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ABSTRACT: Climate model simulations are an important source of information about our planet’s 
climate system and also enable informed decision-making under different future scenarios. As 
a new archive of results from the next generation of climate models is anticipated to become 
available with the Coupled Model Intercomparison Project phase 7 (CMIP7), the need to develop 
efficient and robust methods to evaluate models is paramount. Observations are an integral part 
of model evaluation, providing a means to quantify and understand the degree to which climate 
models can faithfully reproduce Earth system processes. Such analysis is critical for constraining 
climate projections, identifying areas of focus for model development, and assisting analysts in 
deciphering the utility of models for specific applications. Observations of Earth system come from 
a diversity of sources, span different space–time domains, and are produced by different com-
munities, and each dataset features different data structures and formats, metadata standards, 
and its own unique uncertainties. Uncertainties in an observational dataset may stem from gaps 
in temporal and spatial coverage, instrumentation errors, or assumptions in retrieval and process-
ing methods. How then does one ensure that observational data are ready for use and utilized 
in the most appropriate way for robust, rapid, and routine climate model evaluation? The CMIP7 
Model Benchmarking Task Team with input from the broader climate modeling, model evalua-
tion, and observational data communities present a vision and considerations for best practices 
toward the optimal and appropriate use of observational data to support next-generation climate 
model evaluation.
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1. Introduction
Building climate models that are able to realistically simulate Earth system processes and 
feedbacks, and thereby be useful for societal decision-making, depends on the rigorous 
evaluation of simulated results against the observed world. As climate models increase in 
complexity and spatial resolution, and the sheer size of their archived output grows, it is be-
coming necessary to consider and develop best practices and standards agreed upon by the 
modeling, evaluation, and observational communities to facilitate efficient as well as robust 
model evaluation. We define efficient evaluation as methods that allow the community to go 
from raw model output to scientific insight at a faster rate than the present. Robust evaluation 
methods are those that rigorously assess climate model performance by ensuring accurate 
and reproducible comparisons with observations, while also accounting for observational 
uncertainty and model variability, to identify the most representative measures of model 
fidelity. This requires intentional coordinated, transparent, and sustainable efforts between 
model developers, analysts, software developers, and observational data scientists.

The World Climate Research Programme’s (WCRP) Coupled Model Intercomparison Proj-
ect (CMIP) provides a key framework necessary for large-scale climate and Earth system 
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how well they capture the real world. Real-world observations play an important role in under-
standing how well climate models represent Earth’s climate system. We describe various aspects 
of using observations for model evaluation and suggest best practices to make this process more 
efficient, accurate, and inclusive of a wider number of observed phenomena. Considerations and 
best practices are presented for the use of observations in climate model evaluation. The discussion 
centers on practices to support next-generation evaluation for Coupled Model Intercomparison 
Project simulations.
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model (ESM) simulation and evaluation efforts (Durack et al. 2025c). Looking ahead, the 
WCRP established Task Teams (TTs) to support the upcoming CMIP phase 7 (CMIP7). Rec-
ognizing the need for routine and rapid model evaluation capabilities to advance CMIP’s 
scientific goals, the CMIP7 Model Benchmarking TT (MB-TT) was formed. The MB-TT 
was tasked with delivering guidelines and technical specifications for the infrastructure 
necessary for robust and rapid climate model assessment fully and seamlessly integrated 
into the CMIP7 framework. The MB-TT, in extensive collaboration with other CMIP7 TTs, 
WCRP activities, and the broader modeling and observational communities, seeks to 
achieve this nontrivial goal through scientific publications that describe the climate model 
evaluation landscape (Hassler et al. 2026) and assess and communicate considerations 
and cross-community needs, in addition to the development and implementation of the 
Rapid Evaluation Framework (REF; Hoffman et al. 2025). In tandem with the REF develop-
ment, and addressing the WCRP’s Earth System Modeling and Observations (ESMO) project 
objectives, the MB-TT also aims to synthesize best practices for integrating observational 
data for model evaluation.

In this paper, we focus on the central role that observational data play in model evalua-
tion and present a vision for considerations and best practices for observation–model com-
parisons in the assessment of climate model performance. We frame these considerations 
in the context of advancing large-scale multimodel evaluation capabilities for CMIP7, but 
these can be applied more broadly to the assessment of single models, in-house evalua-
tion routines applied during model development, and across CMIP generations. Many of 
the ideas developed herein are the result of cross-community discussions initiated dur-
ing the first phase of REF development. Through this paper, we hope to actively promote 
engagement across modeling and observational data communities as cross-community 
collaborative efforts can both motivate the need for novel and sustained observations and 
aid in the full utilization of existing products for model evaluation and development. Every 
effort has been made to ensure these best practices not only just address observational 
data requirements from the modeling centers and model analysts but also highlight the 
challenges faced by observational data providers and the critical role they play in the 
process of model evaluation.

Before framing our considerations and best practices, which is the main focus of the pa-
per, we begin in section 2 by presenting a brief discussion on past and ongoing efforts that 
have targeted improving the efficiency of large-scale multimodel evaluation frameworks. 
Throughout this manuscript, we refer collectively to both purely physical coupled model 
configurations and their more complex extensions, ESMs, simply as “climate models.” We 
focus on climate models contributing to CMIP and on model evaluation, rather than “bench-
marking,” as described in Hassler et al. (2026).

As we define “climate model evaluation” as the process of assessing simulations against 
observations (Hassler et al. 2026), in framing our considerations and best practices, we begin 
section 3 with a discussion on the development of appropriate metrics for observation–model 
comparison to facilitate meaningful measurements of climate model fidelity (Gleckler et al. 
2008; Flato et al. 2013). Section 3a serves to address the many factors that must be consid-
ered, treated, and communicated appropriately in striving for a fair assessment of model 
performance.

In subsequent sections (sections 3b–h), we suggest best practices to ensure appropriate 
comparisons and that these assessments can be done in such a way to support efficient 
large-scale climate model evaluation in the face of growing model complexity and data volume. 
Section 3i presents a brief discussion on the issue of underutilized observational datasets 
and the opportunity to expand the existing archive of ready-to-use datasets for evaluation. 
Section 3j briefly discusses the evolving role of artificial intelligence and machine learning 
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in methods in the climate model evaluation workflow. We close the paper by proposing a call 
for cross-community action to address the issues presented here and a vision for future-ready 
observations to unlock the next generation of robust, rapid, and routine climate model evalu-
ation. Best practices from each section are summarized in Table 1.

Finally, we note that although the focus of this paper is on model evaluation, this dis-
cussion is also relevant to other phases of model development where observations play 
a key role (Fig. 1). This includes model initialization [e.g., using observed hydrography 
for ocean initial conditions (Griffies et al. 2016); prescribing boundary conditions and 
external forcing (Meinshausen et al. 2017; Durack et al. 2025a), as proxies for parameters 

Table 1.  Best practices and guidance for the use of observational datasets for climate model evaluation. 
The relevant section that discusses each recommendation is listed in the right column.

No. Guidance Section

1 Use multiple observations to minimize observational uncertainty, identifying 
dependencies between them

Section 3a: Ensuring the 
appropriate model to 

observational comparisons 
in metric development

2 Ensure variables being compared represent the same quantity

3 Account for differences in forcings and required length of observational records

4 Ensure evaluation is tailored to processes (adequately) represented in models

5 Consider the experimental design (e.g., historical, AMIP, OMIP, DCPP)  
used to run the models when comparing them with observations

6 Perform regridding or sampling only when absolutely essential. Where  
needed, this is best done by observational data providers or with guidance 

provided by providers so uncertainties are quantified appropriately

Section 3b: Spatial 
resolution and sampling 

frequency

7 Observational datasets with and without gap filling to be made available for 
evaluation and where possible gap filling and up- or downscaling to be done 
by the data providers with associated uncertainties provided for evaluation

Section 3c: Approaches for 
scaling, gap-filling, and 

extrapolating data

8 Vocabulary around what quantity is represented by a certain variable name 
and the uncertainty fields pertaining to the variable (e.g., standard error) to be 

clearly documented

Section 3d: Quantifying 
data uncertainties better

9 Where observations may be proxies or processed, care to be taken to evaluate 
and account for uncertainties appropriately

10 Clear and concise documentation on uncertainties to be provided by  
observational data providers and to be incorporated in evaluation

11 Continuous cross-community engagement, including updates on uncertainty 
guidance based on feedback received from the community or when novel data 

and processing methods are introduced for observations

12 Point source to gridded data conversion only to be done when essential  
and where possible by data providers. Care is to be taken to account for  
differences between model and observational point sources such as with 

regards to topography and landscape representation

Section 3e: Point 
observations

13 Construction of time series and climatology for observational and model  
data to follow the same process and associated information used for this  

such as grid resolution and gaps be included.

Section 3f: Time series and 
climatologies

14 Observational datasets to follow data standards and conventions such  
as CMOR and CF for technical alignment with climate model data and  

easy access for evaluation

Section 3g: Data formats 
and conventions

15 Observational datasets should include important information such as  
digital object identifiers, version, and provenance and be easily  

accessible through open-source projects such as Obs4MIPs

Section 3h: Versioning, 
archiving, and distributing 

observational data

16 Community engagement activities should be planned around identifying  
under and unutilized datasets for model evaluation as well as to identify  

potential climate variables as part of new satellite missions or data  
collection projects that may benefit new processes developed in the next 

generation of climate models

Section 3i: Opportunities 
to expand the ready-to-use 

observational  
dataset archive

17 Include information regarding uncertainty and artifacts in the data  
due to novel methods used

Section 3j: AI, ML, and 
hybrid observations

Unauthenticated | Downloaded 04/16/26 04:25 PM UTC



A M E R I C A N  M E T E O R O L O G I C A L  S O C I E T Y A P R I L  2 0 2 6 E817

or human activities (Bontemps et al. 2012); and informing process-oriented model vali-
dation (Eyring et al. 2004, 2005)]. The model development process also integrates into 
and motivates many phases of observational product development (Mueller et al. 2013; 
Poschlod and Koh 2024) (Fig. 1).

2. Current landscape to support efficient and robust evaluation
The key to supporting efficient and robust model evaluation efforts is ensuring that 
well-established and documented observational products are readily accessible and techni-
cally aligned with climate model output. Specifically for multimodel CMIP evaluation, where 
many climate model simulations are assessed in tandem, it is ideal that the observational 
datasets are also readily available on the Earth System Grid Federation (ESGF) platform 
(Williams et al. 2016; Petrie et al. 2021), where CMIP output is archived and distributed. 
Meeting these two requirements improves efficiency by reducing the overhead of having 
analysts independently search for, download, and preprocess the datasets themselves. These 
coordinated practices can help limit the potential for errors and inconsistencies to propagate 
into the evaluation framework resulting from analysts making independent choices on the 
treatment of observational datasets in their assessments.

Recognizing existing barriers and the requirements noted above, strong foundations 
have been laid by existing projects that have targeted advancing climate model evaluation 

Fig. 1.  An illustration of the different ways in which model development and model data analysis interface within various  
phases of the development of observational data products. Black lines show how observations feed into the model development 
process, and green lines show where model processes can influence observational data production and development (Hegedűs 
et al. 2026).
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capabilities, including the Observations for Model Intercomparison Project (Obs4MIPs; 
Teixeira et al. 2014; Ferraro et al. 2015; Waliser et al. 2020) and the Collaborative Reanalysis 
Technical Environment–Intercomparison Project (CREATE-IP; Potter et al. 2018—previously 
Ana4MIPs). These efforts have provided technically aligned, well-documented, and mostly 
global, gridded observational datasets (Obs4MIPs) and output from atmosphere and ocean 
reanalysis products (CREATE-IP) available on ESGF. This has supported routine model evalua-
tion efforts, and Obs4MIPs and CREATE-IP datasets have been successfully incorporated into 
the workflow of model evaluation tools including the ESM Evaluation Tool (ESMValTool; Righi 
et al. 2020; Eyring et al. 2020), the Program for Climate Model Diagnosis and Intercomparison 
(PCMDI) Metrics Package (PMP; Lee et al. 2024), the International Land Model Benchmarking 
(ILAMB; Collier et al. 2018), and International Ocean Model Benchmarking (IOMB; Fu et al. 
2022) packages and other packages compatible with the Coordinated set of Model Evaluation 
Capabilities (CMEC; https://cmec.llnl.gov/).

The Obs4MIPs and CREATE-IP efforts have introduced successful frameworks that can be 
further developed and improved, but considerable work is needed to expand these archives 
to include a larger suite of observational datasets covering more climate realms and Earth 
system variables. For example, most Obs4MIPs datasets are global atmospheric fields or 
limited to the ocean’s surface layer, with a notable lack of in situ, regional, and station-based 
observations that capture local-scale variability. The observational data available are also 
mostly at monthly mean resolution and on grids with approximately 100-km grid spacing, 
with a lack of inclusion of higher-frequency or finer horizontal-resolution datasets. Addition-
ally, an ongoing challenge is the ability to produce updates and versioning of the available 
products, which requires human resources and expanded archive space.

While Obs4MIPs is actively accepting and publishing new gridded data products and ver-
sions, with plans for an updated and improved submission workflow, the CREATE-IP archive 
on ESGF is no longer being updated with reanalyses since 2020. However, renewed efforts 
are currently under way through the World Meteorological Organization Integrated Process-
ing and Prediction System (WIPPS) program to ensure that global climate reanalysis data 
are continuously generated and made available to users, accompanied by clear documenta-
tion and visualization tools. Currently, there are three WIPPS Designated Centres for global 
climate reanalysis data: ERA5 data from the European Centre for Medium-Range Weather 
Forecasts (ECMWF), CMA Global Atmospheric Reanalysis-40 (CRA-40) data from the China 
Meteorological Administration (CMA), and MERRA-2 data from the U.S. National Aeronautics 
and Space Administration (NASA). These three datasets along with the National Aeronautics 
and Space Administration (JRA-3Q) data from the Japan Meteorological Agency (JMA) will 
ultimately be made available on one platform, thus facilitating intercomparison of global 
reanalysis products including the provision of data on comparable grids.

With a growing diversity of Earth system observations available and lengthening records, 
there is an opportunity to leverage and contribute to the existing Obs4MIPs framework and 
other ongoing efforts such as those discussed above to improve evaluation capabilities in 
preparation for CMIP7.

3. Observational data considerations for evaluation
a. Ensuring appropriate model-to-observational comparisons in diagnostic development.  
In building a performance metric to quantify model fidelity and provide insight into a 
model’s fitness for purpose (i.e., whether it is an appropriate tool for a specific scientific or 
decision-making objective), one must first ensure that suitable observational datasets exist 
for the climate variable or process of interest. Achieving appropriate “like-for-like” compari-
sons presents significant challenges both philosophically and technically. Philosophically, 
evaluating model fidelity through comparisons with observations rests on the assumption 
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that available observational datasets provide a reliable reference for a given climate phe-
nomenon. Ideally, such comparisons enable an objective assessment of how well a model 
represents key aspects of the real climate system—i.e., whether or not a model represents the 
mean state, variability, trends (Simpson et al. 2025), or processes of the climate system as 
captured in instrumental records. However, observational records themselves may be imper-
fect for a variety of reasons, precluding the assumption that they objectively represent the 
actual climate state. Imperfections may stem from a diversity of sources including but not 
limited to, measurement errors and uncertainties, gaps in spatial and temporal sampling or 
coverage, errors introduced in retrieval or refinement of raw datasets, or uncertainties asso-
ciated with the underlying numerical models used in data assimilation and state estimation 
approaches.

In some cases, despite identical naming conventions and units, in model output and 
observational products, two variables may not actually be representing the same prop-
erty or process. There are two distinct issues here; one being that the observational and 
modeling community might have different working definitions of the same variable—i.e., 
the climate variable name provided in CMIP’s Controlled Vocabulary (CV; Durack et al. 
2025b) is identical to that used by the observational community but represents different 
physical processes (e.g., leaf area index; Fang et al. 2019). The second issue arises from 
the fact that what climate models may be simulating for a particular variable and what 
the observational instruments are measuring are not the same, despite both sharing the 
same name (e.g., precipitation/clouds; Stephens and Kummerow 2007). We discuss specific 
examples of these issues later when presenting considerations for quantifying uncertain-
ties (see section 3d).

Evaluation diagnostics also must consider differences in climate forcings such as regional 
aerosols, emission-driven versus prescribed carbon dioxide (CO2), land-use changes across 
models and observations (Eyring et al. 2016), and differences in intrinsic variability simulated 
by the model versus that experienced in reality. Importantly, in historical simulations initial-
ized from preindustrial control runs, the simulated state of the main modes of internal (or 
unforced) climate variability is expected to be out of phase with the observed state over any 
period of comparison (Meehl et al. 2014; Fasullo et al. 2020). Similarly, the observed world in 
which the datasets for comparison were collected represents only one potential reality (i.e., 
one instance) within a dynamically chaotic climate system (Notz 2015). Additionally, different 
climate phenomena evolve on diverse time scales, and thus, different observational record 
lengths are required to estimate the mean state and variability against which to compare 
model results.

Missing or incomplete representation of climate processes or Earth system components 
in climate models can also complicate comparisons. For example, until recently, fresh-
water input from ice sheet dynamical changes has not been represented in climate model 
simulations due to the lack of incorporation of interactive ice sheet model components 
(Schmidt et al. 2023), even though there has been an observed acceleration of land–ice 
mass loss (Fox-Kemper et al. 2021). Similarly, uncoupled simulations forced with prescribed 
surface boundary conditions such as atmosphere (AMIP; Gates 1992; Gates et al. 1999) or 
ocean–sea ice-only configurations [Ocean Model Intercomparison Project (OMIP); Griffies 
et al. 2016] are, by design, lacking full Earth system process representation and thus lim-
iting important interactions and feedbacks between climate realms. Evaluating coupled 
and uncoupled configurations in tandem to isolate potential sources of model biases is 
common (Walsh et al. 2002; Wang et al. 2009; Chen and Schneider 2014; Anandh et al. 
2021; Mizuochi et al. 2021); however, developing diagnostics must be approached differ-
ently for the two configurations, specifically when interpreting reasonable expectations of 
agreement with observed phenomena, given different measures of realism. For example, 
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sometimes uncoupled configurations may be closer to the observed state of a given climate 
phenomenon because the forcing (e.g., prescribed sea surface temperatures) constrains the 
model state more than a freely evolving coupled configuration.

In acknowledging the imperfect nature of both observational datasets and climate 
model simulations as illustrated above, it is critical to include as many observational 
datasets and climate model ensembles as possible in diagnostic development to ensure 
robust evaluation. While helpful for a multiple lines of evidence approach, dependencies 
between different products for a single variable should be considered in the interpretation. 
Developing comparison frameworks that utilize multiple independent observational esti-
mates of a single climate variable will help to capture the potential range of uncertainty 
(Gómez-Navarro et al. 2012; Gibson et al. 2019; Zumwald et al. 2020; Lauer et al. 2023; 
Evans and Imran 2024). Additionally, utilizing ensembles of climate model simulations 
provide a better estimate of the potential range of given climate variable due to simulated 
internal climate variability and model uncertainty (Kay et al. 2015; Deser et al. 2020; 
Maher et al. 2021).

The caveats noted here do not preclude the utility of using observational datasets to assess 
climate model simulations. Instead, they call attention to important considerations diagnostic 
developers should be aware of to ensure that robust assessments are made and that uncer-
tainties are being carefully considered and communicated appropriately.

b.  Spatial resolution and sampling frequency.  Model resolution has increased across  
successive CMIP generations, with a greater number of participating models approaching 
25–50 km in the atmosphere and 10–25 km in the ocean (Roberts et al. 2025). Comparing 
CMIP3 with CMIP6, the average ocean horizontal grid spacing employed in coupled configu-
rations has approximately halved from ∼133 km in CMIP3 to ∼58 km in CMIP6, with sev-
eral models entering the eddy-permitting regime and allowing for the explicit simulation of  
the ocean mesoscale (Hewitt et  al. 2020). CMIP6 also featured models with nested and  
flexible ocean grid meshes that allow for better representation of specific climate relevant 
ocean processes such as storms, boundary currents, and coastal–open-ocean interactions 
(Sidorenko et  al. 2015; Semmler et  al. 2020). On the atmospheric side, there have been 
significant advancements in the vertical resolution across CMIP generations, resulting in 
a greater number of models employing atmospheric components with more vertical levels 
and higher model tops (Hardiman et al. 2012; Yu et al. 2024). Enhancement of vertical reso-
lution aims to improve near-surface processes in the atmospheric boundary layer and/or 
the vertical propagation of waves through the troposphere and stratosphere (Smalley et al. 
2023; Wicker et  al. 2023). Higher-altitude atmospheric model tops provide for improved 
representation of the stratosphere which has implications for climate variability and predict-
ability associated with, for example, the quasi-biennial oscillation and sudden stratospheric 
warming events (Hardiman et al. 2012).

The results from high-resolution simulations are key to constraining connections be-
tween large-scale climate dynamics and local impacts, which is necessary for climate 
risk assessments at regional scales (Roberts et al. 2018). One of CMIP7’s guiding research 
questions aims to constrain how dangerous weather patterns will evolve in a warming 
climate (Dunne et al. 2025). Answering this with confidence relies on being able to evalu-
ate extreme weather events simulated by climate models—spanning tropical and extra-
tropical cyclones, extreme precipitation events, droughts, storm surges, and heat waves 
(Williams et al. 2024). Constraining the “climate of the extremes” requires the availability 
of fine spatial resolution and high-frequency (daily or subdaily) observational datasets to 
compare simulations against (Kotlarski et al. 2019; Trenberth et al. 2017; Gervais et al. 
2014; Wehner et al. 2021). Such datasets can also aid in evaluating results from regional 
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downscaling experiments [e.g., Coordinated Regional Climate Downscaling Experiment 
(CORDEX); Diez-Sierra et al. 2022].

High spatial and temporal resolution observational datasets are rare at the long time 
scales needed to produce frequency distributions of large sample sizes to assess extreme 
events, as well as to assess fine-scale features such as ocean mesoscale eddy activity in 
high-resolution models. Although reliant on imperfect numerical simulations themselves, 
data assimilation products (e.g., reanalyses) and observationally constrained state esti-
mates are available at higher spatial and temporal resolution and may be considered for 
comparing against climate model results. In some cases, atmospheric reanalysis products 
must be relied on to increase the time frequency of data to compare against (e.g., global 
hourly) for certain process-based diagnostics such as tropical cyclone–ocean interactions 
(Scoccimarro et al. 2017). However, when used for evaluation, individual product ensem-
bles (e.g., the ERA5 10-member ensemble; Hersbach et al. 2020) and multiple independent 
reanalyses or state estimation products must be included with appropriate representation 
of uncertainty for the particular diagnostics of interest. A common approach in multimodel 
evaluation is to spatially regrid both the models and the observational data to a common 
resolution, which may introduce uncertainty and the loss of information. Additionally, 
certain quantities such as those related to ocean velocities and transport should not be 
regridded (Griffies et al. 2016), and thus, model evaluation workflows must be adapted 
to be able to handle finer-resolution model and observational datasets and different na-
tive grid structures. Similarly, information is lost through temporal averaging when the 
observational or model output must be upscaled or downscaled to align for comparison or 
data sharing purposes. The loss of variance going from model time steps to the monthly 
or annual averaged output typically requested for CMIP is an issue for many climate 
variables—particularly those that evolve on rapid time scales such as atmospheric wind 
or ocean velocities.

Model evaluation workflows will benefit enormously from having a diversity of obser-
vational product resolutions readily available and technically aligned with CMIP output 
to avoid excessive upscaling and downscaling of model output or observational datasets. 
Depending on the climate metric, regridding is often unavoidable when working across 
large multimodel ensembles, and analysts need to be aware of potential consequences, 
make appropriate choices for upscaling and downscaling routines, and quantify and 
report the associated uncertainties introduced. In the case of multiple observational 
products available at different resolutions, documentation and metadata that describes 
upscaling and downscaling methods and associated uncertainty should be provided 
with the dataset.

c.  Approaches for scaling, gap-filling, and extrapolating data.  Long-term, continuous 
availability of data with minimal gaps or missing data is necessary for evaluating climate 
simulations at decadal-to-centennial time scales (Henson et al. 2016; Karl et al. 1995). This 
especially poses a challenge for the evaluation of climate model representation of extreme 
events for which long time-scale observations are necessary to record conditions under 
which these relatively rarer events might occur and to discern signal from noise (Alexander  
et  al. 2016; Alexander 2016; Zwiers et  al. 2013). Global reanalysis and observationally 
constrained state estimates are commonly used in climate model evaluation workflows for 
quantities that suffer from gaps. However, these products suffer from temporally and spa-
tially sparse observational datasets that are used to constrain the underlying numerical 
models, resulting in increased uncertainty in regions that are less constrained (e.g., have 
fewer observations) (Sterl 2004; Nakamura et al. 2025). As such, increasing the spatial cov-
erage, securing long-term data collection, and improving the quality of anchor observations 
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underpinning reanalysis products (e.g., radiosondes; Haimberger et al. 2012, 2024) are im-
portant in the broader context of climate model evaluation.

Data paucity and difficulties in collecting data are not uniform across the globe, with polar 
regions, high-altitude zones, and the subsurface ocean presenting unique challenges for data 
collection. Polar regions in particular have an extreme paucity of long-term observations with 
insufficient space–time coverage for climate model assessment due to the presence of ice, 
snow, clouds, light availability, and harsh environmental conditions (Smith et al. 2019). Satel-
lite products at high latitudes, for example, cannot easily distinguish snow and ice from clouds, 
and measurement accuracy can be seasonally dependent (Castro et al. 2023). Additionally, 
remote access and harsh conditions including the presence of sea ice in polar regions makes 
it difficult to collect in situ observations and deploy Argo floats for continuous data collection 
in the subsurface ocean (Roemmich and Gilson 2009). The Southern Ocean, for example, had 
extremely sparse observations of ocean physical and biogeochemical properties until the 
development and deployment of autonomous floats with ice-avoidance software (Sarmiento 
et al. 2023). Additionally, in situ ocean observations are often biased toward summer seasons 
when research cruise campaigns are regularly carried out.

Despite many of the end delivery products being global in nature, satellite data naturally 
suffer from space–time gaps due to reasons including coverage limitations, occlusions 
(physical obstructions blocking measurements such as clouds or snow), perturbations 
from emissions (e.g., smoke, emitted gases), or instrument irregularities. Interpolation or 
gap filling, therefore, becomes a necessary operation to deliver full global coverage for 
satellite-derived products. Some commonly used gap-filling methods applied to both in 
situ and satellite data include Kriging, pixel interpolation, regression, sampling-based 
approaches (Yin et al. 2017; Covey et al. 2016), and, more recently, machine learning ap-
proaches (discussed in section 3j). Beyond the issues of gap-filling missing data, both in situ 
and satellite observations also pose challenges related to representation error (Schutgens 
et al. 2017) when translating from finer-resolution or point-source measurements to gridded 
products for more standardized evaluation with climate model output (Kondrashov and 
Ghil 2006; Good et al. 2013). Issues related to point-source datasets are discussed further 
in section 3e.

Several methods have been proposed to quantify uncertainties resulting from interpola-
tion and gap-filling observational data (Lepot et al. 2017; Richardson and Hollinger 2007; 
Herrera et al. 2019; Longman et al. 2020). We do not endorse nor recommend any specific 
approach, as different approaches are appropriate for different observational datasets. 
Instead, we strongly recommend that gap-filling, extrapolation, and upscaling and down-
scaling methods should be performed by the respective observational dataset provider with 
the requisite expertise on the data and methods. Providers should clearly document the 
approaches used and quantify the best possible estimate for the uncertainties introduced 
with minimizing, resolving, and documenting data gaps to ensure data integrity. We rec-
ommend that where possible, both filled and unfilled data should be provided to analysts 
to make decisions on how best to deal with gaps in their routines for model evaluation, 
minimizing uncertainty.

d.  Quantifying data uncertainties better.  Observational data collection has made sig-
nificant technological and operational advances in recent years and serves the dual role 
of documenting climate change as well as of evaluating increasing complexity in climate 
models (Collins et al. 2013). For the purpose of climate model evaluation, we broadly char-
acterize observational uncertainty as resulting from misrepresentation in the qualitative  
or quantitative aspect of the observed quantity. This could pertain to the semantic meaning 
of the quantity (i.e., is it the quantity itself or a proxy?) or the value of the measurement 
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(i.e., measured versus theoretical or actual value). Observational data uncertainties play 
a key role in our ability to evaluate models effectively and can arise for several reasons 
(Matthews et al. 2013; Merchant et al. 2017). Systemic and random instrumentation errors 
(Kennedy 2014), algorithmic biases (Slivinski et  al. 2019; Yuan et  al. 2010), processing 
raw data to a gridded product (Herrera et al. 2016; Mittaz et al. 2019), gap-filling methods  
(Yin et al. 2017), or instrument change can all contribute to observational uncertainty.

As a first step toward understanding uncertainty in observational datasets, we acknowl-
edge that the modeling and observational science communities may use different vocabular-
ies for uncertainty [see discussion in Elipot et al. (2022)]. It is, therefore, important that the 
vocabulary around uncertainty is unambiguously defined and differences between terms 
such as uncertainty, quality, and error are articulated in both the technical documentation 
accompanying datasets and in the scientific publications resulting from their use in model 
evaluation. As mentioned previously, another point where additional uncertainty may 
emerge in a model–observation comparison as a result of different vocabularies is when 
two variables compared against each other are not actually representing the same physical 
property or process (i.e., the CMIP CV variable name is the same as the name used by the 
observational community, but they refer to different underlying physical processes). This is 
less of an uncertainty associated with the observational dataset itself but an inconsistent use 
of observations in model evaluation due to different working definitions of the same variable. 
For instance, the amount of leaf area in an ecosystem is measured using the leaf area index 
(LAI), which in canopy reflectance models can be equivalent to the green LAI (GLAI) but not 
so in other studies (Fang et al. 2019). Clear descriptions of what the observation represents 
and guidance on how it should be used for comparisons with models can help minimize 
inconsistencies in evaluation.

In some cases, the variables that climate models are simulating do not align with what 
the observational instruments are actually measuring, despite sharing the same name. For 
example, there are a suite of Earth-observing satellites designed to provide measurements 
of the global atmosphere including the thermal structure, cloud distribution, precipita-
tion, and surface and near-surface processes (Merchant and Embury 2014; Li et al. 2013). 
One might be tempted to use these satellite-derived datasets “out of the box” for model 
evaluation purposes for assessment of clouds or temperatures, for example. Yet, this is not 
possible given that it is not the vertical atmospheric temperature, precipitation, or cloud 
properties that are measured directly by the satellites, but these quantities are derived 
from radiation measurements during the retrieval process (Stephens and Kummerow 2007).
These same issues also arise when evaluating chlorophyll concentration in ESMs against 
satellite observations of ocean color. Satellite sensors measure radiance, which is then 
used to derive estimates of chlorophyll concentration, whereas in ESMs, chlorophyll is 
often derived diagnostically through a prognostic phytoplankton variable [Séférian et al. 
2020; see discussion in Clow et al. (2024)].

To deal with this inability to make direct comparisons between the satellite-derived data and 
that simulated by climate models, significant effort has gone into the development of “satel-
lite simulators” (e.g., Klein and Jakob 1999; Klein et al. 2013; Eliasson et al. 2019)—software 
that allows for the simulation of observational “data” as observed by Earth system satellites, 
imitating the satellite observation and retrieval process. The use of satellite simulators has 
been adopted to evaluate cloud processes in climate models by the Cloud Feedback Model 
Intercomparison Project (CFMIP; Webb et al. 2017) where the CFMIP Observation Simulator 
Package (COSP) has been developed to allow for comparison of satellite data from a suite 
of instruments to direct model output (Bodas-salcedo et al. 2011). Similar efforts are under 
way to develop and utilize satellite simulators to assess model-simulated ocean chlorophyll 
against satellite observations (Clow et al. 2024). Such packages should be leveraged and 
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further developed to ensure appropriate comparison and uncertainty treatment for remotely 
sensed observational datasets.

Community efforts have emerged which center on the need to better quantify uncertainty, 
clarify vocabulary, and improve communication around uncertainty in climate records. 
Such efforts include the European Space Agency’s Climate Change Initiative (Merchant et al. 
2017) project, the Climate Model User Group report for Obs4MIPs (CMUG 2025), the Ocean 
Uncertainty Quantification (OceanUQ) Working Group under the U.S. Climate Variability and 
Predictability Program (Elipot et al. 2022), and the Information Quality Cluster (IQC) of the 
Earth Science Information Partners (ESIP) (Moroni et al. 2019), as well as other domain-specific 
studies (McMillan et al. 2012; Sayer et al. 2020). It is, therefore, recommended that uncertainty 
handling broadly follows guidelines drawn through community engagement, as described in 
the documents listed above. Furthermore, such efforts need to be ongoing and updated with 
new developments and novel datasets entering observational climate science. As complex 
as the issue of uncertainty can be, following guidelines from the community efforts outline 
above, it is recommended that the observational data providers include uncertainty informa-
tion in as concise and clear a manner as possible with the dataset itself and not just as part 
of the references to relevant literature.

Finally, the use of multiple observations is also encouraged as studies also show the 
value of using an ensemble of observational datasets (Prein and Gobiet 2017; Zumwald et al. 
2020; Lauer et al. 2023; Evans and Imran 2024) and reanalysis products (Buizza et al. 2005; 
Langland et al. 2008; Wei et al. 2010) to better understand and constrain uncertainty.

e.  Point observations.  Point-source observations are characteristic of in situ as well as 
satellite measurements and are almost always processed into gridded datasets through 
interpolation and sometimes extrapolation methods, with implications for uncertainty as-
sociated with the datasets (Haylock et al. 2008). Studies show that such gridded averages 
frequently underestimate observed variability, particularly in the extremes (Cavanaugh and 
Shen 2015), and more generally have statistical properties quite different from the original 
observations (Ensor and Robeson 2008). Reliability of such gridded data is further eroded 
when the methods fail to take into account geographical features such as terrain and eleva-
tion (Daly 2006) or land–sea boundaries. Approaches to overcome these drawbacks include 
comparing multiple gridding schemes for specific applications or climate variables (Hofstra 
et al. 2008) or regions (Avila et al. 2015; Abbasnezhadi and Wang 2024).

While there is uncertainty introduced in refinement of an observational dataset from point 
locations to discrete grid cells, gridded products are both analyst friendly and more appropri-
ate for comparison with climate model output. Climate variables simulated by models exist on 
kilometer-scale grid boxes and are only able to represent behavior over an area much larger 
than the geographical extent that point observations represent, thus one would not expect 
agreement between gridboxed average quantities and point observations (Schutgens et al. 
2016; Schutgens et al. 2017). Point observations can be used directly in model evaluation; 
however, a like-for-like direct comparison of data collected from a single geographical point 
to a kilometer-scale grid cell will be impossible, and caution is warranted. For example, large 
differences in the representation of topography in climate models relative to the real world 
require one to consider lapse-rate adjustments when comparing atmospheric fields. The land 
type represented in models may also be starkly different than the real world, where urbaniza-
tion, for example, can exert a strong impact on local surface energy fluxes and thus surface 
observations.

When discrete observations (satellite swathes, in situ measurements, point observa-
tions) are processed to the final gridded product released to the community, it is important 
to be aware of and account for uncertainties introduced. We recommend that the original 

Unauthenticated | Downloaded 04/16/26 04:25 PM UTC



A M E R I C A N  M E T E O R O L O G I C A L  S O C I E T Y A P R I L  2 0 2 6 E825

creator of the observational product be consulted in the design of the evaluation metric 
to ensure the comparison is as accurate as possible. The code, process description, and 
any other algorithms detailing how the refinement is done should be openly available 
with clear guidance for users on how to account for associated uncertainties in their 
model comparisons.

f. Time series and climatologies. Univariate time series and climatologies allow one to un-
derstand key statistical properties of climate variables such as average conditions (means) 
or variability (standard deviations) over a given time period such as 30 years. Time series 
from observations with sufficiently long temporal coverage are a valuable resource for evalu-
ating long-term transient changes simulated by climate models. The observed global surface 
temperature anomaly (NASA global land–ocean temperature index; Hansen et  al. 2010; 
Lenssen et al. 2024) and measured atmospheric CO2 concentrations (Keeling et al. 2001) are 
perhaps the most familiar and influential time series in the field of climate science. The time 
series of global-mean surface temperature over the historical period is often the first variable 
used in model evaluation.

While these types of datasets are valuable for climate model evaluation, in many cases, 
there may be a lack of observations of a particular climate variable for a time period long 
enough to subsample the range of intrinsic climate variability (Simpson et al. 2025). The 
differing time scales of variability of a given climate variable mean that differing observa-
tional record lengths are required to develop a more refined estimate of the mean state and 
variability against which to compare model simulations. Due to this issue, for variables that 
have shorter record length, care must be taken in the interpretation and communication 
of model performance. Similarly, if data assimilation products are used to extend records 
to construct time series or climatologies, multiple products should be used to account for 
uncertainty.

As time series and climatologies are often constructed from aggregated spatial data, it is 
critical that the construction of these datasets be well documented, including any spatiotem-
poral weighting, gap-filling, or regridding schemes applied. This will aid in ensuring that the 
model output and observational data are constructed through the same process for effective 
comparison between the two. For observational datasets used as time series and climatolo-
gies for evaluation, the following are recommended as a minimal set of metadata or support-
ing information that should be provided, some of which are already covered by Climate and 
Forecast (CF) conventions: grid resolutions, spatial and temporal coverage, as well as gaps, 
area-averaging methods, units of the quantity being evaluated, data availability, choice of 
reference period, and smoothing or scaling factors.

g. Data formats and conventions. Without having certain standards in data format, the 
diversity of observational datasets would make their use in model evaluation and software 
very challenging. The issue of data format and conventions is also important for open-source 
software to extract, process, and analyze the data for model evaluation in a collective and 
systematic way. While Network Common Data Form (netCDF) has been widely adapted for 
climate model output, especially CMIP, it is yet to be applied to most observational datas-
ets. To address the issue of Variety (5 Vs of Big Data) and adhere to Findable, Accessible, 
Interoperable, and Reusable (FAIR) data principles (Wilkinson et  al. 2016), it is recom-
mended that observational data should be openly available and also follow CF metadata 
conventions (Eaton et  al. 2003; Hassell et  al. 2017). The field construct used within CF 
conventions associates the data with sufficient metadata such that the dataset itself is 
self-describing, i.e., it is clear what physical quantity the data represent, its units, standard 
name, and space–time coordinates. Observational datasets that conform to CF conventions 
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will help reduce uncertainty due to misinterpretation of variables (section 3d) and further 
facilitate comparisons with CF-compliant model data.

Obs4MIPs (Teixeira et al. 2014; Waliser et al. 2020) provides observational datasets tech-
nically aligned with CMIP model data by using the Climate Model Output Rewriter (CMOR), 
the same software used by modeling groups contributing to CMIP. Obs4MIPs is open to com-
munity contributions, which is a way to guide development better aligned with new datasets 
and constraints including for data from point sources such as station data. At a minimum, 
the use of CF conventions is recommended for optimal compatibility of observational data 
with climate model simulations. CMORization of observational datasets (e.g., standardiza-
tion of variable/dimension/coordinate naming conventions, with respect to CMIP standards) 
is recommended to support routine and rapid evaluation such that the observations can be 
easily ingested into mature model evaluation packages. However, we recognize that the use 
of CMOR might be a high bar for many observational providers to meet and that other issues 
arise around backward compatibility of software used to CMORize and versioning of datasets 
that needs to be addressed.

The use of either netCDF or analysis-ready cloud-native file formats (e.g., Zarr) would pro-
mote ease of use and more technical alignment with climate model output, facilitating more 
efficient evaluation in the context of CMIP multimodel evaluation efforts. We are not endorsing 
one format over the other as we recognize that there is an advantage to future output being 
stored and delivered in a cloud-native way as the archive size grows (Abernathey et al. 2021; 
Stern et al. 2022).

h. Versioning, archiving, and distributing observational data. To maintain a baseline of 
model performance and ensure appropriate comparisons across ensembles and model gen-
erations, it is important to version observational datasets and maintain public access to prior 
versions. Flexibility to assess model performance to prior and current revisions of observa-
tional datasets is desirable, particularly if prior versions were used in published analyses. 
Version information and provenance should be made readily available in a single location 
with directions on where to find prior versions and future releases. Additionally, each data-
set should contain clear instructions for a requirement of data citation [e.g., with a unique 
digital object identifier (DOI)] and the reporting of errata so that it is clear which versions are 
being used in any published analyses and if there are any known issues. Static versions of 
this information can be maintained in a dataset’s metadata; however, accompanying docu-
mentation should be openly available and continuously updated.

Archiving datasets in free and open public databases is now common practice and in-
creasingly required by science funding agencies, peer-reviewed journals, and government 
sponsors (Wilkinson et al. 2016). However, maintaining (e.g., providing and communicat-
ing timely updates, versioning, monitoring errata reports) large observational datasets is a 
challenge, given the often transient nature of research funding. Archiving multiple versions 
or resolutions of observational datasets also becomes cumbersome to host on a single plat-
form given storage capabilities. Obs4MIPs and CREATE-IP projects provide a framework for 
publishing ready-to-use observational and reanalysis datasets in a single location (at ESGF) 
with technical documentation. Having the various versions hosted and disseminated via 
ESGF and technically aligned with CMIP model output is ideal; however, the ever-growing 
data storage footprint associated with CMIP model output alone is pushing the limits of the 
ESGF infrastructure. Thus, in the long term, it may be more feasible to have ready-to-use 
observational datasets and their documentation provided from the data providers themselves 
via free and openly accessible platforms. Existing operational service repositories such as the 
Climate Data Store through the Copernicus Climate Change Service (C3S; Buontempo et al. 
2023), the Copernicus Marine Environment Monitoring Service (CMEMS; Le Traon et al. 2019),  
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or the National Centers for Environmental Information (NCEI) archive hosted through the Na-
tional Oceanic and Atmospheric Administration (NOAA) should be supported and leveraged 
in efforts to archive and distribute data. Additionally, data redundancy should be practiced 
to avoid single point failures, and data integrity should be ensured through practices such 
as hashing.

i.  Opportunities to expand the ready-to-use observational dataset archive.  There is a 
wealth of in situ observational data and gridded observational products that remain under-
utilized in model evaluation. This underutilization results from multiple factors that inhibit 
ease of use by analysts, which may include formatting that is not technically aligned with 
CMIP (i.e., not CMORized), unclear treatment of observational uncertainty (which may in-
clude measurement uncertainty or that associated with processing of the data to its final 
form), licenses and registrations required to access and download data (i.e., restrictions), 
lack of informative metadata or instructions for use, or a lack of global awareness that the 
product is available (i.e., not well advertised or cited).

Many packages used for model evaluation require that the observational datasets are 
CMORized and comply with CF metadata conventions. Otherwise, preprocessing scripts are 
required to get the data into a usable format, which require the user to have a robust under-
standing of the observational dataset at the hand including associated uncertainties. Given 
that preprocessing adds an additional step to the model evaluation workflow, observational 
datasets already in CMIP compatible formats are often prioritized and “harder-to-use” prod-
ucts get left out. This results in a positive feedback where the “easy-to-use” products are cited 
more and thus more likely to be used in future analyses.

Addressing this issue of the underutilization of observational datasets requires a concerted 
effort from modelers, analysts, and the observational community to work together to identify 
useful products and package them into easy-to-use formats for model evaluation.

j. The role of artificial intelligence and machine learning in developing observations for 
climate model evaluation. Artificial intelligence (AI) and in particular data-driven ML ap-
proaches are starting to play an important role in the workflow of climate model evalua-
tion in different ways. These include both AI-informed evaluation methodologies (Gibson 
et al. 2017; Nowack et al. 2020) and AI-informed hybrid observational products (Tselioudis 
et al. 2021; Kaps et al. 2023). While a detailed discussion of how AI is used in observations 
is beyond the scope of this work, we highlight a key area of application where ML algo-
rithms have had a significant impact, which is in addressing data paucity of observations 
due to poor coverage of satellite and in situ observations or gaps in time series. ML meth-
ods have been applied to upscale point-source data to global gridded datasets (Tramontana 
et al. 2016), to produce spatiotemporal interpolations (Landschützer et al. 2015; Kim et al. 
2024), and for gap filling to produce continuous data streams (Sloyan et al. 2023; Jung et al. 
2025). However, it is important to bear in mind that these approaches may further add hard 
to quantify uncertainties (Singh et al. 2024) and also have other limitations such as accu-
rately representing interannual variability (Jung et al. 2020), the ability to extrapolate to out 
of distribution data (Schneider et al. 2022), and spatial heterogeneity (Ghorbanpour et al. 
2021). Dealing with these issues as they pertain to individual datasets will enable their ap-
propriate use for model evaluation.

4. A Call for cross-community action: Future ready observations  
to unlock the next generation of climate model evaluation
The challenge of achieving efficient and robust climate model evaluation capabilities is 
nontrivial and will require human and infrastructure resources, transparency, and sustained 
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cross-community partnerships. The synthesis presented here and the suggested best practices 
(Table 1) are the result of collaborative discussions and an attempt to distill cross-community 
needs. Many of the needs discussed are the result of bringing climate modelers, model ana-
lysts, software developers, and observational dataset providers together during the initial 
development of the REF (Hoffman et al. 2025) led by the MB-TT. Bringing together communi-
ties to practically implement a working framework to advance multimodel climate evaluation 
provided us with an improved understanding of the landscape of existing capabilities, their 
strengths and weaknesses, and awareness of existing barriers for both analysts and observa-
tional dataset providers in facilitating robust and efficient model evaluation.

To achieve a future with a greater number and diversity of observational datasets readily 
available to meet growing model evaluation needs, we should begin to organize meetings to 
get communities on the same page with respect to barriers and best practices. There should be 
broad participation in this process across communities, career level, climate realms, and geo-
graphic locations. Specific goals must be identified and categorized, and practical hands-on 
workshops should then be organized to produce deliverables that will advance capabilities. 
As an example, we have identified that Obs4MIPs provides an optimal framework for both 
producing and hosting gridded observational datasets to facilitate multimodel climate model 
evaluation. Yet, there are many ways that this framework can be advanced with community 
input which would allow for the integration of a greater number and diversity of existing 
datasets. A series of workshops could be organized to 1) collate gridded observational data-
sets that are available but yet to be CMORized across climate realms, 2) partner CMOR-aware 
software developers with the observational dataset providers to submit dataset proposals and 
produce Obs4MIPs-compliant products, and then 3) integrate these new datasets into exist-
ing or novel model evaluation routines. Another set of workshops could then be organized 
on identifying nongridded observational datasets (e.g., in situ, point source) or producing 
blended products and advancing methods and routines that would allow for their use in 
routine model evaluation.

Many activities can be envisioned to target the specific nuances and considerations 
discussed throughout this manuscript. The key is that these efforts will need to be care-
fully organized with specific tangible deliverables to progress forward. Attention must be 
given to not duplicate efforts or create more barriers that observational providers feel they 
must jump over to make their datasets more user-friendly. Design of campaigns, instru-
ment development, measurement collection, data quality management, and refinement to 
the final available products is already an enormous undertaking. We should be leveraging 
cross-community expertise to bring these products and infrastructure to fruition, rather 
than asking the observational providers to do more themselves. Strategies for the model-
ing community to provide output that is more compatible with observational datasets as 
a means to advance evaluation capabilities must also be explored. Modelers and observa-
tional communities could also work together to advance and produce more efficient satel-
lite simulator packages—efforts which are current under way across several communities 
(e.g., Bodas-Salcedo et al. 2011; Clow et al. 2024). There are also other examples, outside 
of Obs4MIPs, of viable activities where the observational and modeling communities are 
coming together to improve the usability of observational datasets by communicating where 
to find them, providing expert guidance on their use in evaluation and discussing new tools 
and methods for evaluation, such as the Climate Data Guide efforts (https://climatedataguide.
ucar.edu/climate-data; Schneider et al. 2013).

Cross-community activities should be designed with an awareness of the increase in model 
diversity, complexity, archive size, and resolution expected. Additionally, future-ready ob-
servations should align with CMIP research questions and CMIP data specifications/requests 
through cross-community dialogue and coordination. Examples of efforts that have centered 
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on guidance for diagnostics required for model evaluation include the OMIP (Griffies et al. 
2016; Orr et al. 2017) and the Coupled Climate–Carbon Cycle Model Intercomparison Project 
(C4MIP; Jones et al. 2016). Stakeholders also must be invited into these discussions and ef-
forts as it is important that priorities for model output and new and sustained observational 
campaigns align with stakeholder needs.

Looking forward, CMIP7 will feature a prioritization of emission-driven simulations 
(Sanderson et al. 2024) as opposed to simulations driven by prescribed greenhouse gas 
concentrations. This will require the community to reckon with how to compare model output 
against observations when the atmospheric CO2 concentrations may be significantly different 
from observed due to physical model bias and carbon cycle feedbacks. The CMIP7 archive will 
also feature models with a greater number of represented processes including carbon cycle 
processes and with new Earth system components including interactive ice sheets. To address 
CMIP7 research questions, particularly those aimed to constrain the water-carbon nexus 
and improve understanding of weather-scale and extreme events, higher spatial-resolution 
models and higher frequency output will be required, and there must be a sufficient suite of 
observational datasets ready to interrogate these new simulations.

Modeling advancements motivate the need for continued and new observational strate-
gies and campaigns to sustain and develop the observational datasets required to evaluate 
state-of-the-art climate models. Supporting efforts aimed to fill gaps in the observational 
record in data-sparse regions such as World Meteorological Organization’s (WMO) Global 
Basic Observing Network (GBON; WMO 2021) and the Systematic Observations Financing 
Facility (SOFF; WMO 2021) are important to maintain continuous observational records. A 
gap analysis for the next decade is going to be crucial to highlight which observations the 
community may lose soon via funding lapses, instrument retirements, mission/operational 
shutdowns, etc., which would lead to terminations in critical time series of key climate vari-
ables needed for monitoring and continued model evaluation. Maintaining in situ measure-
ments of the subsurface ocean, which cannot be measured by satellites, will be critical toward 
constraining the planetary heat and carbon budget and providing a continuous time series 
against which to evaluate models. If funding lapses occur, there is a real risk of space–time 
gaps emerging within such ocean in situ records with the limited lifetime of Argo floats and 
the high cost of maintaining a global fleet of research vessels. Future gaps in the instrument 
record would also impact the quality of reanalysis products and ocean state estimates which 
rely on observations for data assimilation—impacting the ability to use such global products 
in evaluation efforts. Thus, as a community, we must collaborate to keep our eyes forward to 
foresee and plug potential observational gaps.

Building sustainable cross-community connections, whether that means through the or-
ganization of workshops or virtual working groups and advancing and expanding existing 
infrastructure to support future-ready observations to advance climate model evaluation, 
will require funding. This will inevitably require the scientific and broader community to 
recognize the importance of these efforts in reducing uncertainty in projected climate change. 
There is an urgent need to kick start these discussions. Our intention is that this manuscript 
stimulates efforts to organize and provides guidance on areas of focus for further develop-
ment and project initiatives.
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