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Abstract
Validation of satellite-derived essential climate variable (ECV) datasets requires compari-
son against independent measurements. These independent measurements, which include 
ground-based, airborne, and other non-satellite-based measurements, are typically the 
product of a different measurement system and may include some contribution from mod-
els. These reference data therefore have their own characteristics, uncertainties, and limi-
tations which must be accounted for in the validation process. In addition, they typically 
differ from the data to be validated in spatio-temporal resolution, sensitivity, and sampling. 
As such, comparisons to independent data do not necessarily yield clear feedback on the 
quality of satellite data and insufficient awareness of these issues can lead to erroneous 
interpretation. This is the cost of leaving the laboratory and studying the real world. In 
this review paper, we examine the challenges and limitations of evaluating satellite-derived 
datasets with independent measurements, using examples across different ECVs within the 
terrestrial, ocean, and atmospheric domains. Drawing from other studies, we discuss issues 
with the reference datasets themselves, issues specific to use of these data for validation, 
and issues resulting from the comparison methodology. We conclude with recommenda-
tions to the community based on this review. In this, we highlight the importance of con-
tinued efforts towards (1) advancing uncertainty modelling of reference datasets and qual-
ity control knowledge and procedures, (2) establishing and communicating limitations in 
reference data, (3) reference data (and metadata) timeliness and preservation, and (4) best 
practices for the validation methodologies that address the spatio-temporal differences of 
the measurements.
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AOD	� Aerosol Optical Depth
CCI	� Climate Change Initiative
CCVS	� Copernicus Cal/Val Solution
CEOS	� Committee on Earth Observation Satellites
CEOS-FRM	� CEOS Fiducial Reference Measurement Maturity Assessment Framework
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CMU	� Collocation mismatch uncertainty
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ESDR	� Earth System Data Record
EUMETSAT	� European Organisation for the Exploitation of Meteorological Satellites
FAIR	� Findability, Accessibility, Interoperability and Reusability
FRM	� Fiducial Reference Measurement
GAIA-CLIM	� Gap Analysis for Integrated Atmospheric ECV CLImate Monitoring
GCOS	� Global Climate Observing System
ISSI	� International Space Science Institute
LST	� Land Surface Temperature
MEDARE	� MEditerranean climate DAta REscue
NDACC​	� Network for the Detection of Atmospheric Composition Change
OIB	� Operation Ice-Bridge
QA4EO	� Quality Assurance Framework for Earth Observation
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TRL	� Technology or Technical Readiness Level
TROPOMI	� Tropospheric Monitoring Instrument
ULS	� Upward Looking Sonar
WGCV	� CEOS Working Group on Calibration and Validation

Article Highlights

•	 First review of the challenges and limitations of validating satellite-derived datasetsac-
ross different scientific communities

•	 Challenges and limitations considered across all stages of the validation process
•	 Comprehensive recommendations to the community provided based on the review

1  Introduction

The Global Climate Observing System (GCOS) defines an essential climate variable 
(ECV) as a singular or collective set of well-defined physical, chemical, or biological quan-
tities that critically contribute to the characterization of the Earth’s climate. The GCOS 
Implementation Plan (IP) (GCOS 2022) currently specifies fifty-five different ECVs, 
although they are in the process of rationalizing this by combining existing ECVs. Most 
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ECVs are observed operationally by satellite instruments from which we retrieve climate 
data records (CDRs) (also called Earth System Data Records, ESDRs).

To enable all satellite data users to readily evaluate the fitness for purpose of the data, 
the Quality Assurance Framework for Earth Observation (QA4EO) requires that every sat-
ellite-derived product includes a documented and fully traceable indicator of the data qual-
ity. As defined in Loew et al. (2017), this quality assessment requires uncertainty analysis 
of and traceability on the product(s). More concretely, the GCOS IP defines quantifiable 
requirements on the ECV data records in terms of resolution, timeliness, measurement 
uncertainty and stability. While verification of the true resolution is sometimes part of vali-
dation studies (e.g., Keppens et al. 2015, for the vertical resolution in atmospheric profile 
retrievals), we focus here specifically on the quantification and verification of the uncer-
tainty and stability.

For a satellite-derived product, there are generally two approaches to this. The first is 
based on the metrological analysis of the measurement process, creating a traceability 
chain or diagram that results in prognostic or ex-ante uncertainty estimates (Merchant 
et al. 2017; Popp and Mittaz 2022). The second is based on the comparison of the data to 
other dataset(s) of (ostensibly) the same measurand (a quantity to be measured) to produce 
diagnostic or ex-post-quality indicators (Verhoelst et  al. 2025). The approaches for each 
have their unique challenges, but in this paper we consider the latter, which the scientific 
community calls evaluation or validation. In this context, evaluation is the generic process 
of judging the quality of the product, whereby validation is defined by the Committee on 
Earth Observation Satellites (CEOS) as assessing the quality of the data by means inde-
pendent of its creation (Loew et al. 2017). Our review will focus on validation specifically.

The validation process aims to quantify the extent to which a satellite-derived data prod-
uct represents the ‘truth’, from which the user can make a judgement as to the quality of the 
measurement and whether it is fit for their purpose. This validation process can typically 
provide information about the bias, precision, long-term stability, patterns, dependence on 
ancillary parameters, and other quality information that can be communicated to data users. 
For all variables, including ECVs, the results of these validation exercises form the basis 
of the ongoing quality evaluation of the products and they point to areas for further product 
development. The credibility and reliability of the validation depends on the methodology 
used as well as the fitness-for-purpose, accuracy, and reliability of the reference datasets 
used. As Povey and Grainger (2015) remark, a good validation requires at the very least 
that the conclusions would not change were an additional reference dataset introduced.

As part of the push for rigorous quality evaluation of ECV products in recent years, 
the concept of a Fiducial Reference Measurement (FRM) has been developed (Zibordi 
et al. 2014; Goryl et al. 2023). The CEOS Working Group on Calibration and Validation 
(WGCV) defines an FRM as an independent, fully characterized, and traceable measure-
ment, tailored specifically to the calibration/validation needs of satellite-based instruments 
making measurements of a particular measurand, that follow the guidelines framework 
outlined by the QA4EO. Essential in this FRM concept is a standardized and traceable 
uncertainty characterization of the reference measurements along all steps of the traceabil-
ity chain from SI standards to final reported value(s) for the measurand. Fundamentally, the 
FRM framework provides guidelines towards user and producer confidence in the valida-
tion of satellite-derived products.

The maturity of any reference measurement can be assessed using the CEOS-FRM 
maturity assessment framework, which specifies the level (or stage) to which a dataset 
adheres to those standards. These standards can be broadly split into three categories: 
(1) the FRM compliance of the reference measurement independent from the validation 
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process, (2) the FRM compliance of the reference dataset when used for validation of a 
given class of sounders, and (3) the FRM compliance of the comparison methodology for 
the validation process and its output.

The CEOS-FRM maturity assessment framework links with an increasing push for 
assessment tools such as maturity matrices (e.g., Bates and Privette 2012) which draw 
upon the established technology or technical readiness level (TRL) framework to assess the 
status of climate data records (CDRs). An example of a maturity matrix applied to CDRs is 
shown in Su et al. (2018). The maturity matrix framework has also been extensively used 
in the Copernicus Climate Change Service (C3S)’s Evaluation and Quality Control (EQC) 
function, which assesses product service and readiness (Lacagnina et  al. 2022). Other 
examples include the Earthnet Data Assessment Project (EDAP), who have developed a 
maturity matrix approach to characterize satellite data completeness (EDAP 2022), and the 
Gap Analysis for Integrated Atmospheric ECV Climate Monitoring (GAIA-CLIM) matu-
rity matrix (Thorne et al. 2015), which has been applied as a standard to several ground-
based monitoring networks for atmospheric variables (e.g., GRUAN and NDACC).

One should distinguish between (i) the maturity/completeness of the satellite product, 
(ii) that of the reference networks (Goryl et al. 2023), both already mentioned above, and 
(iii) validation maturity/completeness.

However, it is recognized by key stakeholders (such as the space agencies and ground-
based monitoring programmes) that despite the push towards FRM and maturity assess-
ments, the uncertainty budgets currently reported with reference datasets are often incom-
plete. Specifically, many do not cover all underlying sources of uncertainty, nor do they 
differentiate (sufficiently) between random and systematic error sources. Furthermore, little 
is known about the structure or magnitude of correlations in space, time, or other dimen-
sions in most error sources.

In an attempt to rectify this, the key data providers maintain a long-term discussion on 
validation needs, gaps, and capacities. Several dedicated initiatives have been set up, such 
as ESA’s FRM4XXX projects (e.g., Goryl et al. 2023) with (CEOS) FRM maturity appli-
cation examples for FRM4GHG (Sha et al. 2024) and FRM4DOAS (Van Roozendael et al. 
2024), CEOS WGCV Best Practice Validation Protocols (e.g., Duncanson et al. 2020), and 
European Organisation for the Exploitation of Meteorological Satellites (EUMETSAT) 
CO2M Cal/Val studies. In this regard, they focus not only on a standardized uncertainty 
characterization but also on timeliness of data provision, harmonized processing, and for-
matting across the network(s). These initiatives have been recognized and appreciated by 
many within the cal/val community and efforts continue to elevate reference datasets to 
FRM status. However, there are still limitations and challenges that prevent this from being 
achieved across all ECV validation studies.

The general aims of this review paper are to raise awareness of these limitations and 
challenges by reviewing relevant studies and to present recommendations to users and pro-
ducers of these products to manage or mitigate these themes and issues.

To achieve these objectives, we start in Sect.  2 with a review of the limitations and 
challenges of the individual measurements themselves, considering issues of traceability, 
accessibility, and uncertainty characterization. In Sect.  3, challenges and limitations of 
using these datasets for specific validation activities are then considered. These include 
measurand differences, independence issues, validation capacity and completeness, and 
representative sampling. In Sect.  4, the review is extended to consideration of the vali-
dation and comparison methodology, considering harmonization of reference and satellite 
datasets, construction of uncertainty budgets, and co-location/sensitivity mismatches. Sec-
tions  2, 3,  4 also include an overview of potential solutions to the challenges discussed 
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therein, drawing on examples from studies that have deployed such techniques. Finally, in 
Sect. 5, we conclude with recommendations to the community based on our discussion of 
these challenges and the potential solutions identified. Throughout, examples will be con-
sidered from different ECVs within terrestrial, ocean, and atmospheric domains.

For definitions of terms commonly used in Earth Observation (EO) validation (such 
as accuracy, measurement error, measurement uncertainty), we utilize the terminology 
defined in Table 1 of Loew et al. (2017).

2 � Limitations of the Reference Measurements Themselves

As discussed in Sect. 1, reference measurements will typically have limitations and chal-
lenges even before they are used in validation studies. Considering the CEOS-FRM matu-
rity assessment framework, these include: 

1.	 The traceability of the reference measurement to a community-agreed standard,
2.	 The accessibility of the reference measurement and associated metadata, including the 

availability of documented protocols for the measurement process and data quality 
management, and

3.	 The availability and adequacy of a complete uncertainty budget.

In this section, limitations and challenges specific to each of these issues are reviewed.

2.1 � Traceability

As detailed in the International Vocabulary of Metrology (BIPM et al. 2012), traceability 
is a property of a measurement whereby the result can be related to a reference or stand-
ard through a documented, unbroken chain of calibrations (each contributing to the uncer-
tainty). In theory, this means that the instruments used to collect reference measurements 
must undergo regular calibration against a traceable standard (preferably SI). In practice, 
this is not always achievable. SI-traceable standards may not be available in such circum-
stances (particularly for observations from orbit), calibration facilities may be unavailable, 
or instrumentation may be non-recoverable post-campaign. The traceability of satellite 
observations will also vary according to the mission, with better on-board calibration tech-
niques on missions with more strict mission requirements on uncertainty and stability.

To illustrate this, consider surface temperature reference measurements, which are typi-
cally made using ground-based infrared radiometers (Guillevic et al. 2018). These can be 
calibrated against SI-traceable blackbody calibration sources. However, to derive surface 
temperatures from the infrared brightness temperatures recorded by the radiometers, the 
user must also have information on the surface emissivity, a parameter which describes 
the amount of radiation emitted at a particular wavelength by that surface (Li et al. 2013). 
Various methods of measuring emissivity for validation studies have been developed 
(summarized in Langsdale et  al. 2020), with laboratory methods recommended for use 
(Guillevic et  al. 2018). However, there are no SI (or other community-agreed) traceable 
standards against which to relate the performance of these methods. Furthermore, there 
are limited facilities available to evaluate any components which can be calibrated (Langs-
dale et al. 2021). The only option for quality assessment of these emissivity data is inter-
comparison studies, but such exercises between ostensibly equivalent laboratory setups 
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have shown discrepancies often overlooked by land surface temperature (LST) validation 
studies (Langsdale et al. 2021). LST retrieval algorithms are sensitive to errors in emissiv-
ity (Jiménez-Muñoz and Sobrino 2006), such that the discrepancies in emissivity result in 
differences in calculated LSTs that exceed the GCOS requirements for LST accuracy, even 
before considering contributions from other known (and considerable) sources of uncer-
tainty (Langsdale et al. 2021).

This specific example questions whether such laboratory emissivity setups are fit-for-
purpose in LST validation exercises. More broadly, this example underscores a common 
limitation of reference datasets across various variables: data can be unreliable in a manner 
that is difficult to detect when parameters of the retrieval are not anchored to an established 
standard that provides traceability beyond the specific setting of that observation. Further 
research is required to develop robust traceability frameworks for measurements used in 
the derivation of ECV reference observations, notably those which the ECV are highly 
sensitive to.

2.2 � Accessibility

There are two key challenges regarding the accessibility of reference measurements: meta-
data and data provision.

2.2.1 � Metadata

Metadata provides essential context and information about datasets that enable the user to 
understand, interpret, and use datasets appropriately. The metadata of a dataset includes 
both global metadata (high-level information applicable to an entire dataset, e.g., collec-
tor or processing methodology) and observational or local metadata (specific to individual 
observations or data points within a dataset, e.g., timestamp, location). The importance 
of metadata within the context of validation datasets is recognized by Goryl et al. (2023), 
who highlight good metadata, documentation, and reporting as a defining and mandatory 
characteristic of an FRM. Unfortunately, many datasets used in validation activities do not 
have sufficient or sufficiently accessible metadata to enable users to understand precisely 
what the data express. This can result in datasets being incorrectly used, with potential for 
misunderstandings to propagate downstream.

Consider again the example of emissivity discussed in Sect. 2.1. In studies where sci-
entists do not have access to field or laboratory methods of emissivity measurement, many 
instead use data from spectral libraries, which are public datasets of emissivity spectra. 
The most cited of these is the ECOSTRESS (formerly ASTER) spectral library (Meerdink 
et al. 2019; Baldridge et al. 2009). Data from this library have been used in several valida-
tion studies for LST, surface albedo, aerosol, and other ECVs (Michel et al. 2021; Yama-
moto and Irie 2023; Sánchez-Zapero et al. 2023; Niclòs et al. 2021; Ru et al. 2023; Ghent 
et al. 2024).

The contents of this library are openly available. Each file contains both metadata and 
data with additional reporting available in Baldridge et  al. (2009) and Meerdink et  al. 
(2019). Not only do these files and the accompanying reports lack uncertainty values or an 
assessment of measurement quality, but there can be limited information about the equip-
ment and methods used, invalid cross-referencing, and inconsistent levels of detail provided 
from sample to sample. For example, Table 1 shows the metadata for a conifer spectrum 
from the ECOSTRESS spectral library, which has been used in assessments of operational 
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LST and emissivity retrieval algorithms (Hulley et al. 2021). Neither the metadata for this 
file nor the accompanying studies contain any information about a number of factors which 
could influence the derived emissivity, including the type of conifer, the condition of the 
needles during measurement, sample preparation techniques, and post-processing method-
ology. There is a reference to a document (‘vegetata.doc’) which is not available within the 
database. Finally, there are no images available of the sample which would help a user to 
determine whether the spectra are representative of the claimed surface and, therefore, suit-
able for their particular study. A user could easily mistakenly select this spectra, assuming 
it to be representative of their study site when, in reality, it considered a different mate-
rial with a similar name. Complete metadata, or at the very least including imagery, could 
avoid these problems. Creating metadata is easiest to do upon data generation but can be 
very difficult to determine retrospectively.

2.2.2 � Data Provision

Ensuring the traceability and accessibility of reference datasets is often hindered by issues 
related to data ownership, proprietary restrictions, and global data repositories.

Table 1   Metadata for the ‘conifer’ spectrum, taken from the ECOSTRESS spectral library (Meerdink et al. 
2019)

Filename: “vegetation.tree.unknown.unknown.all.conifer.jhu.becknic.spectrum.txt”

Name Conifer

Type Vegetation
Class Tree
Genus Unknown
Species Unknown
Sample No Conifer
Owner JHU
Wavelength Range All
Origin Spectral data from measurements by Barry Rock 

(VNIR-SWIR) and Jack Salisbury (MWIR-TIR); see 
file vegetata.doc for details

Collection Date Unknown
Description Conifer trees. Spectra were assembled from two seg-

ments; the bidirectional VNIR and SWIR compris-
ing segment one, and the hemispherical MWIR and 
TIR comprising segment two. Both segments used 
needle piles to simulate a conifer canopy

Measurement Bidirectional and directional hemispherical reflectance
First Column X
Second Column Y
X Units Wavelength (micrometres)
Y Units Reflectance (per cent)
First X Value 0.302
Last X Value 14
Number of X Values 550
Additional Information None
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Historic measurements pose unique challenges for accessibility and long-term preserva-
tion. Many historic datasets are stored in formats that may no longer be compatible with 
modern data systems or software tools. The rapid evolution of digital storage technolo-
gies and data formats can render these datasets difficult to access, read, or analyse with-
out significant effort to reformat or convert the data. In some cases, physical data media 
(such as tapes or early disk drives) may have degraded, potentially leading to data loss 
or corruption. In others cases, such as early sea surface temperature (SST) measurements, 
observations were mostly noted down by hand (e.g., in ship logbooks or diaries), are rarely 
digitized, and might not be accessible. Furthermore, there may be limited documentation 
accompanying historic datasets, regarding measurement equipment and standards, or there 
may be researcher mistakes and/or subjectivity, as discussed in depth in the DOCU-CLIM 
project (Burgdorf et al. 2023).

This problem is exacerbated by the lack of centralized data repositories and the decen-
tralized nature of archival efforts, which can result in data being stored across several insti-
tutions or geographic locations, further complicating the process of retrieving and sharing 
historic reference datasets.

Despite these factors, it is important that historical datasets are preserved and dissemi-
nated. Historic measurements play a critical role in long-term stability assessments of 
CDRs, with SST measurements, for example, providing one of the longest instrumental 
records of the Earth’s climate which is crucial information on climate stability and satel-
lite performance. Preservation of historical datasets is particularly relevant when current 
retrieval schemes are applied to historical satellite data to extend ECV data records to 
times before the earliest reference measurements. This is the case for several atmospheric 
products of ECV precursors (e.g., the tropospheric column of formaldehyde).

Data provision is also an issue for recently collected ground-based datasets. While sat-
ellite data are often made available for analysis shortly after collection, many reference 
datasets undergo a lengthy post-processing period before being made publicly available. 
Such delays reduce the ability to conduct real-time or near-real-time validation, which is 
increasingly important for timely calibration and validation of satellite sensors. There is a 
real value to having reference data accessible soon after collection, even if only in a pre-
liminary format.

2.3 � Incomplete Uncertainty Characterization

The ability to usefully characterize the associated uncertainties varies substantially 
between different ECVs. However, reference data which has generic or absent uncertainty 
information can still be useful, not least because it may be the only reference data available.

For example, many historic measurements do not have complete uncertainty characteri-
zation. This is partly due to increased emphasis on uncertainty characterization in recent 
years, as evidenced by projects such as ESA, EUMETSAT, and Copernicus activities on 
FRMs (Goryl et al. 2023; Le Menn et al. 2019). However, retrospective uncertainty charac-
terization is also challenging as the user often lacks the necessary information to compute 
the uncertainty. For example, calibration procedures for earlier instruments may not be 
well-documented which may lead to incorrect assumptions in the derivation of uncertain-
ties or gaps in uncertainty calculation. Despite the lack of complete uncertainty characteri-
zation, historic datasets can be highly valuable for extending the spatio-temporal capacity 
of validation studies and, therefore, they are considered valuable.
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Evaluation of sea ice ECV quantities, such as sea ice thickness, is a relevant example 
of the issues discussed above, particularly when evaluating time series that extend before 
2000. The available observations often lack full uncertainty characterization. Examples 
include sea ice draft obtained by upward looking sonar (ULS) from submarines (Kwok and 
Rothrock 2009; Rothrock and Wensnahan 2007). While valuable, full uncertainty charac-
terization is difficult because these data are often poorly documented, with limited infor-
mation about the exact location and time of the observation, and insufficient information 
about the instruments’ properties.

Such problems are not unique to historic datasets. In remote regions, such as the poles, 
the only reference data available may not comply with FRM standards due to the logistics 
of working in harsh or remote environments. We highlight the value of manual ship-based 
observations of sea ice parameters. Particularly in the Southern Ocean, which is notori-
ously undersampled, such observations can play a major role and have been efficiently used 
for evaluation despite lacking full uncertainty characterization (e.g., Kern et al. 2019; Fons 
et al. 2023).

Human mistakes are another cause of incomplete uncertainty characterization. Exam-
ples of this could be coding bugs, writing the wrong number in the field log, or using the 
wrong sensor calibration. In the best case scenario, the user is aware of the mistake and 
can attempt to estimate the resulting uncertainty or remove the erroneous data. In the worst 
case, the user faces ‘unknown unknowns’ (Povey and Grainger 2015) where an improper 
use of reference data may result in mischaracterization of the ECV quality. In these situa-
tions it can be near impossible to estimate the resultant uncertainty.

It is important to emphasize the potential for reverse feedback from satellite validation 
to reference datasets. While reference data are in principle “the truth", satellite validation 
often yields valuable feedback on the quality of these reference data. A satellite dataset 
can serve as a transfer standard to assess the homogeneity of ground-based network data, 
allowing identification of station or time-series anomalies. With the ever-increasing quality 
of satellite remote sensing data, the potential to identify issues in the reference data grows. 
This “reverse feedback" mechanism was demonstrated by Fioletov et al. (2008), who used 
an ensemble of validated satellite total ozone column datasets to detect issues with the 
ground-based Dobson and Brewer instruments typically used as a reference in such work. 
The outcome of such studies was helpful in shaping later field campaigns, leading to sig-
nificant improvements in the Dobson and Brewer data QA/QC, their calibration, and in 
the characterization of uncertainties. Even today, comparisons to Sentinel-5P TROPOMI 
ozone column measurements reveal quality issues in the state-of-the-art EUBREWNET 
Brewer measurements (A. Redondas, priv. comm.). This approach has also been applied 
to aerosol optical depth (AOD) and SST products (Schutgens et al. 2020; Kennedy et al. 
2012).

Finally, we also must acknowledge that our understanding of the physical Earth Sys-
tem is developing and with it our awareness of limitations within validation datasets. For 
example, oceanic rogue waves have only recently been identified within ocean wave valida-
tion datasets (Breunung and Balachandran 2024), and then observed at scale (Häfner et al. 
2018) with the aid of machine learning and satellite observations (Teutsch 2022; Teutsch 
et al. 2020). Before the advent of the technologies permitted the unambiguous identification 
of rogue waves, they were often referred to as ‘maritime folklore’ (Kharif and Pelinovsky 
2003). Members of the validation community must be careful to not assume that a vali-
dation dataset, particularly when derived from sparsely distributed point measurements, 
captures all of the system dynamics of complex natural phenomena. This example also 
highlights the potential for machine learning and artificial intelligence (AI) techniques to 
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discover physical processes (and provide new context to existing data), which is anticipated 
to continue as AI is used more widely within the scientific community.

2.4 � Potential Solutions

As satellite validation depends heavily on high-quality reference measurements and histori-
cal datasets, it is essential to address the limitations of such data discussed above to facili-
tate the continued improvement of ECVs.

2.4.1 � Identification of Limitations

As a first step, there is an urgent need for systematic identification of limitations within 
different datasets, such as assessing the extent to which (full) uncertainty characterization 
has been conducted or evaluating the adequacy and fitness-for-purpose of accompanying 
documentation. Leveraging existing maturity assessment frameworks, this process should 
involve both quantitative approaches (e.g., inter-comparison studies) and qualitative meth-
ods (e.g., evaluating accompanying metadata to understand the traceability of variables).

An exemplary means of achieving this evaluation (and communicating it) would be the 
production of an uncertainty tree. An uncertainty tree is a visual tool from the metrology 
community used to systematically break down and assess sources of uncertainty in a data 
product. In Earth Observation, this can be used to understand how uncertainties in raw 
observations propagate through processing chains to final outputs. Typically, an uncer-
tainty tree applied to Earth Observation products would include instrumental uncertainty 
(for example, sensor noise and calibration errors), algorithm uncertainty (for example, 
model assumptions or simplifications) and aggregation uncertainty (for example, sampling 
or interpolation errors). Examples of uncertainty trees for satellite-derived and reference 
data products can be found in Merchant et al. (2017); Mittaz et al. (2019); Popp and Mittaz 
(2022); Ma et al. (2020) and Wimmer and Robinson (2016).

Uncertainty trees can also be a helpful tool to identify input parameters without well-
characterized or understood uncertainties, such as the example of emissivity within this 
section. Equally important is the need for data providers to be honest about the limitations 
within their datasets. Rather than omitting information about missing inputs, providers 
should explicitly state, for example, when uncertainty budgets lack specific components.

Finally, we advocate for the continuation and enhancement of activities aimed at assess-
ing and improving the maturity of reference datasets, such as ESA and EUMETSAT’s 
FRM4XXX projects and the CEOS-FRM maturity assessment framework. Together, 
this process can be used to identify areas for improvement as well as areas of increased 
confidence.

2.4.2 � Addressing Limitations

Following maturity assessment, steps should be taken to rectify limitations where possible. 
Considering first the uncertainty characterization, there are several frameworks available to 
support scientists with this, which can broadly be grouped into two categories: 

1.	 The construction of detailed traceability chains and uncertainty propagation and/or 
sensitivity studies on underlying assumptions (for example, Sha et al. 2024; Mittaz et al. 
2019; Kern et al. 2019).
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2.	 Inter-comparison campaigns and exercises

Regarding the latter point, an example of this could be to organize for (large) sets of refer-
ence instruments brought together at a single site to obtain co-located measurements allow-
ing a direct comparison and thus assessment of their mutual consistency. For instance, in 
June 2024 more than 40 MAX-DOAS instruments and complementary systems by more 
than 30 groups worldwide were brought together in the Third Cabauw Intercomparison of 
Nitrogen Dioxide Measuring Instruments (CINDI-3) campaign organized under the joint 
umbrella of the ACTRIS Research Infrastructure, ESA and the Network for the Detection 
of Atmospheric Composition Changes (NDACC).

We encourage both routine and independent inter-comparisons between datasets. Rou-
tine comparisons by independent groups reduce the likelihood that simple misunderstand-
ings or mistakes propagate beyond the data collectors. Evaluation by researchers unin-
volved in data production provides scrutiny of assumptions in the validation process that 
data producers may share for practical reasons; this has been the practice within the ESA-
CCI programme (e.g., Kern et  al. 2019, 2022). Comparison of all datasets can identify 
unacknowledged or unnoticed sources of error, particularly where those error sources result 
from differences of intention between communities with different goals and aspirations.

In cases where there is incomplete uncertainty characterization, where possible it 
is highly important that one estimate it, in the full knowledge that your estimate will be 
imperfect but is much better than ignorance.

2.4.3 � Accessibility and Data Management

To promote accessibility, data providers should strive to include comprehensive and accu-
rate metadata and documentation within their datasets to enable responsible data use. 
Suitable examples of documentation can be found in the FRM frameworks (for example, 
CEOS-WGCV 2023). Fundamentally, this involves ensuring that users understand what 
was measured and how it was measured, enabling them to evaluate the dataset’s suitability 
for their specific study. This requirement is especially pertinent given the growing adoption 
of open-access data standards. The FAIR (Findability, Accessibility, Interoperability, and 
Reusability) Guiding Principles are a notable example of how to practically address and 
improve data management (Wilkinson et al. 2016).

Such rigorous attention to detail must extend across all datasets, including those from 
novel or experimental techniques. While we highlight the importance of FRM-compliant 
reference data, we emphasize additionally the value of non-FRM datasets. These datasets 
can play a crucial role in capturing situations that are challenging to measure using FRM 
standards. In our view, any field measurement conducted to enhance understanding of 
small-scale variability as a function of environmental conditions can be valuable, even if 
not FRM-compliant, provided that it is accompanied by an adequate set of metadata.

There have been a number of impressive data rescue initiatives in recent years. Exam-
ples include the global documentary climate dataset for climate reconstructions (DOCU-
CLIM) (Burgdorf et al. 2023), the international Atmospheric Circulation Reconstructions 
over the Earth (ACRE) (Allan et al. 2016), and the World Meteorological Organization’s 
MEditerranean climate DAta REscue (MEDARE) initiative. Preservation attempts must 
seek to address biases due to different measurement methods, as demonstrated by the 
Met Office’s work with SST measurements (Kennedy et  al. 2011), and those introduced 
by researcher subjectivity. Such challenges highlight the need for collaboration between 
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physical scientists, historians, and social scientists to construct robust, long-term climate 
records.

Closely related to these preservation efforts is the recognition that numerous existing 
datasets may be at risk of data loss. This underscores the necessity of establishing a dedi-
cated data portal for “homeless" reference data. Valuable insights can be drawn from the 
atmospheric science community, which has developed resources such as the ‘Homeless’ 
data portal (ATMO-ACCESS 2023) and contributed to ESA’s Earth Observation Valida-
tion Data Centre (EVDC) (https://​evdc.​esa.​int/). Both portals serve as exemplary models, 
featuring well-defined standardized protocols for uploading data, including comprehensive 
metadata and documentation.

3 � Limitations of the Reference Datasets for Specific Validation 
Activities

To be considered FRM-compliant, a reference dataset must meet further standards within 
the CEOS-FRM maturity assessment framework. These include:

•	 the independence of the reference dataset from the data to be validated,
•	 the representativeness of the reference dataset to the satellite data characteristics, and
•	 the utility of the reference dataset for a class of satellite data.

This section explores limitations of reference datasets to meet these standards, address-
ing measurand differences, independence issues, validation capacity and completeness, and 
representativeness.

3.1 � Measurand Differences

Within the metrology community, the issues discussed in this section might be referred to 
as ‘the measurand problem’: whereby two ostensibly identical measurements are found to 
differ on a more fundamental level. In some applications, this can go further—a specific 
quantity may be expressed in different ways by different user communities. These differ-
ences can impact validation as illustrated below.

For example, Cloud Top Height, Pressure, and Temperature are related ECVs that 
describe the elevation of a cloud (and will be referred to as CTH, CTP, and CTT, respec-
tively). The conversion between CTT, CTP, and CTH utilizes profiles of atmospheric tem-
perature and geopotential height. Those can be obtained from radiosondes or reanalysis, 
such as ERA5 (Hersbach et al. 2020), but both use pressure as a vertical coordinate. As 
pressure decreases exponentially with height, symmetrical distribution of measurement 
differences in CTT or CTH will be distorted by the conversion. This subtlety is typically 
ignored, with the largest discrepancy reported alone as if it were a standard uncertainty. 
This incorrectly represents the tails of the difference distribution.

There are also cases where a single physical concept can be observed in multiple man-
ners, but these are inconsistent on a fundamental level. Active sensors detect CTH as 
where the density of hydrometeors sharply increases at the edge of a cloud. Passive sensing 
observes radiance emitted throughout the cloud such that the CTT reported is a weighted 
average of the temperature profile within the cloud. (The weighting function is sometimes 
known as the ‘averaging kernel’.) As explained in Povey and Grainger (2015), that CTT is 

https://evdc.esa.int/
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typically warmer than that at the physical top. Hence, validation of passive against active 
CTH must apply a correction to achieve a ‘like-to-like’ comparison; typically assuming an 
adiabatic lapse rate (see Sec. 4.6 of McGarragh et al. 2018 or Sec. 2.3.1 of Grosvenor et al. 
2018). Thus, the validation of CTH is more of an inter-comparison than a strict validation 
against a reference observation. Nonetheless, this remains an invaluable method to demon-
strate that the passive observation is fit-for-purpose.

SST reference measurements are a good example of where measurand differences must 
be considered. Satellite SST typically corresponds to the skin temperature (exact depth 
depends on the spectral range used). In-situ reference SST measurements come from a 
variety of instrumentation which measure at different depths (O’Carroll et al. 2019). Ship-
borne radiometers, for example, will typically measure the skin temperature, whereas 
buoys within the international Argo programme capture near-surface temperatures (within 
the top 5 m). Promisingly, there have been concerted efforts by the community to charac-
terize the uncertainties introduced by the different sampling strategies and harmonize data-
sets (Donlon et al. 2014; Wimmer and Robinson 2016).

3.2 � Independence Issues

Independence eliminates the risk of circular reasoning, where the validation process is 
compromised because the datasets share common inputs, models, or assumptions. Ref-
erence measurements are intended to serve as an objective benchmark for satellite data; 
thus, any overlap in data sources, algorithms, or processing methods between the two can 
make it harder to identify biases or inflate the apparent agreement. Ultimately, if satel-
lite retrieval algorithms incorporate data derived from the same sources as the reference 
measurements, the validation results may be affected. In case of large uncertainties on that 
data source, this may result in skewed validation results and subsequent loss of confidence 
in the satellite product. The training of a neural network used to classify sea ice types in 
active satellite microwave imagery is a classic example here.

However, reference datasets may share sources of uncertainty with the observations 
being evaluated, thus violating the assumption of independence (of uncertainties) required 
for the validation process. For example, reference datasets of trace gas concentration are 
usually derived from ground-based remote sensing techniques. Consequently, these data-
sets rely on retrieval processes similar to those used for satellite-derived products, leading 
to comparable sources of uncertainty. A notable exception is the in-situ sampling with bal-
loons or aircraft, which is available only for a few species.

In NO2
 retrievals specifically, satellite and ground-based datasets tend to rely on the 

same absorption cross sections (e.g., Vandaele et al. 1998), or they can have similar ver-
tical sensitivity profiles (as in e.g., TROPOMI HCHO vs. FTIR comparisons of Vigour-
oux et al. 2020). This can be tackled by using a variety of ground-based instruments with 
different observation geometries (Verhoelst et al. 2021) and/or spectroscopies (e.g., FTIR 
and UVVis DOAS as in Lambert et al. 2024). If suitable for the study objective(s), prior 
harmonization of satellite and ground datasets towards the same model profile is a rec-
ommended methodology (Rodgers and Connor 2003). However this can insert correlated 
errors as discussed further in Sect. 4.2.

A final example of independence issues is the CEOS burned area validation protocol 
(Boschetti et al. 2009), which recommends the use of higher-resolution satellite products 
to validate coarser-resolution satellite observations (in this case, the reference data are also 
satellite products). This procedure has been deployed effectively, such as Boschetti et al. 



900	 Surveys in Geophysics (2026) 47:887–924

(2019) using Landsat imagery to validate MODIS burned area products. However, the two 
satellite products have similarities in their processing algorithms (e.g., use of spectral indi-
ces such as the Burned Area Index) and underlying assumptions, for which the resulting 
uncertainty cannot be quantified by such assessments.

In all three of these examples, the selected reference datasets are regarded as the most 
practical options for inter-comparison, either due to the lack of viable alternatives or 
because alternative approaches are unable to satisfy the requirements of validation. How-
ever, such studies effectively assess consistency between datasets rather than quantifying 
the uncertainty of a single dataset. While consistency assessment is important, this distinc-
tion is often not explicitly acknowledged in the reporting.

3.3 � Validation Capacity and Completeness

A significant challenge in validation activities lies in ensuring that the reference measure-
ments encompass both the full range of variability in the satellite data under evaluation and 
the complete range of any parameters that affect the measurand / quantity being measured. 
This issue is exacerbated by differences in the spatio-temporal sampling of satellite and 
reference datasets.

From a spatial perspective, satellite observations are typically global, whereas the spa-
tial distribution of reference datasets is often constrained by logistical factors, leading to 
undersampling in certain geographical regions, biomes, or environmental conditions. 
Temporal coverage and completeness pose additional difficulties, as reference datasets are 
often collected seasonally or are limited to specific operational periods. Furthermore, older 
measurements or historical datasets might be incomplete, sparse, or inconsistent. In some 
cases, the data may not have been digitized or preserved properly, making it difficult to 
access or compare with satellite observations, as discussed in Sect. 2.2. Finally, reference 
networks continuously evolve over time which changes the temporal sampling and which 
could lead to erroneous trends if used to correct/harmonize data. Several examples are pre-
sented here across different ECVs to show the widespread nature of this challenge.

3.3.1 � Aerosol Properties

Surface reference measurements of aerosol properties tend to be concentrated in Europe 
and the continental USA (e.g., EBAS, https://​ebas.​nilu.​no). Consequently, these observa-
tions are most representative of anthropogenic pollution dominated by nitrates, which will 
differ from pollution dominated by sulphates or even natural aerosols. As another example 
of reference data, we discuss measurements by the Aerosol Robotic Network (AERONET), 
an international network of sun-photometers that provide highly accurate observations (via 
the Direct Sun Algorithm) of the optical depth of aerosols along the line of sight to the sun 
(Holben et al. 1998). While measurements of AOD from AERONET sites (https://​aeron​et.​
gsfc.​nasa.​gov) have better global coverage than many reference networks, large regions are 
still undersampled: Northern Africa, Northern Asia, and the oceans. This is illustrated in 
Fig. 1, alongside a selection of other networks. The location of measurements sites is con-
strained by resource availability, access, and political considerations. These choices may 
influence the final ECV product in subtle ways as they affect where scientific development 
is focused and what it overlooks.

https://ebas.nilu.no
https://aeronet.gsfc.nasa.gov
https://aeronet.gsfc.nasa.gov
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Spatial coverage of the AERONET network has also changed with time, with reduced 
spatial sampling going back through the data record up to the launch in 1992 (Holben et al. 
1998). In particular, and rather obviously, AERONET cannot be used to assess satellite 
products before that time.

3.3.2 � Land Surface Temperature

Validation of satellite LST is predominantly conducted over homogeneous environments 
such as deserts and lakes (Göttsche et  al. 2016; Hook et  al. 2020) because of the chal-
lenges in capturing spatially representative reference LST in heterogeneous environments 
(Guillevic et al. 2018; Malakar et al. 2018). This is demonstrated in Fig. 2, which shows 
satellite pixel sizes over long-term LST calibration sites compared with a more heterogene-
ous site in Kapiti, Kenya. Kapiti is about as homogeneous as a savannah site can be, and yet 
due to factors such as pixel size and the nature of the landscape (grasslands with scattered 
and isolated trees and soil), to validate at the pixel scale requires evaluation of all compo-
nents, which is challenging logistically. If we do not carry out such work then the potential 
biases of any given product over a landscape with sub-pixel scale heterogeneity remain 
undetermined. This may lead to an underestimation of overall satellite bias, since valida-
tion studies conducted in heterogeneous environments report higher and more variable 
biases than those observed in homogeneous environments (Duan et al. 2019; Martin et al. 
2019; Dowling et al. 2022). This can also result in misunderstanding of LST behaviour in 
heterogeneous environments. For example, there have been no studies which validate satel-
lite LST products in urban environments without additional assumptions (e.g., downscal-
ing). In practice, this means that we have no understanding of product performance over 
such environments despite the importance of LST for understanding urban phenomena like 
the urban heat island effect (Hulley et al. 2019). It is important that validation of a variable 
covers all types of landscapes, at a spatially relevant scale, where that variable is used for 
scientific research.

Fig. 1   The global density of surface reference sites (on a 2◦ × 2◦ grid) from six observational networks: 
AERONET for aerosol optical depth, RadCalNet for surface reflectance, SURFRAD for surface radia-
tion budget, MPLNet for the vertical distribution of aerosols, FLUXNET for the carbon/water cycles, and 
TCCON for trace gas concentrations
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3.3.3 � Sea Ice Thickness and Snow Thickness

Many field campaigns can only be conducted in particular seasons, especially in the polar 
regions or where there are strong monsoons. In-situ measurements of sea-ice thickness 
or snow depth on sea ice are most practical during local spring and summer, but these 
can be conditions where satellite data are known to be unreliable (in this example, due to 

Fig. 2   Satellite (MODIS and SEVIRI/GOES) pixel sizes over classical LST calibration sites (top left: Lake 
Tahoe, USA; top right: Russell Ranch, USA) compared to a calibration site from a region of the world 
typically not used as such (lower: Kapiti, Kenya). US sites landcover data from the Annual National Land 
Cover Database (NLCD) Collection 1. Kenya site land cover data from Dowling et al. (2022)
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melting conditions). Airborne campaigns, such as Operation IceBridge (OIB), typically are 
conducted in daytime conditions for safety reasons and have therefore almost exclusively 
occurred during spring as shown in Tables  13 and 14 of (MacGregor et  al. 2021). The 
sampling of validation data must be clearly communicated within data quality reports as it 
impacts the fidelity with which seasonal and other cycles can be represented. Furthermore, 
in dynamic systems such as snow/ice evolution, a validation during one part of the cycle 
does not give credible results for other parts of the cycle (Rostosky et al. 2018; Zhou et al. 
2021) and, crucially, will not capture all-year accuracy.

For example, sea ice must meet certain requirements to carry ice mass balance buoys 
or buoys that measure snow accumulation. The consequence is that almost all buoys are 
installed on so-called multiyear ice. Observations of sea ice and snow thickness from such 
buoys are therefore biased towards multiyear ice and do not represent seasonal sea ice (e.g., 
Zhou et al. 2021; Rostosky et al. 2018). Seasonal sea ice covers an increasing fraction of 
the Arctic Ocean (Kwok 2018), so that errors in its observation will become more conse-
quential over time.

The limited completeness of reference data also impacts the ability to develop, train, 
and/or evaluate new algorithms (e.g., Zhou et al. 2018; Braakmann-Folgmann and Donlon 
2019). This can be obscured when a product is used to fill gaps in other observations. For 
example, the derivation of ice surface temperatures in the mixed ice-water zone (where in-
situ observations are unavailable due to the dangerous conditions; Zhang et al. 2020) relies 
on satellite and airborne observations in other conditions to devise a workflow that can 
be applied to airborne inputs alone. Therefore, the surface temperatures derived are only 
based on reliable data for the summer months, an issue not taken forward into the analysis.

3.3.4 � Sea Surface Temperature and Salinity

Historic SST records are limited spatially to the ships’ tracks and navigable waters, with 
frequent sampling across the established trade routes but sparse sampling elsewhere. In 
recent years, due to the international Argo project and other buoy initiatives, near-surface 
sea temperatures and salinity are two of the most routinely sampled variables: currently 
(2024) the Argo project collects 13,000 data profiles monthly (400+ a day) (Argo Program 
Office 2024). However, no routine measurement systems exist in seasonally ice-covered 
waters near the poles, unlike in the open, ice-free ocean where buoys can drift freely with-
out being destroyed or where floats can surface without being damaged by bumping into 
ice. The spatial coverage of evaluation data for these two ECV quantities is therefore biased 
to ice-free waters, which has implications for producing diagnostic quality indicators.

Indeed, polar regions’ observations are generally mostly of an expeditionary nature and 
are much more sparse. Upward looking sonar (ULS) measurements carried out in the Arc-
tic Ocean from submarines as a by-product of security monitoring of that region (Wensna-
han and Rothrock 2005) or from fishing or whaling boats reporting on ice, weather and 
oceanic conditions in polar waters (Worby and Comiso 2004; Divine and Dick 2006) are 
two exceptions, among others.

3.3.5 � Clear Sky Bias

A final broader example of validation capacity and completeness is “Clear-sky bias”, 
namely the phenomenon whereby many observations of the Earth system can only be 
conducted in the absence of cloud because the cloud obscures the signal of interest (and 
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is related to the issue of day vs. night observation). These data are therefore “clear-sky” 
observations only, which introduces an unavoidable bias to variables that differ in the pres-
ence of clouds. Multiple ECVs are affected by this issue including (i) surface temperatures, 
which will typically be larger under direct solar illumination than diffuse light (i.e., cloudy 
sky) (Ermida et al. 2019; Karagali et al. 2022; ii) evaporation from land, which is driven 
by the land surface temperature (Pan et al. 2024); and (iii) aerosols which may grow in size 
near clouds due to increased humidity. In some cases, the bias appears only within the eval-
uation of an ECV quantity, such as the assessment of sea ice concentration using optical or 
thermal infrared satellite observations (Kern et al. 2022). In cases where the presence of 
cloud is correlated with a perturbation to the measurand, this issue overlaps with the repre-
sentativeness issues discussed in Sect. 3.4.

3.4 � Representativeness Mismatch

The aim of this subsection is to explore a fundamental difficulty with using reference 
datasets for validation: the unavoidable spatio-temporal mismatch between satellite and 
reference data. When measuring a continuous field, any given observation can only 
sample the population of behaviours that can occur. This applies to both the values that 
could be reported and the relationships between such values, such as derivatives or cor-
relations. Any bias in the sampling will produce errors.

Taking Low-Earth Orbit satellite observations as an example, the spatial representa-
tiveness of a single observation is determined by the sensor’s field-of-view (FoV) and 
spatial resolution, while its temporal representativeness is limited to the brief integra-
tion period as the satellite passes overhead. For an entire dataset, the satellite’s orbit 
dictates spatio-temporal constraints, such as overpass and revisit times. Similarly, refer-
ence measurements used for validation are subject to location-specific and methodologi-
cal constraints, which limit their spatio-temporal representativeness.

Differences in spatial resolution can be particularly problematic in the validation 
of classification data. For example, burned area products identify the area of land sur-
face that has been affected by fire by, say, detecting a darkening of the land. This could 
cover any scale, from small areas of a few metres to continental. Satellite imagery is 
comprised of pixels with a set size, dependent on the sensor and pixel location. Burnt 
patches smaller than that scale are likely to be undetectable and, in practice, detection 
requires multiple adjacent pixels (further increasing that size). As a result, imagers 
with different resolutions often report varying burned areas for the same location and 
time, as illustrated in Fig. 3. While some of this is due to sensor sensitivity, resolution 
presents a challenge for validation of burned areas. Multiple studies (e.g., Ramo et al. 
2021; Andela et  al. 2019) show that satellite burnt area products frequently overlook 
small fires recorded by ground surveys. Indeed, Millington et al. (2022) found that up 
to 60% of anthropogenic fires were undetected by remotely sensed burned area satel-
lite products, as their size fell below the minimum burned area detectable by satellites. 
When validating a satellite measurement of discrete events, it is thus important to sub-
divide the results by the scale of the reference event in order to quantify detection biases 
in the satellite. This issue is amplified by the limitations of spatial coverage discussed in 
Sect. 3.3.

Airborne campaigns play a unique role in addressing resolution differences by pro-
viding an intermediate spatially resolved observation between point-based reference 
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measurements and satellite observations. This is demonstrated in Fig. 4, which shows 
ground-based, airborne, and satellite LST imagery.

Field-of-view differences between satellite sensors and reference measurements pre-
sent additional challenges for validation. For instance, AOD retrievals from AERONET 
and MODIS (Moderate Resolution Imaging Spectroradiometer) differ significantly in 

Fig. 3   Area burned in 2016, 
expressed as the fraction of each 
0.25◦ grid cell according to (a) 
FireCCISFD11, with a resolution 
of 20 m; (b) GFED4s, with a 
resolution of 0.25◦ ; and (c) the 
difference of fractions between 
them (FireCCISFD11-GFED4s). 
White indicates a lack of active 
fires detected by MODIS sensors 
in 2016. Reproduces Fig. 1 from 
Ramo et al. (2021)
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their observational scales. AERONET’s measurements sample a narrow atmospheric 
path along the line-of-sight to the Sun, with a horizontal extent that varies with solar 
zenith angle. This horizontal extent can range from nearly zero when the Sun is directly 
overhead to up to 5.5 km if the Sun is low at the horizon (assuming a zenith angle of 
70o , and most of the aerosol is in a 2  km thick boundary-layer). In contrast, MODIS 
Dark Target satellite retrievals (Remer et al. 2005) are based on 20 × 20 aggregates of 
pixels that individually have a nominal 500 m field-of-view, but due to off-nadir viewing 
angles may represent a total area as large as 20 × 45 km2 . Such discrepancies are par-
ticularly impactful on validation studies in regions with highly variable aerosol density, 
such as those near plumes from fires, volcanic eruptions or industrial sources. Different 
types of aerosol measurements - such as AOD, Ångström exponent, or single scatter-
ing albedo - of the same atmospheric volume will be affected differently by these FoV 
issues (Schutgens et al. 2016a, b).

Angular mismatches, such as differences in the viewing angles of the satellite and ref-
erence instruments, can additionally introduce biases due to anisotropic properties of the 
surface or differing atmospheric path lengths. For ECVs derived from surface reflectance 
products, extensive research has been conducted into correction of this anisotropy and 
methods of correcting it (for example, bidirectional reflectance function, BRDF). However, 
for other ECVs such as LST, this is currently an unresolved problem that can have signifi-
cant impacts, as discussed in Cao et al. (2019).

Finally, it is important to highlight that mismatch between the spatio-temporal repre-
sentativeness of two datasets may be a particular problem for historic datasets, particu-
larly when these datasets were not collected with the primary objective of satellite vali-
dation. While modern satellites provide continuous, high-resolution measurements, 
historical observations were frequently catalogued at coarser temporal scales, such as daily 
or monthly intervals. Historic measurement locations may also lack precise georeferenc-
ing or may have changed over time (e.g., station relocation or changes in measurement 
platforms), which makes it challenging to match ground observations with satellite data 

Fig. 4   Representation of scaling 
effects, showing a ground-based 
observation (red dot) within 
the airborne swath within a 
satellite image. The data shown 
are LSTs captured during the 
joint ESA-NASA Temperature 
Sensing Experiment (NETSense) 
conducted in Grosseto, Italy, 
in 2019. Airborne observations 
are taken from NASA’s HyTES 
sensor, whereas the satellite 
observations are from the ECOS-
TRESS satellite. The respective 
pixel sizes are provided to the 
left of the image. Image adapted 
from Wooster et al. (In Review) 
with permission
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spatially. These discrepancies complicate direct comparisons. As discussed in Sect. 2, these 
historic datasets can be highly valuable in extending the coverage of the validation activity 
and therefore efforts should be made to address representativeness mismatch issues.

3.5 � Potential Solutions

A number of the issues discussed in this section result from poor communication of the 
variable and its properties. The most important way to minimize the limitations of valida-
tion datasets is to clearly communicate in the literature precisely what is measured and the 
assumptions made in that process. This can be used to minimize measurand and independ-
ence issues in particular.

Looking ahead, the availability of reference measurements (validation coverage/capac-
ity) can be greatly expanded by increasing the size of networks and continued commitment 
to maintain those networks. Network expansion and design should be informed (when not 
driven) by specific validation needs and identified coverage gaps. Support and funding for 
airborne campaigns should be maintained for their unique capability to collect data over 
remote and inaccessible regions and the intermediate resolutions they provide.

Efforts should continue to develop, as far as practical, all reference datasets towards 
FRM principles, particularly historic measurements. A good example of this is the EU-
ESA St3TART project, which aims to prepare a roadmap for operational provision of 
FRMs for topographic products. Such a roadmap should identify the barriers to applying 
FRM principles within the datasets as this can drive development of potential FRM-com-
pliant technologies and techniques for validation, as was demonstrated by the sea ice com-
munity with the Sea Ice Measurement System (SIMS) (Da Silva et al. 2023).

More broadly, it is important that space agencies and national science centers support 
dedicated validation campaigns, mirroring the call in Kahn et  al. (2023) for systematic 
sub-orbital observations. These should measure, as closely as possible, the same quantity 
as that to be validated. The insistence that validation campaigns individually achieve sci-
entific impact, while understandable, increases the uncertainty in the long-term measure-
ments that underpin ECV evaluation by focusing reference observations on ‘interesting’ 
events. This biases the sample of reference data and tends to overlook routine or incon-
venient environments. The recent efforts of ESA with respect to Aeolus and EarthCARE 

Fig. 5   The issue of co-location 
is not limited to finding satellite 
and reference measurements with 
sufficiently similar nominal loca-
tions and measurement times, 
but also includes the impact of 
differing resolution and perhaps 
some (even more implicit) sensi-
tivity difference aspects. Image 
reproduced with permission from 
Verhoelst et al. (2015)
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validation and the longer-term combined efforts of ESA and EUMETSAT with respect to 
Sentinel-3 and Sentinel-6 missions are encouraging. We consider these examples of good 
practice.

4 � Challenges and Limitations in the Validation/Comparison 
Methodology

Virtually all satellite validation work relies on the creation of harmonized and co-located 
pairs (or triplets/multiplets) of satellite and reference measurements, from which quality 
indicators (bias, dispersion, etc.) are derived. As touched upon in Sect. 3, the validation 
and comparison methodology must therefore—to the extent possible—address the differ-
ences between the satellite and reference observing systems, in particular regarding spatio-
temporal representativeness (Sect. 3.4). This challenge is conceptualized (for the case of 
atmospheric composition data) in Fig. 5, which details that instead of comparing two point-
like measurements that coincide in both space and time, reality is much more complex: not 
only do the nominal measurement locations and times differ, also the actual area/time of 
sensitivity will be different, and more often than not, neither the satellite pixel coordinates 
nor the instrument location capture the full sensitivity of the measurements. If the ECV 
under study is variable at these scales, this inevitably introduces mismatch-related error.

In practice, the harmonization and co-location criteria are designed to minimize mis-
match errors while still yielding sufficiently large sample sizes to construct robust statistics 
(e.g., for bias estimation). While the latter constraint usually excludes the possibility of a 
“perfect" co-location, most ECVs describe the evolution of a dynamical system and exhibit 
substantial spatio-temporal correlations, such that much can be learned from a comparison 
of two datasets that refer to slightly different times and locations. Still, it is important to be 
aware of the complete uncertainty budget of a comparison, including measurement uncer-
tainties on satellite and reference data, additional uncertainties introduced by harmoniza-
tion steps, and uncertainties due to remaining, irreducible, co-location mismatch. When 
these additional uncertainties are of greater magnitude than those of the dataset to be vali-
dated, the value of the validation becomes questionable.

Below, we discuss in more detail the complete uncertainty budget, the need for harmoni-
zation, the (irreducible) co-location mismatch, and approaches to optimize the comparison.

4.1 � Constructing a Complete Comparison Uncertainty Budget

Constructing a complete comparison uncertainty budget for satellite validation involves 
systematically quantifying all sources of uncertainty that may affect the comparison 
between satellite observations and reference measurements.

In theory, this process could be completed using a three-step approach: 

1.	 Identifying and quantifying uncertainties related to the reference measurements them-
selves (discussed in Sect. 2). These include stochastic measurement noise, calibration 
effects, and the influence of auxiliary inputs or algorithm assumptions.

2.	 Identifying and quantifying uncertainties from spatial, temporal, and angular mis-
matches and approaches to address these (for example, using modelling or higher reso-
lution imagery).
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3.	 Propagation of uncertainties through the comparison process, often using Monte Carlo 
simulations, analytical uncertainty propagation, or covariance analysis techniques to 
capture their combined effects.

The resulting uncertainty components would then be aggregated into a total uncertainty 
budget, typically expressed as a standard deviation or confidence interval.

In practice, this process is significantly more challenging due to the issues raised 
throughout this paper. For example, there may be incomplete characterization and knowl-
edge of uncertainties as discussed in Sect. 2.3, which will generally result in omission of 
uncertainty contributors and result in underestimation of the total uncertainty. There may 
be independence issues not accounted for, as discussed in Sect. 3.2, which result in cor-
relations between uncertainty sources, such as shared biases in atmospheric corrections 
or geolocation inaccuracies. Assumptions made in the representativeness of the refer-
ence datasets may be incorrect that result in unquantifiable uncertainties overlooked in 
the budget. An example of this could be drift in a historic station location over time that 
was not recorded in metadata, thus not captured in the uncertainty budget. Estimating co-
location mismatch uncertainties is highly difficult as it requires a detailed understanding of 
both the measurement systems and the spatio-temporal variability of the ECV under study 
(Sect. 3.4). Finally, there may be more conceptual challenges, such as differences in the 
measurand, that are harder to capture the uncertainties of. While this list of challenges is 
daunting, awareness of potential issues is the first step, and incremental progress towards a 
complete uncertainty budget is being made for many ECVs. Eventually, the aim of the vali-
dation should be to verify whether the uncertainty budget is closed, i.e., that the observed 
distribution of differences is consistent with the total estimated comparison uncertainty 
budget. Pioneering work in this direction has been published by Verhoelst et al. (2015) and 
Sayer et al. (2020), and is the topic of Verhoelst et al. (2025) in this special issue.

4.2 � Harmonization between Satellite and Reference Datasets

Harmonization is essential when comparing two datasets as they will almost always have 
different spatio-temporal representativeness, on both the local (single measurement) and 
global (full dataset) scale. While such harmonization can eliminate/reduce significantly the 
mismatch errors, it is essential to be aware of the implications and additional uncertainties 
introduced, as detailed below.

First, the essential step of creating a common subset (through spatio-temporal co-loca-
tion) of both datasets (and constraining the comparison to those data) limits the evaluation 
of satellite-observed ECVs to a spatio-temporal sampling that is usually far more sparse 
than the original product. This subset may not be representative of the original dataset, 
depending on the validation capacity of the reference dataset, as already discussed in 
Sect. 3.3.

Second, there is the issue of how to compare individual observations that may have very 
different spatio-temporal resolutions. Upscaling and downscaling approaches are common, 
with different approaches advised depending on the ECV and location. Criteria for a sat-
isfactory co-location will vary from ECV to ECV, depending on spatio-temporal corre-
lations that exist in the actual ECV fields. Surprisingly little research has been done on 
these spatio-temporal correlations (Anderson et al. 2003 and Sparling et al. 2006 are some 
examples). Co-location criteria themselves (i.e., maximum separation in space and time of 
satellite and reference data) are often determined through trial-and-error to achieve the best 
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agreement between satellite data and reference data. In any case, a representativeness error 
will be introduced by the harmonization, e.g., through the loss of information on individ-
ual satellite pixels or through the use of auxiliary data with their own uncertainties. These 
errors will exhibit both random and systematic behaviour, demanding a careful approach to 
quantifying their statistics to account for their spatio-temporal correlations.

Differences in temporal sampling or resolution between satellite and reference instru-
ments are a particular concern for ECVs with a strong diurnal evolution. For example, the 
observation of tropospheric and stratospheric NO

x
 is challenging as the gases have short 

photochemical lifetimes (of the order of hours) and—for the tropospheric component—
a strong diurnal evolution in their (anthropogenic) emissions (e.g., rush hour traffic). 
When high NO

x
 scenes are masked by clouds (Compernolle et  al. 2020), the validation 

approach must ensure either very tight temporal co-location or use conversion factors to 
harmonize the temporal coverage. The latter approach is adopted when comparing satel-
lite stratospheric NO

2
 observations, obtained at low-to-moderate solar zenith angles, to 

ground-based reference measurements, obtained during sunrise and sunset with twilight 
zenith-scattered-light instruments (Verhoelst et  al. 2021). These NO

2
 column measure-

ment conversion factors are based on a photochemical model representing the full diurnal 
cycle as a function of latitude and time-of-year, but introduce additional uncertainty to the 
validation.

A more problematic case of harmonization of temporal differences arises when evaluat-
ing model data with satellite data. When daily model data (centered on UTC noon) is com-
pared with satellite data from single overpasses on that day, the model will appear to per-
form worse near the dateline than near the central meridian (Schutgens et al. 2016a). This 
effect disappears if the model is instead averaged around a small time-window centered on 
the overpass time, as shown in Fig. 6.

Third, the harmonization step typically includes operations to align measurands, units, 
and underlying assumptions on the state of the ECV. When these require the use of aux-
iliary data, additional uncertainties seep into the comparison, and independence between 
satellite and reference measurements may be lost (as already touched upon in Sect. 3.2).

Finally, historical datasets often require processes like homogenization (adjusting for 
inhomogeneities over time) or reconstruction (e.g., using proxy data). The techniques used 

Fig. 6   Correlation between model AOT at the time of MODIS-NRL Aqua observation and a 24 h model 
AOT average. Top: 24 h model average uses overpass time as the center for the 24 h average; bottom: 24 h 
average defined according to UTC. Image reproduced with permission from Schutgens et al. (2016b)
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for these processes can introduce uncertainties, making it harder to compare historical data 
directly with satellite measurements.

4.3 � Irreducible Co‑location Mismatch

Even after harmonization and an application of “optimal" co-location criteria, discussed 
in depth in Loew et al. (2017), some mismatch errors will remain, in particular if (1) these 
criteria are relatively relaxed so as to ensure a sufficiently large number of pairs to obtain 
robust statistics, (2) the spatio-temporal distribution of the ECV has strong variability at 
the scale of the co-location (which may be a typical property of the ECV or the result of 
some localized event), and (3) the measurement systems have complicated spatio-temporal 
sensitivities to the measured ECV, not well represented by the nominal pixel area or site 
location. Quantifying these irreducible errors is challenging, in particular because often 
only limited knowledge exists on the fine-scale variability of the ECV and on the more 
subtle sensitivity properties of the measurements. This highlights the importance of vali-
dating uncertainty information on mature ECVs, as one of the few means of quantifying 
the behaviour of errors of this nature.

4.4 � Potential Solutions

Considering the harmonization and co-location process, thoroughly and precisely describ-
ing the aggregation, filtering, and interpolation methods used in the generation of data is 
essential to determining the nature of errors expected when comparing two measurements. 
Filtering criteria, such as thresholds, and the rationale for their selection are too often omit-
ted from publications, even in technical reports.

Ideally, the co-location criteria should strike the optimal balance between small mis-
match errors and a sufficient number of comparison pairs to allow an accurate determina-
tion of the quality indicators, but as criteria are often derived by trial-and-error, dedicated 
studies aimed at quantifying this optimum are needed. An adequate design of field experi-
ments and airborne campaigns that are specifically dedicated to evaluate satellite measure-
ments is mandatory in this regard as well; see also Kahn et al. (2023).

Errors introduced by representativeness issues that remain after (or are introduced by) 
the harmonization process need to be understood and preferably become part of the com-
parison uncertainty budget. Methods exist to estimate these mismatch uncertainties but 
their use is not yet commonplace. These include the triple co-location analysis (e.g., Vir-
tanen et al. 2018; Gruber et al. 2016), and the use of models and/or other high-resolution 
data (e.g., from field or airborne campaigns) of the ECV to quantify the mismatch errors 
at the scale of the co-location (e.g., Verhoelst et al. 2015; Schutgens 2020). Ideally, this 
includes a metrological analysis of the true spatio-temporal sensitivity of both measure-
ment systems to fully account for the representation differences (e.g., Lambert et al. 2012).

To help with construction of a complete comparison uncertainty budget, we again advo-
cate metrological methods such as the uncertainty tree to identify potential contributors. In 
some areas of study, methods have been developed to address some of the issues identified 
in Sect. 4.1. In the case of measurand differences, one of the datasets may be able to be 
mapped onto the other or manipulated to more closely resemble the other. However, this 
process will introduce additional uncertainties that have to be considered. To estimate rep-
resentativeness uncertainties, scientists may benefit from the use of external datasets (e.g., 
high-res model or campaign data).
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Finally, a good option to acknowledge potential blind spots or mischaracterizations in 
the uncertainty estimation is the "plus zero uncertainty" term (Mittaz et al. 2019; Bulgin 
et al. 2022). This is an unquantified or unmodelled uncertainty component that is assumed 
to not contribute to the measurement equation but does contribute to the uncertainty 
budget. This can be particularly valuable in acknowledging unidentified uncertainty con-
tributors. A means of avoiding human bias within the validation process is to ensure that, 
at least occasionally, the validation of an ECV dataset is performed by a researcher unin-
volved in its creation, as this person will not have a vested interest in the final result and 
will likely optimize for different practical concerns.

5 � Recommendations to the Community

Common themes identified as potential solutions throughout this paper are discussed fur-
ther below.

5.1 � Identification of Limitations

As a first step, for any data collector, it is essential for continued improvement of climate 
observations that efforts are undertaken for systematic identification of limitations within 
different datasets. This includes all limitations discussed in this paper, from traceability to 
harmonization of the satellite product and the reference dataset. Without this initial step, 
there can be no possibility for improvement.

Drawing from the metrological community, an exemplary means of evaluating limita-
tions would be the production of an uncertainty tree (Merchant et al. 2017). This can ena-
ble both assessment of the resulting uncertainties as well as identification of inputs which 
are lacking uncertainty quantification.

The maturity matrix is another good example of a method that can be used to identify 
limitations in the validation process. This makes use of a systematic approach to identify 
the maturity of an aspect of the data. In the Copernicus Cal/Val Solution (CCVS) pro-
ject for example, a pioneering maturity matrix has been developed for use in validation 
activities. This maturity matrix has been applied to atmospheric composition products of 
Copernicus Sentinels (Alhammoud et al. 2023, page 51). We recommend further develop-
ment of the validation maturity framework as pioneered in CCVS. The maturity assess-
ment frameworks of EDAP (EDAP 2022) and CEOS-FRM (Goryl et  al. 2023) can also 
serve as inspiration.

One can make a further distinction between (a) the maturity of the validation process 
itself according to state-of-the-art protocols or community practices, and (b) the complete-
ness of the validation as performed for a given product. A first step towards (a) is for com-
munity best practices to be identified, further discussed in Sect. 5.5.

However, we must emphasize that the maturity rating communicated to the user does 
not comment upon the merit of the data. If the only data available have no uncertainty and 
no ability to estimate it, that does not mean the data lack value, it just comes with caveats 
for the use and application of that data. The maximum maturity level may be impossible or 
impractical to achieve for certain ECVs (as currently defined and measured).
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5.2 � Communication of Limitations in the Validation Process

As discussed throughout this paper, identification of the limitations in the validation pro-
cess must be accompanied by effective communication of these limitations. Users will 
vary in their understanding of what validation data means for their desired use, and in 
their technical ability to handle the validation data. In particular, a focus must be placed 
on conveying the scope and applicability of the validation work carried out. As discussed 
in Sect. 3.3, practical and logistical concerns may limit the collection of validation data to 
specific conditions, such as a single season or surface type. It is important to convey the 
domain/extent of the validation data to users so they can make informed decisions about 
how to apply those results to other circumstances. The communication of limitations is not 
intended to restrict or diminish a dataset but rather enable the widest appropriate use, and 
facilitate discussion about what more work needs to be done.

It is therefore important to have a means of communicating to a user that, while the 
stated uncertainty for the product may be, for example, 10%, the temporal and spatial reso-
lution of that uncertainty is not necessarily uniform and there may be error correlations. A 
good framework within which to evaluate and state the domain and conditions over which 
validation results apply, to inform about whether error correlation scales are included, and 
to highlight other issues as described, is once again the maturity matrix.

However, we again emphasize that the maturity matrix cannot be considered a measure 
of merit. For example, as discussed for sea ice, there can be barriers to extending the vali-
dation data beyond a specific set of conditions. In such cases, the maturity of the assess-
ment may never advance beyond a certain level. To avoid mis-interpretation that could have 
impacts downstream (e.g., on the availability of funding), care must be made to accompany 
the maturity matrix with suitable documentation explaining the reason for this.

5.3 � Data Storage and Public Repositories

Robust data storage is essential to ensure the preservation and discoverability of validation 
data. This is essential both for the principle of reproducible science and to enable repro-
cessing in response to future discoveries. While the discoverability and dissemination of 
satellite data have greatly advanced in the last twenty years, the same cannot be said for the 
validation of the datasets that underpin this primary data. Where they do exist, many cal/
val datasets are often left in the limbo of grey literature, stored on inaccessible servers or 
buried in dense technical reports in non-machine readable formats.

Example solutions for the issues raised above have been identified in the atmospheric 
science community, who have developed resources such as the ‘Homeless’ data portal 
(ATMO-ACCESS 2023) and contributed to ESA’s Earth Observation Validation Data 
Centre (EVDC) (https://​evdc.​esa.​int/). However, as campaigns often collect data across 
multiple ECV domains, there is a further need for a single platform for multiple ECV 
communities. We therefore encourage the development of a dedicated cal/val data portal, 
coordinated centrally by the space agencies, with unified metadata standards, linking of 
data to its documentation at the source, and guaranteed long-term archiving and cross-ref-
erencing support. A potential option for this is the CEOS WGCV Cal/Val portal hosted 
by ESA (https://​calva​lport​al.​ceos.​org/). While still in the early stages, and with limitations 
in both its presentation and use, this portal is recommended for further development as 
this may be a suitable hub for the storage and dissemination of multiple ECV validation 
data. In particular, the clear standards and assistive onboarding process would provide a 

https://evdc.esa.int/
https://calvalportal.ceos.org/
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significant step forward in solving the issues raised above. We highlight the need for matu-
rity assessment frameworks and tools, such as the maturity matrix, to accompany these 
datasets within the portals.

While the CEOS WGCV effort includes a broad collection of cal/val data in different 
thematic domains, further good examples of dissemination for a specific task is that of the 
QA4SM effort (https://​qa4sm.​eu/​ui/​home) or AERONET (https://​aeron​et.​gsfc.​nasa.​gov/). 
Like EVDC, both of these portals enable a user to easily locate and use machine-readable 
data that are directly relevant to their task. They also streamline the location of key docu-
ments and training in best data practices.

As a final consideration around data storage, we highlight the need for scientific com-
munities to make use of these portals to increase validation capacity and coverage. We 
encourage any field-going party to publish their measurements together with the logical 
minimum set of metadata, regardless of whether these are FRM-compliant or not. It is 
essential to include both raw and processed data to facilitate reprocessing in case of future 
discoveries and potential ongoing uncertainty analysis, for example, as was observed for 
calibration coefficients in allometric equations used to derive Above Ground Biomass ref-
erence datasets (Calders et al. 2022).

5.4 � Extension of Station Networks

To address representation issues, we need to extend and build upon existing station net-
works and establish long-term monitoring stations in under-represented areas, both geo-
graphically as well as in terms of research focus. The community therefore needs to 
make a continued push to secure dedicated, long-term funding for fixed stations globally 
with multi-national infrastructure that can be built in the global south and other areas of 
limited observation density. To ensure that stations strive to FRM quality, the support of 
these stations should include maintenance, regular re-calibration, equipment purchase, 
and support for local expertise. The ongoing ESA Cal/Val Park Project is an example of 
best practice of site development, as this site aims to be one which will adhere to FRM 
principles enabling cal/val opportunities for satellite missions including those from New 
Space.

A critical consideration in network expansion is determining optimal locations for 
new stations. Heuristic approaches can be useful, such as ensuring the network cap-
tures the full range of natural variability of an ECV and the parameters influencing its 
retrieval. For example, an aerosol network should include observations representing 
the natural variability of AOD (‘amount’) as well as across the natural range of parti-
cle sizes and compositions, since these also affect satellite retrievals of the AOD ECV. 
Beyond heuristics, it is recommended that other objective standards for locating sites 
are developed. Schutgens et al. (2020) proposed using diversity among satellite-derived 
AOD products as a criterion for developing siting rules, with new sites preferably in 
areas where satellite products differ greatly.

In addition to fixed long-term networks, dedicated airborne campaigns have a signifi-
cant role in bridging resolution issues and providing data in remote or otherwise inac-
cessible regions. As discussed in Sect. 3.3 and MacGregor et al. (2021), these have their 
own challenges and likely will only capture a snapshot of conditions, but are often the 
best—and sometimes only—option for satellite-equivalent observations in challenging 
locations. Continued efforts in this area are critical, and individual communities should 
highlight their needs.

https://qa4sm.eu/ui/home
https://aeronet.gsfc.nasa.gov/
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Extension of observations to address representativeness issues requires exploiting 
every technology available. Firstly, in situations where cost constraints prohibit network 
establishment or expansion, well-calibrated low-cost environmental sensors present an 
alternative option. Chan et al. (2020) demonstrated that, across a range of environmen-
tal measures, low-cost instruments can achieve research-grade standards if deployed and 
maintained carefully. These sensors significantly reduce hardware costs, with much of 
the build and maintenance able to be performed locally. To strive to FRM standards, 
these sensors may require more frequent maintenance checks than more robust instru-
mentation and concerted efforts must be made to ensure regular re-calibration against 
traceable standards using community best practice. Rigorous reporting practices as 
well as the retention of raw data are essential to maximize the scientific utility of these 
datasets.

Secondly, emerging technologies and validation methods, such as drones providing 
access to remote areas, also offer new opportunities to extend measurement networks. 
These technologies and associated processing techniques are still maturing and often 
are not yet FRM-compliant. It is therefore important that the scientific community apply 
rigorous quality assessment to ensure their reliability. A good example is the SRIX4Veg 
(Surface Reflectance Inter-comparison eXercise for Vegetation), endorsed by CEOS and 
conducted as part of the ESA FRM4Veg project. This initiative demonstrated the poten-
tial of UAV-based surface reflectance measurements by investigating instrument and 
operator biases from different groups as well as their respective measurement collection 
protocols.

5.5 � Community Work to Establish Best Practices

As recognized throughout this paper and more generally throughout this special issue, there 
have been significant and appreciated efforts from scientific communities and space agen-
cies to establish best practices and standardized validation protocols in the atmospheric, 
ocean, and terrestrial domains. These efforts include the CEOS WGCV community guide-
lines and protocols, QA4EO, the CEOS interoperability framework, and the FRM4XXX 
projects (Goryl et al. 2023; Niro et al. 2021; Loew et al. 2017; Banks et al. 2020; Brown 
et al. 2021; Sha et al. 2024). Relying usually on community practices published in the peer-
reviewed literature, these best practice protocols have been well received by the wider sci-
entific community, with significant uptake of the recommended methods and approaches 
across different ECVs, including LST (Dowling et al. 2022), ozone (Verhoelst et al. 2015), 
nitrogen dioxide (Verhoelst et al. 2021), ocean colour (Brewin et al. 2023; Ruddick et al. 
2024), as well as the development of tools to support user uptake of best practices (NPL 
2024). At present however, there are still ECVs that lack such efforts, particularly for areas 
that are acutely affected by the error effects reviewed in this paper. Instead efforts have, 
understandably, focused on ECVs where FRM activities are either well established or rela-
tively easy to setup.

For existing activities, we recommend continued efforts to maintain, update, and pub-
licize best practice protocols, accounting for new technologies and validation techniques 
as they become available. To support this, we also advocate that efforts include training 
activities to promote this knowledge, such as the recent FRM4SOC (Fiducial Reference 
Measurements for Satellite Ocean Colour) Training for in situ Ocean Colour Above-Water 



916	 Surveys in Geophysics (2026) 47:887–924

Radiometry towards Satellite Validation, organized as part of the FRM4SOC-2 project (EU 
Copernicus FRM4SOC-2 Project / EUMETSAT 2025).

To support maturation of uncertainty information in the more difficult or newer areas 
of observation, space agencies should support activities where data collectors, data users, 
and space agencies can share experiences and develop practical steps towards achieving 
universal best practices. This will require coordination and funding commitments from 
space agencies and other organizations, as was done with the International Space Science 
Institute (ISSI) workshop (which led to this special issue). These efforts are essential to 
maintain user confidence in satellite-derived products and ensure reliable, comparable, and 
accurate data are available to study our changing climate.

We recommend that, if not done already, producers of best-practice protocols account 
for uncertainty associated with parameters which feed into derivation of the ECVs along-
side the ECVs themselves. As the work in Sect. 2 highlighted, these datasets may have had 
a less robust assessment of their uncertainty. Where possible, there should be concerted 
efforts across validation communities to develop best-practice methods to assess qual-
ity and judge whether measurements are trustworthy and fit-for-purpose. While we leave 
exact definitions of these best-practice methods to the specific ECV user communities, 
when extending to non-ECVs, we suggest starting with parameters that feed into multiple 
ECVs—or which certain ECVs are particularly sensitive to.

Finally, as discussed in this paper, there will be times where establishment of a best-
practice protocol is not yet possible. In these cases, discussion of the different methods and 
the known limitations and challenges is a vital first step.

6 � Conclusions

This paper discussed the different challenges and limitations of validating satellite-derived 
datasets using independent measurements for different ECVs and ECV quantities within 
terrestrial, ocean, and atmospheric domains. From this discussion, potential solutions and 
recommendations were presented for users and producers of such products in order to 
account for these challenges and limitations. While each ECV presents unique challenges, 
common themes are observed across the different ECVs.

Some issues identified are considered to be pragmatic, such as funding and logistics for 
the reference measurements limiting spatio-temporal representativeness and completeness 
of the validation. These may be unavoidable as yet, for example, spatial representativeness 
being limited by certain sites that are too difficult or dangerous to access using existing 
technology and techniques. However, the work presented in this paper identified a need for 
a concerted global push to extend existing monitoring networks where possible, particu-
larly in undersampled areas and measurement regimes. This should be accompanied by 
exploration of new technologies and techniques to access previously inaccessible regions. 
Extension of station networks and uptake of new technologies and techniques will require 
multi-institution coordination and financial support. In the case of the ECVs, we reiterate 
the importance of establishing reference measurements that capture as much of the range 
of variability of the ECV, but also of its influencing quantities, as possible. Differences 
in the spatio-temporal sampling of datasets, such as omissions in locations and seasons, 
can produce apparent biases as the two methods are observing different populations of the 
measurand, of its uncertainty sources, or different realizations of the environment. As pre-
viously rare climate events occur with increasing frequency, reference observations that 



917Surveys in Geophysics (2026) 47:887–924	

only capture the easiest or most common conditions may contain “unknown unknowns”. 
All of these effects can have consequences downstream in derived values and decision 
making, including climate model forecasts or predictions, which may have significant 
financial impacts.

In the specific case of spatio-temporal representativeness, we cannot recommend a spe-
cific resolution or sampling for validation activities as relevant resolutions/sampling are 
different for different applications, such that a single dataset could be almost perfect for one 
application while difficult to use for another. Assessment must be made by each ECV user 
community regarding the omissions and urgent actions identified and prioritized. Clear 
statement of the problem to be evaluated, and the inputs to be used, are essential in making 
that assessment.

Another pragmatic issue identified in this paper is the need for robust data storage 
accompanied by accurate and sufficient metadata, alongside data quality control. Examples 
of successful portals that should be considered good examples to the community have been 
highlighted in Sect. 5.3, with the CEOS WGCV Cal/Val portal and EVDC considered to 
be excellent potential solutions provided there is continued community buy-in and multi-
institution operational support.

Other common challenges identified are more conceptual within the validation pro-
cess. For example, as explored in Sect. 3, simply because two datasets contain a variable 
with the same name does not mean those quantities are directly comparable. There can 
be differences in the measurand (i.e., the precise nature of what the measurement is sen-
sitive to) that result in “apples-to-oranges" comparisons. Similarly, reference datasets 
are not always applicable as the controlled conditions of a laboratory may not represent 
a complex, multifaceted reality.

These issues are compounded when using datasets from archives or data repositories, 
as the precise nature of the observation process may not be clearly communicated or 
understood. While metrological techniques, such as the uncertainty tree, can help with 
this issue, “unknown unknowns” or a lack of confidence with mathematics can generate 
a substantial barrier to utilizing such methods. The environmental science community 
should develop a standardized qualitative method of communicating the nature of error 
sources in a dataset which is appropriate to the level of understanding and the audience. 
Maturity matrices, described throughout this paper and in particular in Sects. 1 and 5, 
can provide a formal framework within which to monitor the maturation/development of 
any dataset without judging the merit of the data. In our view, the ease with which such 
a matrix can be skilfully interpreted by an inexperienced user makes this a suitable solu-
tion. Data generators should produce short guides for inexperienced users highlighting 
common misconceptions and potential pitfalls, while also making any available training 
materials easily discoverable at the point of data access. Such matrices should accom-
pany datasets within the aforementioned data portals for ease of use.

Finally, and more fundamentally, while providing (ideally) metrologically traced 
uncertainties on validation data should be a key aim for scientists, we must acknowl-
edge that some environmental data will always be highly uncertain and some errors will 
always be unquantifiable. This is the cost of leaving the laboratory and studying the real 
world. There will always be limitations to the accuracy, utility, and validity of a vali-
dation exercise. These will derive from the data to be assessed, the references against 
which it is judged, and the comparison method(s) used. Some of these challenges can be 
addressed through better communication between users and producers, the targeting of 
reference observations at providing a comprehensive view of the domain of the meas-
urand, and (that eternal limitation) more funding. Others are unavoidable and intrinsic 
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facets of the data, which should be embraced, not hidden, in order to make the most 
appropriate and comprehensive use of the information conveyed within an ECV or ECV 
quantity dataset. Even if the quality of the data themselves do not change, simply by 
understanding what was collected, how it was collected, and resulting sources of error 
would represent a significant advance that improves our understanding of our Earth 
system.
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