Geosci. Model Dev., 19, 10651-10667, 2026
https://doi.org/10.5194/gmd-19-10651-2026

© Author(s) 2026. This work is distributed under
the Creative Commons Attribution 4.0 License.

Evaluating extreme precipitation forecasts: a threshold-weighted,
spatial verification approach for comparing an AI weather
prediction model against a high-resolution NWP model

Nicholas Loveday' and Tracy Hertneky>

IResearch, Science and Innovation Group, Bureau of Meteorology, Melbourne, Australia
INSF National Center for Atmospheric Research (NCAR) and Developmental Testbed Center (DTC), Boulder, CO, USA

Correspondence: Nicholas Loveday (nicholas.loveday @bom.gov.au)

Received: 21 November 2025 — Discussion started: 4 February 2026
Revised: 9 September 2026 — Accepted: 23 October 2026 — Published: 10 November 2026

Abstract. Recent advances in Al-based weather prediction
have led to the development of artificial intelligence weather
prediction (AIWP) models with competitive forecast skill
compared to traditional NWP models, but with substantially
reduced computational cost. There is a strong need for ap-
propriate methods to evaluate their ability to predict extreme
weather events, particularly when spatial coherence is impor-
tant, and grid resolutions differ between models.

We introduce a verification framework that combines spa-
tial verification methods and weighted proper scoring rules.
Specifically, the framework extends the High-Resolution As-
sessment (HiRA) approach with threshold-weighted scoring
rules. It enables user-oriented evaluation consistent with how
forecasts may be interpreted by operational meteorologists
or used in simple post-processing systems. The method sup-
ports targeted evaluation of extreme events by allowing flex-
ible weighting of the relative importance of different deci-
sion thresholds. We demonstrate this framework by evalu-
ating 32 months of precipitation forecasts from an AIWP
model and a high-resolution NWP model. Our results show
that model rankings are sensitive to the choice of neighbour-
hood size. Increasing the neighbourhood size has a greater
impact on scores evaluating extreme-event performance for
the high-resolution NWP model than for the AIWP model.
At near equivalent neighbourhood sizes, the empirical CDF
of the high-resolution NWP model only outperformed the
empirical CDF of the AIWP model in predicting extreme
precipitation events at short lead times. We also demonstrate
how this approach can be extended to evaluate discrimina-
tion ability in predicting heavy precipitation. We find that

the high-resolution NWP model had superior discrimination
ability at short lead times.

1 Introduction

In recent years, there has been rapid progress in the
development of artificial intelligence weather prediction
(AIWP) models, sometimes referred to as data-driven mod-
els (Ben Bouallegue et al., 2024). These models are typically
based on neural networks trained on reanalysis datasets. This
approach contrasts with traditional numerical weather pre-
diction (NWP) models, which rely on equations that model
physical processes. One major advantage of AIWP models
is that they are significantly more computationally efficient
than NWP models for making predictions once they have
been trained.

Most early global AIWP models are trained on ERAS
(Hersbach et al., 2020) data, and therefore have a similar
or coarser grid resolution of approximately 0.25°. These in-
clude deterministic models (e.g., Keisler, 2022; Lam et al.,
2023; Bi et al., 2023; Lang et al., 2024) and ensemble mod-
els (e.g., Price et al.,, 2024; Lang et al., 2026). In gen-
eral, these models operate at much coarser resolutions than
the high-resolution physical NWP models available to many
international weather forecasting centers. However, higher-
resolution, limited-area ATWP models have started to emerge
more recently (e.g., Nipen et al., 2026; Adamov et al., 2025;
Abdi et al., 2025), and this trend is expected to continue.
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As modelling centers have access to high-resolution NWP
models and with the accelerating development of higher-
resolution AIWP models, there is a strong need for appro-
priate methodologies to compare the performance of models
with differing spatial resolutions. Such comparisons are im-
portant to help meteorological agencies make informed deci-
sions regarding future modelling strategies and to assist op-
erational meteorologists and forecast system developers in
understanding each model’s strengths and weaknesses.

This raises several key questions we aim to address.

First, most benchmarking efforts of global AIWP mod-
els to date have relied on point-to-point verification meth-
ods (e.g., Rasp et al., 2024), with perhaps the exception of
Radford et al. (2025a), who applied an object-based verifi-
cation approach. Point-to-point methods may be appropriate
for evaluating forecasts at individual locations (e.g., for end-
users accessing weather forecasts via mobile apps). However,
meteorologists and forecast systems often use forecasts spa-
tially, where spatial coherence and physical realism are im-
portant.

Point-to-point verification methods tend to favour
smoother forecasts than are typically observed in gridded
observations (Subich et al., 2025). When spatial structure
is important, point-to-point metrics can suffer from the
“double penalty” effect (Ebert, 2008). This can occur when
a forecast feature matches the observed shape and intensity
but is slightly displaced in location, leading to it being
penalised twice. It is penalised once for the false prediction
at the forecast location, and once for the missed event at the
observed location. This issue is particularly problematic for
high-resolution models, which aim to represent fine-scale
features. Lower-resolution models that fail to capture the
feature at all may score better under point-to-point metrics,
because they incur only a single penalty. Thus, while high-
resolution NWP models may produce forecasts that appear
more realistic to meteorologists, they may not perform better
under standard point-to-point verification metrics (Mass
et al., 2002).

To address the limitations of point-based verification, a
wide range of spatial verification methods have been devel-
oped over the past two and a half decades (Gilleland et al.,
2009; Dorninger et al., 2018). These methods are typically
grouped into five categories: neighbourhood methods, scale-
separation methods, feature-based (or object-based) meth-
ods, field-deformation methods, and distance measures. In
this paper, we focus on an approach within the neighbour-
hood methods category (Ebert, 2009; Schwartz and Sobash,
2017). Neighbourhood methods are verification approaches
that evaluate forecasts using values within a local neighbour-
hood surrounding the observation location.

Second, there is a pressing need to assess how well both
AIWP and high-resolution NWP models predict extreme
weather events. Much of the existing literature has focused
on a limited number of case studies (e.g., Charlton-Perez
et al.,, 2024; Morisseau et al., 2025). While case studies
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are valuable, they may be prone to selection bias or may
not generalise across more cases. Focusing solely on cases
where extremes occur can lead to the “forecaster’s dilemma”
(Lerch et al., 2017). The forecaster’s dilemma arises when
forecasters or modellers must choose between issuing hon-
est forecasts and adjusting their forecasts to optimise a par-
ticular scoring rule (we refer to the latter as “hedging”).
Proper scores discourage hedging and avoid the “forecaster’s
dilemma”. A scoring rule is proper if the expected score is
optimised by producing a forecast that corresponds to the
forecaster’s true belief (Winkler and Murphy, 1968; Gneit-
ing and Raftery, 2007).

There are some recent examples of broader evaluation
of extremes across many events. For example, Lam et al.
(2023) and Ben Bouallegue et al. (2024) evaluated the dis-
crimination ability of AIWP models to differentiate between
climatological extreme temperature events and non-events.
Olivetti and Messori (2024) assessed performance in fore-
casting temperature and wind extremes primarily by con-
ditioning on observed extremes, but also included an eval-
uation using a threshold-weighted squared error (Taggart,
2021). McGovern et al. (2026) recently introduced a bench-
mark that focuses on evaluating several models to predict ex-
tremes based on a comprehensive set of events and marginal
events. Zhang et al. (2026) evaluated several AIWP models
and ECMWF’s HRES model against observations that are
more extreme than the observations in the 1979-2017 train-
ing period of the AIWP models. Some of these studies have
taken efforts to avoid, or practically reduce the impact of the
“forecaster’s dilemma”, although some of these approaches
still suffer from this problem.

These efforts have been limited to point-to-point verifica-
tion methods, and there is a need for more comprehensive
verification methods that assess the performance of models
predicting extremes when they are used in a user-oriented
spatial framework.

The appropriate verification approach depends on how
forecasts are used in practice. Weather models are used in
a wide variety of ways. For example, model output could
be used at each grid point to produce forecasts for a user’s
location (e.g., via a mobile weather application). A high-
resolution ensemble could be used by an operational mete-
orologist to infer the likelihood of different modes of con-
vection during the afternoon. The dynamic tropopause out-
put of a deterministic model (or single ensemble member)
can also be used by a decision-support meteorologist to con-
struct a conceptual model of the atmosphere, aiding rapid re-
sponses to bespoke queries in an emergency response centre.
These use cases require different evaluation approaches. In
the first example, point-to-point evaluation using proper or
consistent scoring rules may be appropriate. In the second,
point-to-point verification would not capture the spatial re-
alism of convection within the ensemble, necessitating some
form of spatial processing. Similarly, in the third case, evalu-
ating the spatial structure of the dynamic tropopause may re-
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quire a spatial verification method distinct from that used in
the second example. These examples illustrate that no single
metric can assess all the diverse ways that weather models
are used.

It is desirable that forecasts are probabilistic and eval-
uated using proper scoring rules! (Gneiting and Katzfuss,
2014). This is because probabilistic forecasts support optimal
decision-making, and proper scores reward honest forecasts
while discouraging hedging. Common examples of prob-
abilistic forecasts in meteorology include ensembles, pre-
dictive distributions, or binary classifiers (i.e., probability
forecasts for binary events). These forecasts are tradition-
ally evaluated point-to-point; however, spatial processing can
also be applied to construct probabilistic forecasts. For exam-
ple, the high-resolution ensemble output in the second exam-
ple could be used to create a probability mass function of
various modes of convection, which could then be evaluated
using a proper scoring rule.

There have been at least two recent examples of using
proper scoring rules to compare single-valued AIWP mod-
els against traditional NWP models. First, Brenowitz et al.
(2025) created a “lagged” ensemble of single-valued AIWP
forecasts that could be evaluated with the CRPS. Secondly,
Gneiting et al. (2025) converted single-valued forecasts into a
predictive distribution using Isotonic Distributional Regres-
sion (IDR) (Henzi et al., 2021) and evaluated the resulting
distribution using the CRPS. Both approaches are point-to-
point methods that do not account for any spatial informa-
tion.

One practical use case for weather models is when mete-
orologists visually assess a deterministic precipitation fore-
cast around a point to qualitatively infer the likelihood of dif-
ferent precipitation amounts. A quantitative forecast can be
constructed by generating an empirical cumulative distribu-
tion function (CDF) from a neighbourhood pseudo-ensemble
around the observation. Similarly, post-processing tech-
niques often employ neighbourhood approaches on NWP
output to generate probabilistic forecasts (Theis et al., 2005;
Schwartz and Sobash, 2017). In this paper, we demonstrate a
verification approach that merges two existing methods and
assesses the model in one particular framework that aligns
with a specific way that operational meteorologists may use
a model. That is, we evaluate how well extremes are pre-
dicted when the model’s spatial neighbourhood around a
point is treated as an empirical CDF. The approach has sev-
eral strengths including:

1. It is a spatial verification method that aligns with a par-
ticular way that a model may be used.

"n some cases, only a single-valued forecast is required for the
forecast service rather than a full predictive distribution. Consistent
scoring functions can then be used to evaluate forecasts expressed
through a directive in the form of a statistical functional (Gneiting,
2011); for example, a 90th percentile forecast can be evaluated us-
ing a quantile loss.
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2. It uses proper scoring rules within a user-oriented
framework.

3. Threshold-weighting of proper scoring rules allows for
the evaluation of extremes and other important decision
thresholds.

4. It permits each forecast system to be evaluated on its na-
tive grid when the forecast is defined as the finite neigh-
bourhood empirical distribution.

5. Models can be evaluated against station-based observa-
tions which may be desirable in some cases.

6. It can be extended to measure the discrimination ability.

Pagano et al. (2024) raised the research question, “Can
spatial verification methods be extended to emphasize pre-
dictive performance for extremes without creating fore-
caster’s dilemmas...?” The approach presented here provides
one response to this question by evaluating extremes within
a user-oriented spatial framework that uses proper scoring
rules. Specifically, we compare the native-grid neighbour-
hood forecast products derived from GraphCast-GFS and
HRRR over 32 months. This comparison includes, rather
than removes, differences associated with the grid spacing
and effective resolution of the two forecast systems.

2 Data
2.1 Observations

Station data were used to assess the performance of the fore-
cast models using a spatial verification approach. Most eval-
uation of AIWP models has been done against ERAS, which
has some biases in its precipitation fields, with the United
States having a dry bias (Lavers et al., 2022). Additionally,
most global ATWP models are trained against ERAS, and bi-
ases in ERAS may propagate into these models and may go
undetected if evaluated against ERAS. Some countries have
alternative gridded rainfall datasets, which may serve as suit-
able substitutes, though these are not available everywhere.
For this reason, some countries may place greater trust in
verification using weather station data.

While most past efforts have evaluated these models
against gridded analysis, there have been limited examples of
verification of AIWP models against station data (e.g., Ben-
Bouallegue et al., 2026). WeatherReal (Jin et al., 2024) was
recently developed to evaluate AIWP models against in situ
observations. One limitation of this dataset is that it is only
available for 2023, and our aim was to evaluate model per-
formance over a longer period to assess extreme event pre-
diction. Instead, one-minute Automated Surface Observing
System (ASOS) (NWS, 1998) precipitation data were re-
trieved for the contiguous United States (CONUS). A map
of ASOS weather station data is shown in Fig. 1. From this
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Figure 1. A map of ASOS station locations used in this study.

data, 6 h precipitation accumulations were derived. As a ba-
sic quality control measure, data were removed when one-
minute accumulations exceeded 38 mm or 6 h accumulations
exceeded 840 mm, which correspond to world record values
(WMO, 1994). Additionally, 6 h accumulations were treated
as missing when fewer than 5h of valid data existed within
the 6 h period. ASOS data have previously been used to eval-
uate the HRRR model (e.g., Ikeda et al., 2013; Fovell and
Gallagher, 2022), but, to our knowledge, have not been used
to evaluate an AIWP model.

To define thresholds for extreme precipitation events, sev-
eral options can be considered, each addressing slightly dif-
ferent questions. These include using fixed thresholds across
all stations, annual climatological thresholds for each station,
or seasonally varying climatological thresholds at each sta-
tion. In this study, we adopt annual climatological thresh-
olds for each station, which aligns with approaches used by
some meteorological agencies in operational warning ser-
vices. Specifically, we define extreme precipitation events us-
ing the 99th and 99.9th percentile thresholds of 6 h precipi-
tation accumulations at each station. As long observational
time series are not available for all stations in the ASOS
dataset, these thresholds are derived from ERAS reanalysis
data (1990-2020) at the grid point corresponding to each sta-
tion location. These thresholds may differ from those derived
directly from station observations; however, in the absence of
a universally defined threshold for extreme precipitation, the
exact choice of threshold is inherently somewhat subjective.

2.2 Forecasts

We used the 00:00 UTC run of two different models, with
base-run times spanning from 1 January 2022 to 30 August
2024 (973 model runs).

The first model we evaluated was GraphCast, with ini-
tial conditions from NOAA’s Global Forecast System (GFS),
using the reforecast archive generated by Radford et al.
(2025b), hereafter referred to as GraphCast-GFS. The grid
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resolution of GraphCast-GFS is 0.25°. Radford et al. (2025a)
found that, while GraphCast-GFS tended to overestimate
lower rainfall amounts compared to GraphCast initialised
with ECMWF’s Integrated Forecasting System (GraphCast-
IFS), its performance for higher rainfall amounts was similar.
GraphCast-GFS was selected because it was the only AIWP
model output available at the time of analysis that produced
6 h precipitation accumulations over a sufficiently long pe-
riod to assess performance in predicting extremes.

Our evaluation begins in 2022 because the operational ver-
sion of GraphCast was fine-tuned on data through 2021, and
we sought to avoid testing the model on data used in its de-
velopment. Since AIWP models can produce negative pre-
cipitation values, all negative values were set to zero, as this
is a trivial post-processing step.

To compare an AIWP model with a high-resolution phys-
ical numerical weather prediction (NWP) model, we also
evaluated version 4 of the High-Resolution Rapid Refresh
(HRRR) model (Dowell et al., 2022). HRRR is a convection-
allowing, cloud-resolving physical NWP model with a hori-
zontal grid spacing of 3 km, which runs hourly. HRRR was
selected due to its widespread use in the United States as a
high-resolution operational model.

Prior to score calculation, valid cases were matched be-
tween GraphCast-GFS and HRRR so that every paired
comparison used the same observation times and stations.
Since HRRR produces forecasts only up to 48h from the
00:00 UTC run, we limited the GraphCast-GFS evaluation
to its first 48 forecast hours as well.

3 Using HiRA and twCRPS

This work unifies two different verification methods. We give
an overview of each method.

https://doi.org/10.5194/gmd-19-10651-2026
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3.1 HiRA

One neighbourhood verification method that can be used
with point observations is the High-Resolution Assessment
(HiRA) framework (Mittermaier, 2014). One of the motiva-
tions for the development of the HiRA framework was to
evaluate models of varying resolutions against site-based ob-
servations while avoiding the double penalty effect within a
specified distance.

The HiRA framework can be summarised as follows:
for a given point observation, several squares (or some-
times circles) of varying sizes are used to define neigh-
bourhoods of forecast grid cells surrounding the observa-
tion site. Each neighbourhood can then be used to generate
a pseudo-ensemble, where each grid point within the neigh-
bourhood is considered to have an equal probability of oc-
curring. The pseudo-ensemble can subsequently be evaluated
using a probabilistic score, such as the Brier score (Brier,
1950), the ranked probability score (RPS) (Epstein, 1969),
or the continuous ranked probability score (CRPS) (Mathe-
son and Winkler, 1976).

3.2 Threshold-Weighted Continuous Ranked
Probability Score

In the context of evaluating the performance of forecasts
for extreme events, threshold-weighted proper scoring rules
are particularly important for forecast system developers and
forecasters, as they help to avoid the “forecaster’s dilemma”.
A scoring rule is considered proper if the expected score is
optimised when the forecaster issues a probability forecast
that corresponds to their true belief. The continuous ranked
probability score (CRPS) is a strictly proper scoring rule that
can be expressed as the integral of the Brier score over all
possible thresholds (Matheson and Winkler, 1976; Gneiting
and Raftery, 2007). The CRPS for evaluating a cumulative
distribution function F is defined as

CRPS(F,y) = / (F(z) - 1{y < z})*dz 4
1 4
=Ep|X =yl = SEpIX = X]. (@)

In the first expression, y is the observation, z is the deci-
sion threshold, and 1{y < z} is the indicator function, which
equals 1 if y <z and O otherwise. In the second expression,
X and X’ are independent random variables with distribu-
tion F, and EF is expectation with respect to the probability
distribution F. Lemma 2.2 in Baringhaus and Franz (2004)
and Eq. (17) in Székely and Rizzo (2005) show that the two
expressions above are equal. When used to evaluate an en-
semble forecast Fepg as an empirical CDF, the CRPS can also
be expressed as

https://doi.org/10.5194/gmd-19-10651-2026
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where M is the number of ensemble members, x,, and x j are
the forecasts of a single ensemble member. Ferro (2013) pro-
posed the “fair” CRPS for evaluating an ensemble which is
defined as

1 M
CRPStair (Fens, ¥) = M Z [xm — ¥l
m=1
1 M M
S S— o —xj1. (&)
2M(M—1)n;; "

The fair correction addresses the effect of estimating an
underlying predictive distribution with a finite number of en-
semble members.

Weighted scoring rules have been developed to evaluate
forecasts with an emphasis on specific ranges of decision
thresholds, such as those that lie in the extremes of a clima-
tological distribution. These scoring rules have proven useful
in several contexts for assessing the ability to predict extreme
events. For example, Loveday et al. (2024) demonstrated that
the standard mean squared error (MSE) showed no statisti-
cally significant difference in temperature forecast skill be-
tween meteorologists and automated guidance. However, us-
ing a threshold-weighted MSE revealed that meteorologists
performed better at predicting temperature extremes than au-
tomated guidance. Similarly, Wessel et al. (2025) showed
that threshold-weighted scores can be used as a loss function
to improve the predictive performance for extremes. Allen
et al. (2023) illustrated how multivariate threshold-weighted
scores can be applied to evaluate forecasts of rainfall accu-
mulation over consecutive days.

Among the wide variety of threshold-weighted scores,
the threshold-weighted continuous ranked probability score
(twCRPS) has been the most extensively used and is defined
as

twCRPS(F, y) = / (F(z)—1{y < Z})zw(z)dz, o)

—00

where w(z) is a non-negative weight function (Gneiting and
Ranjan, 2011). The choice of w(z) depends on the user’s
decision thresholds of interest. For example, if the aim is
to evaluate a model’s ability to produce accurate forecasts
for users whose decision thresholds exceed 40 °C, a suitable
threshold weight function could be w(z) = 1(z > 40). An-
other example might involve choosing w(z) to focus on tem-
perature ranges associated with aircraft icing, in which case

Geosci. Model Dev., 19, 10651-10667, 2026



10656

a) Graphical illustration of twCRPS

8 1. _ opeemvedcor  © ~ Dammmmm——
S e Observed CDF /
>3 Forecast CDF
20
58 o5
8 &

e i
o
2 o
t
Threshold (z)
b) Weighting function
1
& o5
2
0

t
Threshold (z)

¢) Chaining function

v(2)

t
Threshold (z)

Figure 2. Graphical illustration of the threshold-weighted continu-
ous ranked probability score (twCRPS) with a uniform weight of 1
applied to all thresholds z > ¢ and a weight of 0 applied elsewhere.
(a) The solid blue curve shows the forecast CDF and the dashed
orange line represents the Heaviside step function of the observa-
tion. The twCRPS is the integrated squared difference between the
solid blue curve and the dashed orange line, with interval of integra-
tion (z > t) indicated by the green shaded region. (b) The threshold
weight function w(z) = 1(z > t). (¢) The corresponding chaining
function v(z) = max(z, t).

the weights could vary smoothly to reflect the relative impor-
tance of different thresholds z.

Figure 2 provides a graphical illustration of how the
twCRPS is computed when a constant weight is applied to
the upper tail of decision thresholds, aiding interpretation.

Recently, Allen et al. (2023) showed that the twCRPS can
be adapted for use with ensemble forecasts. The twCRPS for
evaluating an ensemble forecast Fys is defined as

twCRPS (Feps, y; V) = Z [v(xm) —v(y)|

ml

2M2 Z Zlv(xm) —v(x;)|, (6)

m=1 j=1

where v is the chaining function. The chaining function v is
an antiderivative of the threshold weight function w(z), such
that
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Z

v(z)—v(z/)=/w(z)dz. (7)

7'

For example, if we wish to assign a threshold weight of 1
to thresholds above a specified threshold ¢, and a weight
of 0 below ¢, the threshold weight function would be w(z) =
1(z > t), where 1 is the indicator function that returns 1 if
the condition is true and O otherwise. A corresponding chain-
ing function is then v(z) = max(z, #). Allen et al. (2023) and
Allen (2024) provide further examples illustrating the rela-
tionship between chaining functions and threshold weight
functions.

Similarly to the fair CRPS, the fair twCRPS is defined as

(WCRPS i (Fens, y; ) = Z v (xm) = V()|

m 1

M M
2M(M—1 ZZ U(xm)—v(xj)|. (8)

3.3 Constructing and interpreting neighbourhood
pseudo-ensembles

When HiRA is used to compare forecast systems with dif-
ferent grid spacings, neighbourhoods can be selected to
cover approximately the same physical area. For example,
if Model A has a grid spacing of 3km and Model B has a
grid spacing of 9km, a 27 km x 27 km neighbourhood can
be represented by a 9 x 9 grid of Model A and a 3 x 3 grid
of Model B, both centred on the observation point.

The score used to evaluate a neighbourhood pseudo-
ensemble depends on how the neighbourhood forecast is in-
terpreted. In this study, the M native-grid values within a
specified neighbourhood N define the equally weighted em-
pirical CDF

M

Fn(x) = % > Axw <2} ©)

m=1

Under this interpretation, the empirical CDF is the forecast
being evaluated. Its CRPS and twCRPS are therefore calcu-
lated using Egs. (3) and (6). This corresponds to using the
values surrounding an observation site to construct a predic-
tive distribution for that site.

Alternatively, the neighbourhood values can be treated as
a finite sample from an underlying predictive distribution.
The fair CRPS and twCRPS in Egs. (4) and (8) account for
the finite number of members under this interpretation, pro-
vided that the values can be treated as suitable draws from
the underlying distribution. Because neighbouring grid val-
ues are spatially dependent, the suitability of this interpreta-
tion should be considered for each application. The fair cor-
rection does not remove differences in grid spacing or spatial
scale.

https://doi.org/10.5194/gmd-19-10651-2026
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Table 1. Neighbourhood sizes used for HRRR and GraphCast-GFS, paired to cover similar physical areas.

Approximate physical dimensions (km) HRRR grid points ~ GraphCast-GFS grid points
3km x 3km 1 x1 -

21 km x 27 km 7%x9 1x1

63 km x 81km 21 x 27 3x3

Evaluating native-grid neighbourhoods compares the re-
sulting forecast products, including effects associated with
grid spacing, effective resolution, and spatial sampling. If
the aim is instead to compare forecast systems at a com-
mon spatial scale, the forecasts should first be re-gridded to a
common grid and evaluated against observations at a com-
parable spatial scale. In this study, we use the native-grid
empirical-CDF interpretation and use the corresponding em-
pirical scores. The Brier scores are also calculated from the
same empirical forecast probabilities.

4 CRPS and twCRPS HiRA results

We select HRRR and GraphCast-GFS neighbourhoods that
cover similar physical areas. Because GraphCast-GFS uses a
latitude—longitude grid, its physical grid spacing varies with
latitude, and no single HRRR neighbourhood covers exactly
the same physical area at every station. We therefore use rect-
angular HRRR neighbourhoods that approximate the phys-
ical areas covered by the GraphCast-GFS neighbourhoods
over CONUS. This differs from most HiRA applications,
which typically use square or circular neighbourhoods. Ta-
ble 1 lists the paired neighbourhood sizes and their approxi-
mate physical dimensions.

Note that, although there is no neighbourhood size for
GraphCast-GFS that is equivalent to the 3 km x 3 km point
forecast for HRRR, we still evaluate the point-based HRRR
to understand the impact of neighbourhood size on the scores
because of the double penalty effect. The CRPS of a sin-
gle ensemble member (i.e., the point-based forecast using a
neighbourhood size of 1) is equivalent to the absolute loss.
Likewise, threshold-weighted MAE (or threshold-weighted
absolute loss) (Taggart, 2021) is equivalent to twCRPS for a
single ensemble member.

When aggregating results spatially, we weight the results
based on station density by following the approach in Rod-
well et al. (2010). This ensures that the verification results
are not overly influenced by geographical regions that have a
higher concentration of stations compared to others. The sta-
tion density weights are allowed to vary for each timestep to
account for non-continuous reporting from weather stations.

4.1 CRPS results

We first calculate the mean CRPS of the specified
neighbourhood-derived empirical forecasts to assess per-
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formance when all precipitation thresholds are weighted
equally. Confidence intervals for the difference in mean
scores between the two models are calculated as follows: spa-
tial means are first taken across stations to account for spa-
tial correlation, and the Hering—Genton modification of the
Diebold—Mariano test (Diebold and Mariano, 1995; Hering
and Genton, 2011) is then applied to account for temporal
correlation.

Figure 3a shows the mean CRPS for GraphCast-GFS and
HRRR across various neighbourhood sizes. Increasing the
neighbourhood size leads to a better score for both mod-
els. While one might expect a large improvement in perfor-
mance when increasing the neighbourhood size in the HRRR
as it is a high-resolution physical NWP model, an improve-
ment also occurs with GraphCast-GFS despite its smoother
appearance. A diurnal trend in model performance can also
be seen. When the two models are compared gridpoint-to-
gridpoint (Fig. 3b), HRRR outperforms GraphCast-GFS dur-
ing the first 24 h, with mixed results at longer lead times.
However, when the models are assessed over comparable
neighbourhood sizes (Figs. 3¢ and d), the HRRR demon-
strated better performance across all lead times.

4.2 twCRPS results

To assess performance in predicting extremes, we construct
a twCRPS weight function that takes the form w(z) = 1(z >
q«), Where g, is the o quantile of the climatological values in
the ERAS dataset for the point at which the ASOS station is
located. We set = 0.99 to focus on performance above the
climatological 99th percentile. The corresponding chaining
function that we use is v(z) = max(z, qgy). When the mean
twCRPS is calculated across time and space, g, varies by
station but is fixed in time. To test the impact of a more ex-
treme threshold, we repeat the computation in Appendix A
with o = 0.999 to examine performance above the climato-
logical 99.9th percentile.

In contrast to Fig. 3a, Fig. 4a shows that increasing the
neighbourhood size had a larger impact on the mean twCRPS
for the HRRR compared to GraphCast-GFS. When evalu-
ated on a point-to-point basis (Fig. 4b), GraphCast-GFS con-
sistently achieved lower (better) twCRPS scores across all
lead times. When evaluated across approximately equivalent
neighbourhood sizes (Fig. 4c and d), the HRRR performs
better at shorter lead times, but not at longer lead times. Po-
tentially, this may be attributed to the HRRR’s assimilation of

Geosci. Model Dev., 19, 10651-10667, 2026
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(b) Difference between GraphCast-GFS 1x1
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Figure 3. (a) Mean CRPS results aggregated across all stations and timesteps. Lower scores are better. (b) Difference between GraphCast-
GFS 1 x 1 and HRRR 1 x 1 with 99 % confidence intervals. (¢) Difference between GraphCast-GFS 1 x 1 and HRRR 7 x 9 (21 x 27 km
equivalent) with 99 % confidence intervals. (d) Difference between GraphCast-GFS 3 x 3 and HRRR 21 x 27 (63 x 81 km equivalent) with
99 % confidence intervals. In subfigures (b—d), positive values indicate that HRRR performed better than GraphCast-GFS for the specified

neighbourhoods.

radar data, enhancing its short-term prediction of heavy pre-
cipitation. We leave a detailed investigation of this behaviour
for future research.

5 Decomposing CRPS across decision thresholds

Since the CRPS is the integral of the Brier score across all
thresholds (Eq. 1), we decompose it to visualise the Brier
scores across a range of thresholds. This provides us with
greater insight within the HiRA framework as to how differ-
ent models provide value at different decision thresholds. We
display results for two lead times in Fig. 5.

Figure 5 shows that the mean CRPS is dominated by non-
extreme precipitation amounts (i.e., mean Brier score val-
ues from lower thresholds), which is unsurprising given their
higher climatological frequency. To account for this, results
are split at the 30 mm threshold, and the right-hand panels
use a logarithmic vertical axis to better visualise the forecast
rankings.

At a 6h lead time (top panels), HRRR had lower mean
Brier scores than GraphCast-GFS for precipitation thresh-
olds below approximately 5 mm across all neighbourhood
sizes. However, at the 30h lead time, this is only true for
some neighbourhood sizes. In cases where the mean Brier

Geosci. Model Dev., 19, 10651-10667, 2026

score curves for HRRR and GraphCast-GFS intersect, the
crossing point typically occurs at higher precipitation thresh-
olds for larger HRRR neighbourhood sizes. This may reflect
the increased likelihood of double-penalty effects at higher
precipitation amounts when using point-to-point verification.

For the upper precipitation thresholds, HRRR 21 x 27 had
a slightly lower mean Brier score than GraphCast-GFS 3 x 3
at the 6 h lead time and a slightly higher mean Brier score at
the 30 h lead time. This is consistent with the corresponding
twCRPS results in Fig. 4.

6 Model climatology

We now assess the agreement between the model clima-
tology and observations to understand any model biases.
Quantile—Quantile (Q-Q) plots for the 6h and 30h lead-
time point-based forecasts and the observations are shown
in Fig. 6. They show that the climatology of HRRR 1 x 1
closely matches the observed climatology from the ASOS
observations, whereas GraphCast-GFS 1 x 1 is substantially
less likely to predict heavier precipitation. This may partly
reflect differences in grid resolution, with the HRRR model
producing forecasts that correspond more closely to station-
based observations, while GraphCast-GFS produces fore-

https://doi.org/10.5194/gmd-19-10651-2026
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Figure 4. As for Fig. 3 but for the twCRPS with a threshold weight function of w(z) = 1(z > ¢g.99).

casts that may be more representative of a 0.25° grid. This
is consistent with the issues involved in comparing gridded
model precipitation forecasts against rain gauge observations
highlighted by Tustison et al. (2001). To explore the relation-
ship between grid resolution and representativeness, we also
take the neighbourhood mean of HRRR 7 x 9. The mean of
the HRRR 7 x 9 neighbourhood shifts the distribution away
from the diagonal line, but not nearly to the same extent as
GraphCast-GFS 1 x 1, suggesting that differences in the cli-
matology of model extremes are partly driven by the smooth-
ness of GraphCast-GFS and not just because of differences in
grid resolution.

7 Discrimination ability

As demonstrated in the preceding section, the behaviour of
GraphCast-GFS may not be consistent with in-situ observa-
tions. For this reason, it is important to understand the dis-
crimination ability (i.e., potential predictive ability) of the
models as a way of accounting for the models representing
the precipitation across a grid cell rather than at a specific
point. This is because meteorologists may be able to learn
how the model behaves and use its output accordingly. Al-
ternatively, a model with good discrimination ability could
easily be post-processed to correct for any conditional bi-
ases. The concept of “potential” scores as a measure of po-
tential predictive or discrimination ability has been proposed
and extended multiple times, including for the CRPS (e.g.,

https://doi.org/10.5194/gmd-19-10651-2026

Murphy and Epstein, 1989; Hersbach, 2000; Brocker, 2011;
Siegert, 2017). Recently Gneiting et al. (2025) introduced
a version of a potential CRPS to measure and compare the
discrimination ability of a deterministic NWP model to that
of an AIWP model. This was done by calibrating the model
(in-sample) using IDR via the EasyUQ method (Walz et al.,
2024) to convert the single-valued forecasts to probabilistic
forecasts. We adopt a related, but distinct approach for cal-
culating the “potential” CRPS and twCRPS. Instead of us-
ing IDR on each neighbourhood member, we apply isotonic
regression (in-sample) to each neighbourhood member. Iso-
tonic regression is a method for fitting a nondecreasing func-
tion to a set of forecast-observation pairs (Ayer et al., 1955).
Specifically, we use isotonic median regression (isotonic re-
gression under L1 loss), which targets the median functional.
We adopt this approach to approximate the behaviour of an
operational meteorologist who is familiar with typical model
biases and applies simple calibrations to the model output.
Additionally, it partly circumvents the issue in neighbour-
hood verification approaches where adjacent grid cells in the
neighbourhood are not representative of the station site (e.g.,
in areas of varying topography). This approach, however,
is unlikely to be as effective as IDR in producing a well-
calibrated predictive distribution if neighbourhood members
were used as covariates. We then calculate a potential CRPS
and potential twCRPS using the forecasts calibrated via iso-
tonic regression as shown in Figs. 7 and 8.

Geosci. Model Dev., 19, 10651-10667, 2026
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Figure 5. Brier score decomposition of the CRPS within the HiRA framework. Lower scores are better. The left panels (a) and (c) show the
mean Brier score for thresholds below 30 mm, while the right panels (b) and (d) show the mean Brier score for threshold between 30 and
80 mm with a logarithmic vertical axis. Results are shown for 6 h lead time forecasts in panels (a) and (b), and lead time 30 h forecasts in (c)

and (d).
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Figure 6. Q—Q plots of observations against forecasts. (a) shows results for 6 h lead time forecasts and (b) shows results for 30 h lead times.

The potential CRPS and potential twCRPS results, which
measure the discrimination ability, show that while increas-
ing neighbourhood size leads to better discrimination ability,
the HRRR and GraphCast-GFS are sometimes ranked dif-
ferently compared to Figs. 3 and 4, which measure overall
predictive performance rather than discrimination ability.

The potential CRPS results indicate that, when all de-
cision thresholds are weighted equally, the HRRR 7 x 9
shows stronger discrimination ability than GraphCast-GFS

Geosci. Model Dev., 19, 10651-10667, 2026

1 x 1 across all lead times, and the HRRR 21 x 27 exhibits
stronger discrimination ability than GraphCast-GFS 3 x 3 at
short lead times, with the discrimination ability of the two
models converging thereafter.

Examining discrimination ability for extreme decision
thresholds based on the potential twCRPS results, the HRRR
model outperforms GraphCast-GFS at a lead time of 6 h for
all equivalent neighbourhood sizes; however, this advantage
diminishes with increasing lead time, and GraphCast-GFS

https://doi.org/10.5194/gmd-19-10651-2026
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intervals. In subfigures (b—d), positive values indicate that HRRR had more discrimination ability than GraphCast-GFS for the specified
neighbourhoods.
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above the climatological 99th percentile).
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exhibits greater discrimination ability at lead times of 24 h
and beyond for the GraphCast-GFS 3 x 3 versus HRRR
21 x 27 comparison. Differences in discrimination ability for
the latter comparison were not statistically significant.

8 Conclusions

This paper demonstrates an approach to evaluating how an
AIWP model compares to a high-resolution physical NWP
model in predicting climatologically extreme 6-hourly pre-
cipitation. It combines two existing techniques: the HiRA
framework and twCRPS. Model performance was assessed
within a framework representative of potential operational
use by meteorologists or simple post-processing systems. As
with all NWP verification methods, this approach does not
definitively determine which model is superior across all use
cases. The comparison includes, rather than removes, differ-
ences associated with grid spacing, effective resolution, and
spatial sampling. It is not a comparison after re-gridding the
forecast systems to a common spatial scale.

When models were compared using neighbourhood sizes
that covered a similar physical area to generate empiri-
cal CDFs, HRRR consistently outperformed GraphCast-GFS
across all lead times as measured by CRPS. However, when
focusing on predictive performance of extreme precipita-
tion, HRRR only outperformed GraphCast-GFS at short lead
times.

Decomposing CRPS by decision threshold provided fur-
ther insight into which thresholds each model handled
more effectively. Where Brier score curves for HRRR and
GraphCast-GFS intersected, this generally occurred at higher
precipitation thresholds for larger HRRR neighbourhood
sizes.

The approach was extended to measure the discrimina-
tion ability of the models to predict extreme precipitation.
This was important to measure since GraphCast-GFS fore-
casts of heavy precipitation showed an under-forecast bias
when evaluated against rain gauge data. Increasing the neigh-
bourhood size led to superior discrimination ability. When
GraphCast-GFS 3 x 3 versus HRRR 21 x 27 were com-
pared, the high-resolution model had superior discrimination
ability at short lead times, but not beyond 24 h.

This verification approach has several strengths:

1. Itis a spatial method that can address the double penalty
effect within a specified distance.

2 It allows forecast systems with different grid spacings
to be evaluated on their native grids when the forecast
being assessed is defined as the finite neighbourhood
empirical distribution.

3. It can be used to evaluate models against in-situ obser-
vations.

Geosci. Model Dev., 19, 10651-10667, 2026
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4. It can be threshold-weighted to focus on extremes or
other important decision thresholds.

5. Tt uses proper scoring rules within a user-focused frame-
work, avoiding selection bias associated with condition-
ing on extreme observed or forecast events.

6. It supports aggregation across domains by accounting
for climatological differences via threshold weighting if
required.

As noted by Pic et al. (2025), there is an opportunity to
bridge the gap between the spatial verification methods and
proper scoring rules communities. This work offers one such
integration, and raises several opportunities for future re-
search:

— The approach could be extended to evaluate multivari-
ate forecasts by using threshold-weighted multivariate
scores, such as the threshold-weighted variogram score
(Allen et al., 2023) which is a proper scoring rule. This
approach could be used to evaluate compound events as
well as different variables simultaneously (e.g., surface
wind speed, temperature and relative humidity for fire
weather).

— Comparing this approach to other spatial verification
methods.

— Applying threshold-weighted scoring rules within
HiRA to ensemble forecasts, as in Mittermaier and
Csima (2017).

— Extending the approach to also account for timing er-
TOTS.

— Applying neighbourhood twCRPS to forecasts evalu-
ated with gridded rainfall observations, which is similar
to Stein and Stoop (2022) who used a neighbourhood
CRPS with gridded data.

— Comparing a potential CRPS measure (Gneiting et al.,
2025) that applies IDR using neighbourhood members
as covariates. This may be useful when models are spa-
tially sharper.

Finally, while most prior comparisons between AIWP and
traditional NWP models have relied on point-to-point verifi-
cation, this study shows that model rankings can differ when
assessed from a spatial perspective, consistent with findings
from Radford et al. (2025a). If AIWP models are to be op-
erationalised, adopting spatial verification methods aligned
with their practical use will be essential for accurately under-
standing their performance.

https://doi.org/10.5194/gmd-19-10651-2026
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Appendix A: twCRPS results for the 0.999
climatological threshold

Results for the twCRPS using a 0.999 climatological thresh-
old are shown in Fig. Al. The only instance in which the
HRRR was significantly better than GraphCast-GFS was
the 6h lead time when GraphCast-GFS 3 x 3 and HRRR
21 x 27 were compared. Results were also calculated using a
fixed 50 mm threshold at all locations and were similar (not
shown).

(a) twCRPS
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Figure Al. As for Fig. 3 but for the twCRPS with a threshold weight function of w(z) = 1(z > ¢(.999).
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Code and data availability. All  code to  reproduce
analysis and figures in this paper is available
https://doi.org/10.5281/zenodo.20438050 (Loveday, 2026).

All data used to reproduce this work is available at
https://doi.org/10.5281/zenodo.19672887 (Loveday and Hertneky,
2026).

The original data sources for the data stored in the above record
were retrieved from the following sources:

— One minute ASOS data were retrieved from https://
mesonet.agron.iastate.edu/request/asos/Imin.phtml (last ac-
cess: 9 September 2026) which contains an archive of data pro-
vided by the National Climatic Data Center.

— HRRR data was retrieved from https://hrrrzarr.s3.amazonaws.
com/index.html (last access: 9 September 2026).

— GraphCast-GFS  data  was  retrieved  from
//noaa-oar-mlwp-data.s3.amazonaws.com/index.html
access: 9 September 2026).

https:
(last

https://doi.org/10.5194/gmd-19-10651-2026

— ERAS data was retrieved from https://console.cloud.google.
com/storage/browser/weatherbench2/data/era5 (last access: 9
September 2026).

The twCRPS, CRPS for ensembles, Brier score for ensem-
bles, and Q-Q plots were added to the scores Python package
(Leeuwenburg et al., 2024) as part of this work and can also
be found at https://github.com/nci/scores (last access: 9 Septem-
ber 2026). The specific version of scores used in this work
was 2.5.0 (https://doi.org/10.5281/zenodo.18638494; Leeuwenburg
et al., 2026). Other methods including the Diebold Mariano (with
the Hering—Genton modification) test and isotonic regression can
also be found in the scores Python package.
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