradients.
We also note a consistent tendency for the CNN to over-
sharpen the three infrared bands included in Fig. 13. These
channels have a smaller proportion of pixels with low gra-
dients and a larger proportion with larger gradients from the
CNN. This is consistent with the idea that the CNN may be in-
serting texture from band 2 or other 1-km channels, which
does not exist in the 2-km infrared channels.

We can quantify the differences in the distributions in Fig. 14
by calculating the one-dimensional Earth mover’s distance
(EMD). EMD can be succinctly described as the amount of
work needed to transform one distribution into another. In two
or more dimensions, it requires solving an optimal-transport
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TABLE 4. One-dimensional EMD calculated for the histograms shown in Fig. 14. EMD values are divided by 100 to ease
comparison. Ratios less than 1.0 in the rightmost column indicate channels where the CNN’s distribution of high-pass-filtered values

more closely aligns with OLI/TIRS.

ABI band OLI/TIRS band Bicubic EMD/100 CNN EMD/100 Ratio (CNN/bicubic)
Band 1 Band 2 2.466 0.346 0.140
Band 2 Band 4 0.040 0.040 1.000
Band 3 Band 5 2.596 0.067 0.026
Band 4 Band 9 13.82 5.253 0.380
Band 5 Band 6 3.917 0.957 0.244
Band 6 Band 7 11.99 1.937 0.162
Band 13 Band 10 0.180 0.094 0.521
Band 14 Band 10 0.181 0.095 0.526
Band 15 Band 11 0.181 0.113 0.624

problem. In one dimension, it reduces to Eq. (6), where F; and
F, are cumulative distribution functions:

EMD = J: IF,(x) — Fy(x)ldx. 6)

Here, q is the largest value of the x axis in Fig. 14 that we integrate
over which we set to the 99th quantile of the high-pass-filtered
Landsat imagery. We calculated the EMD between the OLI/
TIRS and the two ABI histograms after converting them into
probability density functions with the results shown in Table 4.
These EMD values and their ratios illustrate quantitatively that
for every channel comparison with OLI/TIRS, the CNN has a
more similar distribution of high-pass-filtered reflectances and
brightness temperatures.

5. Discussion

Opverall, the CNN offers substantial value over bicubic in-
terpolation for nearly every channel and nearly every metric
in this analysis, but the exact amount of improvement is chan-
nel dependent. The best results are seen for visible and near-
infrared channels that are most similar to the native 0.5-km
band 2. Specifically, the most reliable results are for bands 1,
3,5, and 6, which all offer large improvements over bicubic in-
terpolation in the reduced- and full-resolution domains and
match the OLI/TIRS gradient distributions very well. Other
bands, such as band 13, also show a large improvement in
both the reduced- and full-resolution domains but have a
slightly weaker correspondence to OLI/TIRS observations
and show some issues with atmospheric features that band 2 is
not sensitive to. ABI bands with strong water vapor absorption
(bands 8-10) show improvement in the reduced-resolution do-
main through using the CNN and appear realistic upon qualita-
tive inspection in the full-resolution domain, but do not have
comparable channels on OLI/TIRS. We expect similar issues
with strongly absorbing water vapor features that co-occur in
space with unrelated features with high texture in ABI band 2.

One previously mentioned concern for quantitative prod-
ucts created using superresolved imagery is that spectral rela-
tionships between channels may not be preserved in the
CNN’s output. Many satellite products rely on differences or
ratios between two or more channels. Therefore, it is essential

that relevant spectral relationships are maintained in the
superresolved output. We are able to quantify the spectral dis-
tortion at reduced resolution, and our results illustrate that
the CNN appears to have fewer issues with unrepresentative
spectra compared to bicubic interpolation. However, we are
not able to evaluate this in the full-resolution domain due to
the unavailability of certain channels on OLI/TIRS and differ-
ences in spectral response functions. If there is a specific spec-
tral relationship that is particularly important to a given
application, one might consider a few strategies during model
development for mitigating potential issues. One approach
could include adding a term to the loss function that penalizes
incorrectly estimating specific derived spectral features that
might include relevant band differences or ratios. If there is a
specific satellite product of interest, another alternative might
be to superresolve the specific satellite product itself. In that
case, the product could be added as an additional channel to
the input and output. More general solutions might involve
adding cosine similarity to the loss function to directly incen-
tivize more realistic spectra (He et al. 2020).

The model we train here uses scaled radiance as input, but
many derived satellite products operate on reflectances or
brightness temperatures. This has no impact for the visible
and near-infrared channels since there is a linear relationship
between radiance and reflectance. However, there is a nonlin-
ear relationship between radiance and brightness tempera-
ture. A small increase in radiance will change brightness
temperatures more at low radiances compared to large radi-
ances. Figure 15 shows this relationship for ABI band 13. This
means that a 1-K error in brightness temperature is penalized
by the model more heavily in warm scenes compared to cold
scenes. If high accuracy is needed in cold scenes, such as the
estimation of cloud properties for opaque high-altitude clouds,
then it may be useful to train the model on brightness temper-
atures or scale the loss function according to an equivalent
change in brightness temperature.

There are several other potential improvements that could
be made to the model analyzed here. The model we used in
this analysis has 12 residual blocks and 256 filters per convolu-
tional layer. Figure 3 illustrates that further increases in either
of these hyperparameters could yield some benefit, but likely
with diminishing returns and increased computational expense.
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FIG. 15. Relationship of brightness temperature and radiance for
GOES-16 ABI band 13 (solid blue line). Gray dashed lines indicate
the slope of the curve at two sample points indicated by black dots.

One advantage GEO imagers have over LEO imagers is the high
temporal resolution, which we have not taken advantage of here.
Several studies have shown the benefit of including temporal in-
formation in deep learning SR (Liu et al. 2022), suggesting that
this may be one way of further improving ABI SR. Other archi-
tectural improvements could include applying high-pass-filtering
layers to the input imagery (Gargiulo et al. 2019), adding attention
layers (Liu et al. 2021), or using deeper densely connected residual
blocks (Wang et al. 2019). As mentioned previously, Geiss and
Hardin (2023) presented an approach that enforces invertibility
between the superresolved and input images. While their ap-
proach, as presented, does not account for the spatial response of
remote sensing instruments, it could be modified and included
here to help ensure physical consistency between the original low-
resolution and predicted high-resolution images. In this work, con-
sistency between the superresolved output and the input images is
only incentivized through the MAE loss function, which does not
guarantee invertibility.

A clear limitation of this approach is that band-2 radiances
are not available during the night. This means the model must
learn the 4X SR mapping for infrared channels without any
higher-resolution information. Our testing dataset includes a
small subset of images along the day—night terminator. Predic-
tions in these images (not shown) for the infrared channels
were, as expected, blurry and appeared to be only a very
slight improvement over bicubic interpolation. Therefore, we
do not expect the CNN to add much value beyond bicubic in-
terpolation during the night.

This overall methodology is readily extensible to other
remote sensing instruments given that they have channels
with differing spatial resolutions. The Visible Infrared Imag-
ing Radiometer Suite (VIIRS; Hillger et al. 2013) aboard the
Suomi National Polar-orbiting Partnership (SNPP) and Joint
Polar Satellite System (JPSS) satellites, for example, has
16 moderate-resolution channels at 750-m resolution and
5 imaging channels at 375-m resolution for visible, near-infrared,
and infrared wavelengths. We might expect higher quality SR

VOLUME 3

of infrared channels for VIIRS compared to ABI due to the
wider spectral coverage of the 375-m channels. Similarly, the
presence of 375-m infrared channels on VIIRS likely allows
for accurate nighttime SR unlike the presented approach
for ABI.

There are also clear applications to future planned satellite
missions such as the National Oceanic and Atmospheric
Administration (NOAA) Geostationary Extended Observa-
tions (GeoXO) satellite system. While the final specifications
of the GeoXO Imager (GXI) are not yet known, the current
GXI requirements detail many upgrades relative to ABI’s
current capabilities (Lindsey et al. 2023). Of these upgrades,
an infrared window channel with an increased 1-km nadir
pixel size and a visible channel with 0.25-km nadir pixel size
(although with required MTFs corresponding to 1.5 and
0.3 km, respectively) are included. These changes have the
potential to improve SR capabilities due to the current lack of
higher-resolution channels at infrared wavelengths on ABIL
However, these changes may also pose challenges in reconcil-
ing an 8-times scale difference between the channels with the
highest (0.25 km) and lowest (2.0 km) pixel sizes.

6. Conclusions

Our results indicate that we are able to superresolve all
channels on ABI to a common 0.5-km resolution and substan-
tially outperform bicubic interpolation as a baseline. The pre-
sented approach uses the native 0.5-km visible channel on
ABI to guide the superresolution of the 1- and 2-km channels.
The amount of value added by the CNN depends heavily
on the channel. For example, when evaluated on a reduced-
resolution dataset, we observe a roughly 17.9-times-lower
RMSE for band 1 (047 pm), a roughly 5.6-times-lower
RMSE for band 6 (2.20 um), and the smallest value-add of
2.5-times-lower RMSE for band 8 (6.20 wm). Comparisons us-
ing structural similarity index measure show large improve-
ments in overall image quality. We also show that the CNN
produces radiance spectra that are overall more similar to refer-
ence imagery compared to bicubic interpolation. Comparisons
with high-resolution imagery from Landsat-8 and Landsat-9
OLI/TIRS instruments show overall good correspondence with
the superresolved imagery. However, there is only minor im-
provement in ABI band 4 and some issues with atmospheric
features that ABI band 2 has little sensitivity to. Estimating all
ABI bands at 0.5-km resolution may allow for more easily com-
bining information across bands without reconciling differences
in spatial resolution. However, more analysis is needed to deter-
mine potential impacts on derived products or multispectral imag-
ery that use superresolved imagery. This approach is extensible to
other remote sensing instruments and requires only a small
amount of data and knowledge of each channel’s spatial response.
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