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ABSTRACT: Artificial intelligence (AI)-based algorithms are emerging in many meteorological applications that produce
imagery as output, including for global weather forecasting models. However, the imagery produced by AI algorithms, es-
pecially by convolutional neural networks (CNNs), is often described as too blurry to look realistic, partly because CNNs
tend to represent uncertainty as blurriness. This blurriness can be undesirable since it might obscure important meteorolog-
ical features. More complex AI models, such as generative AI models, produce images that appear to be sharper. However,
improved sharpness may come at the expense of a decline in other performance criteria, such as standard forecast verifica-
tion metrics. To navigate any trade-off between sharpness and other performance metrics, it is important to quantitatively
assess those other metrics along with sharpness. While there is a rich set of forecast verification metrics available for meteo-
rological images, none of them focus on sharpness. This paper seeks to fill this gap by 1) exploring a variety of sharpness
metrics from other fields, 2) evaluating properties of these metrics, 3) proposing the new concept of Gaussian blur equiva-
lence as a tool for their uniform interpretation, and 4) demonstrating their use for sample meteorological applications, in-
cluding a CNN that emulates radar imagery from satellite imagery [GOES Radar Estimation via Machine Learning to
Inform NWP (GREMLIN)] and an AI-based global weather forecasting model (GraphCast).

SIGNIFICANCE STATEMENT: Artificial intelligence (AI)-based estimates of meteorological images, e.g., for fore-
casting applications, often lack sharpness, but there are no well-established metrics to measure the sharpness of meteo-
rological imagery. This manuscript seeks to close this gap by exploring sharpness metrics for meteorological imagery,
analyzing their properties, and providing guidelines for their interpretation. We hope that the tools provided here will
aid the development of AI algorithms that provide more realistic meteorological imagery.
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1. Introduction

Neural networks (NNs) are increasingly used to generate
meteorological imagery for numerous meteorological applica-
tions, ranging from the generation of synthetic radar imagery
(Hilburn et al. 2021) to global weather forecasting tasks
(Bonev et al. 2023; Bi et al. 2023; Lam et al. 2023). A concern
with many of these models, especially many convolutional
NNs (CNNs), is that they produce imagery that is considered

too blurry to be realistic (Blau and Michaeli 2018). Newer ar-
tificial intelligence (AI) models, in particular generative AI
models}which are discussed in section 1c}can yield imagery
that contains much more detail and thus appears to be much
“sharper.” The emergence of generative AI provides vast new
opportunities to customize AI models to satisfy the specific
requirements of an application, e.g., the need to provide de-
tailed meteorological features. However, navigating this ex-
tended AI model space also presents new challenges, as
sharper images are not always better images. For example, op-
timizing sharpness by itself may result in a decrease in other
performance criteria, such as those measured by traditional
forecast verification metrics. Vice versa, optimizing traditional
forecast verification metrics, such as root-mean-square error,
tends to decrease sharpness, an effect often described as the re-
duced effective resolution of many AI-based weather prediction
models (Subich et al. 2025; Selz et al. 2025). To be able to
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effectively navigate such trade-offs, it is essential to assess the
images produced by AI models using both traditional forecast
verification metrics, as well as measures for sharpness.

a. Relationship to existing forecast verification metrics

There is a rich body of literature on forecast verification
metrics; for an excellent overview of such metrics, see, for ex-
ample, Gilleland et al. (2009, 2010), Jolliffe and Stephenson
(2012), or Dorninger et al. (2018). For the use of such metrics
in practice, see Turner et al. (2020), which describes a frame-
work for numerical weather prediction (NWP) model verifica-
tion, and WeatherBench 2 (Rasp et al. 2024), which describes
a framework to compare the performance of AI-based
weather prediction (AIWP) and NWP models.

Many of these forecast verification metrics apply to spatial
fields. Such metrics include pixel-based methods [such as
root-mean-square error (RMSE)], neighborhood methods
[such as fractions skill score (FSS); Roberts and Lean (2008)],
scale-separation methods (Briggs and Levine 1997; Buschow
and Friederichs 2020), feature-based methods (Davis et al.
2006; Brown et al. 2007), and field deformation methods
(Gilleland et al. 2009). However, none of those focus specifi-
cally on evaluating sharpness. For example, a pixelwise com-
parison of two images, such as calculating the average RMSE,
only evaluates pixelwise matchups and reveals nothing about
the level of detail included in either image. Similarly, an esti-
mate of the pixelwise displacement vectors that map one field
to another, as can be obtained using field deformation meth-
ods, on its own tells us nothing about the sharpness of either
image. Neighborhood-based methods, such as FSS, require
that a continuously valued image must first be discretized
(often binarized), and during that step, many details relevant
to sharpness, such as gradual transition from low to high val-
ues and the texture details in the images, are removed before
the FSS can be applied. Similarly, feature-based verification
metrics, such as the Method for Object-Based Diagnostic
Evaluation (MODE; Brown et al. 2007), require first mapping
an image to a discrete set of objects, and most details are re-
moved during that step. Finally, scale-separation methods as-
sess the similarity of images at specific scales in spectral space,
typically applying either a Fourier or wavelet transformation
to the images first (Gilleland et al. 2009; Briggs and Levine
1997; Buschow and Friederichs 2020). While those metrics do
not directly measure sharpness either, they share the property
of performing image comparisons in spectral space with the
spectral sharpness metrics discussed in section 2c.

Probably, the concept most closely related to sharpness is
effective resolution. Effective resolution, in the context of
weather prediction models, is defined as the smallest spatial
scale where atmospheric structures are reproduced with real-
istic amplitudes (Selz et al. 2025). While well established in
numerical weather prediction (Skamarock 2004), it has re-
cently seen a resurgence for the comparison of AI-based
weather prediction models to numerical weather prediction
models (Subich et al. 2025; Selz et al. 2025). Effective resolu-
tion of a forecast image is typically evaluated in spectral
space, e.g., by evaluating energy spectra (Selz et al. 2025),

properties of spherical harmonic modes (Subich et al. 2025),
or properties of a Haar wavelet decomposition (Pfreundschuh
et al. 2022). However, effective resolution focuses on evaluat-
ing the spatial scale of represented features but does not di-
rectly measure the sharpness of those features, such as rapid
transitions.

The emergence of highly customizable AI models, especially
generative AI, creates the need to study a wide variety of
sharpness metrics that can capture different aspects of sharp-
ness. For this reason, we expand our perspective by studying
sharpness metrics from other fields for potential use in meteo-
rological applications. It cannot be emphasized enough though
that any such sharpness metrics should only be applied in addi-
tion to any traditional forecast verification metrics relevant to
an application, since, as stated earlier, we expect there to be
trade-offs between satisfying sharpness criteria and satisfying
other critical performance requirements.

b. A guiding example

As an illustrative example of a neural network for image
generation, we use the GOES Radar Estimation via Machine
Learning to Inform NWP (GREMLIN) model developed by
Hilburn et al. (2021) throughout this manuscript. GREMLIN
is a CNN model for image-to-image translation. It translates
images from geostationary satellites to synthetic radar imag-
ery, specifically composite reflectivity. Its purpose is to esti-
mate radar composite reflectivity in regions where radar is
not available, such as in mountainous and remote terrain and
over oceans. GREMLIN is a standard CNN with a U-Net
(Ronneberger et al. 2015) architecture and a custom loss func-
tion that improves GREMLIN’s ability to predict high-intensity
events. Figure 1a shows a sample observed radar composite re-
flectivity image (ground truth), and Fig. 1b shows the corre-
sponding estimate from GREMLIN. Image values for both the
observed composite reflectivity and the GREMLIN estimate
are scaled}in Fig. 1 and throughout this manuscript}as
follows. The radar reflectivity (dBZ) is divided by 60 dBZ re-
sulting in nondimensional values within [0, 1]. The result is mul-
tiplied by 255 to get the image pixel values.

It is apparent in Fig. 1 that GREMLIN’s composite reflec-
tivity estimate is much blurrier than the observation (ground
truth). We would like to modify GREMLIN to provide
sharper features, but at this point, we cannot even quantify
what exactly that means}as there are no standard metrics to
quantify the sharpness of meteorological imagery.

c. Predictive versus generative AI models

It is important to distinguish predictive versus generative
AI models for image generation. Predictive AI models, such
as GREMLIN and many other standard CNNs that use
RMSE-like loss functions for image-to-image translation
tasks, produce a single output image that, approximately, rep-
resents the average of all possible solutions (Subich et al.
2025; Selz et al. 2025). In contrast, generative AI models, such
as generative adversarial networks (GANs) (Goodfellow et al.
2014) and diffusion models (Sohl-Dickstein et al. 2015),
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produce one or more output images that each represent a sin-
gle sample of all possible solutions.

Figure 2, which is derived from an image by Ledig et al.
(2017), illustrates the difference between predictive and genera-
tive model outputs for the task of superresolution, i.e., generat-
ing a high-resolution image from a given low-resolution image.
Superresolution is an ill-defined task, since infinitely many high-
resolution images correspond to the same low-resolution image.
Ledig et al. (2017) study the use of GANs for superresolution.
In Fig. 2, the patches with red frames represent an ensemble,

i.e., a subset of the infinitely many possible high-resolution im-
ages that correspond to a given (not shown) low-resolution im-
age. The patch in blue indicates the predictive model solution
which is an approximation of the average of all red patches, i.e.,
of the ensemble mean. The patch in yellow indicates a genera-
tive model solution (here from a GAN) which approximates a
single ensemble member. As a consequence, the image from
the predictive model (in blue) represents the “safe” solution: It
typically has the highest possible accuracy (e.g., lowest MSE),
but it is very blurry and does not itself represent a physically
possible solution. In contrast, the image from the generative
model (in yellow) is quite sharp and represents a physically pos-
sible solution, but at the cost of lower accuracy (e.g., higher
MSE), and it might represent an outlier of the ensemble.

d. Effect of AI model uncertainty

Figure 3 summarizes how model uncertainty is expressed in
imagery generated by predictive versus generative AI models.
For a predictive AI model, the uncertainty is expressed as in-
creased blurriness in the output image, whereas for a generative
AI model, the uncertainty is expressed in the spread of the en-
semble, while each individual image appears to be sharp.

In the meteorological community, a generative model is
best understood as serving the function of a probabilistic
model, i.e., a model that inherently yields an ensemble fore-
cast and whose output should thus be interpreted as one
member of an ensemble. However, in the AI community, gen-
erative models are not always interpreted that way. They are
often used to generate a single output image, and the fact that
this image might be an outlier, and thus not representative of
the entire ensemble, may be hidden. That is because in many
computer science applications, such as animations, an image
only has to “look” realistic. A single member of a generative
AI model output fits this requirement of “looking” realistic.
However, that criterion is not good enough for a typical

FIG. 1. GREMLIN model for generating synthetic radar imagery: (a) observed composite reflectivity from radar
(ground truth); (b) estimated composite reflectivity by CNNmodel GREMLIN (Hilburn et al. 2021) based on satellite
imagery. Scale: Both observed and estimated radar reflectivity values are divided by 60 dBZ to obtain values within
[0, 1] and then multiplied by 255.

FIG. 2. Schematic illustrating the typical results obtained by a
standard CNN and a GAN for the ill-defined task of generating
high-resolution imagery from low-resolution imagery. The patches
in red represent a subset of the infinitely many solutions to the
problem (ensemble members), the patch in blue represents the so-
lution obtained by a CNN with MSE loss function (roughly ensem-
ble average), and the patch in yellow represents a GAN solution
(approximation of single ensemble member). Image credit: Figure
adapted from Fig. 3 in Ledig et al. (2017)}reprinted with permis-
sion from IEEE.
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meteorological application, which requires a forecast to be
representative of the set of possible solutions.

Thus, one needs to be careful when using a single estimate
of a generative model. It is recommended to export an
ensemble}rather than just a single member}and to check
the ensemble’s spread. If the spread is small, then using a
single ensemble member is fine. If only certain regions of
the image have a significant spread, one may choose to visu-
ally indicate those regions in the resulting image or to pre-
sent several ensemble members. There is an increasing need
for the community to explore the most effective ways to
communicate the uncertainty information gained from en-
sembles to different end users, as generative AI will greatly
increase the availability of ensembles in meteorological ap-
plications. As a starting point, see the study by Demuth et al.
(2020) on how to communicate ensemble information to
forecasters of the National Weather Service.

Last, we note that the uncertainty discussed here is the total
uncertainty of the AI model, i.e., it includes both internal vari-
ability of the weather system, also known as the aleatory com-
ponent, and all types of AI model errors, also known as the
epistemic component. See Haynes et al. (2023) for a detailed
discussion of the concepts of aleatory and epistemic uncer-
tainty for machine learning models. The total uncertainty is
expressed as blurriness for predictive models and as spread
for generative models, regardless of its source.

e. Is a sharper image a better image?

In our quest to make images sharper, we need to carefully
consider the specific needs of each application. For example,
when predicting precipitation, what is more important, higher
spatial accuracy or higher sharpness? The answer depends
completely on how the information is supposed to be used, as
well as which information is already available. For example,
to get a good estimate of the probability that it rains in a par-
ticular location, it is likely more important to optimize for
spatial accuracy. On the other hand, to get an idea of the se-
verity of the overall rain event, it might be more important to
optimize the sharpness of the meteorological features even at
the potential cost of more error in the location of the features.

As these examples illustrate, a blurrier but more accurate
image may be more useful for analysis purposes, despite its
lack of visual appeal. However, there may be instances where
having sharp features resolved (even if those features have
some degree of spatial or intensity error) is helpful. For in-
stance, if the internal texture of a feature is important, it may
not matter whether individual pixels are in the correct loca-
tion so long as their local features and arrangement are
accurate}in such a case, having a sharper but potentially less
“accurate” model may be of great utility. A similar scenario
where a sharper image is preferred is situations where an
oversmoothed solution may blur out small, isolated features
which may be crucial to know about, e.g., the presence of iso-
lated storms, even if they are not in the correct position.

In addition, we need to keep track of the aforementioned
trade-offs. For example, Blau and Michaeli (2018) find that
for the application of image enhancement with neural net-
works, there is a perception-distortion trade-off, i.e., a trade-
off between perception-based qualities (such as sharpness)
and distortion (i.e., accuracy).

Last, there is also the important question whether sharper im-
ages, for example, a single image produced by a generative AI
model, may hide the model’s uncertainty from the user. This
could be misleading and instill unwarranted confidence for the
user in the model’s correctness. We suggest the following actions
when using generative AI to produce meteorological imagery:

• Educate users about the fact that individual forecasts ob-
tained using generative AI may look extremely detailed
and realistic, even if the model is not terribly confident in
its own prediction, i.e., the model uncertainty is hidden.

• Consider calculating ensembles and communicating uncer-
tainty by other means if presenting only a single output im-
age to the user.

• We urgently need studies on the effect that sharp forecast im-
ages, obtained using generative AI, have on the user’s percep-
tion of the model’s confidence, especially for users who may
base critical decisions on such imagery, such as forecasters.

For all of these reasons, we encourage readers to critically
examine the actual benefits sought from sharper images. In

FIG. 3. How uncertainty is expressed in imagery from predictive vs. generative AI models.
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particular, care must be taken when using generative AI to
generate sharper images, as outlined above. On the other
hand, there is no doubt that generative AI}in particular dif-
fusion models}provides a powerful technique that, if used
carefully, has the potential to greatly advance the field of me-
teorological forecasting by providing more detailed forecasts,
ensemble forecasts, and estimating uncertainty. The potential
power of employing diffusion models in meteorological fore-
casting has been demonstrated recently, for example, by the
SEEDS (Li et al. 2024) and GenCast (Price et al. 2025)
models.

f. Means to increase sharpness and proposed use of
sharpness metrics

We need to keep in mind the reasons that cause blurriness
for a considered AI model and, thus, whether it is possible, or
meaningful, to reduce that blurriness. For example, for a pre-
dictive model with an RMSE-like loss function, we know that
blurriness represents uncertainty, so developers may first look
for ways to reduce the epistemic uncertainty by changing the
model architecture, loss function (e.g., Subich et al. 2025), or
hyperparameters and then reevaluating sharpness and other
performance criteria. One may also seek to expand the train-
ing set, by adding more samples to better represent the sam-
ple space or adding more input variables. In particular, we
highlight an often-overlooked source of sharpness: sharpness
of the input data. While most of the focus for increasing
sharpness has been on loss functions and architectures, the
sharpness of the output is directly tied to the sharpness of the
input data, and in many cases, finding and utilizing sharper
sources of data can be an efficient way to add sharpness. Post-
processing tools, e.g., applying sharpening filters to the output
images, may be another way to increase the sharpness of pre-
dictive model output. Last, moving from predictive to genera-
tive AI models tends to increase sharpness, with the caveats
discussed in section 1e.

We hope that the development of sharpness metrics will al-
low the community to answer important questions, such as
the following:

• How sharp are images generated by generative models
compared to predictive models?

• How sharp are images from either type of model in com-
parison with ground truth?

• Which model changes, e.g., in training data, model architec-
ture, loss function, hyperparameters, or postprocessing, im-
prove the sharpness of the model’s output?

• What are the common trade-offs between improving sharp-
ness versus potentially decreasing other important forecast
verification metrics?

We foresee two primary ways to use sharpness metrics:

• Diagnostic use: Sharpness metrics can be used as a diagnos-
tic tool during model development, i.e., to point developers
toward specific shortcomings of a model. The information
can be used by the developer, for example, to change the
training dataset or model architecture in an attempt to fix
the shortcoming. We see much potential for this type of use

during the tuning, model selection, and evaluation phases
of AI model development.

• Use in loss function: Sharpness metrics can also be
added to the loss function of a neural network to provide
sharpness-related feedback during training. Many of the
sharpness metrics are relatively easy to implement to be in-
cluded in a custom loss function. For example, calculating
image gradients is standard functionality in neural net-
work programming environments, facilitating the use of
the image-gradient-based sharpness metrics discussed in
section 2b. Similarly, taking the spatial Fourier transform
of an image is also surprisingly easy in a neural network
programming environment (Lagerquist and Ebert-Uphoff
2022), thus enabling the use of metrics such as Fourier-
RMSE discussed in section 2c. What is challenging, how-
ever, is to choose a meaningful trade-off in a loss function
between optimizing traditional and sharpness-based met-
rics. We include a few experiments on the use of sharpness-
based metrics for neural network training in a vignette in
section S1c in the online supplemental material. A deeper
study of how to choose such trade-offs is suggested as a topic
for future research.

g. Image assumptions, scope, and organization of
this paper

The scope of this paper is to explore several metrics to eval-
uate the sharpness of any type of meteorological image}
whether it comes from observations, from a physics-based
model, or from an AI-generated model}along with guide-
lines on how to interpret them.

For simplicity, we make the following assumptions for im-
ages to be evaluated:

1) We assume images to be two dimensional. Many of the
concepts discussed here also apply to higher dimensional
images, but for ease of explanation, we restrict our discus-
sion to 2D images with the two dimensions denoted as x
and y.

2) We only consider single-channel (i.e., gray) images. For
multichannel (or multicolor) images, a metric can be ap-
plied to each channel separately, followed by taking the
minimum, maximum, or average value across all channels.
We suggest a deeper exploration of multichannel images
as a topic for future research.

3) We assume images to have no missing or undefined values
[no Not a Number (NaN) values in Python].

The remainder of this paper is organized as follows:

• Section 2 provides an overview of metrics included in this
study. All of these metrics have been used before in com-
puter vision. We also include a description of heat maps,
one of the main visualization tools we use.

• Section 3 introduces the new concept of the Gaussian blur
equivalent (GBE) and presents two case studies that illus-
trate its practical use in comparing sharpness: (i) GREMLIN
estimates versus observed radar and (ii) weather forecasts
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from an AI-based model (GraphCast) versus a traditional
NWP model [Global Forecast System (GFS)].

• Section 4 discusses properties of sharpness metrics that are
important for their use, ranging from their computational
complexity to the impact of white noise on the sharpness
values.

• Section 5 provides a final discussion and suggests topics for
future work.

• Section S1 contains vignettes that illustrate the evaluation
of sharpness using the original metrics from section 2}
rather than the GBE values introduced in section 3}for
several meteorological applications.

• Section S2 provides the definitions of all metrics included
in this manuscript, along with mathematical proofs for the
metrics’ properties that are presented in section 4.

Accompanying code is available on GitHub; see the data
availability statement for details.

2. Sharpness metrics

The term image sharpness is used extensively in literature,
but it is difficult to find a consistent definition. Early defini-
tions of sharpness can be found in photography, where sharp-
ness is often defined as the acuity, or contrast, between the
edges of an object in an image (SLR Lounge 2023). Note that
this definition, and many others in photography, assumes the
presence of clearly defined edges in the image. However, me-
teorological imagery, such as the two examples shown in
Fig. 4, may not include any such edges. Furthermore, consid-
ering the cloud in Fig. 4a, it is clear that the perception of
sharpness in this satellite image mostly comes from the level
of detail provided inside the cloud, i.e., the cloud’s texture,
rather than by the sharpness of the cloud’s boundaries. One
may even debate the exact location of the cloud’s boundaries.
The field of photography also offers metrics analyzing image

frequencies through the use of the Fourier transform. How-
ever, the field of computer vision has developed a wider and
more suitable set of sharpness metrics for our purpose, which
are discussed next.

Vu et al. (2012) provide an excellent overview of sharpness
metrics from computer vision and classify them into three cat-
egories: edge-based, pixel-based, and transform-based met-
rics. The list below discusses our selection of metrics, which is
based on the classification by Vu et al. (2012). We emphasize
that for this first study we selected a set of metrics that
(i) have simple mathematical equations and are easy to under-
stand, (ii) appear useful for meteorological applications, and
(iii) cover a wide range of different concepts.

1) Edge-based metrics first identify edges and then analyze
their properties. We do not cover these metrics due to
their underlying assumption that images must have well-
defined edges. Furthermore, if there are sharp edges pre-
sent in an image, their effect on sharpness will be detected
by gradient-based metrics anyway, which are included in
the next category.

2) Pixel-based metrics, also known as spatial metrics, include
gradient-based methods. We include several gradient-
based metrics here. Pixel-based metrics also include meth-
ods based on eigenvalues/singular value decomposition
(SVD) of images (Wee and Paramesran 2008), which are
much more abstract and less commonly used. Those are
not included here and may be added in future studies.

3) Transform-based metrics, also known as spectral metrics,
include methods based on Fourier or wavelet transforms.
We include metrics based on both transforms.

4) Neural network–based metrics were not yet discussed by
Vu et al. (2012), because they did not yet exist. These
metrics utilize the values of certain internal states (latent
space representation) of trained neural networks to assess
image properties, e.g., see Zhang et al. (2018). Those

FIG. 4. Two examples of meteorological imagery: (a) satellite image from GOES-16 showing clouds; (b) forecast of
500-mb geopotential height at 5-day lead time from GraphCast (Lam et al. 2023) initialized on 23 Apr 2024 (0000 UTC).
Image credit for (b) GraphCast visualization from our real-time visualization website for purely AIWP models (Radford
et al. 2025). The richness of texture in the cloud image and the lack of clear boundaries in the geopotential height forecast
illustrate why using only sharpness measures that focus on edges, i.e., boundaries between “objects,” would disregard
many important details in meteorological imagery.
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metrics are not covered here, as their functionality is too
opaque (i.e., black box character) for this first study.

We distinguish between univariate metrics, which take a
single image as input at a time, and bivariate metrics, which
require two input images at a time. Accuracy metrics, e.g.,
RMSE, are always bivariate, as one always needs a ground
truth for comparison to assess the accuracy of an image. Bi-
variate sharpness metrics also compare one image to another,
but instead of comparing the similarity of the image itself,
they compare the similarity of the image’s sharpness. In con-
trast, univariate sharpness metrics are applied to a single input
image and assess the sharpness of just that image. To compare
the sharpness of two images, one calculates the univariate
metric for each image and then analyzes their difference.
There is a key difference between univariate and bivariate
sharpness metrics when used to compare two images. Bivari-
ate sharpness metrics compare sharpness locally, i.e., they
compare whether the images have the same sharpness at indi-
vidual locations. In contrast, univariate sharpness metrics
compare sharpness between images without taking the loca-
tion of sharp features within an image into account. For exam-
ple, when comparing two square images, one can rotate one
image by 908 without changing the results.

For simplicity, we refer to each metric as being computed
across an “image,” but they can each also be computed on
smaller subsets of an image, as we will see in section 2d, to
generate sharpness heat maps.

We discuss the metrics in three groups in the following sub-
sections: 1) standard forecast verification metrics, 2) sharpness
metrics based on total variation and image gradients, and
3) sharpness metrics in spectral space. For each metric, we
provide a short description, the abbreviated name of its imple-
mentation in the GitHub repository (in parentheses), and
whether the metric is univariate or bivariate. We emphasize
again that none of these metrics are new. Group 1 metrics are
already in use for meteorological imagery. The metrics in
groups 2 and 3 are not very common for meteorological imag-
ery but have all been used in other fields. Definitions of all
metrics are provided in section S2a.

a. Group 1: Standard forecast verification metrics

While the purpose of this study is to evaluate the sharpness
of imagery, it is important to consider sharpness and standard
verification metrics in tandem, namely, to make sure that in-
creasing sharpness does not come at the expense of drastically
reducing other important metrics. We chose the three simple
metrics below to represent a few common verification metrics.
These metrics are only a sample selection for group 1, and de-
velopers should replace them with any forecast verification
metrics deemed relevant for their considered application.

1) Image intensity/dynamic range [univariate]: We keep
track of the minimum, mean, and maximum intensity
value of each image because the dynamic range of an im-
age has a significant effect on its apparent sharpness. An
easy way to increase many sharpness metrics of an image
would be to just increase its dynamic range}which is

typically not what we want. This motivates us to keep
track of the intensity of images.

2) RMSE [bivariate]: RMSE is the square root of the MSE
between two images and is a commonly used similarity
metric for the training of neural networks. We keep track
of RMSE to make sure we do not drastically reduce the
similarity of image estimates while trying to make them
sharper.

3) Structural similarity index measure (SSIM) [bivariate]:
SSIM is a similarity measure between two images based
on a weighted combination of three simpler comparisons:
luminance (intensity), contrast, and structure. The prod-
uct of these measures gives SSIM. An important note is
that SSIM acts on a patchwise rather than pixelwise basis
and as such can capture more spatial information than
pixelwise methods like RMSE. SSIM values range be-
tween 0 and 1, with SSIM 5 1 indicating identical images
and values approaching 0 indicating increasingly dissimi-
lar images. SSIM is often cited to better represent image
similarity}as perceived by humans}than, for example,
RMSE. For details, see Wang et al. (2004).

b. Group 2: Sharpness metrics based on total variation
and image gradients

Since sharp boundaries result in sharp gradients, it is intuitive
to use properties related to the gradient of an image to assess
its sharpness. Total variation is very similar to gradient-based
methods and is thus included here. We expect this group of
metrics to respond strongly to sharp edges in an image.

1) Total variation (TV) [univariate]: Total variation meas-
ures how much an image changes if it is shifted slightly.
This can measure the sharpness of edges because when a
sharp edge is shifted slightly, it will cause a larger differ-
ence than if a smoother edge is shifted the same amount.
TV values close to 0 indicate very smooth images, while
sharper images will have larger TV values. It is important
to note that we follow a common convention in not nor-
malizing TV by image size, so TV values for images (or
blocks) of different sizes are not comparable, and it is nor-
mal to get TV values that are very large compared to
most other metrics described here.

2) Mean gradient magnitude (Grad-Mag) [univariate]: At
each pixel, we can compute gradients in both the horizon-
tal x and vertical y directions; the magnitude of the gradi-
ent at that pixel is then the norm of the vector formed by
those directional gradients. The Grad-Mag is the mean of
these gradient magnitudes across the image and as such
gives a summary statistic that reports, on average, how
rapidly intensity changes occur within the image. More
rapid intensity changes generally correspond with sharper
images, so higher Grad-Mag values indicate a sharper im-
age, with Grad-Mag 5 0 indicating a completely uniform
image with no variation.

3) Gradient TV (Grad-TV) [univariate]: Gradient total vari-
ation is the total variation of the gradient magnitude map,
where the gradient map is described in Grad-Mag above,
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and total variation is as described in TV. Because both
TV and gradients measure sharpness, the gradient TV is
really giving information about how sharp the sharpness
map is}i.e., are areas of rapid change (associated with
sharpness) themselves sharp. In practice, this second-
order sharpness seems to correspond with sharpness.

4) Gradient RMSE (Grad-RMSE) [bivariate]: In this bivari-
ate metric, we compute the RMSE not between two im-
ages directly, but between two gradient magnitude images.
We compute the gradient magnitudes as in Grad-Mag
above, but rather than averaging those across a single im-
age to obtain a statistic, we compute the RMSE between
the gradient maps for two distinct images. As in general
for RMSE, values closer to 0 indicate more similarity,
while larger values indicate more dissimilarity. By taking
the RMSE of gradient magnitude maps, we are measuring
how closely aligned regions of rapid change are between
the two images, i.e., measuring how well sharp edges cor-
respond between the two images.

5) Laplace RMSE (Laplace-RMSE) [bivariate]: Laplace
RMSE is very similar to gradient RMSE, but instead of
taking the magnitude of the gradient vector at each pixel,
we compute the divergence of the gradient at each pixel,
which is a way of quantifying the local shape of the gradi-
ent vector field. By taking the RMSE of two such diver-
gence maps, we are computing how similar the shapes of
edges are between two images. As with any of these
RMSE measures, values close to 0 indicate that the two
images have very similar Laplacian maps, while larger val-
ues indicate larger differences.

c. Group 3: Sharpness metrics in spectral space

The last set of metrics seeks to analyze the sharpness of im-
ages in spectral space. The idea is to first apply a Fourier or
wavelet transformation and then to analyze image properties
in the corresponding spectral representation of the image.

1) Fourier-RMSE [bivariate]: When taking the 2D Fourier
transform, the resulting complex-valued phase space can
be reduced down to the power spectrum by taking the ab-
solute value of the complex values at each frequency,
which gives another real-valued 2D array. Fourier RMSE
is then the RMSE between the power spectra of the two
images being compared. Note that in the power spectrum,
spatial coordinates correspond to frequencies, which are
all weighted evenly in this RMSE computation.

2) Fourier-TV [univariate]: We once again start with the
power spectrum, but instead of comparing two power
spectra, we take the total variation of the power spectrum
for a single image. The power spectrum contains informa-
tion about sharpness (as high-frequency information can
be interpreted as “sharp”), and TV measures how sharp
the power spectrum is, so like Grad-TV, we have some
degree of second-order sharpness.

3) Spectral slope (Spec-Slope) [univariate]: As mentioned in
Fourier-TV, the power spectrum of an image, in particular
the distribution of high- versus low-frequency information,

contains information on how sharp an image is and spec-
tral slope seeks to capture this information. The definition
of spectral slope is based on the fact that the magnitude
spectrum of almost all natural and model images decreases
inversely with frequency and that in a logarithmic plot this
decrease can be roughly approximated by a line (Vu et al.
2012). The slope of the line is called the spectral slope of
the image. It is very sensitive to blurring, while also being
entirely invariant to uniform changes in intensity, i.e., re-
scaling the image intensity does not change the spectral
slope value. Outside of mostly carefully constructed (artifi-
cial) examples, values of spectral slope are all negative,
with more negative values indicating less sharp images.
Spec-Slope’s invariance to uniform changes in an image’s
intensity is advantageous for some applications, but this in-
variance also creates undesired side effects. Because the
spectral slope is invariant to intensity, it tends to return
very high sharpness results in regions of low intensity and
contrast for even minuscule signals, such as noise.

4) S1 (S1) [univariate]: The S1 is derived from Spec-Slope,
designed to compensate for Spec-Slope’s aforementioned
problem with low-intensity signals by adding a minimal
contrast requirement. Namely, the S1 metric computes
the contrast for a considered image (or image patch). If
the contrast is below a certain threshold, it returns a null
sharpness value. Otherwise, it returns the value of Spec-
Slope. Thus, S1 returns nonzero sharpness values only for
regions that have been deemed (by setting the contrast
threshold) to have sufficient variation to justify consider-
ation. We note that this contrast threshold is a hyperpara-
meter that must be set with care depending on the data
type, range, and analysis needs of each application. As a
default parameter, we use the value 25 (chosen as 10% of
the maximum intensity value, 255, of most images in this
manuscript) throughout this manuscript, with the excep-
tion of results provided for GraphCast in section 3c.

5) Wavelet-TV [univariate]: Wavelet-TV is based on the
wavelet transform, which takes in an image and (for one
level) yields a set of four output arrays: the approximation
coefficients and three sets of detail coefficients. The detail
coefficients contain information about variation in the image
at various scales and orientations, while the approximation
coefficient contains information about average intensities,
so by summing the absolute value of all of these coeffi-
cients, we arrive at a notion of total variation in the image
utilizing wavelets. Like total variation, we view increasing
values of Wavelet-TV as having higher sharpness and note
that Wavelet-TV is also not normalized by the size of the
image, so Wavelet-TV values for different image (or
block) sizes are not comparable.

d. Visualizing local sharpness using heat maps

Since meteorology is a very visual field, we believe it is essen-
tial for all of the metrics to provide not only a single number for
quantitative assessment but also a visual representation of which
features in an image are perceived to be particularly accurate or
sharp. To provide such visual feedback, we generate heat maps
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by evaluating small patches of each image and displaying the re-
sulting local information as an image, i.e., the heat map of an im-
age for a specific metric, as illustrated in Fig. 5. Sharpness heat
maps have been used before (Vu et al. 2012), but to the best of
our knowledge, they have never been applied for meteorological
imagery.

Each patch is a small square block with edges that are 1/8th
the length of the horizontal edge length of the input image.
We calculate and visualize the metric values for all blocks}
the results represent the heat map. Using disjoint blocks can
lead to edges lying along the border between two blocks not
being detected. Thus, we use overlapping blocks. For most ex-
periments, adjacent blocks overlap 75% of their area, but for
blocks smaller than 8 3 8 pixels, the overlap may be less than
75% because we enforce a minimum block stride of two pix-
els. The output heat map reports the values for each block on
the central pixels of that block, but because of the overlap,
each block includes information from a larger region than its
value is outputted to. For all metrics that utilize the Fourier

transform, we implement windowing using the Hann window
[following Vu et al. (2012) who used similar heat maps] on
each block to minimize the edge effects on the Fourier trans-
form. Each heat map can be shown on its own or used as an
overlay over the input image(s) to indicate areas with very
high or low values of each metric. We use the following colors
to indicate the different types of heat maps and the occurrence
of NaNs:

• Gray indicates the original image, i.e., image intensity.
• Blue indicates values of univariate metrics, i.e., metrics that
are calculated from an individual image (no comparison).

• Red indicates values of bivariate metrics, i.e., metrics that
compare two images. Throughout this paper, all bivariate
metrics indicate the comparison of each image to the original
image, which is always shown on the top left. Thus, bivariate
metrics for the original image with itself are identical to zero
for all metrics except SSIM and identical to one for SSIM.

• Yellow indicates individual pixels with invalid values
(NaNs). We have observed NaNs only for the spectral

FIG. 5. Heat maps comparing observed radar (reference) with the corresponding GREMLIN estimate (evaluation image) for (a) metric
group 1, (b) metric group 2, and (c) metric group 3. The color map for SSIM is inverted because SSIM indicates stronger similarity by a
higher value}in contrast to standard similarity measures, such as RMSE. Yellow indicates pixels with invalid values.
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slope metrics (Spec-Slope and S1), since the spectral slope
is undefined in areas of an image that have no signal (cons-
tant value). The minimum/mean/maximum values of the
heat maps used in the stats plots are calculated across all
valid pixels, i.e., pixels with NaNs are currently ignored.

As a convention, we always plot the reference image in
the leftmost column, i.e., on the left side of Figs. 5a–c. Bivari-
ate heat maps (those in red) compare an image to the refer-
ence image. This explains why the red heat maps for the
reference image are all constant, i.e., 0 for most bivariate met-
rics and 1 for SSIM, since SSIM has a value of 1 for identical
images and 0 for maximal dissimilarity. Note also that the
color scale for SSIM is reversed in these heat maps, to indi-
cate stronger differences by darker red.

Let us illustrate the interpretation of Fig. 5 for this GREMLIN
example. Group 1 metrics indicate that the reference and eval-
uation images differ most strongly in image regions of strong
intensity. Group 2 metrics tell us that the reference image is
sharper than the evaluation image (blue heat maps) and that
the difference in sharpness is strongest in areas where the im-
ages are most different, as the red heat maps in group 2 are in
similar locations as in group 1. Most group 3 metrics, Fourier-
RMSE, Fourier-TV, and Wavelet-TV, tell a similar story as
group 2 metrics but indicate smaller, more focused regions of
sharpness and sharpness difference. Spec-Slope does not ap-
pear useful here, as it indicates the greatest sharpness in re-
gions with extremely small intensity. The S1 metric seeks to
limit these regions by applying a minimal contrast threshold,
but with limited success: The S1 metric still highlights areas of
little interest since they might just be noise. Note that what-
ever the contrast threshold, the S1 metric tends to have the
highest values right at the cutoff, because that is where im-
age contrast has the lowest allowed value to pass the Spec-
Slope value through and thus where small amounts of white
noise tend to have the largest effect on S1.

e. Discussion

An important note about these metrics is that while there
are some that are specifically for similarity or for sharpness,
others measure some combination of the two. All of the met-
rics in group 1 are about either intensity (for the raw image it-
self) or similarity. On the other hand, groups 2 and 3 include
metrics that either measure sharpness alone or a combination
of sharpness and similarity. The univariate metrics in these
groups can be seen as directly measuring the sharpness of the
images being input. The bivariate metrics measure not just
sharpness but the local alignment of sharp features (except
for Fourier-RMSE, which measures the local alignment of
phase space features). This captures both similarity and sharp-
ness, because there are two ways for sharp features to come
out of local alignment: one is that there is a lack of sharp fea-
tures in one image to align and another is for there to be
sharp features that are out of position. Both perspectives are
useful, particularly when taken in combination, as the univari-
ate metrics can help disambiguate whether the bivariate met-
rics show differences due to a lack of sharp features or
because of their misalignment.

Note the huge differences in the dynamic range of the vari-
ous metrics. For example, for the sample images in Fig. 5, the
dynamic range of univariate sharpness metrics varies between
4 units (Spec-Slope, S1) and 400 000 units (Fourier-TV). Simi-
larly, the dynamic range of the bivariate sharpness metrics
varies between 80 units and 20 million units. Some of these
differences could be reduced using normalizing factors related
to image size, but even then large variations remain. We intro-
duce a more meaningful approach in section 3.

3. Introducing the concept of Gaussian blur equivalent

As seen in Fig. 5, the range of values greatly varies across
the metrics. This makes it hard to interpret the raw metric val-
ues. What constitutes strong sharpness for each metric? How
do values of different metrics compare? Rather than deter-
mining how to interpret each metric individually, we propose
instead a calibration method that generates a uniform scale
for image comparison across all metrics, the GBE. We intro-
duce the concepts of GBE plot and GBE values in section 3a
and then illustrate their use for a GREMLIN example in
section 3b and for two GraphCast examples in section 3c. We
conclude with a discussion in section 3d.

a. GBE for image comparison

The GBE is designed for the comparison of two images.
The reference image is typically the ground truth, e.g., the ob-
served radar in the case of GREMLIN. The evaluation image
is the image to be evaluated, e.g., the GREMLIN estimate.
The core idea of GBE is to compare the evaluation image to
a series of images, starting with the reference image and in-
creasingly blurred versions of the reference image, as illus-
trated in Fig. 6. For each metric, we compare which level of
blurriness of the reference image corresponds most closely to
the blurriness level of the evaluation image.

The steps of calculating GBE are described below, along
with illustrations for the GREMLIN example in Fig. 7.

1) Figure 7a: Create a sequence of increasingly blurred cop-
ies of the reference image by applying Gaussian blur with
standard deviation s increasing from 0 to some chosen
value smax.

2) Figure 7a: Calculate all metrics for all blurred versions of
the reference image with respect to the reference image.

3) Figure 7c: Generate a plot of the minimum, mean, and
maximum metric values for the blurred reference images.
Minimum, mean, and maximum are indicated in yellow,
red, and blue, respectively, with each image resulting in a
yellow, red, and blue, data point in the plot in the same
order (left to right) as the heat maps in Fig. 7a. Subse-
quent data points are connected by dashed lines. These
are the calibration curves for the chosen metric for a spe-
cific reference image, also known as the raw metric value
(RMV) plot.

4) Generate heat maps (Fig. 7b) and calculate metric values
(Fig. 7d) for the reference and evaluation image.

5) Figure 7e: Construct the GBE plot by combining the
RMV plots in Figs. 7c and 7d as follows. Use the RMV
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plot (Fig. 7c) and add horizontal lines for minimum,
mean, and maximum of the evaluation image (values are
shown as the yellow/red/blue endpoints on the right of
Fig. 7d).

6) Figure 7f: To calculate the GBE values, identify in the
GBE plot, for each metric, the smallest blur value at
which the yellow/red/blue curve and same-color horizon-
tal line intersect. These values are called the GBE values:

s
m,s
GBE(reference image, evaluation image),

where m denotes the metric and s denotes the statistic
(minimum, mean, or maximum).

Interpretation: The Gaussian blur equivalent value s
m,s
GBE

(reference image, evaluation image) is the standard deviation
value of the Gaussian blur operation that, when applied to the
reference image, would yield an identical metric value as the
evaluation image. The GBE values provide the desired inter-
pretation for comparison}using a uniform scale}across all
metrics.

b. GBE comparison for GREMLIN versus
observed radar

Figure 8a shows the GBE plots for the GREMLIN example
from Fig. 5 for all metrics. Figure 8b shows the estimated
GBE values, obtained by visual inspection from Fig. 8a. In fu-
ture work, we plan to add automatic calculation of GBE
values, but those algorithms need to properly deal with de-
generate cases and alert users to those. Furthermore, visual
inspection is required either way, for reasons discussed in
section 3d.

GREMLIN results (Fig. 8): Focusing on the univariate
sharpness metrics, the gradient-based sharpness metrics place
the image estimate at about the blurriness of applying a
Gaussian filter with smean around 2–2.5, while the spectral
metrics consider the estimate to be much sharper, namely,
corresponding to smean around 0.5–1.

We should emphasize that we have not established any
guidelines for ideal GBE values. Such guidelines are bound
to be highly application dependent. For example, for the
GREMLIN application, it turns out that the reference images
(radar observations) contain considerable noise, which, as dis-
cussed below in section 4, can inflate the sharpness values of
the reference image. In those cases, we would not want the
GREMLIN estimates to reach the sharpness values of the ref-
erence images, since we do not want to reproduce the noise of
the reference image. In contrast, if the ground truth is ob-
tained from an NWP model (as in the following subsection)
that is meant to model observations, then we would want the
estimates to be even sharper than the ground truth (as NWP
model output tends to be too smooth) which would yield a
negative GBE value, but the current setup does not provide
for estimating negative GBE values.

c. GBE comparison for GraphCast versus GFS

One of the key motivations for this paper was to be able
to compare the sharpness of the new generation of AIWP
models to forecast imagery generated by traditional NWP
models. Here, we compare an AIWP model, namely, GraphCast
(Lam et al. 2023), to an NWP model, namely, the GFS by the
National Centers for Environmental Prediction (NCEP; NCEP
2024). We do so for just two sample cases, where the GraphCast
forecasts (evaluation images) are compared to the corresponding
GFS forecasts (reference images), using the GBE approach. We
use Release 1 of GraphCast (version 0.1 of 5 January 2024,
Git ID: SHA 8debd72, at https://github.com/google-deepmind/
graphcast), initialize it with GFS initial conditions at t, run a
forecast for a time DT, and compare the results at (t 1 DT)
with a GFS forecast. Note that this GraphCast version was fine-
tuned on the European NWP model, namely, the Integrated
Forecasting System (IFS;Wedi et al. 2015) by the European Cen-
tre for Medium-Range Weather Forecasts (ECMWF), rather
than GFS. Thus, GraphCast results initialized by GFS (rather

FIG. 6. Core idea of GBE to calibrate a sharpness metric: How much do we have to blur the reference image to get the same (minimum,
mean, or maximum) sharpness value as for the evaluation image?
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than IFS) are known to be not quite as good, although differences
tend to be small. For example, for the forecast of 500-hPa geopo-
tential heights, about a half-day degradation in skill has been ob-
served for models initialized with GFS rather than IFS data
(ECMWF’s M. Chantry 2024, personal communication). The

exact results of this comparison should thus not be used to judge
the performance of the GraphCast algorithm}using just two
samples to judge an algorithm is not advisable anyway. Instead,
this section serves only as an illustration of how to apply and inter-
pret thesemetrics for this type of application.

FIG. 7. Calculation of GBE plot and GBE values, illustrated using GREMLIN example and three sample metrics,
intensity, Grad-Mag, and Grad-RMSE.
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Figure 9 shows the forecasts generated by GFS and Graph-
Cast for two events}a flash flood event forecast 48 h out and
an atmospheric river event 148 h out. The heat map and GBE
results are shown in Figs. 10 and 11 for the flash flood event
and in Figs. 12 and 13 for the atmospheric river event.

GraphCast flash flood results (Figs. 10 and 11): The mean
metric results are very flat for the blurred imagery which is
likely due to the fact that most areas of the images are
blank. Thus, we focus on maximum metric results for all
metrics except SSIM and use minimum metric results for
SSIM. We emphasize that the mean GBE value should be
used wherever possible in these analyses, since it provides a
better estimate of overall sharpness of features than just

using the value of the sharpest features, i.e., the maximum
GBE value. However, in this case, the mean GBE value is
not usable.

Note that for this flash flood event the maximal GraphCast
intensity is roughly 1/3 of the maximal GFS intensity. As will
be seen in section 4, all metrics decrease linearly with a
change in intensity, with the exception of SSIM and Spec-
Slope, which are invariant, and S1, which varies nonlinearly.
Thus, the low sharpness indicated in Fig. 11 for most metrics
is largely due to the lower intensity, rather than the lack of
sharp transitions. Univariate gradient-based metrics place the
GBE value around smax 5 2.0, and Fourier-TV and Wavelet-
TV place it higher, around smax 5 3–3.5. The Spec-Slope heat

FIG. 8. (a) GBE comparison for radar observations (reference) vs. GREMLIN estimate (evaluation image) for the sample in Fig. 5
using metric groups 1, 2, and 3. Metric S1 here uses the default contrast threshold of 25. (b) Mean GBE values in (a) estimated visually
from red curves and lines.
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map indicates that that metric is not capturing relevant sharp-
ness information here, so we discard it from consideration.
On the other hand, by setting the threshold value for S1 to
0.1, we were able to extract sharpness information only for
the relevant portions of the image, so we retain that as an in-
formative measure.

GraphCast atmospheric river results (Figs. 12 and 13): For
the atmospheric river event, the maximal GraphCast intensity
is similar to, even a bit higher than, the maximal GFS inten-
sity. The univariate gradient-based metrics indicate a smax

value of about 1.8–2, and Fourier-TV and Wavelet-TV place
it around 1.0 and 1.8, respectively. We hypothesize that this
reduction in sharpness despite similar intensity values is due
to the high level of texture and sharpness visible in Fig. 9c
and the relative smoothness of the GraphCast forecast in
Fig. 9d. The Spec-Slope heat map again shows that it is
measuring significant sharpness in very dark regions that
we are not interested in, so we once again discard it from
consideration.

The two examples above compare the sharpness of AIWP-
generated imagery to NWP-generated imagery. One should
keep in mind that NWP-generated imagery itself comes from
a numerical simulation of the real world and is in fact much
smoother than observations, e.g., satellite or radar imagery. A
long-term goal of AI algorithms will be to match the sharp-
ness of real observations.

d. Discussion

From the examples in this section, we learned a few lessons
regarding the use of these metrics. The overarching theme of
these lessons is that no single metric (or even combination of
metrics) can serve as a “silver bullet” to determine sharpness
in all situations. Each dataset and application will have differ-
ent requirements and properties that affect how these metrics
respond, and care is required in selecting which metrics to fo-
cus on. We can utilize the examples in this section as a set of
case studies with which we illustrate this analysis process.

FIG. 9. Six-hour accumulated precipitation (inches) forecast by GFS and GraphCast for a flash flood event at a lead
time of 48 h and for an atmospheric river event at 148-h lead time. Image size: 64 3 64 for flash flood and 256 3 256
for atmospheric river.
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One of the first metrics to look at is simply intensity, as il-
lustrated by the GFS versus GraphCast flash flood example.
As we will discuss shortly in section 4, almost all of these met-
rics have their response directly correlated with intensity, and
as such, if the overall intensity ranges do not match, every
other metric will be affected. Similarly, before diving into
deeper analyses of sharpness, one should always print heat
maps and do a sanity check to see whether any metrics display
undesirable behavior on this particular dataset. For instance,
we found that in all three of these examples, the spectral slope
metrics focused principally on sharp regions in the darkest
perceivable regions around the features actually of interest,
so we did not focus on them further in these analyses. Finally,
the heat maps can inform which GBE curve (minimum,
mean, or maximum) to examine. Namely, in datasets in which
the features of interest are relatively sparse}for example, the
images in two of the three examples considered in this section,
namely, the two GFS–GraphCast comparisons, contain mostly
flat, dark backgrounds with isolated regions of interest}an
overwhelming proportion of the heat map blocks will indi-
cate “no sharpness” or “fully similar,” and as such, the mean
GBE values are saturated with these values and become

uninformative. For this reason, we focus on the maximum
GBE curve for all metrics except for SSIM. For SSIM, we
utilize the minimum GBE curve, since its interpretation is
reversed (its maximum value means maximal similarity).

Once we have done this preanalysis, we can begin analyzing
the GBE curves themselves. At this point, we are still asking
the question of “which metrics are informative for my data-
set?” and as such, we are looking at the GBE reference curves
rather than the GBE values of the evaluation images. An
“informative” GBE curve is one that displays a consistent
drop-off in sharpness as the reference image is blurred more
and more}for instance, in Fig. 8a, the mean GBE curves for
TV, Grad-Mag, and Grad-TV are all fairly informative, while
the mean GBE curve for Wavelet-TV is very uninformative
(flat) in this case. We note that Fourier-TV in this case would
not be considered particularly informative, because while
there is a dramatic drop in the mean GBE curve from blur
values 0 to 2, it is likely that a large portion of this is due to
observation noise being reduced via blurring, as the mean
GBE curve remains more or less flat after this initial drop. In
Figs. 11 and 13, we decided to get information from the maxi-
mum GBE curves (minimum for SSIM). There, Wavelet-TV

FIG. 10. Heat maps for the flash flood event for GFS vs. GraphCast forecasts of 6-h accumulated precipitation at a lead time of 48 h.
The contrast threshold for metric S1 used here is 0.1.
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and Fourier-TV have very informative maximum GBE
curves, and while TV, Grad-Mag, and Grad-TV are all rea-
sonably informative as well, they do suffer from more asymp-
totic flattening at higher blur levels.

Throughout this section so far, we have focused more on the
univariate metrics than the bivariate ones. We have done this
intentionally as our focus is on the sharpness itself, which is
most easily compared via univariate metrics. All of the bivariate
metrics include some degree of similarity as well as sharpness
and as such are most useful for asking more complicated
questions of the data such as “are the sharp features in these
two regions well-aligned?” Answering these types of ques-
tions is best done using a combination of univariate and

bivariate metrics: The univariate metric response can be used
to disambiguate which portions of the bivariate response are
due to a lack of sharp features and which portions are due to
misaligned sharp features. However, such analyses are by their
nature more involved and are generally beyond the scope of
this paper.

We can finally utilize the GBE values themselves to analyze
how sharp each of these examples is. Examining the numbers
in Fig. 8b and focusing on TV, Grad-Mag, and Grad-TV, this
case has a mean GBE of approximately 2, indicating that the
GREMLIN model is indeed losing some of the sharp features
present in the radar observations. However, as discussed in
section 3b, some of this lack of perceived sharpness may be

FIG. 11. (a) GBE plots for the flash flood event, comparing GFS vs. GraphCast forecasts of 6-h accumulated precipitation at a lead time
of 48 h. The contrast threshold for metric S1 used here is 0.1. (b) Maximum GBE values in (a) estimated visually from blue curves and
lines. Note that for SSIM the minimum values estimated from the yellow curves and lines are used. The symbol “– –” indicates a value dis-
carded because of the corresponding heat map.
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due to a degree of noise in the observed radar data that would
not be desirable for GREMLIN to recreate.

Next, examining the numbers in Fig. 11b for the GFS–
GraphCast example of flash flood and focusing on TV, Grad-
Mag, Grad-TV, Fourier-TV, and Wavelet-TV, the maximum
GBE values are between 2 and 3.5. However, recall that this
flash flood example had significantly lower intensity than the
reference image, and as such, these blurriness values are ex-
aggerated, and the “true” maximum GBE value is likely be-
tween 1 and 2. This matches visual inspection: The reference
GFS image itself does not contain many sharp features, so
the GraphCast prediction is proportionally not as blurry. Fi-
nally, examining the numbers in Fig. 13b for the atmospheric
river example and focusing on the same set of metrics as
in the flash flood example, we obtain consistently smaller
maximum GBE values, ranging from 1 to 2, which roughly
matches our intensity-corrected estimate for the flash flood
event.

4. Important properties of sharpness metrics

There are several properties of these metrics that are rele-
vant to explore using more abstract analysis techniques. In

this section, we present several experiments that illustrate
how these metrics respond to:

• What effect does adding white noise have on these metrics?
(section 4a)

• How do the metrics change if we 1) translate, 2) change in-
tensity, or 3) change the edge sharpness of a synthetic ex-
ample? (section 4b)

In addition to these practical experiments, we also analyzed
certain properties of the metrics theoretically. Specifically, we
show the effect on metrics resulting from changing resolution,
shifting the intensity range by a fixed offset, and scaling the in-
tensity range by a fixed scaling factor. For a quick summary of
those theoretical results, see Table 1, and for the full details,
see sections S2b–d.

There are a few takeaways from this analysis. First, we
note that changing the resolution affects only those metrics
that utilize total variation (e.g., TV, gradient TV, Fourier
TV, and Wavelet TV) and does so in a predictable way (in-
creases proportionally to the number of pixels), so making
sharpness comparisons across differing resolutions should be
relatively straightforward. On the other hand, metrics have
very different responses to shifting and scaling intensity. Most

FIG. 12. Heat maps for the atmospheric river event for GFS vs. GraphCast forecasts of 6-h accumulated precipitation at a lead time of
168 h. The contrast threshold for metric S1 used here is 0.1.
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metrics (aside from SSIM, Spec-Slope, and S1) scale propor-
tionally as intensity is rescaled (i.e., multiplied by a scaling
factor), while all the metrics aside from those three and
wavelet total variation are invariant to shifting the intensity
range (i.e., adding or subtracting a fixed value). The upshot

of this is that when comparing data that need to be normal-
ized, most metrics can be compared fairly easily (with just
the scaling factor taken into account), but additional care
needs to be taken for SSIM, spectral slope, S1, and wavelet
total variation.

FIG. 13. (a) GBE plots for the atmospheric river event, comparing GFS vs. GraphCast forecasts of 6-h accumulated precipitation at a
lead time of 168 h. The contrast threshold for metric S1 used here is 0.1. (b) Maximum GBE values in (a) estimated visually from blue
curves and lines. Note that for SSIM the minimum values estimated from the yellow curves and lines are used. The symbol – – indicates a
value discarded because of the corresponding heat map.

TABLE 1. Summary of metric properties. For details, see sections S2b–d.

Image change Invariant metrics Noninvariant metrics

Resolution All others TV-based metrics increase with square of edge length
Shifting intensity All others SSIM, Spec-Slope, S1, and Wavelet-TV change nonlinearly
Scaling intensity SSIMa, Spec-Slope All others scale proportionally, except S1 (nonlinear)

aSSIM is invariant to scaling the overall dynamic range of the input type (allowing comparisons between 0–1 and 0–255 scaled data) but
not to scalings within a given dynamic range.
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We also present derivations of the computational complex-
ity of each metric in sections S2e and S2f, with a summary of
those results along with practical timings of the computation
of each metric on representative examples in Table 2.

a. Effect of adding white noise

In this section, we consider the question of how the various
metrics respond to adding white noise to an image. In section 3,
we discussed an algorithm based on blurring the image to re-
duce sharpness}in this subsection, we explore how sharpness
values can be artificially inflated by the presence of noise. This
section serves as an illustration of how these metrics respond to
a signal that a human would not regard as making an image
sharper. As an illustrative example, we use a satellite image of a
cloud, gradually add white noise to it, and track the values of all
metrics in this image sequence. The white noise is added sepa-
rately for each pixel by drawing from a Gaussian distribution
with s set to be a factor times the maximal intensity of the origi-
nal image. The factor is provided on top of the first row of im-
ages in Fig. 14.

Observations: All metrics increase with increasing white
noise in the image but to varying degrees. Wavelet-TV seems
to be least affected by the impact of white noise, with the
mean increasing by less than 100% for s 5 1.0, while all other
sharpness metrics increase dramatically with white noise.
Thus, Wavelet-TV stands out as being the most invariant to
the addition of white noise in an image.

This result highlights a potential issue with utilizing one or
more of these metrics inside the loss function of a neural
network: If the network has as one of its goals increasing
“sharpness” as measured by these metrics, one way for the
network to achieve that goal is to increase the white noise in
its output images, which is generally not a desirable property
for a neural network. Thus, great care must be taken in incor-
porating and properly weighting any term in a loss function
incorporating these metrics. In part because of issues like this,
a detailed study on the use of sharpness metrics within loss
functions is beyond the scope of this paper, but we refer the
reader to section S1c for a brief example of the impacts of
sharpness metrics in a neural network loss function.

b. Effect of feature location, feature intensity, and speed
of transition

We conduct three experiments that illustrate the effect that
specific changes to an image have on the various metrics. Fig-
ure 15a shows the reference image that has one blob-like fea-
ture consisting of a disk with linear intensity drop-off from
the disk boundary outward.

Figures 15b–d show modifications of the image, namely,
translation of the feature (Fig. 15b), halving the intensity of
the image (Fig. 15c), and doubling the rate of boundary transi-
tion from disk to background (Fig. 15d). Figure 16 shows
pairwise comparisons of the reference image to each of the
modified images.

Examining these heat maps, there are a few things to note.
When we translate the disk, all the univariate metrics trans-
late along with it, precisely as expected. In each heat map
block, the bivariate metrics are effectively comparing the
presence of a disk versus a blank background at each location
for this image pair (because the old and new locations do not
overlap here), and as such, we obtain two “bumps”: one at
the original location and one at the new location. This is the
well-known double-penalty problem in the assessment of
weather forecasting skills (Zhao and Zhang 2018). It is, how-
ever, worth noting how these bivariate metrics fall off: RMSE
has a fairly linear fall-off with the linear decrease in intensity,
as does Fourier-RMSE. On the other hand, SSIM has quite
large values anywhere that there is any discrepancy between
the images, all the way right out to the edges of the blobs
where it finally starts falling off. Finally, Grad-RMSE and
Laplace-RMSE exhibit a maximum intensity partway to the
edge of the disk, approximately where the linear fall-off
begins}this makes sense, as that is the location where the
gradient is largest and thus gradient discrepancies.

When we change intensity, we note that our theoretical re-
sults reported in Table 1 hold true: All of the metrics except
for SSIM, Spec-Slope, and S1 reduce in intensity by approxi-
mately 50%. This is easy to see for the univariate metrics, and
we can see it in the bivariate metrics by comparing the values
found in column (b) with those in column (a). SSIM, here, dis-
plays some degree of difference coming from the change in in-
tensity, with the largest differences being in the fall-off region

TABLE 2. Computational complexity of metrics. All wall clock times are an average from five similar computations with the same
base image.

Metric Big O 64 3 64 wall clock (s) 128 3 128 wall clock (s)

RMSE O(n) 0.0103 0.0113
SSIM O(n) 0.1379 0.1580
TV O(n) 0.0260 0.0295
Grad-Mag O(n) 0.0447 0.0509
Grad-TV O(n) 0.0414 0.0464
Grad-RMSE O(n) 0.0385 0.0446
Laplace-RMSE O(n) 0.0197 0.0223
Fourier-RMSE O(n logn) 0.0852 0.0946
Fourier-TV O(n logn) 0.0807 0.0908
Spec-Slope O(n logn) 0.9053 1.2101
S1 O(n logn) 0.9723 1.3772
Wavelet-TV O(n) 0.1662 0.1740
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FIG. 14. Response of metrics to adding white noise to a satellite image. (a),(c),(e) Heat maps and (b),(d),(f)
RMV plots for metric groups 1, 2, and 3.
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rather than at the center of the disk. Finally, Spec-Slope re-
mains identical over changes in intensity, but while S1 shows
similar minimum values between intensities, because the con-
trast threshold was not changed between the two images,
more heat map regions fell within that threshold and were cut
out, resulting in a slightly smaller valid region.

Finally, as we make the transition region sharper, we can
see this reflected in the metrics. The accuracy metrics (RMSE
and SSIM) pick up on the fact that only the transition region
has changed, marking the center of the disk as “unchanged.”
All of the univariate metrics display similar behavior to one
another again, and both constrict the region of detected
sharpness and intensify it, corresponding to a narrower,
sharper edge. Grad-RMSE has a very similar shape to when
the disk was compared against a blank region of the image in
column (a), but while the maximum value is about the same,
the mean value is much smaller when only the transition rate

has been changed. Laplace-RMSE on the other hand displays
similar overall statistic values (similar maximum, slightly re-
duced mean), but the heat map shows a distinct concentration
of high values right around the region of sharper transition
that was not present in the corresponding location in column
(a). Finally, Fourier-RMSE displays a completely different
pattern than it did in column (a), focusing very precisely on
the region of increased transition.

c. Discussion

The metrics presented here are largely invariant to changes
in resolution (with the notable exception of TV-based met-
rics) but are affected, in general, by changes in intensity.
These effects are mitigated by utilizing derived tools, like the
GBE measure introduced in the previous section, and the
standard practice of normalizing data to a common, fixed
range (such as 0–1 or 0–255) will also ensure that variances

FIG. 15. Synthetic images for experiments in Fig. 16. (a) Reference image: background with intensity 0 with a single
blob-like feature}a disk of radius of 20 pixels, intensity of 100 units, and linear drop-off of 2 units per pixel from
boundary of blob outward. (b) Translated image: Blob is translated to a different, nonoverlapping location. (c) Low-
intensity image: As in (a), but intensity is divided by 2.0 throughout the entire image. (d) Sharp transition image: Size
and intensity of central disk of blob are the same as in (a), but rate of drop-off is twice as steep, namely, a decrease of
four units per pixel from the disk’s boundary outward.
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FIG. 16. Heat maps for all metrics demonstrating the effect of changing (a) the location of a feature, (b) intensity
of an image (including all features), and (c) the rate of transition from feature to background.

ART I F I C I AL I N TELL IGENCE FOR THE EARTH SY S TEMS VOLUME 422

Brought to you by UNIVERSITY OF OKLAHOMA LIBRARY | Unauthenticated | Downloaded 07/31/26 04:42 PM UTC



due to intensity differences are minimized. While it is gener-
ally good practice to share processing details such as normali-
zation steps that were performed, data range information, and
analysis resolution, it is particularly critical when these met-
rics are being used, as that information can enable fair com-
parison and replication from other groups.

It is worth noting that because of the high sensitivity of
these metrics to white noise, applying a denoising step before
computing sharpness could be a useful preprocessing step.
While analysis of such denoising techniques is beyond the
scope of this paper, we suggest that starting with the median
filter (Huang et al. 1979) would be a reasonable approach.

We also note that while GBE is theoretically invariant due
to its proportional nature, in practice numerical and discreti-
zation errors as well as the stochastic nature of some of the
transformations discussed here (such as adding white noise)
mean that in practice there may be some changes to derived
GBE statistics.

5. Discussion and future work

We presented here a set of metrics that the community can
use to evaluate sharpness and other properties. We hope to
have provided an initial understanding of how these various
metrics apply to several distinct applications and how their
properties affect those results. Some of the key insights we
gained include the following:

• All of these metrics are correlated with and can indicate
trends in what we as humans consider sharp, but none fully
capture the subjective, perceptual nature of sharpness. A
good illustration of this is the experiment in section 4a:
Most people would not consider a noisier image to be
sharper, but every metric we tested registered significantly
increased sharpness in the presence of added noise. Thus,
we should remember that these metrics are measuring idio-
syncratic quantities that are each just a proxy of what hu-
mans perceive as image sharpness.

• As a result, there is no “catch-all” metric that will work in
every case. Instead, it is always important to test a variety
of tools both quantitatively and qualitatively on each data-
set and choose the ones that fit.

• There are many ways to assess which of these metrics are
compatible with a given dataset. Section 3d summarizes
many of our “lessons learned” on understanding how to
make those choices. Some of the most important lessons are
� Before using any metric, one should look at (a) intensity,
(b) heat maps, and (c) GBE curves.

� Undesired noise in the reference images (e.g., from ob-
servations) needs to be taken into account.

� Any overall difference in intensity must be considered,
as that can strongly affect all other sharpness results
(with the notable exception of S1).

• While many of these metrics possess similar properties to
one another, there are distinct differences in how they re-
spond to certain changes in the input data, particularly res-
olution, location, intensity, and sharpness of transitions that
should be taken into account when selecting metrics.

We have only scratched the surface of this topic and suggest
to expand this study by exploring the following topics:

• Amore in-depth study of which kinds of sharpness the various
metrics primarily focus on, e.g., from edges versus texture.

• Adopting a better way to avoid NaNs as the output of met-
rics, such as discussed in Vu et al. (2012) for Spec-Slope.

• Adding some of the metrics discussed in section 2 that we
dropped for this study.

• Testing alternate methods of blurring for techniques de-
rived from GBE, such as bilateral blurring (Tomasi and
Manduchi 1998).

• Developing more best practices/protocols for the use of
these metrics.

• Conducting experiments to test how much the spherical
harmonic loss function recently proposed by Subich et al.
(2025) improves sharpness.

Another important topic}one that is only briefly touched
on in section S1c}is the question of how to effectively use
these metrics to train neural networks, rather than just to eval-
uate them. We hope to explore this topic in a follow-up paper.

Acknowledgments. We thank the following scientists for
their excellent feedback for this manuscript: Ryan Lagerquist at
CSU, Randy Chase at tomorrow.io, the three anonymous re-
viewers, and the editor, Mark Veillette. This material is based
on work supported by the National Science Foundation under
AI Institute Grant ICER-2019758. Coauthor Molina was sup-
ported by the National Science Foundation (NSF) under Grant
2425735 and the U.S. Department of Energy, Office of Science
DE-SC0022070. Coauthor Hilburn was partly supported by the
GOES-R Program under Grant NA19OAR4320073. Coauthor
Campbell acknowledges funding support from the U.S.
Naval Research Laboratory (NRL) base project number
(N0001423WX00011). Coauthors Schreck, Petzke, and
Gagne are also supported by the NSF National Center for
Atmospheric Research, which is a major facility sponsored
by the U.S. National Science Foundation under Cooperative
Agreement 1852977.

Data availability statement. We provide Python code that
implements the metrics discussed here, code for their visuali-
zation, and the imagery used for testing, on GitHub at https://
github.com/ai2es/sharpness/.

REFERENCES

Bi, K., L. Xie, H. Zhang, X. Chen, X. Gu, and Q. Tian, 2023:
Accurate medium-range global weather forecasting with 3D
neural networks. Nature, 619, 533–538, https://doi.org/10.1038/
s41586-023-06185-3.

Blau, Y., and T. Michaeli, 2018: The perception-distortion trade-
off. Proc. IEEE Conf. on Computer Vision and Pattern
Recognition, Salt Lake City, UT, Institute of Electrical and
Electronics Engineers, 6228–6237, https://doi.org/10.1109/
CVPR.2018.00652.

Bonev, B., T. Kurth, C. Hundt, J. Pathak, M. Baust, K. Kashinath,
and A. Anandkumar, 2023: Spherical Fourier Neural Operators:

E B ER T - U PHO F F E T A L . 23JULY 2025

Brought to you by UNIVERSITY OF OKLAHOMA LIBRARY | Unauthenticated | Downloaded 07/31/26 04:42 PM UTC

https://github.com/ai2es/sharpness/
https://github.com/ai2es/sharpness/
https://doi.org/10.1038/s41586-023-06185-3
https://doi.org/10.1038/s41586-023-06185-3
https://doi.org/10.1109/CVPR.2018.00652
https://doi.org/10.1109/CVPR.2018.00652


Learning stable dynamics on the sphere. Proc. 40th Int. Conf.
on Machine Learning, Honolulu, HI, PMLR, 2806–2823,
https://proceedings.mlr.press/v202/bonev23a/bonev23a.
pdf.

Briggs, W. M., and R. A. Levine, 1997: Wavelets and field forecast
verification. Mon. Wea. Rev., 125, 1329–1341, https://doi.org/
10.1175/1520-0493(1997)125,1329:WAFFV.2.0.CO;2.

Brown, B. G., R. Bullock, J. H. Gotway, D. Ahijevych, C. Davis,
E. Gilleland, and L. Holland, 2007: Application of the mode
object-based verification tool for the evaluation of model pre-
cipitation fields. 22nd Conf. on Weather Analysis and Fore-
casting/18th Conf. on Numerical Weather Prediction, Boulder,
CO, Amer. Meteor. Soc., 10A.2, https://ams.confex.com/ams/
pdfpapers/124856.pdf.

Buschow, S., and P. Friederichs, 2020: Using wavelets to verify
the scale structure of precipitation forecasts. Adv. Stat.
Climate Meteor. Oceanogr., 6, 13–30, https://doi.org/10.5194/
ascmo-6-13-2020.

Davis, C., B. Brown, and R. Bullock, 2006: Object-based verifica-
tion of precipitation forecasts. Part I: Methodology and appli-
cation to mesoscale rain areas. Mon. Wea. Rev., 134, 1772–
1784, https://doi.org/10.1175/MWR3145.1.

Demuth, J. L., and Coauthors, 2020: Recommendations for devel-
oping useful and usable convection-allowing model ensemble
information for NWS forecasters. Wea. Forecasting, 35, 1381–
1406, https://doi.org/10.1175/WAF-D-19-0108.1.

Dorninger, M., E. Gilleland, B. Casati, M. P. Mittermaier, E. E.
Ebert, B. G. Brown, and L. J. Wilson, 2018: The setup of the
MesoVICT project. Bull. Amer. Meteor. Soc., 99, 1887–1906,
https://doi.org/10.1175/BAMS-D-17-0164.1.

Gilleland, E., D. Ahijevych, B. G. Brown, B. Casati, and E. E.
Ebert, 2009: Intercomparison of spatial forecast verification
methods. Wea. Forecasting, 24, 1416–1430, https://doi.org/10.
1175/2009WAF2222269.1.

}}, D. A. Ahijevych, B. G. Brown, and E. E. Ebert, 2010: Verify-
ing forecasts spatially. Bull. Amer. Meteor. Soc., 91, 1365–1376,
https://doi.org/10.1175/2010BAMS2819.1.

Goodfellow, I., J. Pouget-Abadie, M. Mirza, B. Xu, D. Warde-
Farley, S. Ozair, A. Courville, and Y. Bengio, 2014: Generative
adversarial nets. Advances in Neural Information Processing
Systems, Montreal, Quebec, Canada, Curran Associates, Inc.,
https://papers.nips.cc/paper_files/paper/2014/file/f033ed80deb
0234979a61f95710dbe25-Paper.pdf.

Haynes, K., R. Lagerquist, M. McGraw, K. Musgrave, and
I. Ebert-Uphoff, 2023: Creating and evaluating uncertainty
estimates with neural networks for environmental-science ap-
plications. Artif. Intell. Earth Syst., 2, 220061, https://doi.org/
10.1175/AIES-D-22-0061.1.

Hilburn, K. A., I. Ebert-Uphoff, and S. D. Miller, 2021: Develop-
ment and interpretation of a neural-network-based synthetic
radar reflectivity estimator using GOES-R satellite observa-
tions. J. Appl. Meteor. Climatol., 60, 3–21, https://doi.org/10.
1175/JAMC-D-20-0084.1.

Huang, T., G. Yang, and G. Tang, 1979: A fast two-dimensional
median filtering algorithm. IEEE Trans. Acoust., Speech,
Signal Process., 27, 13–18, https://doi.org/10.1109/TASSP.
1979.1163188.

Jolliffe, I. T., and D. B. Stephenson, 2012: Forecast Verification: A
Practitioner’s Guide in Atmospheric Science. John Wiley and
Sons, 304 pp.

Lagerquist, R., and I. Ebert-Uphoff, 2022: Can we integrate spa-
tial verification methods into neural network loss functions

for atmospheric science? Artif. Intell. Earth Syst., 1, e220021,
https://doi.org/10.1175/AIES-D-22-0021.1.

Lam, R., and Coauthors, 2023: Learning skillful medium-range
global weather forecasting. Science, 382, 1416–1421, https://
doi.org/10.1126/science.adi2336.

Ledig, C., and Coauthors, 2017: Photo-realistic single image su-
per-resolution using a generative adversarial network. Proc.
IEEE Conf. on Computer Vision and Pattern Recognition,
Honolulu, HI, Institute of Electrical and Electronics Engi-
neers, 105–114, https://doi.org/10.1109/CVPR.2017.19.

Li, L., R. Carver, I. Lopez-Gomez, F. Sha, and J. Anderson, 2024:
Generative emulation of weather forecast ensembles with dif-
fusion models. Sci. Adv., 10, eadk4489, https://doi.org/10.
1126/sciadv.adk4489.

NCEP, 2024: NCEP products inventory. NCEP, accessed 30 April
2024, https://www.nco.ncep.noaa.gov/pmb/products/gfs/.

Pfreundschuh, S., P. J. Brown, C. D. Kummerow, P. Eriksson, and
T. Norrestad, 2022: GPROF-NN: A neural-network-based
implementation of the Goddard Profiling Algorithm. Atmos.
Meas. Tech., 15, 5033–5060, https://doi.org/10.5194/amt-15-
5033-2022.

Price, I., and Coauthors, 2025: Probabilistic weather forecasting
with machine learning. Nature, 637, 84–90, https://doi.org/10.
1038/s41586-024-08252-9.

Radford, J. T., I. Ebert-Uphoff, J. Q. Stewart, K. D. Musgrave,
R. DeMaria, N. Tourville, and K. Hilburn, 2025: Accelerating
community-wide evaluation of AI models for global weather
prediction by facilitating access to model output. Bull. Amer.
Meteor. Soc., 106, E68–E76, https://doi.org/10.1175/BAMS-D-
24-0057.1.

Rasp, S., and Coauthors, 2024: WeatherBench 2: A benchmark
for the next generation of data-driven global weather models.
J. Adv. Model. Earth Syst., 16, e2023MS004019, https://doi.
org/10.1029/2023MS004019.

Roberts, N. M., and H. W. Lean, 2008: Scale-selective verification
of rainfall accumulations from high-resolution forecasts of
convective events. Mon. Wea. Rev., 136, 78–97, https://doi.
org/10.1175/2007MWR2123.1.

Ronneberger, O., P. Fischer, and T. Brox, 2015: U-net: Convolu-
tional networks for biomedical image segmentation. Medical
Image Computing and Computer-Assisted Intervention –

MICCAI 2015, N. Navab et al., Eds., Springer International
Publishing, 234–241.

Selz, T., W. P. Bruinsma, G. C. Craig, S. Markou, R. E. Turner,
and A. Vaughan, 2025: On the effective resolution of AI
weather prediction models. ESS Open Archive, preprint.

Skamarock, W. C., 2004: Evaluating mesoscale NWP models using
kinetic energy spectra. Mon. Wea. Rev., 132, 3019–3032,
https://doi.org/10.1175/MWR2830.1.

SLR Lounge, 2023: Sharpness. SLR Lounge, accessed 5 May
2023, https://www.slrlounge.com/glossary/sharpness-photography-
definition/.

Sohl-Dickstein, J., E. Weiss, N. Maheswaranathan, and S. Ganguli,
2015: Deep unsupervised learning using nonequilibrium ther-
modynamics. Proc. 32nd Int. Conf. on Machine Learning,
Lille, France, PMLR, 2256–2265, https://proceedings.mlr.press/
v37/sohl-dickstein15.pdf.

Subich, C., S. Z. Husain, L. Separovic, and J. Yang, 2025: Fixing
the double penalty in data-driven weather forecasting
through a modified spherical harmonic loss function. arXiv,
2501.19374v2, https://doi.org/10.48550/arXiv.2501.19374.

Tomasi, C., and R. Manduchi, 1998: Bilateral filtering for gray
and color images. Sixth Int. Conf. on Computer Vision,

A R T I F I C I AL I N TELL IGENCE FOR THE EARTH SY S TEMS VOLUME 424

Brought to you by UNIVERSITY OF OKLAHOMA LIBRARY | Unauthenticated | Downloaded 07/31/26 04:42 PM UTC

https://proceedings.mlr.press/v202/bonev23a/bonev23a.pdf
https://proceedings.mlr.press/v202/bonev23a/bonev23a.pdf
https://doi.org/10.1175/1520-0493(1997)125<1329:WAFFV>2.0.CO;2
https://doi.org/10.1175/1520-0493(1997)125<1329:WAFFV>2.0.CO;2
https://ams.confex.com/ams/pdfpapers/124856.pdf
https://ams.confex.com/ams/pdfpapers/124856.pdf
https://doi.org/10.5194/ascmo-6-13-2020
https://doi.org/10.5194/ascmo-6-13-2020
https://doi.org/10.1175/MWR3145.1
https://doi.org/10.1175/WAF-D-19-0108.1
https://doi.org/10.1175/BAMS-D-17-0164.1
https://doi.org/10.1175/2009WAF2222269.1
https://doi.org/10.1175/2009WAF2222269.1
https://doi.org/10.1175/2010BAMS2819.1
https://papers.nips.cc/paper_files/paper/2014/file/f033ed80deb0234979a61f95710dbe25-Paper.pdf
https://papers.nips.cc/paper_files/paper/2014/file/f033ed80deb0234979a61f95710dbe25-Paper.pdf
https://doi.org/10.1175/AIES-D-22-0061.1
https://doi.org/10.1175/AIES-D-22-0061.1
https://doi.org/10.1175/JAMC-D-20-0084.1
https://doi.org/10.1175/JAMC-D-20-0084.1
https://doi.org/10.1109/TASSP.1979.1163188
https://doi.org/10.1109/TASSP.1979.1163188
https://doi.org/10.1175/AIES-D-22-0021.1
https://doi.org/10.1126/science.adi2336
https://doi.org/10.1126/science.adi2336
https://doi.org/10.1109/CVPR.2017.19
https://doi.org/10.1126/sciadv.adk4489
https://doi.org/10.1126/sciadv.adk4489
https://www.nco.ncep.noaa.gov/pmb/products/gfs/
https://doi.org/10.5194/amt-15-5033-2022
https://doi.org/10.5194/amt-15-5033-2022
https://doi.org/10.1038/s41586-024-08252-9
https://doi.org/10.1038/s41586-024-08252-9
https://doi.org/10.1175/BAMS-D-24-0057.1
https://doi.org/10.1175/BAMS-D-24-0057.1
https://doi.org/10.1029/2023MS004019
https://doi.org/10.1029/2023MS004019
https://doi.org/10.1175/2007MWR2123.1
https://doi.org/10.1175/2007MWR2123.1
https://doi.org/10.1175/MWR2830.1
https://www.slrlounge.com/glossary/sharpness-photography-definition/
https://www.slrlounge.com/glossary/sharpness-photography-definition/
https://proceedings.mlr.press/v37/sohl-dickstein15.pdf
https://proceedings.mlr.press/v37/sohl-dickstein15.pdf
https://doi.org/10.48550/arXiv.2501.19374


Bombay, India, Institute of Electrical and Electronics Engi-
neers, 839–846, https://doi.org/10.1109/ICCV.1998.710815.

Turner, D. D., and Coauthors, 2020: A verification approach used
in developing the rapid refresh and other numerical weather
prediction models. J. Oper. Meteor., 8, 39–53, https://doi.org/
10.15191/nwajom.2020.0803.

Vu, C. T., T. D. Phan, and D. M. Chandler, 2012: S3: A spectral
and spatial measure of local perceived sharpness in natural
images. IEEE Trans. Image Process., 21, 934–945, https://doi.
org/10.1109/TIP.2011.2169974.

Wang, Z., A. C. Bovik, H. R. Sheikh, and E. P. Simoncelli, 2004:
Image quality assessment: From error visibility to structural
similarity. IEEE Trans. Image Process., 13, 600–612, https://
doi.org/10.1109/tip.2003.819861.

Wedi, N., and Coauthors, 2015: The modelling infrastructure
of the integrated forecasting system: Recent advances and

future challenges. European Centre for Medium-Range
Weather Forecasts Tech. Memo. 760, 50 pp., https://www.
ecmwf.int/en/elibrary/78758-modelling-infrastructure-
integrated-forecasting-system-recent-advances-and-future.

Wee, C.-Y., and R. Paramesran, 2008: Image sharpness measure
using eigenvalues. 2008 Ninth Int. Conf. on Signal Processing,
Beijing, China, Institute of Electrical and Electronics Engi-
neers, 840–843, https://doi.org/10.1109/ICOSP.2008.4697259.

Zhang, R., P. Isola, A. A. Efros, E. Shechtman, and O. Wang,
2018: The unreasonable effectiveness of deep features as a
perceptual metric. Proc. IEEE Conf. on Computer Vision
and Pattern Recognition, Salt Lake City, UT, Institute of
Electrical and Electronics Engineers, 586–595.

Zhao, B., and B. Zhang, 2018: Assessing hourly precipitation fore-
cast skill with the fractions skill score. J. Meteor. Res., 32,
135–145, https://doi.org/10.1007/s13351-018-7058-1.

E B ER T - U PHO F F E T A L . 25JULY 2025

Brought to you by UNIVERSITY OF OKLAHOMA LIBRARY | Unauthenticated | Downloaded 07/31/26 04:42 PM UTC

https://doi.org/10.1109/ICCV.1998.710815
https://doi.org/10.15191/nwajom.2020.0803
https://doi.org/10.15191/nwajom.2020.0803
https://doi.org/10.1109/TIP.2011.2169974
https://doi.org/10.1109/TIP.2011.2169974
https://doi.org/10.1109/tip.2003.819861
https://doi.org/10.1109/tip.2003.819861
https://www.ecmwf.int/en/elibrary/78758-modelling-infrastructure-integrated-forecasting-system-recent-advances-and-future
https://www.ecmwf.int/en/elibrary/78758-modelling-infrastructure-integrated-forecasting-system-recent-advances-and-future
https://www.ecmwf.int/en/elibrary/78758-modelling-infrastructure-integrated-forecasting-system-recent-advances-and-future
https://doi.org/10.1109/ICOSP.2008.4697259
https://doi.org/10.1007/s13351-018-7058-1

