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Abstract

Next-generation high-resolution (km-scale) climate models promise unprecedented accuracy in climate projections,
but realizing their potential requires robust methods to quantify how well simulations align with real-world
observations. Average-based metrics conventionally used for climate model evaluation ignore the physics encoded
in the fine-scale structures of km-scale simulations. To overcome this limitation, we propose a novel, statistically
principled evaluation methodology based on the likelihood function of a generative image model. Our method
provides a continuous similarity metric derived from the likelihood distribution of observation and simulation
snapshots, which can redefine the evaluation, intercomparison, and parameter tuning of high-resolution climate
models. We demonstrate the applicability and interpretability of this method by evaluating convective clouds
simulated by two state-of-the-art global km-scale models, using their outgoing infrared radiation fields. This work
establishes a scalable pathway toward observation-based evaluation of next-generation climate simulations.

Impact Statement

This new likelihood-based metric enables assessing physically relevant fine-scale structures in high-resolution
climate simulations, complementing existing evaluation methods and guiding the improvement of next-
generation climate models. This can enable more accurate climate projections, better suited to guide policy,
and societal responses to climate change.

1. Introduction

Global km-scale models are the frontier in climate modeling, simulating the atmosphere and ocean at an
unprecedented resolution of 10 km or less, with previously inaccessible physical detail (Stevens et al.,
2019). They are being developed to address long-standing limitations of low-resolution models, which
operate at grid spacings of around 100 km and rely on parameterizations to approximate unresolved
processes such as convection, cloud formation, and ocean eddies—approximations that drive major
systematic errors and biases. By resolving these processes more explicitly, km-scale models could
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substantially improve the accuracy of global and regional climate projections. However, significant
uncertainties remain due to parameterizations of remaining subgrid-scale processes. To isolate, under-
stand, and reduce these biases, km-scale models need to be thoroughly evaluated.

Satellite observations are essential for evaluating km-scale models. A model that cannot reproduce the
characteristics of today’s climate cannot be trusted to realistically simulate future changes under increased
atmospheric carbon dioxide. Kilometer-scale models simulate one possible trajectory of the weather over
many decades. The spatial and temporal statistics of this simulated time series dataset define the model’s
climate and should be consistent with observations. However, since weather is intrinsically stochastic,
individual simulated snapshots are not expected to match observed snapshots at that exact time. Instead,
the problem of climate model evaluation is to determine whether the model reproduces the statistical
properties of the observed climate system.

Traditionally, climate models are assessed by comparing spatio-temporally averaged outputs to
observations using skill metrics such as mean-square error, variance, or correlation (Gleckler et al.,
2008; Flato et al., 2013). Spectral analyses directly compare variance across spatial and temporal scales
(e.g., Fraedrich and Blender, 2003; Fredriksen and Rypdal, 2016). While informative, such metrics
cannot account for the inherent randomness of climate fields and disregard the high-resolution spatio-
temporal structure that encodes essential information about underlying physical processes (Labe and
Barnes, 2022). More comprehensive statistical approaches compare models and observations as
random processes or spatial fields but are limited to one-dimensional time series, long-term averaged
fields, or coarse spatial scales (e.g., Lund and Li, 2009; Zhang and Shao, 2015). Recent methods such as
the spherical convolutional Wasserstein distance (SCWD) introduce spatially aware distributional
comparisons, yet still cannot capture fine-scale spatial structures relevant for km-scale models
(Garrett et al., 2024).

Process-oriented diagnostics have been developed to explicitly target key physical structures,
particularly for deep convection. Organization indices such as Iorg (Tompkins and Semie, 2017)
quantify convective clustering and have been widely applied to both models and observations (e.g.,
Bony et al., 2020). Lagrangian tracking of mesoscale convective systems enables comparisons of
storm frequency, size, and lifecycle statistics against satellite climatologies (Feng et al., 2021) but is
typically limited to case studies of specific regions and sensitive to tracking algorithm design choices
(Prein et al., 2024).

Recent machine-learning–based approaches have begun to automate the evaluation of (km-scale)
climate models, demonstrating the potential of computer vision and representation learning methods
(Labe and Barnes, 2022; Brunner and Sippel, 2023; Mooers et al., 2023). However, existing studies rely
on global snapshots, spatial or temporal averaging, or variables that are not directly observable, limiting
their interpretability and applicability for model evaluation against observations. To improve models,
performance must be explicitly linked to physical processes that are localized in space and time, requiring
local diagnostics of the statistical consistency between models and observations.

Hence, a robust evaluationmetric for high-resolution climatemodels is needed that (1) assessesmodels
based on the statistics of simulated fields, without requiring paired simulations; (2) is local in time,
avoiding temporal averaging; (3) is local in space, avoiding both spatial averaging or only assessing large
areas at once; (4) evaluates a field directly observable (or closely related to those observable) by satellites;
(5) primarily evaluates the structures present in the field, rather than trivial differences in means or other
low-order statistics; and (6) provides a quantitative difference metric that enables direct comparison
across different model outputs.

To address this gap, we introduce a statistically motivated metric for evaluating km-scale climate
models directly against snapshots of satellite imagery. We first reproject observations and model outputs
onto a grid suitable to train neural networks. Then, we train a generative model on observational data to
learn a statistical representation of the climate system. We evaluate km-scale simulations based on the
divergence of likelihood distributions of simulations and observations, estimated from the trained model.
We present a case study evaluation of two state-of-the-art km-scale models, the Integrated Forecasting
System coupled to the FESOM ocean–sea ice model (IFS-FESOM, Rackow et al., 2025), and the
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ICOsahedral Nonhydrostatic model (ICON,Hohenegger et al., 2023), against observations fromNOAA’s
Geostationary Operational Environmental Satellite (GOES-16, Schmit and Gunshor, 2020). We focus on
convective thunderstorm clouds, which are a major source of uncertainty in climate projections (Stephens
et al., 2024). We analyze outgoing longwave radiation (OLR), a quantity observable from satellites and
commonly used as a proxy for high cloud cover and convective activity (Figure 1).

2. Methods: likelihood-based evaluation of km-scale models

The key question that climate model evaluation aims to answer is how well model datasets represent the
real climate system. To answer this question, we need to determine how similar the distribution of the
model data is to observational data. Since the data is high-dimensional, calculating the similarity between
two such datasets is not straightforward. For this purpose, we propose an evaluation framework based on
the likelihood function of a generative image model (Figure 2). It is trained on an observational dataset to
learn its statistical distribution and then places simulated data within this statistical distribution for
comparison. Finally, the similarity between models and observations is calculated using symmetrized
Kullback–Leibler (KL) divergence of their likelihood distributions. This produces a quantitative simi-
larity metric suitable for evaluating km-scale models.

2.1. Preliminaries

A km-scale climate model, initialized at time t0, generates a trajectory of weather states x01,x
0
2,… whose

statistics define the simulated climate. Observations provide a corresponding sequence x1,x2,… repre-
senting the real climate system. Weather is intrinsically stochastic, so we cannot expect xt ¼ x0t at any
given time t. Instead, the task of climate model evaluation is to assess whether the statistics of the
simulated climate are consistent with those of the observed system. Formally, we assume access to some
observational dataset X¼ x1,…,xNf g, generated from an unknown data-generating distribution,
xi � pobs xð Þ, and a simulated dataset X0 ¼ x01,…,x0M

� �
drawn from a km-scale model distribution

x0i � qmodel xð Þ. Here, each sample xi (and x0i) corresponds to a local patch rather than a global snapshot.
Multiple models may be considered, each creating different datasets X0

1,X
0
2,…,X0

K . The evaluation
problem is to quantify the similarity between pobs and qmodel,k.

2.2. Creating directly comparable observation–simulation datasets

Evaluating climate models against observations requires directly comparable observation and simulation
datasets that represent the same variable and lie on the same grid. For neural network applications, the grid
should represent sub-regions of the globe as a contiguous matrix and provide an equal-area discretization
of the sphere to ensure global statistical consistency.

Figure 1. Example high-resolution snapshots of satellite observations and climate model simulations.
Left: globally merged geostationary satellite image (11 μm brightness temperature) from the preliminary
ISCCP-ng dataset (CIMSS, 2025). Right: outgoing longwave radiation (OLR) field simulated by the
nextGEMS ICON model (Segura et al., 2025).
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2.2.1. Conservative remapping of geospatial data on curvilinear grids
We reproject all datasets onto the HEALPix grid (Górski et al., 2005), which satisfies the above-
mentioned requirements. To minimize interpolation artefacts that could bias model–observation com-
parisons, we use a first-order conservative remapping scheme (Jones, 1999). This requires constructing
pixel boundaries for the satellite dataset from pixel (center) coordinates. We approximate each corner as
the midpoint in latitude–longitude space between the four neighboring pixel centers on the curvilinear
grid. At km-scale resolution, this approximation is sufficiently accurate as spherical distortions are
negligible.

2.2.2. Removing large-scale biases via histogram matching
To evaluate small-scale features rather than large-scale biases, we standardize simulated data using
histogram matching. Let Fobs and Fsim denote the empirical cumulative distribution functions (CDFs) of
observations and simulations, respectively, computed jointly across all spatial points. Each simulated
value x0 is transformed as ~x0 ¼F�1

obs Fsim x0ð Þð Þ, so that the transformed simulation ~x0 follows the observed
distribution. In practice, the CDFs are constructed from discretized histograms, and the mapping is
implemented by finding the smallest observation bin whose cumulative probability exceeds that of the
simulated value.

2.3. Generative model likelihoods for similarity estimation

We fit a likelihood-based generative model p x;θð Þ to the observational dataset X, with trainable
parameters θ. We use a normalizing flow (see Section 2.4), although any likelihood-based generative
model could be used. Here, each xi ∈X represents a square spatial patch of the input data on the HEALPix
grid. The trained model provides a likelihood distribution for observational snapshots under p x;θð Þ
against which model datasets are evaluated. Formally, we estimate discrete log likelihood distributions:

Figure 2. An overview of our likelihood-based framework for km-scale climate model evaluation. (1) We
remap model and observation datasets onto the HEALPix projection to extract square patches for
processing by the generative model. (2) A normalizing flow model is trained on observations only and
(3) used to compute the likelihood distribution of observations and km-scale simulations. (4) We score the
similarity between simulations and observations by calculating the symmetrized KL-divergence between
their likelihood distributions. (5) Likelihood distributions can be stratified by time or location to gain
further insights into spatial and temporal biases.
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Lobs ¼ logp x1;θð Þ,…, logp xN ;θð Þf g, and Lmodel ¼ log p x01;θ
� �

,…, log p x0M ;θ
� �� �

: (1)

We then compute the symmetrized KL divergence between the two distributions of log likelihoods of the
observed data, Lobs, and the model data, Lmodel:

DSKL Lobs∥Lmodelð Þ¼ 1=2 DKL Lobs∥Lmodelð ÞþDKL Lmodel∥Lobsð Þ½ � (2)

This divergence is zero if the two distributions are identical and increases without bound as they diverge,
thus providing a metric quantifying the similarity between observations and simulations.

Likelihoods are computed for individual patches, which we can stratify by time or location to
investigate temporal and spatial biases. Alongside each patch, we retain metadata: local solar time t
and central latitude-longitude coordinates ϕ,λð Þ. To study temporal biases, we group by local solar time
and compare the conditional likelihood distributionsLobs∣t andLmodel∣t. To study spatial biases, we group
by patch coordinates and compare Lobs∣ ϕ,λð Þ and Lmodel∣ ϕ,λð Þ, computing DSKL within each subset.

2.4. Normalizing flow likelihoods

Normalizing flows are a family of generative models that use a sequence of invertible and differentiable
transformations to map a simple base distribution (e.g., a standard normal) into a complex target
distribution matching the data of interest (Dinh et al., 2015; Kingma and Dhariwal, 2018). Unlike other
generative models such as generative adversarial networks or variational autoencoders, which provide
only implicit or approximate likelihoods, normalizing flows offer both tractable likelihood evaluation and
efficient sampling.

Flow-based generative models define an expressive probability density on the data of interest x∈ℝD

by applying an invertible, differentiable mapping f �;θð Þ :ℝD !ℝD to a simple base random variable z.
Using the change-of-variables formula, the exact log likelihood of a given sample x is:

logp x;θð Þ¼ logpZ f x;θð Þð Þþ log det ∂f x;θð Þ=∂xð Þj j: (3)

Given a training dataset D¼ x nð Þ� �N

n¼1 normalizing flows are trained to maximize the total log
likelihood

P
n logp x nð Þ;θ

� �
with respect to θ. We use a neural spline flow (NSF) (Durkan et al., 2019),

which employs monotonic rational quadratic splines to construct f �;θð Þ (see Section 3.1 and
Supplementary Appendix C).

3. Experiments and results

We use our framework for a case study evaluation of two km-scale models, IFS-FESOM and ICON
against geostationary satellite observations from GOES-16. We analyze snapshots of top-of-atmosphere
OLR and thereby focus our evaluation on deep convective clouds.

We use PyTorch lightning for neural network training and evaluation. We extend the NSF implemen-
tation provided by Durkan et al. (2019) to process our OLR datasets. We compare the results of our
evaluation method to three baseline metrics: mean absolute error (MAE), multifractal parameters
(Freischem et al., 2024), and spherical convolutional Wasserstein distance (SCWD, Garrett et al., 2024).

3.1. Datasets and experimental setup

3.1.1. Kilometer-scale OLR simulations
We evaluate data from two global km-scale coupled models: ICON (Hohenegger et al., 2023) and IFS-
FESOM (Rackow et al., 2025). Both models parametrize radiation, turbulence, and cloud microphysics,
but IFS includesmore parametrizations such as deep and shallow convection. ICON directly outputs OLR
(W=m2) while IFS provides top net thermal radiation (ttr) equal to negative OLR accumulated over each
hour (J=m2), which we convert to OLR using: OLR¼�ttr= 3600 sð Þ. We analyze nextGEMS cycle
4 simulations (Segura et al., 2025), initialized with ERA5 reanalysis (Hersbach et al., 2020) at 00:00 UTC
on 20 January 2020 and integrated for 30 years at�10 km atmospheric and 5 km ocean resolution. Model
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outputs are saved on the HEALPix grid. We use the finest resolution available, HEALPix zoom level
9, with a grid spacing of � 0:115∘ ≈ 12:7 km.

3.1.2. GOES-16 OLR observations
Weuse observations from theGOES-16 satellite, launched in 2016 and positioned at 75.2°W. It carries the
Advanced Baseline Imager (ABI), which provides full-disk images at 2 km resolution every 10 minutes
(Schmit and Gunshor, 2020). We estimate OLR from ABI narrowband infrared measurements
(Supplementary Appendix A; Lee et al., 2010) and remap it onto the HEALPix grid using the climate
data operators’ conservative remapping tool (Schulzweida, 2023).

3.1.3. Region, time period, and train/val/test split
We analyze the tropical band visible from GOES-16, which ranges from 20° to 130°W, using 1 year of
data (2024) at hourly intervals. We split the dataset temporally into training, validation, and test sets for
ourmachine-learningmodels.More specifically, we use days 1 to 15 of eachmonth for training, days 20 to
23 for validation, and days 26 to 29 for testing. We leave gaps to reduce information leakage between the
three datasets; this choice is motivated by the atmospheric predictability in the tropics, where small-scale
( < 100 km) features typically lose memory of their initial conditions within 5–7 days (Judt, 2020).

3.1.4. Data processing
We empirically determine the range and distribution of values in our model and observation datasets from
the training set by computing OLR histograms at a bin width of 0:5 W=m2. The histograms are used to
derive the CDFs of our three datasets and create lookup tables between the model and observation CDFs
for histogram matching of the simulated OLR data to GOES OLR observations. Finally, OLR values are
scaled to the range (0, 1) using empirically determined GOES minimum (94:1 W=m2) and maximum
(398:9 W=m2) OLRvalues. All three datasets are patched into 64× 64 pixel patcheswith a 32-pixel stride.
For GOES, this yields 1,127,251 training and 380,781 validation patches.

3.1.5. Training a NSF on GOES-16 observations
We train an NSF (Durkan et al., 2019) to model the GOES-16 OLR data. The model was trained for
20 epochs on 1 NVIDIA A100 GPU with a batch size of 64. Trained in an unsupervised fashion to
maximize dataset likelihood (Section 2.4), the model achieves average log likelihoods of 3.56 and 3.53
per pixel on the training and validation sets, respectively. Likelihoods are normalized per pixel to enable
comparison across resolutions. The model assigns highest likelihoods to cloud-free patches and lowest
likelihoods to patches containing popcorn convection; it generates realistic OLR patches, and sensitivity
tests confirm robustness to NSF hyperparameters (Supplementary Appendix C).

3.2. Quantitative evaluation of km-scale models against observations

We evaluate the realism of OLR fields simulated by km-scale models by computing the symmetrized KL
divergence of the likelihood distribution between each model output and the observations. Models that
replicate the observed climate distribution in the input region will have a lowDSKL (approaching 0), while
models which fail to capture (high-resolution) features of the data distribution will have higherDSKL. We
additionally calculate DSKL between two halves of each dataset for comparison. All DSKL calculations in
this section discretize likelihood distributions using 100 bins, and error bounds were estimated using
bootstrap resampling.

The likelihood distributions of both observations and simulations are bimodal (Figure 3). The two
modes correspond to clear and cloudy scenes, with cloudy being defined as patches containing over 40%
cloudy pixels based on a threshold of 200 W=m2. Although the peaks of both modes are of similar sizes in
GOES and ICON, the IFS-FESOM simulations seem to contain more clear sky than cloudy patches. The
NSF assigns particularly high likelihoods to cloud-free scenes, whereas cloudy scenes with a lot of small-
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scale variability get assigned the lowest likelihoods (Supplementary Appendix Figure D3). The two
models show distinct biases (Table 1). ICON is closer to observations and shows lower divergence over
land than ocean, while IFS-FESOM diverges strongly. Notably, IFS-FESOM scores significantly worsen
when the likelihood distribution is split by ocean and land.DSKL between training and validation splits is
very low for all datasets, confirming internal consistency (Supplementary Appendix Table D4).

3.3. Revealing spatial and temporal patterns of divergence

Next, we examine the spatial and temporal origins of the biases identified by our metric by conditioning
likelihood distributions on patch center coordinates or local solar time (Section 2.3). This analysis reveals
distinct spatial and temporal patterns in model errors. Figure 4 shows the divergence at each patch

Figure 3. Histograms of log likelihoods under the neural spline flow trained on GOES satellite data.
(A) shows the likelihood distribution of GOES compared with two km-scale simulations IFS-FESOM and
ICON. (B) shows likelihood distributions split by fraction of cloudy pixels per patch.

Table 1. Symmetrized KL divergence of likelihood distributions of outgoing longwave radiation fields
of two km-scale models IFS-FESOM and ICON, compared to GOES-16 geostationary satellite

observations

Overall Ocean Land

DSKL LIFS�FESOMkLGOESð Þ 1:494 ± 0:036 2:433 ± 0:044 2:332 ± 0:069
DSKL LICONkLGOESð Þ 0:057 ± 0:001 0:110 ± 0:001 0:008 ± 0:001

Figure 4.Analysis of spatial biases in outgoing longwave radiation of two km-scale models, IFS-FESOM
and ICON, compared to GOES-16 geostationary satellite observations. Top row: maps of mean log
likelihood for each patch across the input region. Bottom row: maps of symmetrized KL divergence
between patch-wise likelihood distributions of IFS-FESOM and ICON compared to GOES-16.
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location. For ICON, the higher divergence over the ocean (Table 1) is concentrated in the south-western
part of the domain, where deep convection is largely absent. By contrast, convectively active regions are
represented exceptionally well. This indicates that ICON realistically captures deep convective structures
but struggles in regimes dominated by shallow convection and clear-sky conditions. IFS-FESOM, by
comparison, exhibits high divergence more uniformly across the domain, with larger errors in convec-
tively active regions, pointing to systematic biases in both cloudy and clear-sky regimes.

Temporal stratification reveals further structure in model biases (Figure 5). Deep convective clouds
respond strongly to the diurnal cycle of incoming solar radiation, especially over land (Jones et al., 2023).
Since clouds modulate OLR, their diurnal cycle is also expressed in the OLR signal. Climate models are
known to struggle to capture the diurnal cycle accurately (Yin and Porporato, 2017), making it a critical
test of model realism. The divergence between IFS-FESOMandGOES observations shows clear time-of-
day dependence, with agreement improving in the early afternoon when convective activity peaks. While
snapshot-based evaluation allows temporal analysis of biases, likelihood histograms converge after about
1 month (Supplementary Appendix Figure D5).

3.4. Metric comparison and sensitivity tests

We compare our method to relevant baselines: OLR MAE, SCWD, and multifractal parameters
(Supplementary Appendix D). MAE reveals opposite biases to our approach, reflecting large-scale mean
errors that are removed by histogram matching. SCWD closely mirrors MAE, indicating sensitivity to
similar large-scale discrepancies. In contrast, multifractal analysis finds biases more similar to those
revealed by our likelihood-based approach, consistent with both approaches probing fine-scale spatial
variability. Our method is, however, more expressive, capturing model errors beyond scaling behavior
alone. We further assess the sensitivity of our results to variations in NSF architecture, data standardiza-
tion, and input patch size. Likelihood scores are consistent with those obtained for the original model
setup. This robustness emphasizes the ability of our method to reliably evaluate models based on small-
scale structural features.

4. Discussion

Climate model evaluation is critical for ensuring that simulations faithfully represent the Earth system and
provide reliable climate projections. Traditional evaluation methods, developed for low-resolution
models, rely on bias metrics or low-order statistics and therefore cannot assess the spatial and temporal
structures explicitly resolved at kilometer scale. To address this gap, we introduce a new framework that
derives a quantitative similarity metric from the likelihood distribution learned by a normalizing flow
model. Unlike existingmetrics, this approach directlymeasures the similarity of distributions of simulated

Figure 5.Analysis of temporal biases of two km-scale climate models, ICON and IFS-FESOM, compared
to GOES-16 geostationary satellite observations. Diurnal cycle of (A) average log likelihood and (B) the
divergence between likelihood distributions of models and observations.
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and observed snapshots. To facilitate the direct, fine-scale focused comparison between models and
observations, we present a dataset-agnostic procedure for homogenizing dataset grid projections and
removing large-scale biases via histogram matching.

We present a case study evaluation of two km-scale climate models, IFS-FESOM and ICON. Our
results demonstrate that the likelihood-based method can robustly distinguish between models and
observations, identifying spatio-temporally local biases in both models. Overall, ICON exhibits closer
agreement with observations across regions and the diurnal cycle than IFS-FESOM. Nonetheless, it has a
slight shift toward lower likelihoods compared with GOES, most likely because it simulates too small,
unorganized convective cells, as expected for km-scale models with no convective parameterization
(Wille et al., 2025; Takasuka et al., 2026). IFS-FESOM has an opposite consistent bias toward higher
likelihoods, due to more organized convection and thus larger structures and clearer sky regions in OLR
fields.

Our likelihood-based approach provides an objective, quantitative, and dataset-agnostic metric that
captures both overall similarity and the spatial–temporal structure of model biases. The comparison with
MAE and SCWD highlights that our framework provides a complementary perspective. While MAE and
SCWD capture magnitude biases locally and in regional distributions, our method directly probes fine-
scale spatial structures in simulated fields, offering sensitivity to physical processes such as cloud
formation at resolutions relevant for km-scale models. For a comprehensive evaluation of model biases,
traditional metrics need to be used alongside fine-scale focused methods such as the likelihood-based
evaluation introduced here. Histogram matching removes differences in the OLR distribution, thereby
discarding information about absolute magnitude biases. This choice is intentional to isolate morpho-
logical differences between models and observations. Alternative normalization strategies could be
adopted if the evaluation objective is to retain sensitivity to absolute biases.

The framework introduced here enables rigorous comparison of simulations with observations,
offering guidance for the calibration and improvement of next-generation kilometer-scale climatemodels.
While our case study focused on outgoing longwave radiation, the framework is readily extensible. Future
work includes incorporating additional variables, such as shortwave radiation, water vapor, or precipi-
tation for a more comprehensive assessment of model realism.

Supplementary material. The supplementary material for this article can be found at http://doi.org/10.1017/eds.2026.10054.
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