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Abstract

Climate change is one of the defining challenges of the 21st century. The ability to
detect, attribute, and project changes in the Earth’s climate system depends critically
on the availability of long-term, high-quality observational records of essential
climate variables. Many climate datasets are derived from networks originally
designed for operational weather forecasting rather than for the precise detection of
long-term trends. Consequently, they often lack the traceability, redundancy, and

systematic uncertainty evaluation that are hallmarks of metrology.

The application of metrological principles to atmospheric measurements is not
an easy task: a complete evaluation of their uncertainty budget represents a chal-
lenge, especially due to the complex environmental thermodynamic interactions
involved at the Earth’s surface. This is particularly true for air temperature, which
is the key quantity in evaluating global warming compared to preindustrial times.
Past EURAMET-funded projects, MeteoMet and MeteoMet 2, addressed some key
aspects of air temperature measurements by performing experiments aimed at im-
proving our knowledge of the corresponding uncertainty budget. Despite the effort,
fundamental difficulties are still met in evaluating the many thermodynamic contri-
butions to the total uncertainty, from the laboratory calibration to the environmental
effects in the field.

In addition to air temperature, other quantities used to study the state of the
climate need metrological standardization. Turbulent fluxes have long been studied
to understand the interaction between the atmosphere and the ground, but also to
determine the health of ecological systems (e.g. forests, croplands, grasslands) and
their response to climate change. The eddy covariance technique has emerged in the
last four decades as the most popular method to measure turbulent fluxes, mainly
thanks to the technological progress that has permitted its implementation. Despite

the establishment of continental-scale networks and infrastructure, implementing the
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eddy covariance methodology following standardized procedures and instruments, a
rigorous metrological assessment of the technique is still missing, as proven by the

absence of a stated measurement uncertainty along with the flux estimates.

Recent works highlighted that another variable, not related to atmospheric
physics, started to be affected by the air temperature anomaly: the air/rock tem-
perature in caves. Correctly measuring this variable is crucial for monitoring the
underground climate, known to be stable and little influenced by the external con-
ditions. The main metrological challenge concerns the harsh conditions in which a
measurement system must operate, requiring periodic verification to ensure the SI
traceability chain is not broken by sensor drifts or failures of the acquisition device.

This dissertation seeks to demonstrate how a rigorous application of metrology
can enhance the quality and robustness of weather and climate observations, but
also to propose new methodologies for quantifying currently unknown uncertainty
components. The research specifically focused on improving the quality of three key
variables: air temperature, CO, turbulent flux, and temperature in subterranean envi-
ronments (caves), through a series of dedicated laboratory and on-field experiments.

The main objectives of this project were:

* To define climate reference data and prototype a Climatological Reference

Station.

* To improve the measurement uncertainty budget of air temperature, focusing
on three uncertainty sources: datalogger contribution, influence of rain and

different exposure due to installation’s height;

* To develop a comprehensive framework for evaluating the measurement uncer-
tainty of CO; turbulent fluxes by propagating the uncertainties associated with

the models’ input quantities;

* To demonstrate the feasibility of on-site thermometer verification in caves

and promote a cost-effective, easily transportable experimental setup for this

purpose.

Collectively, this research demonstrates that the application of metrology is not
confined to laboratory settings but can be systematically applied across the full
spectrum of climate monitoring to transform observational data into defensible,
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SI-traceable datasets, which are essential for informing high-stakes decision-making

in global climate mitigation and adaptation strategies.
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Chapter 1

Introduction

1.1 Background and Motivation

Climate change is one of the defining challenges of the 21st century. The ability to
detect, attribute, and project changes in the Earth’s climate system depends critically
on the availability of long-term, high-quality observational records of Essential
Climate Variables (ECVs). These records are the foundation for both fundamental
research and policy-relevant assessments, such as those of the Intergovernmental
Panel on Climate Change (IPCC). Yet the production of such records is not trivial.
Many climate datasets are derived from networks originally designed for operational
weather forecasting rather than for the precise detection of long-term trends. Con-
sequently, they often lack the traceability, redundancy, and systematic uncertainty
evaluation that are hallmarks of metrology. The importance that metrology has for
the World Meteorological Organization (WMO) is established by its signing of the
metre convention in 2010 and, later, by the creation of expert teams on measure-
ment uncertainty (ET-MU) and on quality, traceability and calibration (ET-QTC).
Furthermore, the recent WMO Decision INFCOM-2/Doc. 7.4(2) (Feb. 2023) on
“Uncertainty Assessments’ requests to further promote, organize and coordinate field
experiments and studies, necessary to refine and improve the uncertainty evaluation

and traceability of measurements in different observing networks.

The application of metrological principles to the atmospheric measurements is
not an easy task: metrologists usually work with perfectly controlled experimen-

tal conditions, whereas atmospheric variables are intrinsically non-stationary. A
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complete evaluation of the uncertainty budget for these measurements represents
a challenge for metrology, especially due to the complex environmental thermody-
namic interactions involved at the Earth’s surface. This is particularly true for air
temperature, which is the key quantity in evaluating global warming compared to
preindustrial time [1]. Despite such importance, fundamental difficulties are still met
in evaluating the many thermodynamic contributions to the total uncertainty, from
the laboratory calibration to the environmental effects in the field. To bridge this
gap, the Consultative Committee for Thermometry (CCT) included in its Strategy
Planning 2021 — 2030 actions for the establishment of a practical definition of air
temperature and for the development of methods on how to evaluate the uncertainty

in air temperature measurements.

This dissertation is situated at the interface between these two domains, seeking
to demonstrate how a rigorous application of metrology can enhance the quality and
robustness of weather and climate observations, but also to propose new method-
ologies for quantifying currently unknown uncertainty components. In particular,
laboratory and on-field experiments, along with data analyses, were conducted to
improve the uncertainty budget of some quantities of climatological interest, such as
air temperature, CO; turbulent flux and cave temperature. Aside from the straight-
forward relevance of air temperature, turbulent fluxes are addressed because they
represent the main approach for understanding the ecosystem responses to climate
change [2]. Recent works highlighted instead that the temperature in some caves
started to be affected by the atmospheric temperature anomaly [3], demonstrating the
importance of monitoring this type of environment that was less influenced by the
atmospheric conditions, up to now. The enhancement of the measurement quality of
these quantities allows the creation of datasets that are not only internally consistent
but also defensible when used for high-stakes decision-making in mitigation and

adaptation.

The specific needs and objectives of this thesis are reported in the next section,

along with a brief description of the activities reported in each Chapter.

1.2 Needs and Objectives

The need for reference-quality observations has been recognized by the Global
Climate Observing System (GCOS), which distinguishes between baseline and
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reference networks. Reference networks such as the GCOS Reference Upper Air
Network (GRUAN) aim to provide traceable, uncertainty-quantified measurements
that anchor the broader observing system. However, for surface-based climate

variables, such a reference framework is only beginning to emerge.

Chapter 2 of this thesis contributes to this effort by defining and prototyping a
Climatological Reference Station (CRS). By embedding redundancy, traceability,
and uncertainty evaluation in its design, the CRS represents a practical step toward
operationalizing the concept of climate reference data. This development directly
addresses the limitations of current surface networks, where inhomogeneities caused
by instrument changes, relocations, and siting differences often necessitate complex
homogenization procedures. A preventive approach, rooted in metrology, offers a

more robust path forward.

Chapters 3 and 4 contribute to a better understanding of the uncertainty com-
ponents affecting air temperature measurements. Two broad categories of sources
of uncertainty can be distinguished. The first relates to the measurement system
itself, which is investigated in Chapter 3. Historically, much attention has focused
on radiative errors, leading to the design of shields and ventilated screens. However,
other system-related influences are equally relevant. In particular, experiments are
performed to analyze the systematic deviations introduced by the thermal sensitivity
of datalogger acquisition electronics, which are often considered as black-boxes,
trusting the not-so-transparent manufacturer specifications. Another error never
investigated before concerns the effects of rainfall on shielded thermometers, which
can perturb measurements through wetting and evaporative cooling. The deviations
are estimated by reproducing a controlled precipitation and comparing the mea-
surements with a reference system. Such effects, though often transient or small
in magnitude, may accumulate into systematic biases in long-term records if not

identified and corrected.

The second category of uncertainty sources arises from instrument siting and
installation practices. The WMO recommends that air temperature sensors shall be
installed between 1.25 and 2.00 m above ground level, a convention likely rooted
in historical practice rather than empirical optimization. Yet within this accepted
range, systematic differences in records can occur, as stratification and near-surface
processes determine the vertical temperature profile. An intercomparison of ther-

mometers at different heights is conducted, using modern artificially ventilated



4 Introduction

screens, to quantify such deviations with metrological rigor and understand their

dependence on environmental factors, as it is described in Chapter 4.

By considering both system-related and siting-related uncertainties, the thesis
highlights that the reliability of air temperature records cannot be ensured by cal-
ibration alone. Instead, a comprehensive metrological approach is required—one
that integrates laboratory characterization, field intercomparisons, and correction
models grounded in physical understanding. Together, the analyses in Chapters 3 and
4 exemplify how subtle but systematic influences can be quantified and mitigated,
thereby improving the traceability and comparability of one of the most important

climate variables.

While much of climate monitoring focuses on state variables such as temperature
and humidity, fluxes of energy, water, and carbon are equally critical for understand-
ing the dynamics of the Earth system and the response of ecosystems to climate
change. The 2022 GCOS Implementation Plan [4] states that “Understanding and
estimating surface fluxes is essential for improving projections of climate change and
planning adaptation and response measures”. The Eddy Covariance (EC) method,
based on measurements of a set of quantities, is the most widely used technique for
measuring surface fluxes, underpinning international networks such as ICOS and
AmeriFlux. Aware of the importance of having homogeneous measurement proce-
dures, ICOS produces instructions with practical and technical information, in terms
of the instrument setup, measurements and its management for the flux measurements
by the ICOS members. However, these guides include very limited information about
the optimal traceability chain, calibration procedures and uncertainty evaluations.
Yet uncertainty quantification in EC remains uneven and often incomplete, almost
nullifying the very same effort of measuring: measurements without a statement of
uncertainty are incomplete and meaningless. That is why Chapter 5 aims to extend
the metrological approach to EC by constructing complete uncertainty budgets and
deriving effective sensitivity coefficients. The methodology is specifically applied
for the estimation of CO, fluxes, but can be adapted for other fluxes, such as those
of sensible or latent heat, thanks to the nature of the EC technique. A case study
illustrates how uncertainties in flux measurements propagate into estimates of an-
nual carbon budgets. This work demonstrates the applicability of the Guide to the
Expression of Uncertainty in Measurement (GUM) [5] to flux observations, thereby

strengthening the methodological rigor of network-level reporting.
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Not all climate monitoring takes place in standard meteorological settings. Sub-
terranean environments such as caves offer valuable natural laboratories for studying
long-term climate variability, but they also present unique challenges for measure-
ment verification, inevitable for measurement systems under constant saturation of
water vapor in air. Chapter 6 presents the Bossea cave case study, where a dense
thermometer network is used to monitor underground climate. By applying in situ
verification protocols, systematic offsets due to datalogger faults were identified and
corrected, ensuring comparability across the network. This work illustrates how
metrological principles can be adapted to unconventional contexts, extending the
reach of climate reference measurements beyond traditional meteorological stations.

Through the three thematic studies (air temperature, gas fluxes and cave tempera-
ture), the thesis demonstrates that measurement science is not an ancillary concern
but a core component of climatology. Ensuring that climate records are traceable,
comparable and uncertainty-quantified is a prerequisite for robust detection of cli-
mate change and for the credibility of the evidence base that informs global action.
Therefore, the introduction of metrology into climate monitoring is both timely and
necessary. As climate science increasingly underpins policy and societal decisions,
the credibility of observational data cannot be taken for granted. By systematically
addressing uncertainties, this dissertation contributes to building a foundation of
reference-quality observations, aligning with the mandates of WMO, GCOS, and
ICOS.

1.3 Structure of the Thesis

The dissertation is primarily divided into three thematic studies, as outlined in the
objectives. The first is about air temperature (Chapters 2-4), the second concerns
eddy covariance measurements (Chapter 5), whereas the third is related to cave
temperature (Chapter 6). Each technical chapter, belonging to one of the themes,
starts with an extensive introduction specific to the described content, followed by
the methodology, results and/or discussion sections. The last part of each chapter
is a summary of the main achievements which briefly reports the main results and
conclusions. Finally, in Chapter 7 the overall conclusions are drawn, focusing on the

impact of the research.



Chapter 2
Climatological Reference Station

Ground-based stations play a vital role in generating data essential for assessing
local and global climate trends and variations. These networks comprise numerous
observing sites, each equipped with diverse instruments and managed and main-
tained differently. Currently, the WMO Technical Regulations stipulate that every
Member shall establish and maintain at least one Climatological Reference Station
(CRS) (https://community.wmo.int/). These stations are defined as climatological
observation points that collect data and associated metadata specifically to identify
climate trends. Such stations are expected to provide long periods (typically no
less than 30 years) of homogeneous records, ideally in environments where human-
induced changes have been, and are anticipated to remain, minimal. Ideally, these
records should be extensive enough to enable the identification of long-term climate
changes, as outlined in the Manual on WIGOS [6]. However, it is important to note
that a universally agreed-upon definition for the core instrumental and technical
specifications of a CRS, along with standardized reference measurement procedures,
is currently lacking. This absence leads to a variety of approaches among different
nations, National Meteorological and Hydrological Services (NMHSs), and research
institutes, thereby diminishing the comparability of results across geographical areas
and time. Furthermore, the scarcity of CRSs significantly contributes to the substan-
tial effort required for data harmonization and bias detection at local, regional, and
global levels, as their absence necessitates reliance on other stations more prone to
such biases.


https://community.wmo.int/en/climate-observation-networks#:~:text=Each%20WMO%20Member%20state%20shall%20establish%20and%20maintain%20reference%20climatological%20stations.

It is neither expected nor realistic for every station in an observing network to
meet the rigorous CRS standard. Nevertheless, the monitoring of ECVs is anticipated
to increase in both temporal and spatial density. New stations and networks are likely
to be established specifically to measure atmospheric and surface parameters for
detecting climate change, including those related to extreme events. Within these
networks, a limited number of stations are required to serve as references, supporting

a tiered observational approach: these are the stations designated as CRSs.

The tiered-network strategy is founded on the understanding that achieving
reference-quality measurements everywhere is neither necessary, economically vi-
able, nor technically practical. Instead, these high-quality measurements are needed
in sufficient locations to build confidence in the remaining observations. Beyond the
recent initiative by the Global Climate Observing System (GCOS) to define features
and promote the establishment of a GCOS Surface Reference Network (GSRN) [7],
valuable initiatives like the United States Climate Reference Network (USCRN) [8]
now employ a common design and consistent measurement principles for climato-
logical reference stations. Other climatological reference networks exist globally,
but comparing them remains challenging due to inconsistencies in instrumentation
and site locations, which often fail to provide the stable environmental conditions
necessary to avoid undetectable biases. Conversely, despite significant efforts in in-
frastructural networking, a common approach for designing climatological reference

stations is missing and not yet planned in many regions, including Europe.

The purpose of this chapter is to outline the characteristics required for climato-
logical reference data quality, highlighting the challenges climatologists are facing
using historical time series. The definitions, specifications and technical character-
istics of climate reference data and stations for ground-based networks presented
in the following were developed within the project EMPIR 19SIP03 - CRS, whose
outcomes are published in [9]. To support the deployment of such definitions and
requirements, a prototype of a CRS has been developed and installed by INRiM,
whose technical specifications are reported here alongside with first considerations
from field tests.
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2.1 Challenges with historical data series

Homogeneous long-term observational datasets are extremely rare on a global scale,
making homogenization a critical component of climate data processing. These
efforts are indispensable for correcting both abrupt and gradual change-points, as
well as other potential biases, which may be artificially introduced into the data.
Such biases often result from alterations in station location or local site environment,
changes in instrument shelter type or instrumentation, or evolving observing and
reporting methodologies [10]. Determining the precise timing of these global-scale
changes is challenging, as they are infrequently documented alongside the station

measurements.

Homogenization algorithms [11, 12] are developed to discern these change-point
signals from background noise and subsequently apply approximate adjustments.
The majority of currently available algorithms utilize comparisons with neighboring
stations for both detection and adjustment. While substantial changes are relatively
straightforward to identify, the detection of minor changes poses a greater challenge,
despite their fundamental importance for understanding climate evolution. Further-
more, certain changes may be isolated to a single station, whereas others could
be network-wide (e.g., a synchronized change in instrument shelter or observing
system across an entire network), which complicates their detection [13, 14]. At
daily and sub-daily temporal scales, homogenization practice becomes a particularly

formidable challenge.

Such intensive mathematical and computational efforts are predominantly neces-
sitated by the scarcity of data series originating from stations specifically designed
to generate data immune from undocumented changes, continuously traceable to

recognized standards, and accompanied by quantified measurement uncertainties.

Numerous long-term and centennial stations are situated within urban areas,
where historical meteorological observatories were originally established. As cities
expand and industrial activities intensify, coupled with increased vehicular traffic
and the heating and cooling demands of buildings, these urban effects introduce sig-
nificant impacts on the data quality of such stations. This often results in diminished
representativeness of the surrounding climate, increased uncertainties, and reduced

stability. Despite a few exceptions [15, 14], these urban influences are frequently



2.2 Key differences between weather and climate data 9

unstable over time, often exhibiting seasonal and daily cycles, and/or weather-type

dependencies in the magnitude of the biases.

Relocating centennial stations could mitigate the introduction of biases at-
tributable to the urban environment; however, the potential disruption to the continu-
ity of the time series might outweigh the benefits of moving to a more uncontaminated
site. Among the extant long-term stations, only a limited number are located in
open fields or other stable environments, characterized by high quality of the sur-
rounding site. These stations hold paramount relevance within climate networks,
even when the site is affected by minor obstacles. Another issue, even for these
representative historical stations, is the frequent lack of precise instrument model
information, including details related to instrument type, exposure/orientation, and
instrument shelter. Maintenance and calibration are also crucial. Well-documented
maintenance procedures are essential for discerning potential breaks in time-series
homogeneity and their associated biases. However, the systematic application of

calibration practices was historically uncommon.

2.2 Key differences between weather and climate data

Many ground-based stations now incorporated into climate-relevant networks ini-
tially served as meteorological stations for weather monitoring and forecasting.
Consequently, in most countries, the majority of climate-relevant observing stations
continue to be managed by National Meteorological and Hydrological Services
(NMHSs). This persists even in nations where a distinct organization is responsible
for climate data management and analysis, such as in the US (where the National
Weather Service manages the network, while the National Centers for Environmental
Information handle data management) and New Zealand (where MetService and

NIWA manage networks, with NIWA also curating climate data).

The fundamental goal of climate-relevant observations is to characterize the
long-term attributes of the climate system, whereas weather observations primar-
ily focus on describing the current atmospheric state and its short-term variations.
This divergence in purpose necessitates distinct requirements for observing weather
versus climate. To accurately evaluate and comprehend the climate, particularly
climate variability and change, it is crucial to obtain homogeneous, continuous, and

high-quality observations for specific climate elements. Such data are fundamen-
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tal for deriving satisfactory climatological references. Furthermore, each climate
observation must be accompanied by a comprehensive set of metadata, providing
users with essential information regarding the recording process (how, where, when,
by whom) and proper interpretation and usage. The GCOS climate monitoring
principles [10], endorsed by the former Commission for Climatology (CCI), were
developed specifically to minimize the impacts of inhomogeneities. The temporal
resolution of data also represents a key difference between weather and climatolog-
ical data. In the contemporary era, weather forecasting applications have limited
utility for data with only daily time resolution. However, data comprising just one
or two observations per day, provided they are consistent and reliable, can still be
highly valuable for climatological purposes.

Considering these aforementioned requirements, not all weather-related data are

suitable for climatological applications for the following reasons:

* The length of the record is (or remains) too short, though in certain circum-
stances, a well-equipped station can nonetheless contribute to validating other

stations within a tiered approach or be incorporated into gridded analyses.

* The station is equipped with low-quality instruments or is situated at a site
characterized by the presence of nearby obstacles that compromise the repre-
sentativeness and/or stability of the measurement results.

* Metadata are inadequately documented.

* Insufficient maintenance leads to the introduction of artificial biases into the
data series (e.g., due to unrecognized sensor drift not periodically verified or
calibrated, or instrument changes implemented without specific comparison
procedures between old and new systems).

* Data are biased by temporal changes in observing procedures and schedules.

* Observations are influenced by changes in the local environment and station
surroundings, thereby exhibiting biases that hinder their reliable support for

climate assessments, products, or services.

* Methodological aspects pose challenges (e.g., current synoptic observations
typically require measurements of maximum temperatures only between 6 a.m.

and 6 p.m. and minimum temperatures only between 6 p.m. and 6 a.m., thus
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omitting 12 hours of extreme observations within a 24-hour period. Such a

practice is insufficient for comprehensive climate and extreme event analyses).

The inherent differences between climate-relevant and weather observations
underscore the necessity, as explicitly stated by the WMO, GCOS, and the broader
climate community, for observing stations and networks to be specifically designed
to generate data suitable for evaluating and understanding the climate. Nevertheless,

high-level meteorological observations can still contribute data suitable for the same
purpose.

2.3 Definitions and requirements

An objective of the project was to discuss and propose a clear definition of climate
reference data and station with the aim of its adoption into relevant vocabularies
and regulatory documents. The proposed definition is reported in Table 2.1 and
is structured into two main components: a concise and unambiguous definition,

followed by a series of explanatory notes designed to clarify key aspects.

The definition of climate reference data relies on a clear definition of the “mea-
surand”, which is the intended quantity to be measured/estimated, a key concept
in metrology. Sometimes the measurand is ill-defined, leading to underrated issue
and difficulties in implementing measurement procedures, including instrumental
capabilities. In climatology, normally the measurand is not the single measured
record, but the variability in time of the interested quantity and estimated from
the measurements. Such a relative definition of the measurand helps reduce the
impact of the uncertainty components on every single record, transferring the overall
uncertainty in the measurand (the trend) to statistical methods, under the condition

that the measurand is stable and representative of the climate signal under study.

On the other hand, the definition of climate reference station is just “operative”,
which means it is identified as any calibrated instrument which is able to produce
climatological reference data for a chosen ECV. Compliance with standards promoted
in WMO Technical Regulations and guidelines, including the Guide to Instruments

and Methods of Observations [16], is preconditioned.
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Table 2.1 Definitions of climate reference data and station.

Climate reference A series of traceable measurement results able to quantify the

data variability and change of climate-relevant variables.
Notes:

i. The result of the measurement is a single record of the observed
parameter, while the overall measurand is the variability and

change of the variable.

ii. To be traceable, a measurement result requires that each instru-
ment involved in the measurement process is related to a reference
standard of the System of Units (SI) or other standards through a
documented unbroken chain of calibrations.

iii. The absolute requirement of a measurement is that it be made in
such a way that after accounting for all sources of uncertainty it
can be concluded that the true value of the measurand lies within
the reported uncertainty interval with specified confidence. The
result of a reference-grade measurement is such that it can be
used to improve the quality of other (lower-tier) measurements.

Climate reference A climatological reference station is an instrumental installation

station able to generate climatological reference data.
Notes:

i. Measured data must be continuous and representative of the local
environment.

ii. The station must be stable in its location and siting characteristics

for decades and equipped with top quality instrumentation.

iii. The instrumentation needs to be well maintained with regular
maintenance and calibration to constantly keep documented data

traceability.

iv. Changes in instrumentation must be limited, motivated and doc-
umented. Parallel observation periods must be planned prior to

any instrumental change.

A further aspect in the definition of the measurand, measuring techniques can
also introduce problems in interpreting the measurement results. A key example is

measuring air temperature, the key variable observed in climate studies for compar-
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ing extreme values and anomalies. While it might seem obvious that a thermometer
measures the temperature of the air, this is not physically what happens. Indeed, a
contact thermometer gives an indication of its heat equilibrium at that time, under
those specific conditions of heat exchange. This implies that the temperature value
is obtained under a fundamental non equilibrium between the radiative, convective,
contact heat transfers and condensation, icing and evaporation phenomena. This is a
fundamental thermodynamic principle that turns into large contributions to the uncer-
tainties and even corrections in air temperature measurements. Adopted techniques
evolved in time, to reduce errors and the magnitude of the quantities of influence,
solar radiation at first. Hence, the result of the measurement is a compromise: a
temperature value as representative as possible of the air temperature at that time
in those conditions. When reference observations are needed in climatology to
compare, harmonize other values, or to represent trends of an area, then a definition
of what a “reference” temperature value is required. This requires a definition of
the measurement conditions to be considered as reference. For example: the air
temperature value is taken at zero radiation or extrapolated at zero total radiation;
under steady conditions, or at air speed minimum of, or even at extrapolated zero
wind speed. In the end, it’s the definition itself of the measurand, the atmospheric air
temperature, that is even still missing [17].

2.4 Technical features of CRSs

A climate reference station needs to be equipped with high-quality instrumentation,
procedures and technology that will generate the best achievable estimates of values
of the observed quantities. The station shall be located at a site that is representative
of its regional climate and adheres to strict siting requirements. Locations shall be
chosen where no significant changes in the surrounding areas are expected for the next
century. Site and equipment maintenance need to be a priority to avoid degradation
and uncontrolled instrumental drifts over time due to environmental conditions that
may affect the measurements. Instruments shall be calibrated at regular intervals, to
correct for drift and maintain traceability. Changes in instrumentations, procedures
and technology shall be limited, motivated and documented. Parallel observation
periods shall be planned prior to any change, and the time series of both new and old

stations retained indefinitely. Uncertainty on measurement results shall be evaluated
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including calibration uncertainty, instruments characteristics and field environmental

influences.

2.4.1 Reference-grade measurements and quantities of influence

A climate reference station must be equipped with a set of instruments and pro-
cedures capable of reliably and consistently measuring surface-based atmospheric
ECVs. These include: air temperature, water vapour (typically measured via rel-
ative humidity), surface radiation budget, wind speed and direction, air pressure,
and both liquid and solid precipitation. Historically, climatology focused primarily
on analyzing near-surface air temperature and precipitation trends derived from
meteorological observations. Consequently, air temperature and precipitation are
considered mandatory variables for CRS installations, except in climatic zones where

precipitation levels are extremely low.

Over time, the scope of climate monitoring has expanded to include additional
variables that contribute to understanding climate evolution. The following measure-
ments are strongly recommended at CRS sites: relative humidity, solar radiation,
wind speed and direction (at a height of 10 m), air pressure, and soil temperature.

Further optional variables are also encouraged where relevant, particularly for
their relation to terrestrial ECVs or their potential influence on instrument perfor-
mance. These include: snow cover, land surface temperature, soil temperature
and soil moisture, surface albedo, river discharge, and groundwater (when present
nearby). In permafrost regions, measurements such as the permafrost temperature
profile, active layer thickness, and other cryospheric indicators are also recommended.
Additionally, air quality observations may be included in the reference-grade mea-

surements conducted at a CRS.

CRS stations are also required to measure Associated Quantities of Influence
(AQI), as outlined in Table 2.2. These are supporting measurements needed to
ensure reference-quality data for other variables. For example, producing a reference
air temperature measurement requires supporting observations of solar radiation,
relative humidity, precipitation, and wind. While AQIs are essential, they do not need
to meet full reference-grade quality standards; this means they may involve lower
calibration and maintenance requirements, and uncertainty budgets are not strictly
defined. However, a Quality Check (QC) process must be applied continuously to
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AQI instruments. This QC should follow the minimum standards for field verification,
as defined by the WMO [16].

If an AQI also happens to be one of the station’s reference variables, the same
measurements can be used for both purposes. In the air temperature example,
precipitation is required at reference quality, but the other AQIs (solar radiation,
relative humidity, and wind) do not necessarily need to be measured at reference
level.

Table 2.2 Schematic table for measured parameters and associated quantities of influence
(From GCOS-226 [7]). Primary measurements are air temperature (7;,), relative humidity
(RH), solar radiation (SR), wind speed and direction (WS/W D), precipitation accumulated
and intensity (PA/PI), soil temperature (7,;) and soil moisture (SM). Reference measure-

ments require auxiliary measurements to detect the influencing factor with respect to an
associated quantity of influence.

Primary Mea- Associated Quantities of Influence
surements

T,y RH R WS/WD Pair PA/PI Train  Tsoi SM

Toir X X X X X
RH X X X X X X
SR X X X

WS/WD X X
P X X

PA/PI X X

Tsoil X
SM X

2.4.2 'Traceability to establish comparability in time and space

Data comparability in time and space is the main deliverable of an installation
providing measurement results for climatology. The fundamental prerequisite is
that recorded data are the result of measurements made by means of traceable
instruments. Establishing documented traceability to a measurement process turns
the observations into a robust set of values, comparable in time and space and among
other different (but traceable) measurements. When climate reference stations are

required to validate other systems, such as remote sensing, then the traceability is
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essential, to guarantee that the response of a system under validation is correctly
checked. This also applies when reference stations are used to check other stations
in a network. Instrument traceability shall be established at installation, through
calibration prior to deployment, and preserved in time, through procedures involving
periodic tests, checks and re-calibration. Regular maintenance and calibration are key
aspects of metrological best practice for reference networks and stations. Frequencies

of on-site maintenance for a CRS are reported in Table 2.3.

As a general rule:

* Regular field inspection shall be made every 6 months and/or at need, follow-
ing for example extreme events or evidence of malfunctioning. The inspection
can lead to repair / substitution of instruments. In the case of manual ob-
servers, refresher training should be provided, especially if there is evidence
of systematic errors in the data.

* Field verifications against travelling equipment shall be performed every year,
to check instruments’ correct working conditions. The verification requires a
threshold limit for a pass/fail evaluation. Verification failures shall be followed

by an immediate recalibration.

* Calibration should be repeated every 24 months. Longer time intervals shall
only be considered if warranted by the instruments’ quality, their exposure, the
environmental conditions of the site, their ageing and the prescriptions from

the manufacturers.

Standardized calibration procedures shall be adopted by all network stations to
document instrumental traceability. To avoid interruption in the data series during
the calibration process, replacement of sensors shall be adopted: a) in a circular way
(calibrated sensors are used at every recalibration to replace sensors to be calibrated)
or b) by temporarily substituting the sensor under calibration with another calibrated
one. Field calibration can also be performed in exceptional cases, when difficulties
are met in removing the sensors (for example in the case of very old historical
systems or in special conditions). Field calibration shall be organized in order to
cover the whole range of variability of the sensor, and the likely range of climate
conditions, and to establish traceability as for the laboratory calibration, although

the uncertainties can be larger.
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2.4.3 Redundancy

Measurement redundancy, i.e. the use of multiple measuring sensors for the same
variable, is recommended at reference stations. Initially this may be only for some
of the observed quantities such as air temperature but can be extended to other in-
struments. Redundancy represents one way to assess aspects of both traceability and
comparability. By using multiple, co-located traceable instruments to measure the
same parameter, both the single values and the resultant data series can be compared.
Disagreement between the data series can highlight measurement problems or sensor
drift, which would be undetectable with a single sensor. Data management practices
within the NMHS must enable storing of each sensor’s data. This includes cases
where the co-located sensors are of different types, such as a manual rain gauge and
a tipping bucket rain gauge.

Agreement results in a lower contribution of the statistical uncertainty compo-
nents in the overall measurement uncertainty. Redundancy also reduces the amount
of missing data in the event of an outage which affects a single sensor, which is
particularly valuable for additive elements such as precipitation where an outage
prevents monthly or annual totals from being calculated.

As each reference station will ensure that all measurements are traceable to
standards and have a quantified uncertainty budget, having identical equipment at
each site is not needed. At the same time, networks made of identical stations can
offer the opportunity to define unique calibration and maintenance procedures, same
recording and transmission principles and data loggers, and thus a more uniform
data stream and a better opportunity to replace instruments having similar spare
items for the whole network. At a national level identical equipment should be
encouraged , and where required compromise should be adopted in order to reach an
optimal set of identical and specific installations. An example of this would be in
the transition from manual to automated measurements, or where new technologies

become available for improved measurements.

2.4.4 Managing instruments change

Regardless of whether by choice or necessity, the challenge of an instrument change

is to manage all transitions in such a manner that the effects upon long-term series
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continuity are minimized and the associated uncertainty well understood. A funda-
mental metrological principle stipulates that replacing one instrument with another
at the same location should pose no problem when the old and the new instrument
are both fully traceable to standards. In reality this idealized concept is not fully
met since different instruments or sensors may react differently to the same external
environmental factors. Under the conditions that both instruments are calibrated, the
change does not affect the accuracy of data, but only the uncertainties associated
with the quantities of influence (for example a different influence of radiation on a
changed temperature sensor). For compensating such effects, parallel observations
of sufficient length and encompassing a suitable range of different climate types
are required, meeting the whole (or the majority of the) range of variability of each
quantity. Such prescription is easily applicable to any station or network but is at

present rarely documented in information or metadata.

Table 2.3 Typologies and frequencies of on-site maintenance for a CRS.

Activity Time interval Provides Results in

Inspection 6 months/At occurrence Repair/Substitution  System OK
Check/Verification 12 months Pass/Fail Tolerance limit

Calibration 24 months Establish traceability Uncertainty

2.4.5 Uncertainty evaluation

“When reporting the result of a measurement of a physical quantity, it is obligatory
that some quantitative indication of the quality of the result be given so that those
who use it can assess its reliability. Without such an indication, measurement results
cannot be compared, either among themselves or with reference values given in a
specification or standard. It is therefore necessary that there be a readily implemented,
easily understood, and generally accepted procedure for characterizing the quality of
a result of a measurement, that is, for evaluating and expressing its uncertainty.” [5]

In accordance with the International Vocabulary of Metrology [18] and the Guide
to the Expression of Uncertainty in Measurement [5], the evaluation of measurement
uncertainty must incorporate all quantifiable contributions. Uncertainty is defined as

the range within which the true value of the measurand is plausibly expected to lie.
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It should be reported as twice the standard deviation, providing a 95 % confidence
interval. The GUM distinguishes between two fundamental methods for uncertainty
evaluation: Type A, based on statistical analysis of observations, and Type B, derived

from instrument specifications and other information sources.

For meteorological applications in particular, four primary sources of measure-
ment uncertainty can be identified:

1. Instrumental components: These include sensor-specific properties such as
response time, drift, and sensitivity, as well as calibration accuracy and in-
teractions with auxiliary components like radiation shields or data loggers.
These uncertainties are typically assessed in controlled laboratory conditions

or documented by manufacturers.

2. Environmental effects on instrument response: These encompass factors like
precipitation (e.g., sensor overcooling), wind, solar and terrestrial radiation,
condensation, icing, and exposure to extreme climates (e.g., polar or desert
environments). Such influences must be evaluated under site-specific field

conditions or through intercomparison campaigns.

3. Measurand definition: This refers to how well the quantity being measured is
defined and how representative it is of the parameter of interest. This includes

siting classification and related metadata.

4. Statistical processing: Uncertainties can also arise from data processing meth-
ods—for instance, when calculating mean values over defined intervals or

detecting specific events (e.g., maximum values or anomalies).

A summary of key uncertainty sources contributing to each category is provided
in Appendix A.1. Each source contributes to the overall uncertainty budget, calcu-
lated using Gaussian error propagation. It is important to recognize that calibration
uncertainty represents just one part of this total, the simplest to be determined, which
is in many cases the smallest contributor. Environmental factors are more difficult
to study, as will be described in Chapter 3, leading likely to the largest uncertainty
components.
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Controlling Environmental Influences and Calibration Conditions

Instrument manufacturers are constantly working to develop designs aimed at re-
ducing sensitivity to environmental conditions, thereby minimizing their impact
on sensor response. Likewise, testing and calibration laboratories are expected to
maintain controlled environmental conditions (e.g., temperature and humidity) to
ensure that the influence of such factors remains negligible during calibration. In-
struments are thus calibrated in stable settings, enhancing the reliability of their link
to reference standards.

Among the many sources of uncertainty encountered in field measurements, envi-
ronmental influences on sensor behavior represent some of the largest contributions.
Variability in field conditions, including precipitation, wind, solar and terrestrial
radiation, condensation, and extreme temperatures, can affect sensor performance in
complex and often non-linear ways. It is virtually impossible to make field observa-
tions fully immune to these effects. As a result, environmental influences must be
explicitly included in the measurement process and accounted for in the uncertainty

evaluation.

Two main scenarios can occur:

a) If the effect can be numerically evaluated, then a correction can be applied to
the readings, and a contribution to the uncertainty shall be included, in terms

of uncertainty of the correction.

b) If the effect of an influencing factor cannot be corrected, this directly becomes
a component of uncertainty which in principle is larger than the uncertainty of

the correction.

Even for identical types of instrumentation, these effects can vary significantly
depending on local environmental conditions. Therefore, site-specific experiments
are necessary to evaluate the true impact of environmental variability on measure-
ment accuracy. Although standardized prescriptions are not yet established, it is
recommended that qualified personnel or manufacturers develop tailored methods to
assess environmental influences. In most cases such experiments require a couple
of identical systems, one exposed to the effect under test and the other protected at
best. For example, the overcooling effect of the rain on thermometers reading can

be evaluated by deploying two identical instruments (thermometer and shield) in
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the same site under the rain and protecting one of the two. A detailed protocol to
perform such test is published in [19] about the effect of the reflected radiation from

a snow-covered surface on the accuracy of thermometers.

2.5 CRS Protoype

With the purpose of studying, comparing and confirming the prescribed definitions
and requirements, a prototype for a CRS has been developed and installed in May
2023 by INRiM. As extensively described, the station shall be located at a site that
is representative of its regional climate and adhering to strict siting requirements,
according to the GSRN specifications [7]. Locations should be chosen where no
significant changes in the surrounding areas are expected, but also should be as
uniform as possible, without obstacles in the vicinity of the instrumentation that
could induce biases in the measurements. Other characteristics have also been
considered, such as security, ease of access for verification and maintenance routine.
An example of data product, for the GCOS defined ECV “Air temperature near

surface” is also provided, aligned to the GSRN requirements.

WMO identifies some of the sources of error due to the site features and proposes
a classification scheme [16]. Each site will need to be large enough to house all
instrumentation without adjacent instrumentation interfering with one another, with
no shading or wind-blocking vegetation or localized topography, and at least 100 m
from any artificial heat sources. The 100 m distance is based on a precautionary
evaluation to avoid the effect of obstacles, although recent studies [20] demonstrated
that at 50 m from the measuring point most of the influences are reduced to negligible
effects, within the instrumental uncertainties. This allows including among the
climate reference stations of a network also those installations placed in sites with
the presence of minor issues also at less than 100 m (for example paths or road that are
not asphalt or concrete, isolated trees, gentle slope etc.). Based on the considerations
above, a site has been selected, taking into account specific requirements such as: the
vicinity to INRiM (ease of access to the site, reduce carbon impact and person time)
and the possibility to sign a formal agreement for the use of the land in a public area

to avoid possible changes in the use of the terrain with new buildings or similar.

The identified site, shown in Figures 2.1 and 2.2, is located in the “Park of
Stupinigi”, a public area 3 km from INRiM, in the municipality of Nichelino. The
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area is flat, covered by natural grass, and no obstacles are present within 100 m
radius, apart from a small dirt path. Thanks to its characteristics and according to
the WMO siting classification, the site is in class 1. In the K&ppen classification,
the climate zone corresponding to the site is Cfa (continental, no dry season, hot

summer).

45°00°21"” N
7°36’37” E

Fig. 2.1 Google Earth picture of the site, with the 100 m radius free of obstacles around the
station, positioned in the centre of the red circle. The coordinates of the station are reported
in the picture. It is worth mentioning that all trees have been cut in the area internal to the
red circle, according to the WMO prescriptions, in order to reduce uncertainties in the data
representativeness and measurement errors.

Following the requirements in terms of data quality for primary measurements
(at reference level) and need to measure the so-called AQI, the configuration of the
INRiM Climate Reference Station, shown in Figure 2.2. The station is based on the
instruments, reported in Table 2.4, and an associated datalogger with transmitter.
The required electric power is generated by solar panels and a battery, in order to
test a configuration that can be installed anywhere, including remote locations (polar
sites, high mountains, deserts). Measurements are recorded continuously with no

missing data and all instruments proved their quality and stability.

In the second half of 2023, the INRiM Climate Reference Station was activated
and data started to be recorded and transmitted. The datalogger records values from
each sensor at 10 s intervals and transmits data buffers at 1 h frequency. The logger
reads and transmits raw data only: for example, temperature values are recorded as
resistance values, since the station uses Pt100 thermometers. The same applies for
the other quantities. At a post processing level, raw data is transformed in processed
values, reported in the associated units. For example, temperature is translated into
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| (b)

(a) (c)

Fig. 2.2 (a) Picture of the CRS, (b) Detail of the redundant system for measuring air
temperature composed by an aspirated screen (on the left) and two naturally ventilated
screens (in the middle and on the right), (c) Picture of the anemometer and pyranometer used
for measuring the AQI at the thermometers level.

degrees Celsius by applying the resistance-to-temperature calibration curve’s coeffi-
cients, while radiation is changed from millivolts to watts applying the pyranometers’
sensitivity. All data is also associated to the instrument uncertainty, given by the
calibration uncertainty and all other parameters characterizing the response of each
instrument. For each observed quantity, all other associated quantities of influence

are recorded and presented at each time.

2.6 Summary of main achievements

Ground-based stations are essential for assessing local and global climate trends and
variations. Climatologists use historical time series coming from weather stations

designed for validation of weather forecasting and not for climate monitoring, hence
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Table 2.4 Calibration uncertainty of instruments installed on the CRS prototype.

Calibration

Variable Instrument .
Uncertainty

Temperature (reference) PRT 100 (4-wire connection) 0.012 °C

Temperature - relative . 0.05 °C

humidity (AQI) Vaisala HMP155 3% RH

Precipitation SIAP TP200 Total: 2%-10%
Intensity: 2%

Air pressure Paroscientific DIGIQUARTZ 10 Pa

Wind speed & direction GILL HS50 3-axis ultrasonic Speed: < 1 m/s

(reference) anemometer Direction: < 1°
Speed: 2% @ 12

Wind speed & direction . . . m/s

(AQI) Gill Windsonic Direction: 2° @ 12
m/s

Solar radiation (direct 2 Hukseflux LP0O2 Second class

and reflected) pyranometers <1.8%

a huge effort is required for data homogenization, which becomes particularly
difficult at the sub-daily scale and for instruments not regularly maintained and
calibrated. Although the relevance of climate monitoring, a standardized definition
of climate reference data and station, along with standardized reference measurement
procedures, is currently lacking. The work presented in this chapter addresses this
problem by proposing practical definitions, along with a series of technical notes,
reported in Table 2.1:

¢ Climate reference data: a series of traceable measurement results able to

quantify the variability and change of climate-relevant variables.

* Climate reference station: a climatological reference station is an instrumen-

tal installation able to generate climatological reference data.

A key point of the first definition is that the measurand is not just the quantity mea-
sured by an instrument, but is its variability over time. On the other hand, although
the definition of CRS is operative, the notes specify some technical requirements

such as assured continuity of measurements, representative site identification and
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regular intervals for calibration, verification and maintenance (as reported in Table
2.3).

Additional details on technical features of CRSs are given in Section 2.4. For
generating climate reference data, accurate measurements of ECVs require two
fundamental characteristics: (a) to be traceable, thus recorded by calibrated and
constantly maintained instruments and (b) to be accompanied by the values of all
identified associated quantities of influence (the other ECVs influencing the response
of the instrument or the measurand itself). The data product must then be a complete
set of values, including the uncertainties related to both the primary measurement
and the effect of the AQIs on its value and uncertainty. For example, the effect
of rain as overcooling bias of thermometers and associated recovery time to reach
again accurate temperature records, the uncertainty in the correction due to reflected
radiation in case of snow under the temperature sensors, the wind induced reduction
of biases on different solar shields etc. Nevertheless, the complete evaluation of
the uncertainties and the corrections (and associated components of uncertainty),
due to the effects of the AQISs, at present is almost impossible for most of the main
ECVs of interest in climatology. Reference data products should in any case include,
together with the records of the main ECVs, all the values of the AQIs (see Table
2.2), recorded at the same time.

To study and confirm the prescribed definitions and requirements of this work, a
prototype for a CRS was developed and installed in May 2023 by INRiM (Figure
2.2) aligned with the WMO top class requirements. The installed instruments and
processing of data are briefly described in Section 2.5. The creation of an “ad hoc”
climate reference station, installed in a well-maintained free of obstables site, allows
an active role in managing the implementation and data production. Furthermore,
because INRiM became the WMO Measurement Lead Centre on Traceability and
Field Metrology, the CRS acts also as a special site for research and development on
instrument field validation and intercomparison, testing of new and evolving systems,
evaluation of drifts and maintenance intervals and pros and cons in specific and

challenging uses.



Chapter 3

Measurement system uncertainty of
air temperature measurements

Modern contact thermometers are being continuously improved, together with the
calibration procedures, to reduce the uncertainty in their use, now easily limited to
the order of the millikelvin in the range of interest. Calibration procedures are well
defined and cover a multitude of different sensors and methods, from the primary

standards to the working instruments.

Despite such technological advances, measuring atmospheric air temperature
still requires deep understanding and research [21]. Indeed, an agreed procedure
for the calibration of thermometers in air is missing. The evaluation of complete
uncertainty budgets for practical field measurements, taking into account the rapidly
changing conditions and the numerous quantities of influence, is also a challenging
task. The measurand itself, air temperature is also not yet fully defined [17] as
already mentioned in the previous chapter. Although it is clear that the temperature
of air corresponds to the temperature of the gas called “air", what is missing is a
definition of air, which is a mixture of gases with non-constant concentrations, with a
special concern about water vapour and CO,. Evaporation and condensation of water
are the main factors affecting the concentration of water vapour in air, whereas CO,
concentration is increasing due to anthropogenic emissions. The variability of air
composition corresponds to different thermophysical properties, leading in the end
to a different interaction between the contact thermometer and the air components.
Therefore, a clear definition of air is needed to establish standardized procedures
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for calibration of thermometers in air, although it is not yet clear how it should be
defined: dry air? With what amount of water content? Water content measured

within which target uncertainty? Air stream should be null or stationary?

While a precise definition of air temperature is unclear, physicists have long inves-
tigated the potential errors a thermometer can make when measuring the temperature
of a gas [22], specifically air. The radiative error affecting resistance thermometers
exposed to radiation is likely the most important one, which led to the invention
and introduction of wood Stevenson screens at the end of the nineteenth century
for meteorological measurements. Since then, many studies have been conducted
for optimizing the material of the screen [23] and its geometry for enhancing air
ventilation around the thermometer, ensuring the best thermal contact between air
and the thermometer sheath. For understanding the physics behind the radiative
error, analytical models have been developed [24-27], which showed key aspects
such as the dependence of the radiative error on the square root of sensor diameter.
However, these models are based on assumptions, such as stationarity, and often do
not take into account the coupling with air due to the radiation shield, as done for
instance with a semi-empirical model in [28] for estimating the temperature error
inside naturally ventilated shelters. To overcome this limitation and better under-
stand ventilation inside screens, Computational Fluid Dynamics (CFD) simulations
coupled with optical models, like ray tracing, have been performed over specific
shelters/shields [29-32]: the aim is to estimate the radiative error, depending on wind
speeds, input solar irradiance, sun elevation or other parameters. These simulations
are crucial for a reliable estimation of the radiative error, however their application is
still limited since in most cases only the measurement system is modelled, without
considering the environment close the measurement site which can introduce spuri-
ous heat sources (for instance radiative emission from buildings). Another approach
to tackle the radiative error is the development of new measurement sensors/systems
which are able to directly estimate the air temperature with no correction needed.
Noteworthy examples are the radiation compensating thermocouple (RCTC) [33, 34]
and the energy-balance thermocouple (EBTC) [35, 36]. Both examples can be de-
scribed as “ensemble” sensors constituted by three thermocouples having different
characteristics. The RCTC is composed by thermocouples with different diameters
that are electrically connected in a such a way that the respective radiative errors
compensate. On the other hand the EBTC is constituted by three thermocouples

inside brass globes having coatings with different emissivities: solving the energy
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balance equations it is possible to estimate at the same time the air temperature, the
short-wave and long-wave radiative loads. The lower sensitivity to radiation of these
sensors was validated using resistance thermometers inside aspirated shields, which,
however, integrate the air temperature below the screen, a characteristic that is not
fully coherent with a true air thermometer. The need of having a good reference
induced the development of non-contact acoustic thermometers for meteorological
applications [37], which are truly insensitive to radiation [38], but rely on the knowl-
edge of the air thermophysical properties to relate the speed of sound measurements
to the temperature of the medium (the air). In this case the model uncertainty is still
too large, leading to measurement uncertainty greater than 0.1 °C, which requires
further improvements.

Although of crucial importance, solar radiation is only one of the factors affect-
ing the uncertainty of air temperature measurements. The Measurement Quality
Classification Scheme shown in Figure 3.1 is an instrument developed by the WMO
[16] for visualizing the different groups of uncertainties affecting the measurements,
in particular:

* uncertainties associated to calibration and the measurement system itself;

* uncertainties due to coupling of the sensor with the medium. In the case of air

thermometers, these uncertainties are introduced by the use of solar screens;

* uncertainties resulting from maintenance and verification of the measurement

system,;
* uncertainties due to the associated quantities of influence;

* uncertainties which result from instrument siting and exposure, not dependent

on the employed measurement system.

Documented traceability of measurement results requires full understanding and
evaluation of all these uncertainty components, meaning being able to write down
a complete uncertainty budget for air temperature measurements. A number of
experiments have been already addressed for solving specific aspects of atmospheric
air temperature measurements, quantities of influence and uncertainty components.
The MeteoMet projects [39, 40] led by INRiM contributed to the investigation of
some of these effects, mainly in terms of single components in the overall measure-

ment uncertainty budget. The projects generated a positive impact, encouraging
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collaboratiosn between metrologists and meteorologists. Now several aspects that
can introduce uncertainties have been (partially) addressed, such as: on site calibra-
tion of instruments [41-44]; ageing of solar shields [45]; time response of sensors
[46—48]; time drift of resistance thermometers [49]; self-heating errors both due to
sensor probe and accompanying electronics [50, 51]; albedo effect due to snow cover
[19, 52] and siting effects due to the presence of a road or a building [20, 53].

While this remarkable effort, many other uncertainty components have to be
estimated. Within the activities of the PhD project, two further sources of system
uncertainties have been analysed: the acquisition electronics of meteorological
dataloggers and the effect of rain on air temperature measurement. Indeed, even if
meteorological dataloggers are widely spread, they are rarely analysed as they are:
Data AcQuisition boards (DAQ) developed for making, in most of the case, resistance
measurements, corresponding to temperatures after applying the calibration curve of
thermometers. For this reason, the results of the characterization of a meteorological
datalogger are presented in Section 3.1. Similarly, the effect of rain on temperature
measurements performed using different types of solar shields has never been a
field of research. Within MeteoMet 2 [40], an experimental setup was developed
to investigate this effect. The measurements of the conducted experiments have
been analysed as part of the PhD project and published in [54]. A description of
the experimental activities, the analysis of measurements and results are reported in
Section 3.2.
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3.1 Datalogger characterization

When performing temperature measurements, two main elements are required:

* a temperature sensor (thermometer), characterized by a certain quantity, such

as electrical resistance, that varies with temperature;

* an acquisition device, which is designed to measure the temperature-sensitive

quantity characteristic of the thermometer.

In calibration labs, reference thermometers are usually thermo-resistances (for in-
stance Pt25, Pt100, thermistors) which are measured by bridges (AC or DC) or
lab-grade temperature scanners. The acquisition devices must be calibrated, for
instance against standard reference resistors, to ensure SI traceability. Then the
resulting calibration uncertainty is added to the uncertainty budget of thermometers

that are under calibration using the same bridge/scanner.

Similar reasoning applies to air temperature measurements for meteorological
and climatological applications. The majority of studies cited in the previous section
focus on the sensor itself, which is generally read during experiments with lab-grade
equipment, like DC bridges. On the other hand, when comparisons between different
thermometers are involved, as in the experiment for evaluating the albedo effect [19],
it is not so crucial to have a high-quality instrument. Indeed, if the thermometers are
read with the same instrument, uncertainty components due to the acquisition device

cancel out when working with relative differences.

The dataloggers for meteorological applications are multi-purpose data acquisi-
tion boards, designed with Analog-to-Digital converters (ADC) and voltage/current
references to interface with analog sensors. At the same time, they are also able
to communicate with digital sensors that have their own acquisition unit, whose
measurements are transmitted to the datalogger by an integrated processing unit

through a chosen communication protocol.

Despite their relevance for guaranteeing accurate air temperature measurements,
the datalogger contribution to the overall uncertainty budget is rarely evaluated. An
explanation may be that this product is primarly used by people in national meteoro-
logical and hydrological services who do not have the knowledge and competencies

to assess its performance, being more prone to trust the manufacturer’s specifications.



3.1 Datalogger characterization 31

Furthermore, there are examples in literature of newly designed microcontroller-
based dataloggers, whose performances are tested against commercial models [55]
and not against standards traceable to the SI, proving that there is a lack of metro-
logical knowledge and/or resources for performing such tests. Fortunately, there are
also some virtuous examples: for instance in [56] Whiteman, Hubbe and Shaw try to
evaluate the performance of an inexpensive datalogger by comparing the correspond-
ing temperature measurements against a reference PRT in a stirred liquid bath. On
the other hand, Wu et al. developed an “active resistance network™ for generating
reference values of resistance used to test the datalogger of an automatic weather
station [57]. However, what is missing in both cases is a complete evaluation of the

uncertainties involved in the performance assessment.

Even though the scientific literature lacks works analyzing in detail datalogger
performances, the main part of the acquisition is played by the ADC, which has
been extensively studied over the years [58—60]. A IEEE standard describes how
to determine the ADC static transfer function and test its dynamic behavior [61].
Although it is crucial to understand the uncertainties resulting from the ADC voltage
measurements [62], they still remain a portion of the overall uncertainty budget for
resistance measurements. In fact, dataloggers measure resistances mainly through
the volt-ammeter method, thus by generating a reference current and measuring the
voltage across the temperature sensor. The main issue for the characterization of this
technique is that little information is available about the internal circuitry, compli-
cating the characterization of the single components involved in the measurements

(source current and measured voltage).

To characterize the datalogger, it is more convenient to consider the instrument as
an ohmmeter, i.e. an indicator of resistance values, without paying too much attention
to its internal circuits. Under this assumption, techniques used for calibrating
resistance bridges could be potentially used, in particular those based on resistance
networks composed of standard resistors [63]. Although this approach allows the
smallest calibration/verification uncertainty, it requires a number of resistors that are

not always available, even in a calibration laboratory.

A methodology for the characterization of a meteorological datalogger, identical
to the one used in the CRS prototype described in Chapter 2, is here presented. The
tests have been performed implementing a procedure similar to the one described

in [64], based on a stirred liquid bath, to verify the datalogger’s performance when
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exposed to different environmental conditions. First a description of the methodology
and experimental setup is given, then the results are discussed, mainly focusing on

the uncertainty evaluation of the errors performed by the datalogger.

3.1.1 Methodology and experimental setup

The datalogger under test is a SIAP DA18K, as that installed at the CRS prototype.
This model has a 24-bit ADC on board (no manufacturer or model specified). The
specifications for voltage and temperature measurements are reported in Table 3.1,
as written in the corresponding datasheet, with no information about resistance
measurements or the value of the source current, which is described in the manual
[65] as “impulsive” (to limit the thermoresistance self-heating) without further
information about stability or electrical noise.

Table 3.1 Specification of the datalogger DA18K as reported from the datasheet.

Quantity Resolution Accuracy Uncertainty (30)
Voltage (differential)  0.3uV ~ +(10uV +0.1 % measure) 3uVv
Temperature 0.0003°C 0.02°C 0.005°C

The ADC specifications seem compatible to what is currently available on the
market and allow, in principle, a resolution of at least 0.001 °C as required for a CRS.
On the other hand, it is not clear what “accuracy” means and how it is evaluated. It
could probably refer to the difference with respect to a reference instrument owned
by the manufacturer, whereas uncertainty may be related to the electrical noise
associated to the sampled signals and not to the overall measurement uncertainty.
A similar argument can be adapted to temperature specifications, even though it is
quite erroneous to directly report them with almost no information about the probe
used and the calibration performed. The only available note is that the temperature

specifications are computed considering a Pt100 thermo-resistance.

Based on the information about resolution and assuming a nominal sensitivity
for a Pt100 of 0.4 Q/°C, it is possible to estimate the source current as:

1~0.3uV/(0.4Q/°C-0.0003°C) = 2.5mA,
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which is reasonable for resistance measurements, especially considering its impulsive
nature to limit the self-heating. The information about the current is crucial for
temperature measurements since thermometers can be calibrated in different ways.
Sometimes accredited laboratories specify the extrapolated resistance at a null current
value [50], therefore for zero self-heating. Instead others labs calculate the calibration
curve with resistances measured using a declared source current, as done at the
INRiM laboratory. Not only it is necessary to know the current, but also how it is
supplied to the thermo-resistance: the same value of current supplied in impulsive
mode (no current flowing from one measurement to the other) results in a smaller
self-heating with respect to continuously maintaining the resistance under voltage.
However, the self-heating for the on-off case is more difficult to evaluate, in particular
when, as for the datalogger under test, no info is available about how long the current

is supplied before taking the voltage measurements across the thermo-resistance.
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Fig. 3.2 Picture of the experimental setup where is visible the datalogger inside the climatic
chamber, the circulating bath (bottom-left corner) and the resistance bridge (on the table).

Despite the missing information, the best method to verify the resistance measure-
ments performed by the datalogger is to use reference resistance values, generally
obtained through resistance networks [63] composed by standard resistors with cal-
ibration uncertainty as low as about 5 ppm. The lack of this high-quality resistors
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in our laboratory led to the development of a different methodology to test the
datalogger.

Inspired by Gersak et al. [64], the reference resistance values are obtained using
reference Pt100 thermometers inside a circulating bath, which allows a stabilization
in the mK range, that is suitable for testing the declared temperature uncertainty. The
datalogger has been tested by comparing two thermometers inside the bath, one read
by a resistance bridge and the other by the datalogger. Furthermore, the datalogger
was put in a climatic chamber for varying its operating conditions and verify if its

performance is temperature-dependent.

The instruments used in the tests, visible in Figure 3.2, are listed here below:

e three reference Pt100, serial numbers 1, 2 and 3, with calibration certificates
released by the INRiM temperature calibration laboratory, stating an expanded
calibration uncertainty (k = 2) of 0.01 °C above 0 °C and 0.02 °C below 0 °C

using a source current, constantly supplied, of 1 mA.

* a DC resistance bridge, the Fluke SuperThermometer (ST) 1595A, capable
of measuring resistances with a declared 1-year 95 % confidence interval
of 5 ppm or 0.000024 Q for resistances between 0 and 120Q, using a 1 mA
current. The bridge is used to read the reference thermometers under the same

conditions they were calibrated, thus supplying continuously 1 mA of current.

* a PolyScience bath used with pure ethanol for temperatures below 0 °C and

deionized water in the range above 0 °C;

* a copper comparator block used inside the circulating bath to enhance tempera-

ture stability and reduce temperature gradients when comparing thermometers;

* aclimatic chamber from Kambic, model KK-190 CHLT, having temperature
stability in the order of 0.1 °C. However, in this case the specifications are
not so relevant since the environmental temperature is a quantity of influ-
ence. Then, the chamber is used for maintaining the datalogger at a certain

temperature, surely within £1°C.

The tested nominal selected bath temperatures are [—20, —10, 10,20,30,40,50] °C,

whereas [—10,20,40] °C are the nominal values of the selected temperature of the
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chamber. The relative humidity is set to 50 %rh and is not varied during the exper-
iment. Each combination of the nominal bath and chamber temperatures were
tested, even those that are improbable in a real case, like Ty, = —20°C and
Tehamber = 40°C, since the scope was to test the specifications for any input re-
sistance/temperature under the operating conditions stated by the manufacturer
(—40-+80°C).

(a) (b)

Fig. 3.3 (a) Picture of the reference thermometers 1 and 2 inside the comparator block in the
circulating bath. (b) Picture of the datalogger inside the climatic chamber. The reference
thermometer 3 inserted in another comparator block is used to check the stability condition
of the chamber.

The test procedure, for each combination of bath and chamber temperature, is
divided in two phases:

1. Reference comparison. Reference thermometers 1 and 2 are inserted in
the bath inside the copper comparator block as shown in Figure 3.3a. The
sensors are measured with the resistance bridge, sampling one sensors at a
time every 4s. After the temperature has been stabilized within +0.01°C,
measurements are acquired for 30 minutes. Then, the best stabilization interval
of at least 5 minutes is selected for computing the average temperatures of
the sensors, identified by T'j_st and T».sT, whose subscripts recall the sensor
number and how it is measured. Since the thermometers are identical and

measured with the same procedure employed during calibration, the difference
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between them is an estimate of the non-uniformity of the temperature field due
to the considered medium (copper comparator inside a bath). Therefore, the
difference ATrgr = T2.sT — T 1.sT is evaluated and will be used in the second
phase to remove the average inhomogeneity and make a fair comparison

between the datalogger and the reference system.

. Datalogger comparison. After the first phase, the reference 2 is connected to

the datalogger, which is inside the chamber at the set chosen temperature, while
both references are kept in the same position within the comparator inside
the bath. To guarantee that the datalogger case reaches a thermal equilibrium
with the environment, the reference 3 is put inside the chamber in a copper
block, as shown in Figure 3.3b. When the readings of the reference stabilize
within £1°C, it is assumed that also the temperature of the datalogger case is
reasonably stable for the test purpose. The datalogger has been configured to
make one resistance measurement, converted in temperature in post-processing,
every 10s. Despite the different sampling frequency, the same procedure
was adopted for the identification of stable intervals, which in this case can
have durations between 3 and 8 minutes. Nevertheless, the different number
of measurements in the intervals is taken into account for the uncertainty
evaluation by the stability and repeatability terms, as described in the following
subsection. After the stable interval definition, the temperature difference is
calculated: AT = TZ_DAQ — T1.sT, Where the apostrophe for reference 1 is
used to not confuse it with the temperature estimated during the first phase.
As mentioned, to remove the effect of the medium inhomogeneity and make
a better comparison, the ATrgr estimated in the first phase is subtracted to
obtain the final quantity of interest: ATpaq = AT — ATREF.

Each quantity aforementioned is subjected to a measurement uncertainty, which is

evaluated as described in the following section.

3.1.2 Results and Discussion

The two phases were executed one after the other, in both cases waiting for stabiliza-

tion. First, the temperature differences estimated from the comparison of reference

thermometers and the associated uncertainty analysis are presented. Then, the re-
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sults concerning the comparison of the datalogger against the reference system are
reported.

Figure 3.4 shows, as an example, the 30-min time series of reference thermome-
ters, measured by the resistance bridge, for a bath temperature of 30 °C. As is clear
from the plot, the curves are smooth, not affected by electrical noise, and slowly
varying, following temperature variations of the liquid. The difference between
the thermometers is due to the residual temperature gradient in the liquid and, con-
sequently, in the comparator. After having found the best stability intervals, the
temperature differences were calculated as described in Subsection 3.1.1, which are
reported in Table 3.2. The estimates of temperature inhomogeneity of the comparator
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Fig. 3.4 Example of a 30-min time series of the reference thermometers for a T, = 30°C
during the first phase of the test.

are, in magnitude, between 0.7mK and 2.8 mK. These values are comparable to prior
knowledge available on the use of a copper comparator inside the Polyscience bath.
No clear trend is visible with the variation of the bath temperature, with positive
differences below 0 °C, likely due to the use of a different liquid (ethanol instead
of deionized water), and negative differences above 0°C. In the table, close to
the estimates, the standard measurement uncertainty is reported in round brackets,

evaluated as follows:

M<ATREF) = \/u%-stab + u%-stab + M%-cal + u%-cal —2covp (TI-STa T2-ST>, (3.1
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Table 3.2 Estimated differences, and corresponding uncertainties, between reference ther-
mometers compared at different set temperatures of the circulating bath.

Than/°C ATrgr/mK
—-20 1.8(0.2)
—10 0.7(0.4)

10 -1.6(0.2)
20 -2.4(0.3)
30 -2.8(0.3)
40 -2.8(0.2)
50 -2.5(0.04)

where ug,p 1S the uncertainty contribution due to the instability of the signal, evalu-
ated by the standard deviation of a uniform probability distribution, whereas uy is
the uncertainty accounting for calibration. Since the two thermometers were cali-
brated at the same time using the same experimental apparatus, the type-B covariance
between them can be estimated by their calibration uncertainty, thus compensating
in Equation 3.2 the uncertainty for the calibration of the two sensors. This can be
done since the covariance has a negative sign, which is the reason why it is recom-
mended to work in “relative terms” using temperature differences. The uncertainty
contributions for the resistance measurements also compensate for a similar reason.
Despite the uncertainty for Ty,, = —10°C, which is about 50 % of the corresponding
u(ATrer) (the smallest in absolute value), all the others are smaller than 15 %, which

is more than reasonable for the intended use.

Moving to the results of the second phase, Figure 3.5 shows an example of
a 30-min time series of the reference thermometers for a T, = —40°C and
Tehamber = —10°C, acquired during this part of the test. In this case, the refer-
ence 2 measured by the datalogger (solid orange line) shows a clear error and noisier
behavior characterized by different harmonics, likely explainable by electrical noise
or instability of the current source between consecutive measurements. To better
investigate the associated noise, the histograms of 7>_paq were plotted: Figure 3.6
is an example for Ty, = 40°C and Tehampber = —10°C, while Figure 3.7 reports all
the histograms for each combination of bath and chamber temperatures. It is quite
evident, especially for the reported example, that the noise may be modeled by a

bimodal distribution. Such noise shall be considered as an additional source of un-
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Fig. 3.5 Example of a 30-min time series of the reference thermometers for a Ty, = 40°C
and Tehamber = —10°C, during the second phase phase of the test. Reference 1 (solid blue
line) was measured by the resistance bridge, whereas reference 2 (solid orange line) was
measured by the datalogger.

certainty when evaluating the uncertainty budget for each temperature measurement
performed by the datalogger, which essentially randomly samples from the noise
distribution. Although a higher sampling frequency is mandatory for a better noise
characterization, it is insightful to compute the empirical standard deviation of the
measurements to have a coarse estimate of the dispersion across the mean value,
which is highlighted by the dashed vertical red line in Figure 3.7. The estimated
dispersions are reported in Table 3.3 and are comparable to the calibration uncer-
tainty of the thermometers, i.e. in the range of 10mK, hence it is not negligible.
The estimated standard deviations are not dependent on the operating conditions,
whereas they show a small trend with the bath temperature. Even in the case of
better sampling, this type of estimate could be useful only for the evaluation of the
standard uncertainty and not of confidence intervals. The best way to compute them
is to model the distribution with some probability density functions (for instance the
sum of two Gaussians) and use them for the determination of quantiles correspond-
ing to the chosen coverage probability. Such a procedure requires a better noise
characterization, which was not possible with the available instrumentation.

The calculated mean values in Figure 3.7 consider the entire 30-min interval.
Following the procedure as the first phase, the temperature difference AT is evaluated

by taking the best stabilization interval. Then the estimate is corrected for the thermal
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Fig. 3.6 Example of histogram of the temperature deviations between reference 1 and 2
during the datalogger comparison for Ty, = 40°C and Tepamper = —10°C. The histogram is
scaled such that the value for each bin corresponds to the associated relative frequency. The
dashed vertical line refers to the mean value of the distribution, whose value is shown in the
attached label.

gradient by subtracting ATRgF, obtaining in the end ATpaqg. The measured values
are reported in Table 3.4, with the corresponding uncertainties evaluated as follows:

u(ATpaq) = \/u%-stab + u%—repeat + u%—sh + u?(ATREF). (3.2)

The term u_g,p is evaluated as above by taking a uniform distribution of the temper-
ature signal for reference 1. On the other hand, reference 2 shows a more random
behavior, thus an uncertainty evaluated through a repeatability contribution us_repeat 18
considered, i.e. 6(Ty.paq)/V/N where N is the number of measurements in the cho-
sen interval. This type of evaluation is suitable even when the values are considered
sampled from a bimodal distribution, as described above. The only assumption is
that each performed measurement is independent from the others, that is reasonable
by looking at the time series like in Figure 3.5. Then, the term u, g, represents an
uncertainty term due to the different self-heating of the sensor compared with its
calibration condition. Since the datalogger supplies an impulsive current (estimated
to be 2.5mA) only during the acquisition interval, the self-heating of the sensor
is smaller with respect to a condition of a constantly supplied current of 1 mA (as
expressed by the calibration certificate). To take into account this fact, which is also
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Fig. 3.7 Histograms of the temperature deviations between reference 1 and 2 during the
datalogger comparison for each combination of Tyyy and Tehamber- The histograms are scaled
such that the value for each bin corresponds to the associated relative frequency.
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Table 3.3 Empirical standard deviation of Tpaq for each combination of Thum and Tehamber-

0 (Tpag)/mK
Toan/°C  Tehamber = —10°C  Tepamber = 20°C Tepamber = 40°C
-20 9.0 79 8.4
—10 8.5 8.6 7.7
10 8.8 8.8 94
20 10 10 9.6
30 9.7 11 11
40 11 11 11
50 14 12 14

the reason for a potential bias of the datalogger measurements, the self-heating due
to 1 mA of current was estimated by using the “ZERO-POWER" function of the
Fluke 1595A, which simply extrapolates the temperature value for null current and
computes the difference with respect to a given current. This estimate is used as
u>sh, wWhich is an overestimation given that the self-heating is not totally eliminated
in datalogger measurements. Although this approach is conservative, it allows to
consider the self-heating in the uncertainty budget, which was estimated 4.7mK for
every That, @ value comparable to or greater than other uncertainty contributions.
The last term, u(ATRgF), is the uncertainty of the applied correction reported in Table

3.2 as already commented.

The estimated ATpaq and the corresponding standard uncertainty, shown in Ta-
ble 3.4 and plotted in Figure 3.8, prove that the datalogger performance is highly
sensitive to the environmental temperature. The measurements performed for
Tehamber = —10°C are affected by an error between 0.06 and 0.07°C, which de-
creases for greater temperature of the chamber and becomes comparable with the
calibration uncertainty for Tihamper = 40°C. In an IP68 box, as it is used for pro-
tecting the datalogger in an outdoor environment, the internal environment is not
fully thermilized with the outside air because of the constant supply of heat from
the stored electronics and due to the use of insulating material placed on the internal
walls of the box. Nevertheless, the internal temperature still varies to a certain degree
following the external conditions, hence a correction of the measurements shall
be considered. Note that, even in ideal conditions of 20°C, the error is between
0.025 and 0.035 °C, which is not negligible. The measured temperature differences
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Table 3.4 Estimated differences, and corresponding uncertainties, between reference ther-
mometer 1, measured with the resistance bridge, and reference 2 measured with the datalog-
ger, for each combination of the temperature of the bath and that of the climatic chamber.

ATpag/mK
Toan/°C  Tehamber = —10°C Tepamber = 20°C Tepamber = 40°C
-20 -63(4.9) -36(4.8) -17(4.8)
—10 -66(4.9) -30(4.8) -16(4.8)
10 -69(4.9) -27(5.0) -11(5.0)
20 -69(5.0) -25(5.1) -13(4.9)
30 -66(5.0) -23(5.3) -11(5.0)
40 -66(5.2) -24(5.0) -14(4.9)
50 -61(5.1) -25(4.8) -5.9(5.2)

have an associated uncertainty which is about SmK for each combination of bath
and chamber temperature, hence the relative uncertainty increases when the error

decreases.

Since the values of ATpaq, associated to a set temperature of the chamber, are
visibly comparable within two standard uncertainties, it is not possible to identify
a trend with the variation of the bath temperature. In this case, assuming that the
bath temperature has no influence and that each temperature difference refers to
the same measurand, it can be convenient to estimate a consensus value. This is
generally done using a weighted average, considering the inverse of variances as
weights. The equations for estimating this quantity and evaluating the associated

standard uncertainty are here adapted from [66] :

ZNbath ATpag,i

i=1 2 AT, i
ATpaq = Noath . 1DAQ") (3.3)
Zi:l u?(ATpag ;)
N 1
M(ATDAQ) - Noath 1 (34)
L u?(ATpag,i)

Using these equations, it is possible to estimate the weighted average for each
Tehamber> Which is highlighted in Figure 3.8 by the black dashed lines, whereas the
dotted lines delimit the interval +u(ATpaqg) covered by the corresponding standard
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Fig. 3.8 Temperature difference ATpaq plotted as a function of bath temperature, for each
value of the set temperature of the climatic chamber. The uncertainty bars correspond to the
standard uncertainty reported in Table 3.4. The dashed black lines represent the consensus
value ATpaq estimated with the variance-weighted average of all the values for a certain
temperature of the chamber, whereas the dotted lines delimit the interval £u(ATpaq) covered
by the corresponding standard uncertainty.

uncertainty. The numerical values of the average, the absolute and relative uncertainty
are shown in Table 3.5. Note that the uncertainty decreases since more estimates of
the same measurand, as assumed in this case, add more information and allow to
reduce the uncertainty over the best estimate. Indeed, even for the smallest correction,

the relative uncertainty is below 15 %.

Tehamber/°C  ATpag/mK  u(ATpag)/mK  u-(ATpag)/%

-10 -66 1.9 3.0
20 -27 1.9 7.4
40 -13 1.9 15

Table 3.5 Weighted average ATpag With corresponding absolute, u(ATpaq). and relative,
ur(ATpaq), uncertainty.

The reported consensus errors should be used to correct the temperature mea-

surements in the following way:

1> pAQ. = T2-pAQ — ATpag- (3.5)
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Fig. 3.9 Weighted linear least-squares fit, solid black line, used to determine the temperature
correction of the measurements, performed with the datalogger, as a function of the device
case temperature Tpaq. The values highlighted in red correspond to the weighted mean of
the estimated averages plotted with a coverage factor k = 2, as also for the prediction interval
of the fit highlighted by the dotted black lines.

This correction is valid only for specific values of the environmental temperature,
whereas to apply it in operating conditions it is necessary to estimate a temperature-
depending correction M(TIN), where Ty is the temperature inside the box where
the datalogger is stored. To evaluate this function, an uncertainty-weighted least-
squares fit is made. More tested chamber temperatures should be considered for
better function identification of the error correction, but for the sake of presenting
the methodology, a linear function is assumed over the conducted measurements.
The internal temperature is approximated with the temperature of the chamber for
the tested points. The obtained fit and the corresponding coefficients are shown in
the formula in Figure 3.9. The uncertainty of the coefficients resulting from the
fit is propagated through the formula and added in quadrature with the uncertainty
of the consensus values for evaluating the uncertainty of the predicted correction.
Eventually, the standard uncertainty associated with the predicted correction is
2.5 mK, independently of the datalogger temperature.

After applying the correction, the type-B uncertainty associated with a single

temperature measurement done by the datalogger is obtained by combining the
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uncertainty contributions evaluated for the characterization:

M(Tz-DAQc) - \/u%—cal + u%—sh + uﬁoise +u? (ATDAQ(TIN))‘ (3.6)

Note that the upise can be estimated by taking the standard deviation of the tempera-
ture distribution shown in Figure 3.7, whereas the term u; g, is highly dependent on
the medium with which the thermometer is in contact, whose estimation is a tough
task especially for air temperature measurements. Under the assumptions made
for the characterization and neglecting the self-heating term, the overall standard
measurement uncertainty is evaluated to be between 0.013°C and 0.015°C which is
adequate for meteorological applications. However, if no correction is applied, it is
necessary to add the error as an additional uncertainty term to take it into account. In
this case, the type-B standard measurement uncertainty varies between 0.014°C and
0.076°C. Probably the accuracy specification reported by the manufacturer in Table
3.1 refers to the error compared with a reference thermometer, which, however, is
not true as demonstrated by the laboratory test. Also the uncertainty specification
likely corresponds to the noise affecting the measurement system, but it is highly

underestimated by the manufacturer.

Despite the specific results shown here, the key point of this characterization was
to present an effective experimental methodology and analysis of measurements for
testing meteorological dataloggers. The uncertainty due to the use of dataloggers
is just one uncertainty component of air temperature measurements that is usually
neglected. In the following subsection, another component is analysed, which
is the influence of rain on air temperature measurements, related to the group of

uncertainties due to environmental effects.
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3.2 The effect of rain on air temperature measure-

ments

Atmospheric factors, such as wind, rainfall, solar radiation and relative humidity
influence the air temperature measurement, thus compromising the accuracy of me-
teorological thermometers. Solar screens are used to protect the sensor and reduce
the radiative error affecting the measurements, but they are not perfect and expose
the thermometer to a microclimate condition which may not be representative of
the ambient conditions [35]. For these reasons, field intercomparisons of artifi-
cially/naturally ventilated screens have been conducted to analyze the error affecting
the air temperature measurement inside the screen with respect to a chosen reference
system [67, 68]. A major effect causing biases and uncertainty in air temperature
measurements is the influence of rain on the temperature sensor and its protecting
screen. Although the psychrometric effect is well known [69], another error on the
temperature readings due to rainfall have been recognized in the standard ISO 17714
(2007) [69], which recommends test methods for characterizing air thermometers
with their radiation screen. In annex A of this documentary standard, it is written:
“Another effect is that the temperature of the precipitation is generally lower than
the temperature of the air [...] This can suddenly cool the screen at a different
rate than the air (up to 5 K in 5 min)”. Even though the high impact that this effect
can have on measurements, there is no further information that quantifies it and no
studies are available in literature. For this reason, the work presented here aims to
highlight the influence of the rain in the readings of temperature sensors in automatic
weather stations (AWS), with radiation screens of different types, such as naturally
and artificially ventilated. The study is conducted by introducing an artificial rainfall
generator and an adequate system to measure air temperature. The first is necessary
to simulate controlled rainfall with varying water temperature and intensity, whereas
the latter is needed since “There is no recognized reference system for measuring
the true air temperature”’[69]. Then the measurements of the sensors under rainfall
conditions are then compared to the reference system and the results are analyzed
and discussed. Finally, additional recommendations on a test method and further

work are advised.
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3.2.1 Methods

This section describes how the test setup has been designed and constructed, in-
cluding a detailed description of the artificial rainfall simulator and of the reference
system for air temperature measurement. For practical reasons, the test setup, shown
in Figure 3.10, is built in a tarpaulin covered outdoor shaft, next to the laboratory
building. The tests are performed by comparing sensors, with screens of different
manufacturers and operating under rainfall conditions, with respect to the reference
system, which is used to accurately measure air temperature in dry condition. The
operating principle of the test set-up is described here following. Tap water is used
for the rainfall generator and its temperature is controlled for testing at different rain
temperatures. Cooling of water is performed by means of a plate heat-exchanger
connected to a brine cooling system. The resulting water temperature, Ty, iS mon-
itored using a PT500 sensor. Experiments are performed with water temperatures
between 6 °C and 14 °C.

Pt500 \

TD 2m thermo- o1 meters

Control-valve

M- —

Flow-meters

Brine Cooling
System

A bbb \j\i»l'
Vo

<

Plate heat- Tap-water

exchanger
Vacuum
pump

Fig. 3.10 Schematics of the set-up for testing the performance of meteorological air-
thermometers under influence of rain.

The flow rate is controlled with a manual control valve regulating the water
supply pressure and checked with a flowmeter. The accumulated volume is also
measured with a mechanical flow meter. The air temperature is not controlled. Meteo-
rological thermometers of different design are placed under the rainfall simulator and
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measurements are made relative to the reference system. The latter consists of four
aspirated thermometers, designed and constructed at Danish Technological Institute
(DTI). The aspiration is obtained through a vacuum pump, whereas the flow rate is
controlled with a valve and measured with a flowmeter. The reference thermometers
are positioned beside the device under test (DUT) for measuring the air temperature
but protected from being directly exposed to the rain. All the equipment used for
the measurements is placed in a waterproof box. For data acquisition a LabVIEW®
program is developed, whereas data analysis is conducted using MATLAB®. Design
details of the rainfall generator and of the reference system are here reported.

Rain generator

The design of an artificial rain generator must ensure realistic amount of rain, which
at the same time must be evenly distributed above the test area. Different approaches
have been tested but it was found that using a spiral shaped perforated water hose
was the best since it generates a rainfall intensity in an acceptable range and area
distribution. The water hose is suspended approximately two meters above the
reference thermometer setup and the DUT (see Figure 3.11a). Rainfall intensities
from approximately 0-100mm/h can be reached using this setup by regulating the
water supply pressure. The rainfall intensity corresponding to the manually set flow
rate is reported in Table 3.6. Moreover, the spatial variation of the rainfall intensity
is measured. Several identical laboratory measuring cups are positioned in a matrix
below the rainfall and, after a given period, the generator is shut off and the water
level in each of the glasses is measured. The estimated spatial distribution of the
rainfall intensity is then plotted as shown in Figure 3.11b. It is observed that the
maximum intensity is not centered over the experimental area. Nevertheless, the
DUT is placed in the center since a suitable intensity is achieved. At the boundary
of the area, the intensity is below 5 mm/h, thus being a suitable spot to place the
reference system. Tests were made where the position of the DUT in the rain area is
changed to see if an uneven distribution of water has any effect and no significant
change was found. The droplet size was not controlled or measured during the tests.
As the drops were created passively, their diameter is expected to be in between 2
and 4 mm, as smaller droplets would stick to the generator, and larger droplets are

unstable and will break into multiple smaller. droplets
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Fig. 3.11 a) Schematics of the rain generator. A standard water hose is perforated with
equal distances between each hole and curled up in a spiral. The rain generator is placed
approximately 2 meters above the reference thermometer setup and the DUT. b) The spacial
rain intensity over the rain area is measured. The red boxes “ref” and “DUT” indicates where
the thermometer reference setup and the DUT instrument are placed, respectively.

Reference system for air temperature measurement

When constructing a contact thermometer for air temperature measurement the
thermodynamics raises several general issues that need consideration to reduce
measuring errors (e.g. [70, 71]). The convection heat flux from air to the sensor
element must be increased and the errors by conduction and radiation must be
decreased. When constructing the reference measurement standard the following

issues were taken into account:

- The time constant of the reference measurements system needs to be faster
than the DUT and, because the air temperature is not actively controlled, fast

enough to avoid lag errors become an issue.
- The sensor need to be sufficiently shielded to reduce radiation error.

- Using resistance thermometers, self-heating of the reference sensors is an

issue.

To achieve a fast time constant and optimization of the heat flux from air to sensor

the following strategy was realized: a sensor with small dimensions was chosen
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and the heat transfer from the air to the sensor was optimized by increasing the
airflow around the sensor. Self-heating effects were reduced by using low measuring
currents for the resistance thermometers and thereby limiting the power dissipated
in the sensor. Concerning dimensions, thermistors are a good choice due to their
small size and fast reaction times. Glass encapsulated thermistors have proven to
be reliable in practical air temperature applications [72—74] and a guideline of the
Consultative Committee for Thermometry (CCT) on the calibration, linearization,
and uncertainty evaluation is available [75]. Because of these qualities, Negative
Temperature Coefficient (NTC) glass encapsulated thermistors are chosen, with
a nominal resistance of 10kQ at 25 °C was chosen. A Fluke 1586A Super-DAQ
Precision Temperature Scanner® is chosen as indicator since it uses a sufficiently low
and constant measurement current of 10 pA, limiting self-heating effects. Overall,
the measurement accuracy for this indicating device is specified to be =3 mK. To
increase the energy-transfer from the surrounding media to the sensor, an aspiration
thermometer is constructed as suggested by Michalski et al. [71]. To increase
the redundancy, thus the reliability of the reference temperature data, four such
thermometers are assembled and labelled as: Meteol, Meteo2, Meteo3 and Meteo4.
Each thermistor is mounted strain-free to four varnished copper wires. The wires
are then twisted together pairwise to minimize electromagnetic interference. This
also results in a more rigid structure of the final sensor. The sensor is then mounted
“straight through” a ¥4” T-tube fitting, where the tube diameter has been widened.
The end of the T from which the wire extends is sealed. Air can now be aspirated
past the sensor element by connecting a pump to the remaining connector of the
T fitting. Errors due to radiation from external sources may be significant [76],
therefore a cylindrical radiation screen is constructed. This construction (dimensions
and materials) follows the guidelines laid out in ISO 7726 [77] and Baker et al. [70].
The cylindrical screen is made from 0.4 mm thick sheets of reflective aluminum (low
emissivity). The inner diameter of the screen is 10 mm. The inside of the cylinder is
painted black by Nextel Velvet Coating 811-21® with an emissivity of approximately
0.98.



52 Measurement system uncertainty of air temperature measurements

Fig. 3.12 Picture of the reference aspirated thermometer developed by DTI.

When air is aspirated, the heat transfer to the sensor is increased and in com-
bination with the shielding of radiation sources, the sensor temperature should
approximate the air temperature. Before using the reference system to evaluate
the effect of the rain, the four reference aspirated thermometers were calibrated by
comparison to a Standard Platinum Resistance Thermometer (SPRT) in a liquid
bath, to ensure the traceability to the national standard. The thermistors were placed
during the calibration in glass tubes in still standing air to evaluate the self-heating
effect. They were also mutually validated by comparison in a climatic chamber with
the set-up that is routinely used in DTI’s calibration laboratory for calibrating air
temperature and relative humidity sensors [78, 79]. The final expanded measure-
ment uncertainty is below 10 mK for all the constructed thermometers and takes
into account the calibration process (setup, least-squares fit, self-heating) and the
uncertainty related to the indicator. Note that this uncertainty is strictly related to the
instrument and it does not consider any effect due to quantities of influence (as it
could be rain or solar radiation). The optimal flow rate was found experimentally by
comparing the developed aspirated thermometers to four calibrated PT100 and a Hart
Scientific Model 1560® Thermometer Readout in a climatic chamber. This set-up
has been validated in the EURAMET P1061 intercomparison [78]. The optimal flow
rate is found to be 2.51/min, corresponding to an air speed of about 1.3 m/s, which
is used in all the experiments reported in this paper. Thanks to the larger immunity
to solar radiation due to the small size of the employed thermistors, the tuned air
speed is enough to guarantee a predominant heat exchange by convection, reducing

possible temperature measurement interference due to radiative transfer of heat.



3.2 The effect of rain on air temperature measurements 53

3.2.2 Tests and results

The developed experimental setup is used to compare two different thermometers,
with associated screens produced by different manufacturers, having comparable
calibration uncertainty. The devices under test, shown in Figure 3.13, are labelled
DUT1 and DUT2. DUTI is a sensor, of not specified type, shielded by a naturally
ventilated screen and DUT?2 is an artificially ventilated PT100 sensor. The sampling
time for both sensors was set to 5s. To investigate the influence of rain temperature
and rain intensity on the performance of the devices, they were placed, one by one,
under the rainfall generator and compared to the reference system in still or very
slow moving air. During tests, the difference between water and air temperature is
ideally kept constant (unless it is changed on purpose). It is reasonable that, as the
distance between ground and the rain generator is only a few meters, the air volume
exposed to rain reaches a near-thermal equilibrium when the generator is switched
on. In most real-life situations, at first a fast drop in air temperature is expected,
followed by an equalization between rain and air temperature, as described in Byers
et al. (1949) [80]. This should be considered when interpreting the experimental
results. In the following, details on the tests performed on both devices are given

with the discussion on the comparison of the performances.

(b)

Fig. 3.13 (a) DUT1: naturally ventilated thermometer (not specified type) (b) DUT2: artifi-
cially ventilated PT100.

Starting from the DUTT test, the rainfall intensity, set during the experiment
using the control valve, is shown in Figure 3.14. At the beginning, the generator is
turned on setting a flow rate of 0.61/min (= 20mm/h), then the rate is decreased
to 0.41/min (= 15mm/h) and finally to 0.21/min (= 10mm/h). The difference
between water and air temperature is approximately —13 K in the first part of the test
and then decreased to about —3 K after having changed the flow rate to 0.21/min.
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Fig. 3.14 Nominal flow rate set during the exposure of DUT1 sensor and screen under rainfall
conditions.

A 5-minute average is used to analyze the data (for both DUTSs) in order to filter
out not-significant variations of the sensors’ behavior due to fast transients of the
air temperature or due to not perfect stability of the generator. The 5-min averages
of the air temperature by the reference system (7rgp), the water temperature (7y)
and the air temperature measured by the DUT1 ( Tpyrt) are shown in Figure 3.15.
A difference is apparent between DUT1 and the reference system, which decreases
in the last part of the curve when the flow rate and the difference Tyy — Trgr is
decreased.
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Fig. 3.15 5-minute average measurements related to DUT1 sensor and screen under rainfall
conditions: Trgr is the air temperature measured by the reference system (blue line), Ty is
the temperature of water measured by the PT500 (orange line) and Tpyr; is the temperature
read by the DUT1 (purple line).
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To make an estimate of the error TpyT; — Trgr for different rain intensities, the
same data are plotted, now considering differences in Figure 3.16. There are two
vertical scales, one for the DUT1 error and the other for the difference between water
and air temperature. The vertical dashed black lines refer to the instants when the
flow rate changes (nominal values are those shown in Figure 3.14). At the beginning
the error is approximately zero since the DUTI is outside the experimental area
to verify if it is aligned with the reference system (as seen in Figure 3.15). The
initial decrease, after having turned on the generator, is probably caused by dew
deposited on the sensor. Likely, sprays generated by the impact of water with the
ground produced dew deposition on the screen and on the sensor. The evaporation of
water droplets from the screen plates decreases the temperature of the microclimate
inside the screen, while the evaporation from the sensor could directly decrease its
temperature. This situation could be similar to what happens in nature in the first
instances of rainfall or when the rain intensity is very low. This phenomenon does

not affect the reference system thanks to the continuous flow of air.
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Fig. 3.16 5-minute average temperature differences. The blue curve is the DUT1 error,
Touti — Trer, Whereas the orange curve is Tyw — Trgr, that is the difference between water
and air temperature measured by the reference system. The estimated measurement error and
rain-air temperature difference are displayed by horizontal dashed lines (in blue and orange
respectively), whereas the vertical dashed black lines refer to the instants when the flow rate
changes (nominal values are those shown in Figure 3.14).

On the other hand, air can stay inside naturally ventilated shields for longer times
when wind is low, allowing heat transfer between air and shield, with a consequent

decrease of air temperature. The device is then placed in the rain, at about minute
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150, which produces a significant cooling of DUT1. When the water-air temperature
difference was around —13 K, the error became approximately constant at about
—4 K, even for a smaller flow rate equal to 0.41/min. In the last part of the test, the
flow rate is decreased to 0.21/min and the water-air temperature difference is set to
approximately —3 K (as mentioned above), which is reached around 7 hours later.
This slow behavior is explained by the fact that the intensity of the heat transfer from
the air to the sensor and shield is very low in the nearly still standing air and that the
air temperature (not controlled) is decreasing during that part of the experiment, thus
requiring more time to reach an almost constant difference. During this time interval
the rain intensity remained constant, therefore the (absolute) decrease observed by
the measurement error from -4 K to about -0.5 K can be brought back to the decrease
(in magnitude) of the difference Ty — Trgr. Table 3.6 reports the estimated values
for Tput1 — Trer and Tyw — Trgr for different part of the experiment (corresponding
to different set flow rate). The uncertainty for the average values is calculated
considering the instrumental uncertainty of the thermometers and the dispersion of

the signal in the time interval of interest.

Table 3.6 Estimations of the measurement error Tpyt — Trer (With associated standard
uncertainty) for DUT1 and DUT?2, at different rain-air temperature differences and flow rates
(FR).

FR =0.2 I min~! FR =0.4 I min~—! FR =0.6 1 min~!

DUT Tpur—Trer Tw—Trer Tpur—Trer Tw—Trer Tpur —TrRer  Tw — TREF

1 -050.1HK -2808K -4002)K -134(1.4)K -3.6(03)K -13.6(1.2)K
2 -03@©I1K -3407)K -0903)K -12.1(1.1)K -1.1(0.2)K -12.1(1.1)K

The same experiment is reproduced for DUT2. Similarly to DUT1, Figure 3.17
reports the flow rate set during the execution of the experiment, Figure 3.18 shows
the 5-min averages of Trgr, Tw and TpyTt, whereas Figure 3.19 displays the 5-min
average differences. Even though the water-air temperature difference is set as for
DUTT experiment, the estimated averages Tw — TRgF, are not exactly the same since
the (outdoor) air temperature is not controlled and due to the instability of the cooling
system. However, the performances of the two devices under test can be considered
approximately comparable since the Ty — Trgr differences are comparable within
their standard uncertainty. Indeed, the overall behavior of DUT?2 is similar to DUT],

but the measurement error is lower thanks to the artificial ventilation. Indeed for
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0.61/min as rainfall intensity the average DUT2 error is —1.1(0.2) K instead of
—3.6(0.3)K for DUT1. A decrease of the flowrate to 0.41/min does not produce
a significant variation in the error. Finally, in the last part of the experiment, for
0.21/min and decreasing the water-air temperature difference (in magnitude), the
DUT?2 error decreases to a value comparable to that of DUT1. Estimations of the

measurement error with associated standard uncertainty are again reported in Table
3.6.
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Fig. 3.17 Nominal flow rate set during the exposure of DUT?2 sensor and screen under rainfall
conditions.
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Fig. 3.18 5-minute average measurements related to DUT2 sensor and screen under rainfall
conditions: Trgr is the air temperature measured by the reference system (blue line), Ty is
the temperature of water measured by the PT500 (orange line) and Tpyr is the temperature
read by the DUT1 (purple line).
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Fig. 3.19 5-minute average temperature differences. The blue curve is the DUT?2 error,
Tout2 — Trer, Whereas the orange curve is Ty — Trgr, that is the difference between water
and air temperature measured by the reference system. The estimated measurement error and
rain-air temperature difference are displayed by horizontal dashed lines (in blue and orange
respectively), whereas the vertical dashed black lines refer to the instants when the flow rate
changes (nominal values are those shown in Figure 3.17).

3.2.3 Discussion

The performed tests show that the thermometer in a naturally ventilated screen
is highly affected by rainfall. The maximum quantified error is equal to -4.0 K
with an expanded uncertainty of 0.4 K (k = 2), corresponding to a rainfall intensity
of 15mm/h (0.41/min) and an average difference Ty — Trgr equal to —13.4K
with expanded uncertainty of 2.8 K (k = 2). Naturally ventilated screens should
allow a good coupling between the thermometer and the air through paths with
the external environment (multiple parallel paths for multi-plates screens or spiral
path as for DUT1). In slowly mowing or still air, as is the case in this experiment,
the convective heat-flux from the outside air to the sensor is low. The walls of the
screen are cooled by the rain, which reduces the air temperature inside the screen.
The measurement chamber and the thermometer may also be wettened through
splashes and dew deposition adding to the effect. This result shall be considered as a
worst-case scenario since in most real-life situations the difference between rain and
air temperature can be smaller than what is simulated here. The presence of wind
would result in improved heat-transfer to the sensor reducing the measurement error

but enhances evaporative cooling of the screen making the error larger. However,
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the wind will also shorten the recovery time needed to measure again the correct
temperature after rainfall. Overall, the artificially ventilated thermometer performs
better than the naturally ventilated one under rainfall conditions as simulated in the
experiments. The maximum quantified error is equal to -1.1 K with an expanded
uncertainty of 0.4 K (k = 2), corresponding to a rain rate of 20 mm/h (0.61/min)
and an average difference Tyw — Trgr equal to -12.1 K with expandend uncertainty of
2.2 K (k =2). The difference in performance of DUT1 and DUT?2 are as expected as
the heat-transfer from the air to the sensor is improved as discussed above for DUT2.
As for DUT1, the walls of the screen are cooled by the rain. The measurement
chamber and the thermometer may also be wettened, but the continuous air flow
inside the artificially ventilated screen would speed up evaporation of deposited
water. Furthermore, the thermometer inside DUT?2 is continuously in contact with
fresh air, which stays in the screen for a very short time and is not cooled significantly
by heat-transfer to the screen walls. An error remains, even though small, when the
difference Twy — Trer and the rainfall intensity is decreased, which is comparable to
the results obtained with naturally ventilated DUT1. This implies that also in mild
rainfall conditions the thermometers could measure something not representative
of the air temperature. As for DUTI, these results could be seen as a worst-case
scenario, but they allow to say that the tested artificially ventilated thermometer
is much less affected by rainfall than the naturally ventilated one. Since the error
in real use is both dependent on the temperature difference between air and water,
the rain intensity (in a lesser degree), and the wind speed, it is very difficult to
apply a practical correction based on performed laboratory experiments. However,
these tests give a first quantitative indication of the behavior of thermometers under
rainfall conditions, highlighting the importance of the difference between rain and air
temperature and how carefully air temperature measurements, under this condition,
should be analyzed. To get more accurate data for quantifying the effect on different

types of screens, more experiments need to be done under realistic conditions.

3.3 Summary of main achievements

This chapter addressed two critical but often overlooked sources of uncertainty in air
temperature measurements: the contribution of meteorological dataloggers and the

influence of rainfall on temperature sensors within different radiation screens. Both
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investigations were conducted within the broader context of developing complete
uncertainty budgets for air temperature measurements, essential for establishing

reliable climate reference stations and ensuring measurement traceability.

Datalogger characterization: key findings

The characterization of the SIAP DA 18K meteorological datalogger revealed signif-
icant systematic errors that are typically neglected in meteorological applications.
The experimental methodology is based on the generation of reference resistance
values using a Pt100 thermometer in a circulating bath, which first are read by a
DC resistance bridge and then by the datalogger. The datalogger was placed inside
a climatic chamber to test its performance by varying the operating temperature
(Thamber)- The comparison was performed for different combinations of the bath
and chamber temperatures. To compensate the fact that the instruments read the
reference values in different time intervals, the comparison was performed using the
temperature difference of two reference thermometers inside a comparator block in
the bath (as shown in panel (a) of Figure 3.3), which is less sensitive to the instability
of the bath. First both thermometers (1 and 2) are read by the resistance bridge, then,
during the second phase, reference 2 is read by the meteorological datalogger. A

picture of the complete experimental setup is shown in Figure 3.2.

Principle findings of the characterization include:

* Temperature-dependent systematic error: The datalogger exhibited substan-
tial temperature-dependent biases ranging from —66 mK at Tipamper = —10°C
to —13 mK at Tpamper = 40°C, which far exceed the manufacturer’s specifi-
cations. Figure 3.20a shows the temperature differences with the evaluated
standard uncertainty calculated using Equations 3.1-3.2, that is about 5 mK for
all the combinations. Because the dependence on the bath temperature is not
significant, a consensus value is calculated, by a weighted average, for each
tested chamber temperature, plotted with a black dashed line.

* Electrical noise characteristics: Temperature measurements done by the
datalogger showed bimodal distributions with standard deviations between 7.7
and 14 mK, indicating complex noise patterns that cannot be adequately char-
acterized without additional measurements with a greater sampling frequency.

An example of the distribution of measurements is shown in Figure 3.20b.
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* Temperature correction: Using the consensus values for biases, a correction
depending on the external temperature is evaluated by a linear weighted least-
squares fit. The standard uncertainty of the corrected temperature read by the
datalogger is evaluated by Equation 3.6, adding to the calibration uncertainty
the terms for the electrical noise and the applied correction. If no correction
is applied, the error estimate should be included in the uncertainty budget,
ranging in this case between 0.067 °C and 0.017 °C of standard uncertainty. In-
stead, the uncertainty of the corrected temperatures is smaller, about 0.011 °C,

demonstrating the value of proper characterization and correction procedures.
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Fig. 3.20 (a) Temperature difference ATpaq plotted as a function of bath temperature, for
each value of the set temperature of the climatic chamber. The bars correspond to the
standard uncertainties associated with the estimated biases. (b) Example of histogram of
the temperature deviations between reference 1 and 2 during the datalogger comparison for
Tbath =40°C and Tchamber = —10°C.

The developed correction method provides a practical approach to field mea-
surements, though requiring knowledge of the internal temperature of the box in
which the datalogger is stored. Some dataloggers have an internal temperature sensor
whose readings could be used to effectively determine the correction function. With
the performed measurements a temperature-dependent systematic bias was proved,
demonstrating also that the manufacturer specifications have low metrological rigor.
Although the reported results are specific to the tested datalogger, likely the estimated
error is typical of the model, which means that different samples from the same
manufacturer would exhibit similar errors within a certain tolerance because of the
manufacturing processes. On the other hand, dataloggers from different manufac-

turers may show different error patterns, hence confirming the importance of their
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characterization for improving the quality of air temperature measurements. To
further investigate this aspect, the characterization will be performed in the future to
different models, extending the results also to direct measurements of the impulsive

current and to a better noise characterization.

Rain Effect on Air Temperature Measurements: Key Findings

A rainfall generator and a reference system not influenced by rain, used to measure
air temperature, have been designed and constructed by the Danish Technological
Institute to investigate the effect of rain temperature and rain intensity on shielded air
thermometers. Several tests were performed, whose measurements were analyzed
in the context of the PhD project to establish the effect of rain on two different
types of radiation screens. The reference system is constituted by NTC thermistors
in aspirated radiation shields with optimized airflow (2.51/min, ~1.3m/s), which
achieved measurement uncertainties below 10 mK and provided crucial baseline
measurements for quantifying rain effects. The controlled quantification of the rain
effect was performed by comparing, for different rainfall intensities, the readings of
calibrated thermometers inside the screens (exposed to the generated rainfall) with
those of the reference system. Critical findings include:

* Naturally ventilated screens: The maximum quantified error reached —4.0 K
with an expanded uncertainty of 0.4K (k = 2) for a rainfall intensity of
15 mm/h with a water-air temperature difference of —13.4 K. This represents a
worst-case scenario but demonstrates the potential magnitude of rain-induced
errors. An example of measurements considered for the estimation of the

temperature difference is reported in Figure 3.21a.

* Artificially ventilated screens: These systems performed significantly better,
with maximum error of —1.1 K with an expanded uncertainty of 0.2K (k =2)
for a rainfall intensity of 20 mm/h. Figure 3.21b shows the measurements

used to quantify the measurement error.

* Physical mechanisms: The accuracy of thermometers inside ventilated screens
is influenced by how heat and moisture are exchanged between the air, the
screen walls, and the sensor. In naturally ventilated screens, weak air move-

ment leads to low convective heat transfer, so when rain cools the screen walls
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(and sometimes wets the sensor), the internal air cools as well, biasing the
temperature measurement. Wind can improve convective coupling with the air
(reducing error), but it also increases evaporative cooling of wet surfaces (in-
creasing error). In artificially ventilated screens, continuous airflow brings in
fresh air that is less affected by cooled screen walls and speeds up evaporation
of deposited water, which reduces measurement errors compared to natural
ventilation. Nonetheless, some error persists during rainfall, especially when

the rain—air temperature difference increases.

* Intensity dependence: While water-air temperature difference emerged as the
primary factor, rainfall intensity showed secondary effects, particularly in the
transition from dry to wet conditions where initial dew formation contributed
to cooling.
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Fig. 3.21 Comparisons between the screens and the reference system. The vertical dashed
black lines refer to the instants when the flow rate changes (nominal values are those shown
in Figures 3.14 and 3.17).

Although the developed methodology highlighted the superior performance of
an artificially ventilated system under adverse conditions, the experiments were
conducted in still or low-wind conditions, which represent worst-case scenarios for
naturally ventilated screens. Furthermore, only two screen types were tested using
an artificial rain generator that, while innovative, may not fully replicate natural
rainfall characteristics. These limitations shall be overcome in future studies by
refining the rainfall generator and performing a broader intercomparison to enhance
the generalizability of the results.
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The influence of wind speed was not investigated in this study, besides it plays
a crucial role as described above. Applying a correction for the error, based on
the reported experiments, is therefore not practical. However, this preliminary
study gives a quantitative indication of the behavior of thermometers under rainfall
conditions, highlighting the importance to further investigate this problem. The
reported methodology can help to develop a standardized test protocol to qualify
the device with regards to the measurement error as a function of the rain and to
the speed it recovers after rainfall. To develop a standardized test, the following

minimum requirements should be specified:

* Requirements of a suitable rain generator: uniformity of rainfall and surface

area covered.
» Use of a suitable reference measurement system for measuring air temperature.
* Distance between rain generator and device under test.
* Rain intensity given as a realistic range.
* Difference between air and rain temperature and stability.
* Time from the switch on to the switch off of the generator.

* Maximum wind speed allowed.

As climate science demands increasingly accurate and reliable temperature
records, the systematic characterization of measurement system uncertainties be-
comes not just scientifically valuable but essential for maintaining confidence in
climate observations and the decisions based upon them. Future climate reference
stations will benefit from incorporating these findings, both in terms of specific cor-
rections and general approaches to uncertainty evaluation. The chapter contributes
to the broader goal of establishing measurement systems capable of detecting and
accurately quantifying climate change signals while maintaining full metrological

traceability.



Chapter 4

Influence of installation height on air
temperature measurements

An important aspect of atmospheric measurements considered in climatological
studies is the metadata about the instruments’ siting. This information is crucial for
detecting biases in the temperature time series caused by changes in the environment
close to the installation, for instance due to construction of builidings or the advance-
ment of a forest. Therefore, these variations must be homogenized before using the

measurements for climatological studies.

As presented in Chapter 2, an ideal scenario for climatologists is to use reference
measurements that are representative of the environment around the station. Since
the majority of surface stations do not comply with this requirement due to biases
introduced by heat sources or sinks in their proximity, the WMO provides a siting
classification scheme in its Guide No. 8 [16]: the stations are divided in 5 classes, as
shown in Figure 3.1, with a decreasing representativeness of measurements, for a
certain quantity, from 1 to 5. An additional uncertainty component, related to the
imperfect definition of the measurand because of siting, is suggested for each class
and shall be added to the uncertainty budget of the measurements. Even though not
explicitly reported, the guide specifies that the suggested uncertainties are mainly
estimated through comparative studies. To mention a few recent works of this kind,
in [20] Coppa et al. estimated the air temperature bias introduced by the presence of
aroad close to a weather station, whereas in [53] Izquierdo et al. gave an estimation
of the temperature bias due to buildings close to the station.
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When speaking about siting and representativeness, it is straightforward to think
about obstacles or erroneous exposure of instruments in the horizontal direction.
However, the siting of an instrument is defined in [81] by the WMO rapporteur
Ehinger as “the act of finding a geographical location for it, defined both horizontally
and vertically”. For temperature measurements the installation height determines the
exposure of the thermometers to layers of air that interact differently with the ground
surface. As clearly stated in the WMO guide “the height above ground level is
specified because large vertical temperature gradients may exist in the lowest layers
of the atmosphere that can influence the temperature measurement” [16]. Hence, a
standardized height interval for the installation of thermometers is suggested: “air
temperature should be representative of the free air conditions surrounding the station
over as large an area as possible, at a height of between 1.25 m and 2 m above ground
level”. For the siting classification it is also specified that “the height should never
be less than 1.25m” and that “the respect of the higher limit is less stringent, as
the temperature gradient versus height is decreasing with height”. An example is
then reported, stating that the temperature difference for sensors located between 1.5
and 2 m is less than 0.2 °C. No explanations or comparison works are reported for

justifying this estimate.

Despite the recommendation of clearly stating the height of the installed ther-
mometer, it is not transparent how the suggested installation interval was defined.
As can be understood from the guide, the lower limit was likely chosen to avoid
too large an influence from the ground, even though it remains unclear how the
value was estimated. The vertical temperature gradient close to the surface was
studied in detail since the beginning of the twentieth century, as demonstrated by
the measurements reported by Geiger in his fundamental book on the climate near
the ground [82]. Furthermore, micrometeorologists extensively studied temperature
profiles close to the surface by applying the Monin-Obukhov (MO) similarity theory
[83-90]. However, the performed measurements are mainly concentrated during
specific days and are not designed for the comparison of thermometers inside screens
at different heights for continuous meteorological or climate monitoring, hence they

cannot justify the chosen interval.

After an investigation across historical documents, it was found that the stan-
dardized installation height interval dates back to the Conference of Directors of
the International Meteorological Organization (IMO) held in Washington during

September and October 1947 [91]. During the conference, a series of technical
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regulations, proposed by the just-born Commission for Instruments and Methods of
Observations (CIMO), were voted to standardize atmospheric measurements among
national weather services [92]. One of these regulations, the number 136, was about
“observations de la temperature de 1’air au sol” and states that ““at stations on land
the air temperature SHOULD be measured at a height between 1.25 and 2 metres
above the ground. For stations with a considerable snow cover greater heights are
permissible”. The very same recommendation is also reported in the first CIMO
provisional guide (1950) to instruments and methods of observation [93]. It remains
fuzzy how the interval was chosen: before the conference in Washington, in August
1947, IMO commissions (including the CIMO) met in Toronto to discuss technical
aspects and to define the regulations that were voted in the following conference of
directors. Unfortunately, these meetings were mainly informal, with no available

reports on the discussed subjects.

A possible explanation for the suggested lower bound can be formulated by
considering the unit conversion from feet to meters of the Stevenson screen’s height,
which was the main screen used in UK after World War II. Indeed, the Stevenson
screen’s legs were reported to be 4 ft long [94], which is about 1.22 m. Considering
the thickness of the internal wooden board, it is reasonable that the lower bound of
the sampling volume was estimated to be about 1.25 m and chosen for the regulation
of temperature measurements. On the other hand, the upper limit at 2 m likely was
chosen for practical reasons, also considering that the air temperature at a greater

height is less representative of human-life conditions.

Although the ambiguous origin of the recommendation, the potential bias intro-
duced by different installation heights was subject of investigation by the CIMO in
1972. The WMO rapporteur W. R. Sparks in the first part of its report on “The effect
of thermometer screen design on the observed temperature” [95] reviewed three
works (the oldest dating back to 1922), that actually compared thermometers inside
screens at different heights. Sparks concluded that the permitted height differences
can produce differences in the monthly mean maximum and minimum temperature
of about 0.4 °C. His final recommendation was that “a stricter definition of air
temperature for routine meteorological use should be agreed. This definition should

include a standard height and an averaging time for the observation”.

Time have passed since Sparks’ review: for some reasons his recommendations

were not followed, leaving the same installation height requirement from 1947.
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Nowadays modern thermometers and solar screens are employed across national
weather services which can be installed on poles at any height in the suggested range,
with no limitations imposed by the old wooden screens. However, experiments
evaluating potential temperature differences conducted with modern instruments
are missing. To bridge this lack of knowledge, an experiment was conducted to
evaluate with metrological rigor the influence of the installation height on tempera-
ture measurements performed with Pt100 sensors inside identical forced ventilated
screens. In the following, Section 4.1 describes the design of the experiment, the
experimental site and the applied methodology for the analysis of measurements.
Section 4.2 shows the results of the analysis, highlighting the impact of the installa-
tion height on climatological statistics such as the monthly average of daily maxima
and minima. A discussion accompanies the results, focusing in particular on the
uncertainty evaluation of the estimated temperature differences. Finally, Section 4.3

summarizes the main achievements of the experiment.

4.1 Materials and Methods

The conceived experiment for evaluating the influence of installation height, within
the standardized range, is an intercomparison between Pt100 thermometers inside
identical artificially ventilated solar screens. The employed installation is the very

same used in [20], consisting of:

* 8 Pt100 temperature sensors connected to a customized ADC, each one
mounted in a Young 43502 mechanically ventilated radiation shield. The
thermometers were calibrated before the start of the experiment at INRiM

laboratory, as will be explained in Section 4.1.1.

* A pyranometer, model Hukseflux LP02, measuring solar radiation. Manufac-

turer calibration is assumed, with a final uncertainty of less than 0.9 %.

¢ A sonic anemometer, model Gill WindSonic, mounted at about 2.5 m above
ground. Its uncertainty has been estimated by the manufacturer as =1 % at
12m/s.
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* 2 hygrometers, model ETM-30 by Lombard&Marozzini, mounted inside
multi-plate solar screens. Manufacturer calibration is assumed with a stated

uncertainty of 0.5 %.

Fig. 4.1 Scheme of the experimental setup. The reported labels for each instrument/quantity
are used for the analysis of measurements.

The instruments are mounted on 5 different poles, distant about 2 m from each other,
and are labelled as shown in the sketch of Figure 4.1. To make the system redundant
and less prone to failures, two thermometers are installed for each height level
covered by the experiment, that are 1.25m, 1.5m, 1.75m and 2 m. To minimize
as much as possible the reciprocal influence of the screens, a maximum of two
thermometers per pole were considered, orienting the screens towards south with
an angle of ~120° between them. The main datalogger, reading several of the
auxilliary sensors measuring the associated quantities of influence, is mounted in a
dedicated pole to minimize the obstruction of wind flow due to the larger footprint
of the electronic housing. All measurements are sampled simultaneously every 10,
while once every 30 s the average of the measurements is calculated and stored into
the database. Note that wind measurements are vectorially averaged.

The experimental setup was installed at INRiM campus over a grass field, which
was regularly maintained, as shown in Figure 4.2a. The closest heat source (some
antennas out of service) is approximately 30 m distant from the experiment (see
Figure 4.2b), hence allowing to associate a WMO Class 2 to the site. Eventual errors
induced by heat sources are here considered negligible since they shall affect the
thermometers in the same way.
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The intercomparison lasted from September 2023 to September 2025, a suffi-
ciently long period to ensure that instruments are exposed to the greatest possible
meteorological variability during the arc of the project. Regular maintenance, ap-
proximately once a month, was performed to check the correct operation of the
system and to clean the screens (especially the fans) from the accumulated dirt.

(b)

Fig. 4.2 (a) Photo of the experiment. (b) Area free of obstacles and heat sources around the
experiment, having a radius of 30 m.
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4.1.1 Calibration

Before the start of the experiment, the thermometers were calibrated at INRiM
laboratory in May 2023. The sensors were calibrated in a climatic chamber (Kambic
model) at the nominal temperatures {—15,—5,0,5,15,25,35,40} °C. The resistance
of the devices under calibration (DUC) was read by a 3-wires technique using the
customized datalogger employed later on field. This procedure helps to avoid the
introduction of additional errors and uncertainties due to the acquisition electronics
and the length of the wires. The reference temperature is given by two Pt100
thermometers, s/n 1 and 3, traceable to the ITS-90 and having an expanded calibration
uncertainty (k = 2, 95 % coverage probabiity) of 0.01 °C for 7 > 0°C and 0.02 °C
for T < 0°C. The reference thermometers were read with the Fluke 1594A DC
resistance bridge that supplies the same current, 1 mA, used during the accredited
calibration of the sensors.

Fig. 4.3 Photo of the experimental setup during the calibration phase.

To minimize relative differences among thermometers during the field operation,
all the temperature sensors were calibrated at the same time. The uniformity of the
temperature field among the sensors was increased by using a copper comparator
block, the same shown in Figure 3.3b. The reference were placed at the extremes of
one of the main diagonal to estimate temperature homogeneity of the block and the
corresponding average value, which was used as reference for the calculation of the
calibration curve.

Due to the unavailability of the ice machine at the moment of calibration, it was
not possible to make the ice-point required for calculating the Callendar-Van Dusen

equation normally used for platinum resistance thermometers [96]. As alternative, a
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second order polynomial equation was considered, having the form:
R(T) = aT*+bT +c, (4.1)

which is easy to invert to obtain the estimated temperature from the measured
resistance. The coefficients of this equation for each DUC are computed by a
weighted least-squares regression, considering the inverse of resistance uncertainty

as a weight. Table 4.1 reports the results of the calculation for each sensor.

Table 4.1 Calibration coefficients for the DUCs obtained through a weighted least-squares
regression of Equation 4.1.

s/n a/(Q/°C?)  b/(Q/)°C) ¢/Q

DUCI —5.845x107° 0.391 99.684
DUC2 —-5.727x107° 0392  99.924
DUC3 —6.039x107°  0.392  99.955
DUC4 —6.312x107° 0.392  99.939
DUC5 —-7.459x107°  0.392 99915
DUC6 —6.208x 107>  0.392  99.929
DUC7 —6.255x107° 0.392  99.936
DUC8 —6.672x107°  0.392  99.906

The uncertainty budget, for each DUC and calibration point, was then evaluated

by considering the following uncertainty components:

- Ucq - calibration uncertainty of the reference.

- Ugap: Uncertainty related to the time stability of the reference temperature,
evaluated in a conservative way as the biggest difference max-min among the

two reference thermometers, weighted by a uniform distribution.

- Uspatial: Uncertainty related to the spatial homogeneity of the temperature
across the comparator block, evaluated as the maximum temperature difference

between the two reference Pt100s weighted by a uniform distribution.

- Ures: Uncertainty associated with the resolution of the data acquisition system
used to measure the resistances of the DUCs. The value of 0.01 € is propagated
using the calibration curve.
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- ugisp: uncertainty associated with the repeated resistance measurements of the
DUC and evaluated as 6(Rpuyc)/v/N, where N is the number of measurements
for the specific calibration point. The value is then propagated through the

calibration curve.

- Uinerp: UNCertainty associated to the residual of the fitting procedure, which

are then propagated through the calibration curve.

The expanded uncertainty budget Upyc = k - upyc ranges between 0.4 and 0.5 °C
(k = 2) depending on the sensor and calibration point, with only one case of 0.6 °C
for DUCT at 25 °C of nominal temperature. The following table reports an example
of a detailed uncertainty budget for DUCS, which is pretty similar to those associated
with the other devices. The dominant component is the calibration uncertainty of the
reference thermometer, followed by the resolution of the resistance measurement sys-
tem. The components relative to stability (especially for 7 < 0°C), spatial uniformity

and interpolation have similar weights on the final budget. The evaluated uncertainty

Table 4.2 Detailed calibration uncertainty budget for DUCS5. All the numerical entries of the
table are expressed °C.

Tret Ucal Ustab  Uspatial ~ Ures Udisp  Uinterp UDUC Upuc (k=2)

—15.329 0.010 0.0044 0.003 0.007 0.0017 0.005 0.024 0.05
—5.228 0.010 0.0035 0.002 0.007 0.0018 0.001 0.026 0.05
—0.258 0.010 0.0032 0.002 0.007 0.0014 0.007 0.018 0.04
4.804 0.005 0.0011 0.002 0.007 0.0016 0.010 0.022 0.04
14.977 0.005 0.0005 0.001 0.007 0.0005 0.004 0.021 0.04
24916 0.005 0.0004 0.001 0.007 0.0018 0.004 0.026 0.05
34.901 0.005 0.0002 0.001 0.007 0.0012 0.018 0.020 0.04
39.902 0.005 0.0002 0.001 0.007 0.0009 0.017 0.022 0.04

in laboratory conditions is generally sufficient for meteorological monitoring since
bigger errors and uncertainties are introduced by the environmental factors (see

Section 3.2 for an example about the influence of rain).

4.1.2 Data analysis procedure

The analysis of the performed measurements is conducted over 10 minutes. The

reason is that in atmospheric science analyses the average reduces the noise affecting
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air temperature measurements due to turbulence in close proximity to the ground.
Furthermore, the use of artificially ventilated screens introduces additional noise
which shall be smoothed out to extrapolate significant temperature differences in the
vertical direction. Indeed, an additional moving average with a sliding window of
30 minutes is applied to smooth the remaining noise and identify only significant
temperature variations. The temperature values calculated from this operation are
the starting point for any processing step described in the following. Note that the
measurements of the associated quantities of influence are also averaged, paying

particular attention to the vectorial nature of the wind speed.

The intercomparison is performed by evaluating the temperature differences
with respect to a reference height level, chosen to be 2 m. The use of temperature
differences allows to neglect common uncertainty components of the total budget.
Considering that the thermometers are read by the same measurement system, the
very same used during calibration, the only components that must be kept for the
system uncertainty are those related to dispersion and interpolation because they are
specific for each sensor. Other components not considered during calibration are the
sensor drift and the shield ageing: the former was proved in [20] to be no more than
0.01 °C/y, which is also compensated by relative measurements, whereas the latter
was reduced by regular maintenance and, in principle, any potential error is shared

by all the screens.

The uncertainties due to environmental factors are more difficult to determine: it
is reasonable to assume that all the thermometer+screen systems are influenced in
the same way by the external environmental conditions. Nevertheless, the different
installation height changes the exposure to such factors, which will result in a

different temperature measurement with respect to the reference.

The following temperature differences are evaluated for each timestamp, using

the 10-minute averages, one for each installation height under study:

ATy 25 = Tg — Tg, 4.2)
AT 50 =T, — Tg, (4.3)
ATy 75 =15 — Tg, 4.4)

where Ty, T, T3, Ty are the temperature labels, shown in Figure 4.1, corresponding

respectively to an installation height of 1.25m, 1.5m, 1.75 m and 2 m. The notation
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AT}, indicates a temperature difference involving the temperature at height 4 €
{1.25,1.50,1.75} m. When AT}, > 0°C means that the thermometer at level £ is
warmer than the reference at 2 m. On the other hand, if A7}, < 0°C the thermometer

at h is colder compared to the reference.

The choice of the thermometers involved in Equations 4.2-4.4 is driven by the
fact that during the experiment several power failures occurred, leading to missing
data and irregular anomalies. For instance, after a few months, the time series of
T showed significant deviations from the others, hence it was identified as a fault
thermometer and not considered for the analysis. Fortunately, the use of a redundant
system allowed the identification of the most reliable thermometers, which are used
for the data analysis. Anomalous measurements of the other sensors are removed

from the time series by visual inspection, keeping only good-quality measurements.

The horizontal temperature difference at different heights across the experimental
area is estimated to verify the presence of significant gradients. Spikes and outliers in
the time series of the horizontal temperature differences are identified and removed
because in many cases they are the result of fast transients, which are not significant
for such kind of analysis. The adopted algorithm is a well-established moving
window method based on the evaluation of the median and the median absolute
deviation. The measurements that verify the following relation are removed from the
dataset and not used for the rest of the analysis:

|AT —med,, (AT)| > k- 1.4826 - mad,,(AT). (4.5)

The notation med,, and mad,, refers to the moving median and moving median
absolute deviation considering a width w for the sliding window. The factor
1.4826 is necessary to comply with the case of a gaussian distribution of data
(1.4826 - mad(X) ~ o(X)), whereas the coverage factor k is chosen equal to 3 to
filter measurements that are outside the 99 % of the data distribution inside the
window. For the horizontal gradient the width of the window is chosen equal to
24 -6 = 144, which corresponds to one day of measurements. This choice is legit-
imated by the random behaviour of the horizontal gradient that does not show a
strong time dependence. The good-quality estimates of the horizontal gradient are
used to evaluate an additional uncertainty component that takes into account the

spatial representativeness of the air temperature measurements.
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A similar filtering procedure is also performed for the time series of AT}, the
quantity of interest, but using a different width of the moving window. Indeed the
vertical gradient strongly depends on the hour of the day, implying that the window
must represent a fration of the day in order to have a better estimate of the median
value to use as reference. The chosen window in this case is 6 - 8 = 48, corresponding
to one third of the day.

The last preprocessing step before analyzing the AT}, is the classification of
measurements based on the stability conditions of the surface layer, that is the
portion of the boundary layer (BL) in contact with the surface. The reason for such a
classification is that the vertical gradient varies with the diurnal cycle, being positive
for stable conditions (stratification of air layers during nighttime) and negative during
unstable conditions (ground warmer than air during daytime). For making such a
division, measurements can be grouped by using the solar radiation: daytime data
are for SR > 0W/ mZ, whereas nighttime values are for null radiation. Even though
the correspondence between the time of the day and stability conditions is not always
true, for weather and climate monitoring it is more useful to adopt this classification
since it is generally not possible to determine the stability conditions at the weather
station sites: in absence of more thermometers at various heights (rarely installed by
national weather services), the determination of atmospheric stability requires the
use of sophisticated instruments such as the tri-axial sonic anemometers, which is
seldom available. Therefore, by following the described subdivision, the results of

the analysis will be much easier to apply to other weather stations.

Calculation of Filtering neutral

boundary layer

10 min averages data

Fig. 4.4 Flow chart of the preprocessing steps before analyzing the results.

The surface layer can be observed in an additional condition, the neutral state,
typically appearing when clouds cover a large part of the sky (overcast). Under this
state, the vertical temperature profile is approximately constant, winds are moderate
to strong and there 1s little heating or cooling from the surface [97]. Due to its nature,
the state can appear both in daytime and nighttime, hence contaminating both the
states described above. Since the neutral condition is the least significant for the
investigation of the vertical temperature differences, an algorithm is developed to
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identify and remove the corresponding measurements. The filtering is based on the
computation of a running standard deviation over the temperature differences, which

is smaller than a certain threshold 67 for the neutral condition:
o, (AT),) < ot. (4.6)

The symbol o,, indicates the moving standard deviation computed for a certain
window w defined by the number of data points inside it. The reason behind the
chosen filter is that the temperature differences in neutral conditions are less dispersed
within a certain time interval. The parameters of the filters are tuned on the data,
finding optimal values of w = 15 (2 and a half hours) and dr = 0.15°C. The
application of a filter of this kind is mandatory when treating large datasets, as
in this case, since a manual classification would be unfeasible. Nevertheless, the
approach is empirical and not perfect, allowing possible misclassifications. As it
will be described in detail in Section 4.2, the risk is compensated by working with
probability distributions for days and nights, obtained by a number of measurements

that is larger compared to that of data classified in the neutral state.

Eventually, after the preprocessing steps summarized in Figure 4.4, the AT}, are
analyzed by calculating the main moments, mean and variance, and representative
values, such as the median and the mode, of the measurement distributions for day
and nighttime. The behaviors of daily minima and maxima at different heights are
also compared since they are crucial quantities for climatological studies. The uncer-
tainty of the best estimate AT, for each season and stability condition, is evaluated
by applying the following model (the use of relative measurements compensates

some components as described above):
2 (AT 2 2 2 2
u(ATy) = Uinterp T Udisp T Usite T Udistr (AT}), 4.7)
where:

- Uingerp 18 the calibration uncertainty contribution due to interpolation, evaluated
as the quadrature sum of the averages of residuals (among the calibration

points) for each thermometer involved in A7},.

- Ugisp 1 the component corresponding to the quadrature sum of the average
uncertainties (among the calibration points) due to repeated measurement for

each thermometer involved in ATj,.
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- Usjte 1S the uncertainty associated with the representativeness of measurement
(measurand uncertainty) within the experimental area. It is evaluated by
taking the standard deviation of the temperature difference distribution in the

horizontal direction.

- ugistr(AT},) is the uncertainty component that considers, for each height level,
the dispersion of the AT}, values around the best estimate, which is calculated
from their distribution. This variability depends on the different exposure of

the instrument, but also on the atmospheric conditions in different daily cycles.

The quantitative results of the preprocessing steps, the analysis of the intercomparison

and the associated uncertainty analysis are reported in details in the following section.

4.2 Results and Discussion

The dataset of 10-minute averages consists of 88541 valid instances, interspersed
with missing data intervals, clearly visible in Figure 4.5. Several power interruptions,
related to failure events of the local electrical grid, led to many missing intervals
(May 2024, July 2024, January 2025, July 2025) shorter than or equal to one week.
Instead, the two main interruptions (about one month) are in August 2024 and April
2025: the first caused by an extreme meteorological event above INRiM campus,
which interrupted the power supply during the vacation period, whereas the second
was due to the cutting of some cables, during the mowing of the grass on the field by
an external company, whose replacement took some time. The coverage of two years
ensures that at least 30 days of measurements are available for each month, hence

compensating for the missing periods.

The temperature time series of 73 in Figure 4.5 has a minimum value of —5.46 °C
and a maximum one of 36.21 °C, which are within the calibration interval, hence
no values must be discarded. Concerning the associated quantities of influence,
no anomalous behavior is observed. The differences between the measurements of
relative humidity are because RH| is sampled at 1.25 m, hence being more influenced
by the ground. This difference is also highlighted by the distribution of measurements
shown in Figure 4.6 in the upper-left panel: the relative frequency of relative humidity
increases with the magnitude, with RH| having a peak around 100 %rh, whereas RH;
has a double peak at about 78 and 90 %rh. The other panels show the distribution of
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Fig. 4.5 Time series of the quantities measured by the experimental setup.

solar radiation and wind speed. The most populous bins for solar radiation are close
to zero, which reflects the solar diurnal cycle. The distribution of wind speed and
orientation is shown in the bottom panels. The mode of the wind speed distribution is
0.3 m/s, whereas the mean and the median are 0.69 m/s and 0.58 m/s respectively.
The experimental site is in general characterized by low wind speeds: 78.7 % of
measurements are between 0 and 1 m/s, about 19 % between 1 and 2m/s and only
the 2.3 % is above 2m/s, corresponding to very few occasional events. To better
understand the distribution of direction angles, it is useful to plot the measurements
in a wind rose plot as in Figure 4.7. Some “blind angles” with a smaller relative
frequency are visible between 80 ° and 90 ° and between 170 ° and 180 °, likely due
to the presence of buildings obstructing the wind flowing from those directions. The
wind blew more frequently from 90 ° to 110 °, with a wind speed smaller than 2 m/s.
Only between 260 ° and 270 ° the wind speed reached values greater than 2 m/s,
corresponding to thon winds blowing from Susa Valley towards the city of Turin.
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Fig. 4.6 Histograms of the associated quantities of influences measured by the experimental
setup.

4.2.1 Preprocessing

After the visual inspection, the horizontal gradient across the experimental site is
investigated. Ideally, since the representativeness of measurements varies with the
installation height, a comparison between the thermometers installed at 1.75 m is
considered for the analysis. The temperature difference AT = T4 — T3 is calculated
and used for the spike and outliers filtering phase as described in Section 4.1. The
filtered data (~ 2303 instances), plotted as red dots on the time series in Figure
4.8a, are removed from the dataset and not considered in the following. Using
the remaining measurements, the distribution of ATy is evaluated and plotted in
panel b of Figure 4.8. The empirical mean, median and standard deviation are equal
to —0.021°C, —0.022°C and 0.041 °C respectively. The estimated mean value is
smaller than the calibration uncertainty, proving the good representativeness within
the experimental area. Furthermore, the AT are evenly distributed across the
mean, as proved by its (almost) coincidence with the median. For these reasons, it

is decided not to correct the measurements for eventual horizontal gradient, but to
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Fig. 4.7 Wind rose plot of the measurements sampled at the experimental site.

consider the dispersion as an additional uncertainty uge = 0 (AT ), used later to

evaluate Equation 4.7.

A similar filtering procedure is then applied to the A7}, for removing spikes and
outliers. Eventually, the size of the dataset for AT}, is 75430 (h = 1.25m), 72324
(h=1.50m) and 75749 (h = 1.75m). The size slightly changes with & due to the
empirical nature of the filter, which is not capable of removing exactly the same
measurements at each height. The thermometers also presented some independent
anomalous behaviors lasting a couple of hours (likely induced by a reduction of fan
speed) which were removed from the time series. The results of the filtering process

are reported in Figure 4.9 by taking as an example the time series of ATj 75.

The distributions of A7}, obtained from the good-quality measurements are visu-
alized in Figure 4.10. All the histograms have a similar shape but at different scales,
with a main peak close to zero broadened towards negative values. This shape is the
result of the daily cycle affecting the vertical gradient, with a broadening towards

negative values mainly due to measurements associated with nighttime.

The AT}, corresponding to neutral conditions also partially contributes to the
peak, not allowing the estimation of a non-biased average value corresponding to
only clear sky or partially cloudy days. This aspect drove the implementation of an

empirical classification of the boundary layer based on Equation 4.6. Figure 4.11
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Fig. 4.8 (a) Filtering of AT from spikes and outliers as described in Section 4.1. (b)
Distribution of ATy evaluated with non-filtered measurements.

reports an example of the application of the criterion on the ATj 75 time series. The
black dots represent the measurements associated with the neutral boundary layer,
whereas the red and blue dots correspond to days (SR > 0W/m?) and nights. The
criterion works relatively well for classifying the measurements between 09/02/2024
and 11/02/2024, during which the vertical gradient was approximately null (rainfall
event). Similar results can be found in the rest of the time series, even if some
misclassifications may happen. In the worst case, measurements associated with
the neutral BL remain in the daytime and nightime classes, but they have a smaller
weight by working with probability distributions. An example is reported in Figure
4.12, which shows the distributions for AT} 75 within each class. The smooth peak
of the histogram for nighttime temperature differences is related to the broadening
mentioned above, whereas the peak of daytime measurements contributes to the main
peak visible before the classification (see Figure 4.10). The measurements classified
in the neutral BL are also localized around zero, with a very small dispersion of
about 0.03 °C, which proves that they truly belong to a BL state with approximately
null vertical gradient. Similar considerations can be made for the distributions of
AT 25 and AT 50, which are even more visibly affected by nighttime measurements.
In the end, after the preprocessing steps, the number of measurements in each class
for the considered ATj, is reported in Table 4.3. Despite some differences related to
spikes and anomalies filtering, the number of data for the A7}, in each class is similar,

allowing a fair comparison between them.
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Fig. 4.9 Example of the filtering process applied to the vertical temperature difference ATj 7s.
The complete time series is shown in the upper panel, with the red dots corresponding to the
filtered data. The bottom panel shows instead the time series after the removal of spikes and
outliers.

4.2.2 Analysis of daytime and nighttime measurements

After the classification, the estimated AT}, are analyzed with respect to their own class
(nighttime, daytime and neutral BL). To make a better visual comparison between
the distributions of the A7), within the same class, a kernel density estimation is
performed. The method allows for the estimation of a Probability Density Function
(PDF) with moments and quantiles that are almost coincident with those empirically
estimated (differences in the order of mK may appear, which are irrelevant for the
present study). A comparison of the estimated PDF is then done, using all the
available measurements, and reported in Figure 4.13, whereas Table 4.4 lists the

quantitative estimation of the main statistical quantities.

At nighttime, the distribution of A7}, appears to have a longer left tail and shifted
towards smaller values for decreasing s, which is physically reasonable. Indeed,
temperature measurements in forced-ventilated screens are the result of the (partial)
integration of the temperatures characterizing the air column below them: at the

lowest height the screen sucks air that is colder because closer to the ground. Further-
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Fig. 4.10 Distribution of AT}, after the filtering process.

Table 4.3 Size of the dataset for each class.

N, nights N, days Nheutral

ATy ,s 28169 29446 17815
ATyso 27128 27599 17597
ATy75 28120 29478 18061

more, water may condense on surfaces during nights and be aspirated into the screen,
cooling the thermometer and eventually introducing a bias in the measurements
which can reach —1°C. This phenomenon may happen at every height, but it is
more probable closer to the ground due to colder air layers. In quantitative terms, the
average value AT}, changes from —0.36 °C at 1.25m to —0.11 °C at 1.75 m, whereas
the standard deviation 6(AT},) decreases from 0.25 °C to 0.08 °C. The behavior of
the dispersion can be explained by the fact that the ground radiative cooling and
condensation phenomena vary for different nights, which is reflected in a different
bias. Thermometers closer to the ground are more sensitive to this variability, hence

the dispersion of measurements is larger.

A different behavior is visible for the daytime PDF, appearing more symmetric
around the mean for 4 € [1.50, 1.75] m, whereas for & = 1.25m a longer left tail is
still present. In all cases, the values range approximately from —0.5°C to 0.5 °C.
Negative values of vertical temperature difference, normally associated with stable
conditions, are present since the choice of dividing the measurements based on solar

radiation. At sunrise the solar radiation starts to be different from zero, but the



4.2 Results and Discussion 85

0.2
0.1r
—_~ 0 [
$
2 -0.1
e
<
-0.2
Data
Neutral BL
03 Daytime
Nighttime
_04 L L L L L

Feb05 Feb07 Feb09 Feb 11 Feb13  Feb 15
Time 2024

Fig. 4.11 Example of classification of the boundary layer state for a portion of the ATj 75
time series. Red dots correspond to temperature differences during daytime, blue dots during
nighttime, whereas the black dots are associated with measurements characterized by a
neutral boundary layer.

temperature difference is still negative due to the stable surface layer. After some
time, the ground starts to warm, generating turbulence that disrupts the atmospheric
stability and inverts the sign of the temperature profile. As for nighttime, the
dispersion of measurements is bigger for smaller installation heights due to greater
influence from the ground and increased inhomogeneity. The mean of the distribution
also shifts towards larger values for decreasing & since at daytime the air closer to
the ground is warmer. Quantitatively, the main peak (the most frequently measured
value) moves from 0.13°C at 2 = 1.25m, to 0.04°C at 4~ = 1.50m and then to
0.02°C at h = 1.75m. The average values are slightly different from the modes, but
still are about one order of magnitude smaller than nighttime estimates. Accidentally,
the calculated dispersion during the day is comparable with that at nighttime for each
height level.

Even if less relevant since by definition it is the best condition to compare
the thermometers, the measurements belonging to the neutral BL class are also
analyzed. Similar considerations can be done about the dispersion of values, even
if the variation is much less pronounced. The mean values range from 0.008 °C at
1.25m to —0.005 °C at 1.50 m, with a difference that is included in the uncertainty
of the site, thus not being significant. These results prove again that the employed

empirical classification works, with a certain dispersion around the averages, as
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Fig. 4.12 Histograms of ATj 75 for each class.

shown by the PDF, which is due to the natural variability of the system and to the

possible misclassifications.

Table 4.4 Estimation for each class of the main statistical quantities: mean, median, mode
and standard deviation.

Class h/m AT,/°C med(AT;)/°C mode(AT;,)/°C o©(AT;,)/°C

1.25 —0.363 —0.341 —0.336 0.252

Nighttime 1.50 —0.204 —0.198 —0.251 0.130
1.75 —0.107 —0.101 —0.078 0.078

1.25 0.058 0.092 0.130 0.231

Daytime 1.50 0.021 0.033 0.036 0.119
1.75  0.026 0.026 0.016 0.076

1.25  0.008 0.023 0.031 0.091

Neutral BL 1.50 —0.005 0.003 0.006 0.049
1.75 —0.004 —0.002 0.009 0.029

A complete uncertainty analysis is performed to evaluate the standard uncertainty
associated with the mean values AT},, which are representative of the measured tem-
perature difference over the entire arc of the experiment. The uncertainty components
of the budget, described above and entering in Equation 4.7, are reported in Table
4.5. The combined effect of the instrumental uncertainties, Uinerp and ugisp, with
the measurand uncertainty e, is about 0.04 °C, which is one order of magnitude
smaller than the uncertainty resulting from the weather variability ugis;. As one would
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Fig. 4.13 Comparison of the Probability Density Functions (PDFs) of AT}, for each height
level and analyzed class (daytime, nighttime, neutral BL).

expect, the overall uncertainty is almost coincident with ugjg, that is evaluated as the
standard deviation of the PDFs commented above. The uncertainty at nighttime and
daytime are comparable for each height level, with values at 1.50 m and 1.75 m that
differ by 0.04 °C. The uncertainties for 4 = 1.25m are the biggest because of the

greater dispersion of measurements.

The relation with the associated quantities of influence is also analyzed to un-
derstand their influence on the measurements. The scatter plots in Figure 4.14 are a
good tool to investigate this aspect. Starting from the incoming solar radiation, it
is visible a non-linear trend between AT}, and SR, which varies with the installation
height. The possible radiative error affecting the measurements is strongly reduced
by the forced ventilation. Even if present, the error would similarly affect all the

thermometers. The dependence on SR shown by the plot is an “indirect” relation:
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Fig. 4.14 Scatter plots of the temperature differences A7}, with respect to solar radiation (a),
wind speed (b) and relative humidity (c).
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Table 4.5 Uncertainty budget associated to ATj, for each analyzed class.

Class h/m AT;,/°C tinerp/°C tdisp/°C  ttsite/°C  ugise/°C u(AT;)/°C

1.25 —0.363  0.006 0.002  0.041 0.252 0.25
Nighttime 1.50 —0.204  0.005 0.002  0.041  0.130 0.14
1.75 —0.107  0.005 0.002  0.041 0.078 0.09

1.25 0.058 0.006 0.002  0.041 0.231 0.23
Daytime 1.50 0.021 0.005 0.002  0.041 0.119 0.13
1.75  0.026 0.005 0.002  0.041 0.076 0.09

1.25 0.008 0.006 0.002  0.041 0.091 0.10
Neutral BL 1.50 —0.005  0.005 0.002  0.041  0.049 0.06
1.75 —0.004  0.005 0.002  0.041  0.029 0.05

larger irradiating power corresponds to a warmer temperature of the ground, hence
also a warmer air close to it. This is the reason why, on average, an increasing solar
radiation corresponds to a stronger vertical temperature gradient. In the following, it
will be shown how this relation can be exploited to estimate a temperature correction

for daytime measurements.

The wind speed has the opposite influence on A7},: an increase in the wind speed
induces the creation and enhancement of eddy vortices by shear stress. The greater
turbulence permits a better mixture of air close to the ground, hence flattening the
vertical temperature profile. This phenomenon is visible in Figure 4.14b: for wind
speed greater than 2 m/s the temperature differences become closer to zero, with a
reduced dispersion of the distribution. This behavior does not depend on the time of

day, as it is clearly visible for both daytime and nighttime measurements.

The relation with relative humidity, plotted in panel (c) using RH5, is instead less
straightforward. The response of AT}, to a changing relative humidity appears to be
flat. The dispersion of daytime values does not depend on the magnitude of relative
humidity, whereas for nighttime, especially at 4 = 1.25m, the dispersion slightly

increases, likely due to the condensation of water on surfaces as described above.

The results here reported clearly show that, on average, a non-negligible differ-
ence affects the measurements of forced ventilated thermometers installed at different
heights within the range recommended by the WMO. Especially significant are the
average errors during nighttime, reaching a value of —0.36 °C at 1.25 m, whereas

those related to daytime are smaller, lower than 0.1 °C. Since the measurements are
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affected by several sources of dispersion, especially due to weather variability, the
standard uncertainty associated with the average estimates is evaluated. The interval
AT}, & u(AT;,) covers ~70 % of nighttime measurements and =75 % of daytime mea-
surements. For a precise definition of the coverage factor for a given probability it is
necessary to use the empirical PDF since closed-form distributions are not so easy to
apply to the data.

4.2.3 Seasonal analysis

It is relevant to verify if there is a seasonal variation in the vertical temperature
difference. The measurements are therefore divided by season and analyzed as in the
previous section. Two other quantities are estimated, which are the seasonal average
of the daily maximum and minimum temperature difference, indicated by max(AT},)
and min(AT},). These values give an indication of an average “worst case scenario”
during the day, which is useful to understand the maximum and minimum errors that
can be made. An example of this additional evaluation is reported in Figure 4.15,
considering all the good-quality measurements together with no seasonal division.
As expected, the max(AT7},) and min(AT},) follow the same trend of AT}, for days and
nights, but with a different rate of variation. The average maximum error ranges, for
decreasing values of height, from 0.12 °C to 0.29 °C, whereas the average minimum
error is in the range —0.20 °C to —0.62 °C. The uncertainties corresponding to these
estimates (evaluated as above using Equation 4.7), as well as the numerical values

for each class and season, are reported in Table 4.6.

The average temperature profiles for each season are plotted in Figure 4.16,
whereas the seasonal variation for each quantity is visualized in Figure 4.17. Con-
cerning daytime measurements, the temperature difference slightly varies between
winter and summer, with an increase of 0.03 °C for 1.50 and 1.75 m. The temperature
difference at 1.25 m presents a greater increase, almost reaching 0.1 °C during spring
and summer. Its variation is much more visible for the average daily maximum,
which becomes 0.4 °C in summer. Similar considerations can be done for night-
time data: the greatest variation is seen again for 4 = 1.25m, with an average daily
minimum changing from —0.51 °C in autumn to —0.77 °C in summer. A possible
explanation for these variations could be attributed to a greater growth rate of grass
on the field during spring and summer. Despite the effort of periodically cutting
the grass, it is difficult to maintain its height always the same, especially during the
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Fig. 4.15 Plot of the mean temperature differences for daytime and nighttime measurements
(solid red and blue lines) as a function of installation heights. The average daily maximum
and minimum of A7}, are also reported as a reference for a worst-case scenario (dashed red
and blue lines).

hotter months. The variability in the grass height may have changed the effective
installation height, thus enhancing the influence from the ground, especially for
the thermometer at 1.25 m. Although this aspect has a major influence on maxima
and minima, the average value is less influenced and gives a quantitative and robust
estimation for the installation height effect, which seems not to be strongly dependent
on the season.

4.2.4 Climatological analysis

The observed temperature differences may affect some quantities generally estimated
by climatologists, such as the monthly mean maximum and minimum temperatures,
as also appointed by Sparks in [95]. Due to the missing sampling intervals, it is
possible to estimate monthly average quantities with a complete time series only
between December 2023 and February 2025, without considering August 2024
because of the problems after the extreme localized meteorological event that hit the

INRiM campus. In mathematical terms, the following quantities are estimated:

AT = 1) — T REF) (4.8)
AT = 1) _ 7REF) “9)
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Table 4.6 Results of the seasonal analysis with corresponding standard uncertainties reported
in round brackets. The superscript “d” stands for daytime, whereas “n” is related to nighttime
measurements.

Season h/m AT /°C min(AT;)/°C AT\Y/°C max(AT;)/°C

125 —0.36(0.25) —0.62(0.37) 0.06(0.23)  0.29(0.16)
All  1.50 —0.20(0.14) —0.34(0.18) 0.02(0.13)  0.16(0.10)
1.75 —0.11(0.09) —0.20(0.11) 0.03(0.09)  0.12(0.09)
1.25 —0.31(0.20) —0.51(0.28) 0.02(0.18)  0.21(0.10)
SON 1.50 —0.17(0.12) —0.28(0.17) 0.01(0.11) 0.14(0.07)
175 —0.08(0.08) —0.16(0.11) 0.01(0.07)  0.09(0.07)
125 —0.34(0.21) —0.57(0.25) 0.03(0.19) 0.21(0.11)
DIF 150 —0.22(0.13) —0.36(0.16) 0.01(0.13)  0.12(0.09)
175 —0.12(0.09) —0.21(0.11) 0.01(0.08)  0.08(0.07)
125 —0.39(0.25) —0.61(0.39) 0.08(0.23)  0.32(0.16)
MAM 1.50 —0.22(0.14) —0.33(0.21) 0.02(0.13)  0.16(0.10)
1.75 —0.12(0.09) —0.20(0.13) 0.03(0.09)  0.12(0.08)
125 —0.42(0.34) —0.77(0.49) 0.07(0.27) 0.41(0.16)
JJA 150 —0.18(0.15) —0.35(0.20) 0.04(0.13)  0.23(0.10)
175 —0.09(0.09) —0.20(0.11) 0.04(0.09)  0.19(0.08)

The overline stands here for the monthly average of daily maximum and minimum
temperatures, which is applied to the thermometers at the investigated height levels
and to the reference sensor at 2m. Since the monthly mean is applied to each
term and assuming that the dispersion of the daily 7j,a.x around the mean value is
comparable for each height, the uncertainty associated with such quantities is mainly
due to the measurement system and the inhomogeneities of the site, hence equal to
0.04°C. The quantitative evaluation of ATH(Q( and AT(h)

"in for each month is shown in
Figure 4.18. A bias is detected in both maximum and minimum temperatures. During
warmer months the bias increases for maxima, whereas in colder ones increases
(in magnitude) for the minima. The values for February 2025 does not follow the
yearly-trend and may be reasonably considered an outlier for this analysis. The
differences for 1.50 and 1.75 m are smaller than 0.1 °C for maxima and smaller (in
magnitude) than —0.26 °C for minima. The bias at 1.25 m is enhanced, reaching
the largest value of 0.35 °C in July 2024 for maxima and —0.5 °C for minima in

April 2024. These results are coherent with what was found by the few experiments
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Fig. 4.16 Plots by season of the mean temperature differences for daytime and nighttime
measurements (solid red and blue lines) as a function of installation height. The average daily
maximum and minimum of A7}, are also reported as a reference for a worst-case scenario
(dashed red and blue lines).

performed at the beginning of the last century [95], even if different instrumentation
and shield technology were used. If not properly tackled, these differences can enter

into the processing of data and affect the accuracy of climatological products.

A possible correction for the vertical gradient could be useful for climatologists
to better compare thermometers from different meteorological networks that are
installed at different heights. Such correction shall depend on the type of screen, but
also on the type of climate of a certain region. Although the measurements performed
for this experiment are not suited for the estimation of such a general correction, a
methodology is here proposed to correct the daytime measurements based on the fit
of the estimated temperature differences with respect to solar radiation, as shown
in Figure 4.14a. An empirical equation is proposed, fitted and applied to correct
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Fig. 4.17 Analysis of the seasonal variation for each installation height. The superscript “d”
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stands for daytime, whereas “n” is related to nighttime measurements.

the data, which are then used to evaluate the monthly maximum and minimum

temperatures to verify the possible reduction of the estimated bias.

A rational polynomial function, reported in Equation 4.10, is considered for
estimating the correction. The choice was driven by the need to follow the behavior
of AT}, for values of solar radiation close to zero. Since the dispersion of data is not
constant with SR, it is necessary to fit the equation through a weighted least-squares

regression.

a
AT, = ——+bVSR+cSR+d 4.10
h /SR (4.10)

The inverse of the dispersion for a given solar radiation is used as a weight in the fit.
In particular, the dispersion is estimated by taking the running standard deviation,
with a window of 50 data, and smoothing the result with a moving average of
1000 measurements. The estimated dispersion is added to the uncertainty budget of
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Fig. 4.18 Difference in the monthly maximum and minimum temperature, for each installation
height, compared to the reference at 2 m.

the predicted correction to ensure that the weather variability observed during the

experiment is properly accounted for.

The calculated regression coefficients, along with their standard uncertainty,
are reported in Table 4.7, whereas the fit of AT;,(SR) is plotted for each height in
Figure 4.19. The solid lines are the average corrections, whereas the dashed lines
identify prediction intervals corresponding to +2 ug;. The standard uncertainty of
the predictions is obtained by propagating the uncertainty of the fitted coefficients
and adding in quadrature the estimated dispersion. The uncertainty values are larger
at 1.25m, varying from 0.08 °C to 0.21 °C, whereas at 1.50 m and 1.75 m they are
smaller than 0.1 °C.

Table 4.7 Coefficients of Equation 4.10 obtained through weighted least-squares regression.
The number in parentheses is the standard uncertainty of the corresponding coefficient
referred to the last digits of the quoted result.

h a/CC\/WinR) b/(CC/\/W]m2) ¢/(°C/(W/m?))  d/°C

125  —0.175(21) 0.02703(75)  —0.000230(18) —0.2874(85)
1.50  —0.079(10) 0.01371(42)  —0.000120(10) —0.1527(46)
175 —0.0005(58) 0.00970(27)  —0.000095(7) —0.1011(27)

The estimated corrections are then applied to the temperature measurements. To
check the effectiveness of such correction, the temperature differences are again
evaluated and plotted against the solar radiation as in Figure 4.20. The AT}, are now
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Fig. 4.19 Fit of Equation 4.10 on the daytime A7}, (solid black line). The dashed lines
correspond to an expanded uncertainty of the predictions considering a coverage factor k = 2.

centered around zero with the same dispersion as before, but with no trend resulting

from the diurnal cycle.

Afterward, the monthly mean maximum and minimum temperatures are again
evaluated to verify eventual improvements. The plots in Figure 4.21 are compared to
those in the left panel of Figure 4.18: excluding February 2025, all the differences
are between —0.07 °C and 0.14°C. The improvement is particularly visible for
the bias at 1.25 m, with a maximum difference changing from 0.35°C to 0.14 °C.
Furthermore, the differences are now more random around zero, hence being also
negative. This random behavior may play a role in annual and decade averages

because biases with opposite signs may compensate with each other.

The climatological analysis and the proposed correction for daytime measure-
ments proved that experiments of this kind, with a complete evaluation of uncer-
tainties, are crucial for reducing biases, but also for considering all the variability

that may affect the measurements at a certain height with respect to a reference.
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Fig. 4.20 Scatter plot of the corrected daytime AT, with respect to the solar radiation.

The conducted metrological evaluation is a key point of the analysis, which was
missing in the early experiments reported by Sparks to the WMO [95]. Finally, a
precise standardized installation height, especially when using modern solar screens,
should be determined and recommended through the main guide of atmospheric
measurements [16]. At least, as an alternative, corrections like the one proposed
in this work should be evaluated for the homogenization of data before performing
climatological analyses.

4.3 Summary of main achievements

Chapter 4 examines how the installation height of thermometers within the standard
World Meteorological Organization (WMO) interval of 1.25-2 m affects air tem-
perature measurements and, consequently, climatological data products. Although
the WMO has prescribed this interval since the first provisional guide (1950) to
instruments and methods of observations [93], this choice was probably conventional
rather than the outcome of systematic scientific evaluation. The chapter addresses
this gap by investigating whether small variations in sensor height introduce sys-
tematic biases in climatological records, especially in the estimation of temperature
extremes.
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Fig. 4.21 Difference in the monthly maximum temperature, for each installation height,
compared to the reference at 2 m using the daytime corrected measurements.

To explore this question, an intercomparison experiment (shown in Figure 4.2a)
was carried out, with metrological rigor, using eight platinum resistance thermome-
ters, each housed in mechanically ventilated radiation shields (model Young 43502)
to minimize radiative biases. The sensors were mounted at four distinct heights:
1.25, 1.50, 1.75, and 2.00 m, with the 2 m level serving as reference. Additional
instruments recorded auxiliary variables such as solar radiation, wind speed, and
relative humidity, enabling the identification of environmental influences on vertical
temperature gradients. The experimental site was an open grass field, selected to
avoid obstacles and artificial heat sources, although it was characterized by relatively

low wind speeds, an important factor for vertical mixing.

First, all sensors were carefully calibrated by comparison with INRiM reference
thermometers, traceable to the SI, using a climatic chamber (see Section 4.1.1). The
achieved expanded uncertainty (k = 2) was about 0.05 °C for all the sensors. During
the experiment, data were collected continuously, averaged over 10-minute intervals,
and further smoothed with a 30-minute moving window to suppress turbulence-
driven noise. Faulty records and outliers were filtered out using quality-control
procedures empirically tuned for the acquired dataset. The analysis focused on
temperature differences (A7},) between each installation height and the 2 m reference.

The use of relative measurements compensates for common components of the
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instrumental uncertainty, hence permitting a better determination of biases affecting
the temperature records.

The results revealed systematic vertical gradients in air temperature that varied
between day and night (Section 4.2.2), across seasons (Section 4.2.3), and with
changing environmental conditions. During the daytime, sensors closer to the ground
generally recorded warmer values: the solar radiation warms the ground, which
in turn transfers heat to near-surface air layers thanks to the turbulent motion of
air. At 1.25 m, the daytime bias relative to 2 m reached about 0.13 °C as the most
probable value. At night, the opposite effect dominates: radiative cooling of the
ground and stable boundary-layer stratification led to cooler temperatures at lower
levels. The nighttime bias was most pronounced at 1.25 m, with an average offset
of —0.36°C. The dispersion affecting the measurements is comparable at each
height for both conditions, being one of the uncertainty components associated
with the best estimates. Figure 4.22 reports a summary of the results, showing the
mean temperature bias, with the evaluated standard uncertainty, observed during the

experiment for daytime and nighttime measurements.
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Fig. 4.22 Mean temperature bias and corresponding standard uncertainties evaluated at
different heights for daytime and nighttime measurements.

Seasonal analysis highlighted that these effects were not constant throughout the

year. In summer, when solar radiation is stronger and vegetation is more active, the
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maximum daily difference at 1.25 m was up to 0.41 °C. In contrast, the nighttime
minimum temperature difference was as low as —0.77 °C. These amplified differ-
ences likely reflect the combined influence of soil-atmosphere heat exchange, grass
growth, and reduced nocturnal mixing. In winter, biases were generally smaller but
still detectable.

The chapter also emphasizes that such differences are climatologically significant
(Section 4.2.4). Monthly means of daily maxima and minima showed biases of up
to 0.35 °C (maxima) and —0.5 °C (minima) at 1.25 m. In contrast, heights closer to
1.5-1.75 m exhibited much smaller deviations: typically less than 0.1 °C for maxima
and —0.26 °C for minima. While modest in magnitude, these systematic shifts can
distort long-term temperature records, particularly when evaluating climate extremes

or constructing homogenized datasets.

The study also explored how meteorological factors modulate the height-dependent
biases (see Figure 4.14). Solar radiation strongly amplifies near-surface warming
during the day, while higher wind speeds reduce vertical gradients by enhancing
turbulent mixing. Relative humidity plays a secondary role, influencing cooling

through condensation processes at night.

Recognizing the need to mitigate these biases, a model is developed based on
the relation with the solar radiation to correct the daytime data. When applied to
the dataset, this correction substantially reduces systematic errors. For example, the
maximum bias at 1.25 m decreases from 0.35 °C to 0.14 °C, improving comparability
across installation heights (see Figure 4.18 compared to Figure 4.21). This approach
demonstrates that post-processing can partially compensate for variations in siting,
though prevention through stricter installation guidelines remains preferable.

To conclude, the installation height within the WMO’s permitted interval can
significantly influence measured air temperatures, particularly extremes, through
mechanisms linked to surface—atmosphere interactions and boundary-layer stratifica-
tion. These effects are strongest at 1.25 m and progressively diminish toward 2 m.
While seemingly minor, the biases may accumulate over decades, compromising the
homogeneity of climate records. Therefore, the study recommends either narrowing
the definition of installation height (e.g., closer to 2 m) or implementing standardized
correction methods to ensure comparability across networks. This evidence-based

refinement of siting protocols could strengthen the reliability of reference climato-
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logical datasets and reduce the need for extensive homogenization efforts in climate

trend analysis.



Chapter 5

Metrology for fluxes: Eddy
Covariance measurement uncertainty

The Eddy Covariance (EC) methodology in the last four decades has emerged, con-
solidated and proven to be an essential tool in the scientific research about turbulent
exchange of fluids [97-100]. In particular, it has been fruitfully applied as a reference
micrometeorological tool in fields like ecological climatology, agrometeorology or
hydrology to directly quantify the dynamics of greenhouse gases (GHGs), mass and
energy fluxes between the atmosphere and ecologically relevant surfaces, e.g. forests,
croplands, grasslands or water bodies [99, 101-103]. Its relevance and worldwide
popularity is mostly due to the robustness of the methodology and to its ability to mea-
sure continuously the surface turbulent exchanges and their budgets on time scales
ranging from hours to decades and with minimal disturbances to the environment.
The technological development of the measurement and computational tools that also
occurred in the last decades, made this methodology a fit for purpose tool not limited
for scientific research, but also for constant monitoring activities: an example is the
establishment of continental scale networks and infrastructure like ICOS (Integrated
Carbon Observation System) in Europe, NEON (National Ecological Observation
Network) in Noth America or TERN (Terrestrial Ecosystem Research Network) in
Australia. Moreover, new applications of the EC methodology are promoting the
installation of new sites, e.g. for research and monitoring of climate, meteorology
and pollution in urban environments or in agricultural production contexts, where the
scientific investigation is proceeding alongside practical applications. An interesting

and recent example is the possibility of using the EC methodology to provide a direct
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estimate of GHGs exchange in the context of Monitoring, Reporting and Verification
(MRYV) supporting the Emission Trading System (ETS) or to provide independent
estimates of emission factors used in the country scale inventories of GHGs, e.g. by
organizations like [IPCC and FAO [104-106].

However, the EC has been so far mostly confined to the academic research and
minor attention has been paid to the metrological features that a technique should
possess in order to provide robust, reliable and comparable measurements. As a
consequence, despite significant advances has been done in specific aspects like
the different setups and processing options [107, 108] or the modelling tools for
carbon flux interpretation or upscale [109, 103, 110, 111], a framework to express
the measurement uncertainty according to internationally accepted guidelines, like
the JCGM guides [5, 18, 112], has not been yet defined. In particular, an analytical
expression of the measurement uncertainty, applicable to all types of instruments
used for the EC estimation of turbulent flux and satisfying the accepted metrological
guidelines, has not been implemented thoroughly.

In the past two decades, several highly detailed analyses of “errors” have been
performed to discuss specific issues of the EC methodology (Chapter 7 in [99]). In
the EC community, these errors were traditionally divided in “random errors’, such
as those arising from empirical sampling or instrumental noise [113—116], and the
“systematic errors” mainly associated to data processing or measurement issues such
as the concentration and the synchronization biases [117, 118]. However, almost
none of them approached the problem with metrological rigor, especially concerning
systematic effects. Every correction has an associated uncertainty which must be
evaluated and added to the uncertainty budget of flux measurements. Although this
operation is spread among metrologists, it is not in other fields such as micrometeo-
rology, as demonstrated by the total absence of evaluated uncertainty to associate
with corrections despite the great effort put into estimating systematic errors. The
lack of metrological knowledge is also confirmed by an erroneous sentence in Chap-
ter 7 of the book by Aubinet et al. [99], one of the most cited book in the EC field,
which is here reported: “Some of the systematic errors in flux measurements are
well characterized, and corrections [...] have been developed for these biases [...].
However, in many cases, the corrections for these errors are imperfect, and thus some
uncertainty remains even after the correction is applied.”. This statement is false
and not metrologically sound: an uncertainty remains not because the correction is

imperfect, but because, even in the ideal case of a correction with null uncertainty,
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a measurement has a minimum uncertainty associated with the use of a calibrated
instrument traceable to the SI. Therefore, the measurement uncertainty is always

present, even when no correction is applied.

A complete evaluation of the uncertainty budget for EC flux measurements is
missing, even in the absence of systematic effects. Indeed, measurements of different
physical quantities are involved in the EC, having a corresponding measurement
uncertainty that must be considered and propagated through the model used to
define the measurand (flux), that is the intended quantity to be measured [119]. The
uncertainty evaluation should allow the analysis of the sensitivity to all the measured
quantities and should be coherent and flexible enough to be applicable to the widest
possible range of measurement values and devices with a reasonable compromise
between complexity, implementation efforts and representativeness [5]. Upon these
considerations, a method to quantify the measurement uncertainty of EC carbon
flux estimates based on analytical propagation is developed and presented in this
chapter. Focus is put on the propagation of instrumental uncertainty, for each involved
quantity, considering the flux equation for an enclosed-path analyzer. Furthermore,
the main applied correction for the unlevelled anemometer is considered, showing
how uncertainties should be propagated when a corrected model is used. Then,
the developed method is applied to single measurements and modelled values to
quantify the impact of measurement uncertainty on annual carbon budget in a
typical case study, represented here by an ICOS station (labelled San Rossore 2)
monitoring GHGs fluxes from a Mediterranean forest with up-to-date instruments

and procedures.

The chapter is organized as follows: Section 5.1 briefly introduces the the
theoretical aspects of the EC technique and gives an overview of the random and
systematic effects studied at the moment. Then Section 5.2 describes how the
uncertainty of the input quantities can be propagated through the measurement
model, but also how the uncertainty of the annual carbon budget is evaluated starting
from the uncertainty of CO, fluxes. The application of the developed methodology
to the case study is presented in Section 5.3, which also reports the implications of
accounting measurement uncertainty for the annual carbon budgets. Eventually, the
conclusions with summarized results and final considerations are given in Section
54.



5.1 Background on Eddy Covariance 105

5.1 Background on Eddy Covariance

The Eddy Covariance method provides measurements of gas emission and con-
sumption rates and allows measurements of momentum, sensible heat, and latent
heat (e.g., evapotranspiration, evaporative water loss, etc.) fluxes integrated over
areas of various sizes. Eddy Covariance measurements are typically made in the
surface boundary layer, which is approximately 20—50 m high in the case of unstable
stratification and a few tens of meters in stable stratification [99]. Fluxes are approxi-
mately constant with height in the surface layer, hence measurements taken in this
layer are representative of the fluxes from the underlying surfaces which are desired
to be known. Here atmospheric turbulence is the dominant transport mechanism,
justifying the use of the Eddy Covariance approach to measure the fluxes. A physical
insight of the mechanism is given below by following the reasoning in [120], then a
simplified mathematical derivation of the main equation is presented alongside the
main assumptions of the techniques. At last, an overview of the instrumental errors

and uncertainty contributions studied until now is given.

Physical insight

Turbulent eddies are mainly created by a combination of two mechanisms: shear
and buoyancy. When an horizontal wind encounter physical obstacles like plant
canopies, buildings, or uneven terrain, it creates mechanical shear which causes the
formation of turbulent eddies. Larger eddies also create their own shear, which in
turn generates smaller eddies. This transfer of energy from large to small scales is
known as the turbulent energy cascade. On the other hand, buoyancy occurs when air
rises or falls due to differences in density, typically caused by temperature, disrupting
the horizontal wind flow.

Farther from the ground, larger eddies are more common and rotate slowly,
transporting material at lower frequencies. Conversely, closer to the ground, smaller
eddies are more likely to be the main transporters which rotate faster and shift the
transport to higher frequencies, making fast, small-scale air movements dominant. In
practice, air is always a mix of different eddy sizes, with transport occurring across a
wide range of frequencies. This includes everything from large, slow movements

that take hours, to very small and fast movements that happen in the order of 0.1 s.
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Fig. 5.1 Wind speed frequency spectrum sampled at Brookhaven National Laboratory at
about 100 m, reproduced from Van der Hoven.

The micrometeorological flux transport at the lower frequency is limited to time
periods of about 30 minutes to a few hours, as shown in Figure 5.1 reporting the
wind power spectrum measured by Van der Hoven in [121]. Slower movements due
to fronts and high-low pressure systems are considered at the synoptic scale, which
is much larger in both space and time than the turbulence generated by the local
ecosystem or area being studied. Between the turbulent peak and the diurnal peak,
caused by daily phenomena (such as sea breeze) there is the so-called spectral gap in
which no significant transport is present. The Eddy Covariance method addresses
the separation of the localized turbulent transport from much larger synoptic scale
variations by using Reynolds decomposition. This technique calculates fluxes over
an averaging period of 30 minutes to a few hours, with each variable (X) being
expressed as the sum of its mean value (X) over that period plus an instantaneous
deviation from the mean (X’), that is X = X + X’. This process significantly reduces
the influence of large-scale synoptic variations, ensuring that the measured flux is

primarily from the local area and transported by locally generated turbulence.

To grasp how eddies favor the transport of a certain quantity, for instance the
dry molar fraction S of a gas, it is convenient to look at a single point in space
above the ecological surface of interest, for instance a forest, as shown in Figure

5.2. At time 1, eddy number 1 moves air parcel 1 downward with speed V; ;. In
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Eddy 1
Time 1

Eddy 2
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Fig. 5.2 Representation of turbulent transport associated with a single point in space. The
depicted eddies refer to two different time instants in which the air parcels, characterized by
a certain quantity S, are moved in the vertical direction.

the same point, at time 2, eddy number 2 moves the air parcel 2 upward with
speed V_ ». Each air parcel has its own characteristics, such as gas concentrations,
temperature, humidity, etc. If these characteristics and the speed of the vertical air
movement are measured, the vertical upward or downward fluxes of gas and water
vapor concentrations, temperature, and humidity can be estimated. For example, if
at one moment three molecules of CO, went up, and in the next moment only two
molecules of CO, went down, then the net flux over this time was upward, and equal
to one molecule of CO,. Mathematically, such vertical flux can be represented as
covariance between measurements of vertical velocity, the upward and downward
movements, and the concentration of the entity of interest. Measuring this requires
highly advanced instruments that can detect rapid, tiny changes in concentration,
density, or temperature with both high speed and resolution. While the standard Eddy
Covariance method relies on several assumptions and requires expensive, high-end
equipment, it provides a nearly direct and continuous measurement of flux as long as

those assumptions are met or properly accounted for.

Mathematical derivation

Starting from the conservation equation of a scalar quantity in the atmosphere, it is
possible to derive the general expression for the vertical flux of a gas due to turbulent

transport:
F=pV.S, G.D

where p is the air density, V; is the vertical wind speed component and S is the dry
mole fraction of the gas of interest in the air. The overline indicates that the average

over time of this product, evaluated in a 30-minute interval or a few hours of interest,
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must be taken to estimate the mean flux. Note that in the micrometeorology the wind
speed components are usually labelled as u,v and w. Instead, the notation V,.,V,, V; is

used in this work to avoid confusion with the symbol for uncertainty.

As mentioned above, since eddies at the synoptic level are not relevant for local

fluxes, Reynolds decomposition is used to break the terms into means and deviations:

F={p+p)(V.+V)(S+S). (5.2)

The detailed product is simplified by removing the terms depending on the average
of the deviations, which is zero by construction. Then the remaining terms are the

following:

F=pV.S+pV!S+V.p'S+Sp'V.+p'VIS. (5.3)

At this point, import assumptions are made in the conventional Eddy Covariance
formulation:

- Air density fluctuations are assumed to be negligible, which is reasonable when
the technique is applied over flat and vast spaces. This assumption allows to

neglect three terms on the right-hand side of the above equation.

- The mean vertical flow is assumed to be negligible over horizontal homoge-
neous terrain, meaning that stationarity conditions must be ensured with no
flow diversions or conversions. This hypothesis allows to remove an additional
term depending on V.

Under these assumptions, the classical equation for Eddy Covariance gas fluxes is
derived:
F=pVls, (5.4)

where the product W expresses the empirical covariance between the vertical wind
speed and the gas concentration, thus giving the name to the technique. Generally
the flux is reported in umolm2s~! and the dry molar fraction is in pmol/mol.
Apart from the air density factor, the covariance represents the quantity intended
to be measured (the measurand), which is unusual for a measurement model since
in metrology the covariance is used as a metric to account for correlation among
different quantities. This observation would be relevant below when the sampling

uncertainty is introduced.
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It is convenient to express the Eddy Covariance equation by making explicit the

air molar density:

P

The quantity P is the air pressure of air, the term R is the gas constant, whereas
T is the air temperature. The estimation of the covariance requires the use of
instruments able to detect very small changes at a very high frequency, whereas the
sampling speed requirements for pressure and temperature are more relaxed under
the assumption of negligible air density fluctuations. High-end sonic anemometers
coupled with infrared gas analyzers (IRGAs) are used for measuring the covariance
since have a sampling frequency of 10-20 Hz. These instruments are installed as
shown in Figure 5.3. On the other hand, barometers and thermometers used for
meteorological applications can be used for estimating the mean air density, provided
that the sampling interval is set to 30 s, as suggested by Rebmann et al. in [107].

Fig. 5.3 Configuration of a gas analyzer coupled with a sonic anemometer used for EC
measurements.

Although other assumptions concerning the representativeness of measurements
must be met, they are less relevant for the purpose of this chapter, which is the
analysis of the instrumental uncertainties. An overview of the state of the art related
to the errors and uncertainties affecting the Eddy Covariance measurements is now
presented below.
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Errors and uncertainties in EC

Systematic errors in the flux measurements could arise mainly for two reasons: (i)
assumptions not met and (ii) instrumental errors that affect the measurement system
as a whole or just specific components, as the anemometer or the IRGA. The first
type of error is critical to the application of the technique, whereas the second type is
more related to technological and physical aspects of the instruments. As mentioned
in the introduction to the chapter, the errors were and are still studied by researchers
and manufacturers to find optimal corrections. Nevertheless, uncertainties associated

to corrections are seldom evaluated, being an open field for metrological research.
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Fig. 5.4 (a) The coordinate axes at the sampling volume are aligned with the mean wind
vector, which is parallel to the homogeneous surface. (b) The complex topography, an
incorrect leveling or a short averaging period may introduce a tilt error, which must be
compensated by a rotation of coordinates as described in the text.
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As described above, one core assumption of the EC method is that, on average,
there is no net vertical wind movement. To meet this assumption, the pole holding the
sonic anemometer must be perfectly perpendicular to the average wind streamline, as
shown in Figure 5.4a. However, this is not always the case due to factors like the mean
wind streamline not being perfectly parallel to the ground, complex topography, slight
leveling errors with the instrument, or large-scale, low-frequency air movements, as
represented in Figure 5.4b. Therefore, a coordinate rotation is often performed on the
data. This process mathematically adjusts the coordinate frame so that the measured
vertical turbulent flux can be corrected to closely approximate the total flux, even
when the initial assumption on V; is not perfectly met. The planar fit and the double
rotation methods are the most employed for correcting the coordinate frame [120],
an operation that is always performed and mandatory for applying the EC technique.
For this work the double rotation method is considered: the first rotation is used to
impose V, = 0, whereas the second one sets V. = 0. In the end the flux is obtained

by a linear combination of the sampled covariances in the three directions:

F =p(AVS +BV]S +CVIS), (5.6)

where A, B and C are the coefficients derived from the application of the rotation
matrices. Equation 5.6 represents the measurement model that should at least be
considered when performing EC measurements, in particular when uncertainty is
propagated, as will be shown in Section 5.2. For this purpose, it is particularly
relevant knowing the expression of each rotation coefficient, which is a function
f (Vx,Vy,VZ) where the time average values of the wind speed components are

involved. The explicit expressions are the following:

V.V,
A=- 2 2 - Zz 2 2 >.7)
NSRS A
V., V.
B=— Y < (5.8)
=2 52 2 /=52 2
\/vx +V, 4V \/Vx +V

V4V
(5.9)

\/sz N vyz 4 sz
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Sometimes, the stationarity assumption is not ensured (even after rotating the
measurement framework) because of significant trends in the time series which do
not allow to estimate fluctuations with a simple block average. The main approach
in this case is to detrend the measurements through a least-squares regression [122]
before calculating the fluctuations. Even though researchers have doubts about the
application of EC under such non-stationarity conditions, they never questioned the
uncertainty of the parameters estimated from the fluctuating time series, which in

principle should be considered and propagated through the model.

The last important error related to EC assumptions is due to the chosen time
interval for the empirical estimation of the covariance. Too long intervals could in-
clude non-turbulent contributions to the covariance, whereas a too short interval acts
as a high-pass filter, leading to missed input from larger eddies and underestimated
fluxes [123, 120]. Time intervals of 30 minutes or 1 hour are suggested, but may
not be the best everywhere since the optimal choice is strongly site-dependent. An
empirical approach is often applied for the determination of the optimal interval:
different reasonable averaging times (from 10 minutes to 4 hours) are attempted,

then the one that maximizes the covariance is chosen.

As mentioned above, the other errors affecting the EC technique are related to
instruments. Some of them concern the measurement system as a whole and are
restricted to the time domain. Three well-known errors of this type are the time lag
[99, 132], the time synchronization [118] and the frequency attenuation error [125].
The time lag error takes into account the fact that the anemometer and the IRGA are
not located in the same place, thus they sample the same air parcel at different times.
One way to minimize this error is to shift the time series of one of the two instruments
until the covariance is maximized. On the other hand, the time synchronization error
is strictly related to time differences in the clocks of the two instruments that may
lead to erroneous measurements. This problem is merely technological and is solved
by using advanced synchronization protocols such as the Precision Time Protocol
(PTP) [120]. The frequency attenuation of the covariance signal is instead inevitable
since depends on the physics of the measurement technique. The time response of
the sensors, the tube attenuation, high/low-pass filters and other factors contribute to
the frequency loss. Generally, a transfer function model taking into account each
contribution is assembled and used to correct the cospectra, i.e. the fourier transform

of the estimated covariance.
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Table 5.1 List of systematic errors affecting the EC technique. For each error it is reported
which part of the method is affected, the possible correction and what are the main scientific
references.

Error Affecting: Correction Reference
Unlevelled anemometer Model assumption Coordinate rotation [124]
Non-stationarity Model assumption Detrending [122]
Unsuited time integration ~ Model assumption Emprirical [123, 120]
Time lag Anemometer + IRGA mizﬁ:;;(ﬁn (99, 120]
Time synchronization Anemometer + IRGA PTP protocol [118]
Frequency attenuation =~ Anemometer + IRGA So?‘igg;gi [125]
Angle of attack Anemometer Anilael;gffg:sem [126-128]
Flow distorsion Anemometer - [120, 129]
WPL corrections or
Density fluctuations IRGA fast dry mole [130, 131]
fraction
Spectroscopic effect IRGA (laser) Instrument-specific [132]
Band-broadening IRGA (NDIR) Instrument-specific  [133, 134]
Periodic
Concentration bias IRGA verification and [117]
corrections

The anemometer and IRGA measurements may be subjected to errors themselves.
For instance the anemometer has an imperfect response to winds coming from steep
angles [126, 127], which can be corrected by an angle-dependent calibration [128].
Another problem is that the instrument itself influences the measurand through
distorsion of the air flow [129]. This problem is still under evaluation (see pages
97-104 in [120] for an extensive literature review), but a generalized correction is

unfeasible since it would be strongly depend on instrument design and geometry.

Concerning the IRGA, the most important error investigated for open-path ana-
lyzers (those without a sampling tube) is the one arising from density fluctuations
induced by temperature (thermal expansion) and water vapour (dilution) variations in
the air parcel crossing the instrument. This error can be compensated by taking into
account this phenomenon in the measurement model, thus adding the so called Webb-
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Pearman-Leuning (WPL) terms [130, 131]. Another solution is to use enclosed-path
analyzers which are capable to output fast dry mole fraction by measuring in the
sampling cell fast temperature, pressure, water vapor concentration and gas density
of interest. In this way it is possible to use the model in Equation 5.5 without adding
any terms. The temperature and water vapor fluctuations induces also spectroscopic
effects on IRGA based on lasers, thus on the interaction between the air and single
emitted lines. Corrections are instrument-specific and available for some models
[132]. The most spread analyzers based on non-dispersive infrared radiation (NDIR)
are also affected by errors, mainly because of band broadening due to the presence of
other gases in the sampling volume. This effect is well-known and already corrected
by manufacturers [133, 134]. Eventually, an important systematic error that is com-
mon to both type of IRGA is the concentration bias, which is associated with actual
or apparent instrumental drifts or biases due to thermal expansion, dirt contamination
or aging of components. A correction is proposed by Fratini et al. [117] based on

knowledge of instrument calibration curves and on periodic on field verifications.

Although the described errors, listed in Table 5.1, result from the most studied
systematic effects for the EC method, the uncertainty associated with each correction
was rarely quantified. In the past, comparisons between different processing schemes
were performed, whose results were used as input for uncertainty evaluation of
fluxes [135, 108]. A more metrological approach requires an uncertainty evaluation
for each correction, starting from the uncertainty of the single components and

propagating it through the expression of the corrected model.

Despite the lack of metrological rigor, a type of uncertainty is always evaluated in
the main processing schemes, which is the so-called “random uncertainty” [136, 99,
115, 116]. Although the classification of different types of uncertainty is improper
according to the GUM principles [5], this uncertainty should take into account
all the effects that are stochastic in nature. Two main effects that are generally
evaluated are the instrumental noise and the imperfect sampling of the covariance.
Following the strategy suggested by Mauder et al. [115], the instrumental noise
for each instrument is estimated through the method proposed by Lenschow et al.
[137], exploiting the autocorrelation function of the sampled time series. Using this
technique, the estimated value embeds the electronic noise proper of the instrument,
but also the noise associated with the sampled physical process. The evaluated noise
variance is then propagated through the model, which normally is considered with

no applied corrections. The overall contribution uy;se 1s then added in quadrature to
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Usampling» that is the uncertainty evaluated for taking into account turbulence sampling
error. Indeed, Finkelstein and Sims in [113] note that errors can arise because large
eddies, which are responsible for much of the total flux, cannot be adequately
sampled during a 30 minutes integration period. They proposed an approach for the
evaluation of the variance of the empirical covariance, which is widely recognized

among the EC community. The overall random uncertainty is then evaluated by
— |2 2
Urandom = \/unoise + Msampling'

In addition to the described uncertainties, evaluated or not, an essential contri-

bution is missing: the instrumental uncertainty resulting from the calibration and
use of the instrument. This uncertainty must always be considered and propagated
through the measurement model to ensure the traceability of measurements to the SI.
This contribution may be small compared to other terms, but this judgement should
be determined by numerical evaluation and not based on common thoughts. An
attempt of instrumental uncertainty propagation is shown in the following section,
considering also different assumptions underlying the measurement process, such as

type-B independence or correlation among the measurements.

5.2 Uncertainty propagation in EC

The first step for the evaluation of the measurement uncertainty is the definition
of the employed measurement model. The model for CO; flux considered in this
work is expressed by Equation 5.6, which implies the double rotation of wind speed
measurements as described in the previous section. This model is more suited when
using enclosed-path analyzers, which do not require the WPL correction normally
adopted for open-path analyzers. To simplify reading, the model is again reported
below:

F =p(AVS +BV]S +CVS).

The number of measurements used for estimating the covariances and the air density
could be different. Indeed, air pressure and temperature are normally sampled every
30, whereas concentration and wind speed components are generally measured
10-20 times every second (10-20 Hz). For this reason, the variable Ny will indicate
the number of individual measurements of the quantity X in a given averaging
interval, in this case with a fixed duration of thirty minutes as in most of the EC
applications. Usually Np = N7 = Nyt Where the subscript refers to measurements
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of meteorological variables with a lower sampling frequency. Similarly, Ng = Ny, =

Ny, = Ny, = N Where the subscript refers to measurements of turbulent variables.

Since the flux is estimated using an indirect measurement model [112], the
uncertainty of each measurement must be propagated following the law of uncertainty
propagation prescribed in the GUM [5]. This work focuses on the propagation of the
instrumental uncertainty related to the use of an instrument. A representative value is

chosen for each instrument by looking at its specifications or calibration certificates.

The general propagation of the uncertainty for a quantity X € {P,T,S,V,,V,,V;}

through the model can be easily written in matrix formulation in the following way:

- 2T - - - -

Jp Mp Jp
Jr M Jr
J, M J
PR =" S S| =7™MI. (5.10)
Jv, My, Myy, Myy,| |Jv,
Jv, Myy, My, Myy, | |Jy,
v L Myy, Myy, My, | v

The Jx vectors correspond to the Jacobian storing the partial derivatives with respect
to quantity X and evaluated for the corresponding number of measurements. Instead,
the terms My are the variance-covariance matrices for the measurements of X,
whereas Myy are the cross-covariance matrices between measurements of different
quantities, which are not zero only for the three wind speed components because
taken with the same instrument (the tri-axial sonic anemometer). The larger number
of measurements involved in the model requires to make some assumptions to

simplify the propagation without compromising the relevance of the obtained results.

5.2.1 Assumptions

To make the propagation and the analysis of flux uncertainties simpler, the same un-
certainty is associated to all the measurements of the same quantity (homoscedastic
case). Even though this assumption could be stringent, the methodology proposed
in this work can be generalized to the heteroscedastic case, which implies a better
knowledge of the uncertainty budget for the calibration of each instrument, informa-

tion not usually available.
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To apply the law of uncertainty propagation, it is necessary to quantify possible
correlations among the measurements for evaluating the My covariance matrices.
The type-B correlation resulting from the use of the same device (or measurement
system) is here addressed. This type of correlation takes into account that different
measurements of the same quantity X are obtained using the same calibrated instru-
ment. Other correlations, such as time autocorrelation, are here neglected supposing
that the instrumental uncertainty is decoupled from the field effects. Again, this
assumption is not so stringent since the uncertainties emerging from these aspects
shall be added to the instrumental one and treated separately. In mathematical terms,
this assumption can be formulated in the following way:

X(t) = x+ 6 Xinst + 6 Xgic1a(?) (5.11)

The term x is a realization of the aleatory quantity X obtained through a measure-
ment, whereas 6Xing and 0Xge1q(?) are the stochastic components that account for
instrumental uncertainty and environmental effects, having zero mean and finite vari-

ance. Note that only 6Xje1q(7) depends on the sampling time, whereas the variance
2

inst
of two measurements of X is then evaluated as:

u; (X) = V[6Xins derives from the calibration of the instrument. The covariance

cov(X (),X(t;)) = cov(8Xinst,i, 0 Xinst,j) + cov(8Xpiela (i), 0Xneta(t;))  (5.12)

where 0Xins; and 0Xins,; have identical probability distributions with the same
variance. Since only time-independent effects are considered, the overall covariance

of two measurements X;,X; is approximated as:
COV(X,',XJ') %u%nst-r(Xi,Xj). (513)

The evaluation of the instrumental correlation coefficient 7(X;,X;) between different
measurements of the same device should be in principle based on the analysis of
common components in the uncertainty budget for different calibration points. Since
the information on calibration budgets is not accessible to every user, a minimum
correlation is estimated by considering that the same standard has been used for the
entire calibration range. Regardless the instrument, this correlation is the minimum
one that should be considered for measurement results traceable to the SI. Under

this assumption, the correlation coefficient for any two measurements of the same
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instrument is estimated as [138]:

Tmin (X) = 2ref

) (5.14)

inst

where urzef(X ) is the squared uncertainty of the reference measurement standard for
quantity X, which is used to calibrate the instrument. As mentioned, the instrumental
uncertainty, from now on indicated by u(X), is chosen based on a priori metrological

knowledge, calibration certificates (when available) or datasheet specifications.

5.2.2 Uncertainty budget and effective sensitivity coefficients

By manipulating Equation 5.10 it is possible to group in a convenient way the
uncertainty of the measurements associated with the same quantity and express the

flux uncertainty as:
20\ 2 2 2 2 2 2
u (F) = up(F) +up(F) + us(F) + uy,(F) + uy, (F) + uy,(F) + cvyv.(F). (5.15)

The u,z( (F) are the uncertainty contributions to the overall flux uncertainty due to
measurements of X, whereas cy,y,v.(F) is the covariance contribution coming from
the instrumental correlation between the three wind components, which are the only
quantities measured with the same instrument. Indeed, the anemometer is usually
calibrated against the same reference standard for all three directions, implying that
the measurements for different wind speed components are instrumentally correlated.
The covariance resulting from this correlation has been separated to understand its
influence on the flux uncertainty evaluation because it can be negative and decrease
the overall uncertainty budget. For X € {P,T,S,V,,V,,V.} the uncertainty contribu-
tions result from the application of the law of uncertainty propagation, which leads

to:
N 9F N2 N Nx gF oF —
2y 20y — 2
W2 (F) = ZZ:1<8X1‘> +r(X)i§:1]2#,~8Xi ox [CH0 I, (510

The scalar term Jy is here defined as an effective sensitivity coefficient. It is effective
because sensitivity coefficients are generally computed as dF /dX; and quantify
how sensitive the output values are with respect to variation of input measurements.

In this case, with Ny measurements of X, it is convenient to quantify an overall
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sensitivity coefficient (Jx) which expresses the sensitivity with respect to all the
measurements of the same quantity. In the case of identical uncertainty for the
three axes of the anemometer, the covariance contribution CVV,V. (F) can be written

defining a corresponding effective sensitivity coefficient, which is computed as:

N Nx gF oF MM gF 9F
RAAE v.(F) =2 ranem(Z Z oV, IV, Z Z Vi IV

i=1j=1 i=1j=1

NX Ny

Y IJZ:I a&éjl ;VIZ’J) gnem - ﬁVxVyVZugnem (5.17)
The term gy, s the chosen uncertainty for the anemometer, which in general is a
single value identical for the three axes (u(Vy) = u(Vy) = u(V;) = anem). A similar
consideration can be made for the correlation coefficients among different compo-
nents which are assumed identical: r(Vy) = r(V,) = r(V;) = r(Vy,V,) = r(Vy,V;) =
r(Vy,Vz) = ranem. The exact analytical formulation of the partial derivatives, i.e. the
sensitivity coefficients, and the derivation of the effective sensitivity coefficients are
reported in Appendix A.2. Table 5.2 shows an example of the uncertainty budget for
a single flux measurement, compiled by using the defined quantities. In the absence
of an effective sensitivity coefficient, a sensitivity value shall be associated with
each measurement for a given instrument, that is impractical. Note also that for the
cross-covariance cy,y,v, only the square root of the absolute value is reported, along

with the same sign as Hy,y,v..

5.2.3 Uncertainty of the annual carbon budget

Eddy Covariance measurements are mainly used to estimate the balance of a certain
quantity emitted to or absorbed from the atmosphere. Specifically, CO, fluxes are
used to estimate the annual budget of carbon exchanged between the atmosphere and
a forest, a cropland or any other ecological interesting surface. Mathematically, the
budget is simply obtained by the cumulative sum of the fluxes integrated over the
sampling interval:

NEE =At-mc-Y F,. (5.18)

l

The budget is indicated with the acronym Net Ecosystem Exchange (NEE) and is
expressed in g/m?; At corresponds to the sampling interval expressed in s, whereas
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Table 5.2 Example of uncertainty budget for a single EC flux measurement. The reported
values are specific for the considered 30 min sampling interval, corresponding to a CO, flux
of —1.77umolm~2s~!.

X u(X) Tx(Hy,v,v,) ux (F)(y/levayv.l)

P 30Pa 2.08x 10 *umolm~?s~'Pa~!  0.0062 pmolm2s~!
T 0.05°C  1.76 x 10~* umolm2s~'°C~! 8.8 x 10~% umolm2s~!
S 4 ppm 0.05molm 25! 0.20 umolm 25!

Vi 0.1m/s 0.15 umolm 3 0.15umolm 257!

v, 0.1m/s 0.14 ymolm 3 0.014 ymolm 25!
v, 0.1m/s 0.69 umolm 3 0.069 pmolm 25!
V.V,V, 0.1m/s 0.15 umol> m~© 0.019 pmolm—2s~!

F - - 0.21 pmolm 25!

mc¢ is the molar mass of carbon expressed in g/pmol since carbon fluxes are gen-
erally expressed in umolm~—2s~!. Only good-quality data are used for the purpose,
corresponding to half-hourly intervals for which conditions of stationarity and well-
developed turbulence are satisfied. The discarded measurements shall be replaced
with estimates obtained with a model to ensure non-biased quantification of the
budget. Several techniques were developed for “gap-filling” the removed data using

physical or data-driven models.

Beyond the measurement uncertainty described above, the one associated with
the gap-filled values is also rarely taken into account. On average, approximately one-
third of the measurements are removed from the flux time series [99] and replaced
with modeled values, whose uncertainties may be significantly larger than those of
the remaining measurements. Furthermore, the gap-filling models are trained with
good-quality measurements that have their own uncertainty, which in turn should
be propagated for evaluating the uncertainty of the model predictions. The impact
of instrumental uncertainty on an annual carbon budget is therefore evaluated by
performing a gap-filling procedure, for the considered case study, with a simple and
widely accepted [139, 99] light-curve model based on input short-wave radiation

SWi,:
o B SWin

= - 1
aSVVin‘l‘ﬁ—l—y (5.19)
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The model parameters o, B and ¥ are calculated for 1-month time windows, using
only half-hourly records that passed the turbulent quality check (QC) system. The
non-linear weighted least-squares (NWLS) fitting procedure described in [140] is
applied since allows to use the uncertainty of flux measurements as weights and
to evaluate the uncertainty of the calculated parameters. The uncertainty of the
modeled flux estimates is then obtained by further propagating the uncertainty of the
coefficients and of the input quantity SW;,, taking also into account the dispersion of
values around the fitted curve. In the end, knowing the uncertainty associated with
each half-hourly flux estimate, it is possible to quantify the uncertainty related to the
annual carbon budget.

Another important overlooked aspect is the correlation between different mea-
sured fluxes. Even if the fluxes are measured in disjoint integration intervals, thus
associated with different turbulent conditions, the use of the same instruments leads
to correlation between different half-hourly flux measurements which shall be con-
sidered in the uncertainty evaluation of the carbon budget. The covariance between

two flux estimates F; and F> can be expressed as:

dF, JF,

2
% axz,jr(X)” (X)

cov(F,F) = Z
Xe{F.T,S} 17

oY)

Xe{vxvvy,vy} Ye{vx,v)av)} l]

&XLj mranemuanem

(X) (5.20)

The above equation must be evaluated for each couple of fluxes for assembling
the complete variance-covariance matrix of flux measurements. Note that for the
anemometric variables it is necessary to also consider the flux cross-covariances
related to different wind speed components sampled in different time intervals.
Eventually, the uncertainty of the annual budget is calculated simply as:

w*(NEE) =Y u*(F;) + Y cov(F, Fj) (5.21)
i ij

In the case of instrumentally independent flux measurements, only the first sum is

considered, thus covariances are neglected. Moreover, the covariance between the

measured and modeled values is here assumed to be zero since complex to estimate

due to the non-linearity of the model and the iterative process used to optimize the

cost function. To show the importance of measurement uncertainty and instrumental
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correlation in the gap-filling procedure, a comparison is performed between the
annual carbon budgets estimated assuming independent, perfectly correlated and
minimally correlated measurements, whose results are shown in the next section.
Furthermore, it will be shown how the fit of Equation 5.19 can vary when flux
measurement uncertainty is neglected compared to the case in which it is considered

in the estimation of model parameters.

5.3 Case study: San Rossore 2

For testing the equations described above, the uncertainty framework has been ap-
plied to the 2022 measurements of an EC station monitoring GHGs fluxes from a
Mediterranean evergreen forest, the San Rossore 2 ICOS Class 2 Ecosystem Station,
located in Central Italy between the city of Pisa and the Tyrrhenian See (coor-
dinates: 43°43’40.30"N 10°17'3.98"E’ (https://meta.icos-cp.eu/resources/stations/
ES_IT-SR2). The ICOS ecosystem stations network ensures that measurements are
collected with a high level of standardization, comparability among sites and superior
technical standards. Moreover, all the raw and elaborated data and metadata are
highly structured and harmonized and freely accessible through the FAIR (Findable,
Accessible, Interoperable and Reusable) principle. This allows every reanalysis, also
those including the raw data recorded on field like the one presented here, to be
easily and universally applicable to the entire network, facilitating scientific research
and exchange. Specifically, the San Rossore 2 is a Class 2 ICOS labelled station
in a forest, hence all the collected variables, measurement setups and processing
schemes are fully described in the ICOS documentations and related publications
[107, 108]. For the purpose of this analysis, the six variables which the flux model
of Equation 5.6 is built upon, have been measured through the following instrumen-
tations: LI-COR LI7200 infrared gas analyzer (LI-COR Inc., Lincoln, NE, USA) for
S, a Gill HS-50 ultrasonic tri-axial anemometer (Gill Ltd, Lymington, Hampshire,
UK) for Vi, Vy,V,, a HMP155 thermohygrometer (Vaisala Oyj, Finland, EU) for T
and a PTB110 barometer (Vaisala Oyj, Finland, EU) for P. The most important
structural and ecological features of the forest, characterized by the dominance of
domestic pines (Pinus pinea L., 1752) as dominant species with average height of 19
m at the time of measurements, are described in detail in [141]. It is of relevance
here that the half-hourly estimates of CO, fluxes, provided by ICOS lie in the range
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—40umolm2s~! to 30 umolm 2s~!, where by micrometeorological convention
negative flux values correspond to carbon uptake driven by photosynthesis and pos-
itive values to release by respiratory and metabolic processes. The annual NEE
measured since 2013 in the forest lie in the range —537.5 g/m? to —68.8 g/m?, with
a nominal value for 2022 estimated by ICOS as —190.6 g/m? [142, 143]. The radia-
tion variable used for the modelling and the gap-filling of the missing measurement
records (see Equation 5.19), is the Short Wave Incoming Radiation (SW;,) and it is
measured by a CNR-4 Pyrgeometer (Kipp&Zonen, Delft, The Netherlands, EU).

Reasonable values of instrumental uncertainties and minimum correlation coeffi-
cients considered for the application of the proposed method are listed in Table 5.3.
These values results from checking the specifications of the instruments composing
the Eddy Covariance measurement system. Just to report an example, the accuracy
specification of the gas analyzer, 1 % of reading, was interpreted as a standard un-

certainty. Since for simplicity only homoscedastic uncertainties are considered, the

Table 5.3 Instrumental uncertainty and minimum correlation coefficient considered for each
instrument.

P T S Ve v, v,
u(X) 30Pa  0.05°C 4ppm O0.lm/s 0.lm/s 0.1m/s
rmin(X)  0.0625  0.04 0.36  0.0625 0.0625 0.0625

percentage was applied to a reference value of 400 ppm to retrieve a reasonable value
for the IRGA instrumental uncertainty, which is 4 ppm in this case study. A similar
reasoning can be done for the barometer and the anomemeter which usually have
a measurement uncertainty expressed in relative terms. Concerning the minimum
correlation coefficients, not much information is available for their determination
from the calibration process employed by the manufacturers. For the anemometer in-
formation coming from the air speed key comparison in [144] was used to determine
the typical ratio between the reference instrument and the device under calibration.
For the barometer was used the database of accredited laboratories in Italy (Accredia
website) and at their calibration capabilities. For all calibration laboratories, the
reference instrument had an uncertainty of about one fourth of the final uncertainty,
thus giving 0.0625 as correlation coefficient. Then, a similar procedure was followed
for the IRGA, finding useful information in the standard [145] for the verification
of gas concentration in tanks used for calibration of analyzers, giving a correlation

value of 0.36. In the end, only for thermometers’ calibration more information was
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available given the metrological experience in the sector: an expanded uncertainty
(k=2) of 0.01 °C covering the entire calibration range is reasonable for secondary
standards used to calibrate meteorological thermometers. Depending on the em-
ployed calibration set-up the final calibration uncertainty can vary, however a value
of 0.05 °C of expanded uncertainty (k = 2) is reasonable for accredited laboratories
or manufacturers that calibrate a large volume of instruments per year. Then, the
correlation coefficient is just (0.01/0.05)% = 0.04.

The developed framework for uncertainty propagation is valid for any type of
correlation between instruments, hence a comparison between the implementations
of the method for the following three cases has been made:

a) Independent measurements, obtained for r(X) = 0, VX.

b) Perfectly correlated measurements for r(X) ~ 1, VX. A value of r(X) = 0.99
is chosen to avoid numerical problems due to singular matrices, which does
not compromise the results of this work.

¢) Minimum correlation of measurements for values of ry;, (X) reported in Table
5.3 and quantified as described above using Equation 5.14.

Before applying the methodology and analyzing the calculated uncertainties, it is
necessary to test its validity. Indeed, the suggested method for uncertainty prop-
agation is based on the linearization of the measurement model at a given point
determined by measurements. The model has a non-linear nature, as highlighted
by the rotation coefficients reported in Equations 5.7-5.9, hence shall be validated
by a numerical method such as Monte Carlo (MC) [146]. Due to the large number
of involved measurements (18000 records for the gas concentration and each wind
speed component) and the computational complexity of Monte Carlo, it is unfeasible
to verify the linear propagation for each flux measurement that will be considered
in the case study, covering an entire year of measurements (17520 sampled fluxes).
Therefore, a comparison between the Monte Carlo simulation and the developed
analytical method has been performed only for some representative flux measure-
ments that respect the assumptions of the techniques, hence taken under turbulent
conditions and identified by using the Monin-Obukhov (MO) stability parameter
available from the ICOS dataset. Both the independent and correlation assumptions

have been tested, using the same number of MC samples, 10°, corresponding to the
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upper limit imposed by the hardware available at the time of the simulation. For the
second assumption, only the minimum correlation has been tested, which is the more

realistic and less degenerate case.

After validation, the analytical method was applied to calculate the flux un-
certainties of the 2022 time series. The distribution of absolute and relative flux
uncertainties has been analyzed to understand the typical values associated to differ-
ent magnitudes of the flux. As for the gap-filling, only good-quality data that passed
the QC, based on the nonstationarity ratio test [147] and instrumental diagnostics,
were considered for the analysis. The calculated flux uncertainty has also been used
to detect other lower quality data corresponding to outliers in the uncertainty time
series detected by a simple gradient threshold algorithm. These apparent spikes
could be due to both methodological aspects, normally related to low degrees of
stationarity or underdeveloped turbulence not detected by the QC-method, or to other

transient instrumental effects not detected by the diagnostic routine.

In the end, the gap-filling procedure is applied, as described in Subsection 5.2.3,
for comparing the annual carbon budget and the associated uncertainty obtained for
the different correlation cases. First the results are reported, then they are discussed

putting the attention on the role of input instrumental uncertainty.

5.3.1 Results

The law of propagation of uncertainty (LPU) was applied to the time series of
San Rossore 2 for each available flux measurement. For instance, Figure 5.5 is a
zoom of the time series where the calculated uncertainties, under the independence
assumption, are superimposed on the estimated fluxes considering a coverage factor
k=72.

The evaluated uncertainties were validated by comparison with MC simulations
for flux measurements conforming to all the assumptions of the EC technique. Since
the impossibility of performing the comparison for each measurement considered
in the case study due to the extensive computation time, three MC simulations
were performed for the records corresponding to the timestamps reported in Table
5.4. Starting from the first row, the MO stability parameter was evaluated to be
respectively —2.58, —0.105 and —0.598. The values are compatible with unstable

atmospheric conditions [97], hence the chosen measurements are suited for com-
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Fig. 5.5 Portion of the time series of CO, flux measurements. The bars correspond to
the calculated expanded uncertainties, for a coverage factor k = 2, assuming independent
measurements.

parison with MC. Focusing on the numerical results, the difference between the
independence and correlation assumptions, investigated in detail below, is similar
for LPU and MC, proving that the proposed method can catch their differences. The
flux estimates between LPU and MC are consistent within three significant digits,
whereas the evaluated uncertainties have approximately two common significant dig-
its, with just a few exceptions (as for the third row under the independent assumption).
These results, even if partial and related to only some flux measurements, suggest the
validity of the proposed model under both the assumption of independence and corre-
lation of measurements. However, the numerical results say little about the shape of
the probability distribution associated with the measurement. The histograms of the
MC samples are therefore plotted, as shown in Figure 5.6, along with the associated
Q-Q plot. The distribution can reasonably be considered Gaussian in all cases as also
proved by the empirical quantiles following a linear relation with the normal ones.
Likely, this is due to the low values of input uncertainties compared to the degree of
model nonlinearities, which allows to validate the LPU approach. Furthermore, the
normality of the distribution also determines the coverage probability corresponding
to k = 2, which is about 95%. Nevertheless, only standard uncertainties will be
considered for the analysis of the case study, following a conservative approach

because of the few cases tested by MC comparison.
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Table 5.4 Results of the comparison between the Law of Propagation of Uncertainty (LPU)
applied to the Eddy Covariance technique and the corresponding Monte Carlo (MC) simu-
lation. Three flux measurements are considered, associated with the reported timestamps,
corresponding to atmospheric turbulent conditions.

F/(umolm~2s~1) u(F)/(umolm~2s~1)
LPU MC LPU MC

Independence -11.450 -11.449 0.594 0.606
Correlation  -11.450 -11.457 0.784 0.780

Independence -18.039 -18.044 1.111 1.119
Correlation  -18.039 -18.036 0.928 0.930

Independence -6.628  -6.627  0.633 0.643
Correlation  -6.628  -6.622  0.507 0.516

Timestamp Assumption

03/09/2022 11:00

07/11/2022 12:30

10/08/2022 11:30

The frequency distribution of absolute and relative uncertainties, computed by
using the LPU approach considering independent or correlated measurements, is
visualized in Figure 5.7. For all assumptions, the distribution is similar to a 2
distribution with a main peak (the mode) and a relatively long tail to the right, with
values of the relative uncertainty well exceeding the threshold of 100 %. Since the
distribution is not symmetrical, with values in the tail that heavily influence the mean,
the median has been assumed as the best metric for estimating values representative
of each uncertainty component that have similar distributions [148]. The median
of absolute and relative uncertainties is equal to 0.51 umolm~2s~! and 6.2 % for
independent measurements, respectively, while in the case of perfectly correlated
measurements the median attains values of 0.67 umolm~2s~! and 8.8 %. On the
other hand, the median of the distribution for minimally correlated measurements is
closer to the independent case with 0.53 umolm~2s~! for absolute uncertainty and
7.7 % for the relative one.

To analyze how the uncertainty terms vary with the magnitude of the measured
flux, the measurements have been binned, with similar numerosity, with respect to
flux values, and the median of the uncertainty components has been also calculated
for each bin. These results are shown in Figure 5.8, whose plots on the left report
medians of absolute uncertainties, whereas on the right those of the relative ones.
Subplots 5.8a, 5.8b and 5.8c are related to independent measurements, perfect corre-
lation or minimal correlation, respectively. In the case of independent measurements,

the flux measurement uncertainty varies from a minimum absolute value of ap-
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Fig. 5.6 The left panels show the distribution of the MC samples under the independent (blue)
and correlation assumption (orange) for each measurement involved in the MC validation.
Solid lines correspond to the estimated fluxes, whereas the dashed lines are related to the
evaluated standard uncertainties. The right panels show the Q-Q plots used to verify the
normality of the distributions.

proximately u(F) = 0.22umolm~2s~! to a maximum of u(F) = 0.99 umolm2s~!
proportional to the flux magnitude. The combined relative uncertainty has the oppo-

b

site trend and it is inversely proportional to flux magnitudes: it attains values lower
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Fig. 5.7 Distribution of absolute (left) and relative (right) uncertainties evaluated under
different assumptions: independent (blue), perfectly correlated (orange) and minimally
correlated measurements (yellow).

than u,(F) = 10% and decreases slowly with increasing flux magnitudes above a
threshold flux of approximately F = +6umolm~2s~!. When the flux magnitude de-
creases toward smaller values and tends to zero, the relative measurement uncertainty
sharply rises up to approximately 205 % for the smallest flux magnitudes. For almost
the whole measurement range, the combined uncertainty is not distinguishable from
the contribution of the concentration measurements alone. Only another term is not
completely negligible, that is the contribution from the measurement of the vertical
wind speed: 0.02pumolm 25! < uy,(F) <0.09 umolm ~2s~! The term uy, (F) rises
to values comparable to the contribution from concentration measurements, ug(F),

only for F > 10umolm 25~

Figure 5.8b shows the case of perfect instrument correlation. Focusing first
on absolute uncertainties, the minimum combined value decreases, compared to
the independent case, to 0.18 umolm~2s~! whereas the maximum one increases
to 2.4umolm~2s~'. The uncertainty shows again an increasing trend with flux
values, with different weights associated with the uncertainty components: here
the main contribution comes from the vertical wind speed, which is almost not
distinguishable from the overall uncertainty. The plot also shows the covariance term
(label ‘V,V, V") resulting from the correlation of different wind speed components.
Since the covariance can be negative, to fairly compare with ux (F) the following

quantity has been plotted: sgn(cv,v,v.)+/|cv,v,v.|. The term is mainly negative, with
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Fig. 5.8 Median of the absolute (left) and relative (right) uncertainties components, binned
with respect to flux values. The shown curves are related to the distribution of u,(F), with X
reported in the legend. The curve corresponding to V.V, V, refers to the distribution of the
covariance (cv,v,v,) between the three anemometer components. Since it can be negative,

the distribution is associated to the quantity sgn(cv,v,v.)4/|cv,v,v.| to make a fair comparison

with u,(F). The different panels correspond to the different assumptions considered in this
work: (a) independent measurements, (b) perfectly correlated measurements and (c) minimal
correlated measurements.

positive values only for F < —18pumolm2s~!, and increases with flux magnitude.

Even though its effect is to decrease the combined uncertainty, the values are an order
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of magnitude smaller with respect to uy, (F'), thus no clear impact is visible. For what
concerns the relative uncertainties, the combined uncertainty still decreases with
flux values within +2 umolm~2s~!, then it stays between 7 to 10 % for negative
fluxes and between 15 to 25 % for positive fluxes. Also in this case, when the
flux magnitude decreases toward smaller values and tends to zero, the relative
measurement uncertainty increases sharply, rising up to approximately 207 % for the

smallest flux magnitudes.

Results for the third assumption of partially correlated measurements are finally
reported in Figure 5.8. The minimum and maximum of the combined absolute uncer-
tainty are close to the independent case: 0.25 pmolm 2s~! and 0.92 umolm%s~!,
respectively. The combined relative uncertainty is visibly different only for the
maximum, approximately equal to 223 %, slightly higher than the case of indepen-
dent measurements. For this assumption the contributions of vertical wind speed
and gas concentration are both not negligible. The uncertainty due to the gas an-
alyzer is the largest for negative fluxes, whereas for positive ones the uncertainty
component due to vertical wind speed increases and becomes the dominant one for
F > 9umolm2s~!. The other components have a smaller order of magnitude, with

the wind speed covariance being negative for F > —19umolm=2s .

Table 5.5 reports the median of the effective sensitivities for each variable and
for the three assumptions considered in this work. The largest sensitivity is always
connected, by far, to the measurement of the vertical wind speed, regardless of the
correlation level of the measurements. After the vertical wind speed, gas concentra-
tion has the largest sensitivity when the measurements are independent or minimally
correlated, whereas the horizontal wind speed components become predominant in
the perfectly correlated case. In the latter case, the sensitivity to the concentration
measurement drops to the second last place in the sensitivity ranking due to the
nature of relative measurements entering into the calculations of covariances (ideally
whould be zero for correlation coefficient equal to 1). Eventually, the atmospheric

pressure shows the smallest sensitivity coefficient regardless of the correlation level.

Figure 5.9 shows an example of fit for the model expressed in Equation 5.19
using the measurements performed in April 2022. The black curve is obtained by
a Non-linear Ordinary Least-Squares (NOLS) procedure, which does not take into
account the measurement uncertainty of individual flux values, whereas the red one

is obtained using a Non-linear Weighted Least-Squares (NWLS) method, which does
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Table 5.5 Median of the effective sensitivities for each assumption considered in the propaga-
tion of measurement uncertainty.

Independent Perf. Corr. Min. Corr.

Me[Jp]/(umolm2s~1Pa™!)  4.6x107° 3.6x107° 1.0x1073
Me[J7]/(umolm—2s~1°C~1)  0.0016 0.012 0.0030
Mel[Js]/(molm~2s~1) 0.12 0.0093 0.093
Mel[Jy,]/(umolm—3) 0.0054 0.093 0.025
Mel[Jy,]/(umolm ) 0.0068 0.11 0.030
Me[Jy.]/(umolm 3 0.43 7.2 1.9
Me[Hy,v,v.]/(umol*m~°) 0 -0.51 -0.032

account for uncertainty during parameters’ calculation. Table 5.6 reports the values
of the model coefficients estimated by the different models. The parameters estimates
are significantly different: with respect to the NOLS model, the relative variation
of a, B and 7y is of 31 %, —6.8 % and —38 % respectively. Moreover, the relative
uncertainty of the coefficients is strongly reduced in the NWLS case: it changes
from 42 %, 5.9 % and 57 % to 5.3 %, 3.3 % and 8.4 % for a, B and 7, respectively,
with relative variations of —87 %, —44 % and —85 %.

Table 5.6 Estimated coefficients and corresponding relative uncertainties for the light-curve
model, reported in Equation 5.19, using two different procedures: Non-linear Ordinary
Least-Squares (NOLS) and Non-linear Weighted Least-Squares (NWLS) method.

Fit parameter NOLS NWLS

o/ (umolW=1)  —0.073(42%) —0.046(5.3%)
B/(umolm=2s') —33.6(59%) —35.9(3.3%)
y/(umolm—2s~!)  4.85(57%)  3.03(8.4%)

Since the NWLS leads to smaller uncertainties for the model parameters, it has
been considered in the final part of the measurement uncertainty implementation
for filling the gaps in the time series. The cumulative annual NEE obtained by
combining measured and NWLS-modeled fluxes is shown on the left of Figure
5.10, whereas the cumulative uncertainty of NEE, obtained by complementing
the measurement uncertainty with the NWLS-propagated uncertainty for missing
records, is shown on the right. A comparison of the different assumptions about
the independence of measurements is done, especially for analyzing the different
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Fig. 5.9 Fit of the light curve model (Equation 5.19) using measurements, performed during
April 2022, that passed the QC. The fit in black is obtained through a Non-linear Ordinary
Least-squares (NOLS) procedure, whereas that in red is obtained considering a Non-linear
Weighted Least-Squares (NWLS) procedure, with weights (shown in blue) corresponding to
the inverse of the evaluated standard measurement uncertainties.

behavior of u(NEE). The cumulative uncertainty obtained by applying the method
described by Finkelstein and Sims (F&S) [113] is also reported as a reference
value. The cumulative NEE estimates show the same time behavior, with a final
budget varying from —415.6 gm~? for the independent case to —447.1 gm~2 for
the case of perfect correlation. The numerical values of the annual budget for each
considered assumption are reported in Table 5.7: the perfect correlation leads to the
largest uncertainty of 39.6 gm~2, which is a 8.9 % of the corresponding budget. The
smallest uncertainty is for the independent case: 5.6 gm~2, 1.3 % of the estimated
budget, which is comparable to the F&S estimate. Eventually, the assumption of
minimum correlation leads to an uncertainty of 14.3 gm™2, 3.3 % of the budget

calculated under the same assumption.

5.3.2 Discussion

The frequency distribution and statistical analysis of the combined measurement
uncertainty reported in Figure 5.7 suggests the non-negligible presence of large
uncertainties in the Eddy Covariance flux estimates, as evidenced by the positive
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Fig. 5.10 Annual cumulative carbon budget with the associated cumulative uncertainty. The
annual carbon budget is reported in the left panel for the three different options, that is
blue for independent measurements, red for perfect correlation and yellow for minimum
correlation. The uncertainty of NEE calculated by simply summing in quadrature the flux
uncertainties is shown in the right panel with the same colors, with the violet line representing
the F&S sampling error that is reported as a reference value.

skewness of the distribution. However, the characteristic median is always below the
values of 1 umolm~2s~! and 10 % for absolute and relative expression, respectively.
The overall trends of absolute and relative combined measurement uncertainties
can be considered similar, with a sharp increase (decrease) of the relative (absolute)
uncertainty for small fluxes and vice versa for larger flux magnitudes. The most
significant insights can be found in the different behavior of the contributions from
the measurements of individual variables when independent or perfectly correlated
measurements are considered. In the case of independent measurements (Figure
5.8a), that could be imagined as an ideal case when each variable is measured by
a specific device, the largest contribution comes from the measurements of the gas
concentration. When assuming perfectly correlated measurements (Figure 5.8b),
the largest contribution comes indeed from the measurement of the vertical wind
speed. The largest values of the combined measurement uncertainty are associated
to perfectly correlated measurements, while the lowest are associated to totally
independent measurements of the six variables used in the EC model. In practice, it is

reasonable to assume that actual values lie between these two extreme configurations.
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Table 5.7 NEE and the corresponding uncertainty evaluated considering independence,
perfect and minimum correlation for the flux measurements. The values are compared to the
uncertainty evaluated with the method reported by Finkelstein and Sim [113].

Model NEE/(gm~2) u(NEE)/(gm~?) u,(NEE)/%
Independent -415.6 5.6 1.3
Perfect Corr. -447.1 39.6 8.9
Minimal Corr. -430.0 14.3 33
F&S - 5.8 -

The explanation for this significant and somehow surprising difference is the
following: the concentration measurements are involved in the calculation of covari-
ances only through relative differences which have, in the case of perfect instrumental
correlation, approximately null uncertainty and thus the contribution to the combined
uncertainty is very small. Another striking difference between these two cases, is
the largest absolute values of the uncertainty associated with perfectly correlated
measurements, especially for positive fluxes, that is upward fluxes. It is also note-
worthy the presence of the term cy,y,v., that is contributing only in case of perfectly
and minimally correlated measurements and is basically connected with the use of a
single device to measure more than one outputs, that is the triaxial anemometer. The
different uncertainty composition between independent and correlated measurements
could have profound consequences also on the practical side, e.g. by suggesting the
evaluation of a “full independent measurement system” instead of those in which the
three wind speed components are measured by a single device. In practical terms,
this would mean to replace a sonic triaxial anemometer with three anemometric
devices, eventually with much lower accuracy and costs or complexity, to produce an
output with comparable or even lower measurement uncertainty than the traditional

one based on dependent wind speed measurements.

When it comes to the application of the measurement uncertainty to data analysis,
the results are tangible and the consequences relevant. Firstly, the estimates of the
parameters used for the NEE model and their uncertainties change significantly
between the NOLS and NWLS fits. When the measurement uncertainty is taken
into account weighing each individual measurements by its own uncertainty, not
only the numerical estimates of the parameters @, B and 7 are different, but their
relative uncertainties also do. Specifically, there is a substantial reduction in the
relative uncertainty of all the three parameters. In other words, when using the
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NOLS or NWLS, both the modelled NEE and its uncertainty change and this would
have consequences on all the applications of the EC datasets: this means that all
the functional relationships, that is light-curves or Penman-Monteith (just to name
a few classical applications of EC) and, consequently, carbon, evapotranspiration
or energy budgets would change in a not-negligible manner. There are few doubts
about the fact that using a NWLS fit represents an improvement in the data analysis
compared to NOLS and this is probably the first main practical consequence of
adopting the proposed method to quantify the measurement uncertainty of individual
EC measurements, because the NWLS was simply not applicable before. Secondly,
the more subtle but not less important distinction between independent and correlated
measurements leads also to differences in the final estimates and relative uncertainties
that are of great relevance for both the experimental and the modelling community.
In the study case, that is obviously site-specific but representative of a state-of-the
art EC station, the difference in the EC annual carbon budget of a forest between
the extreme cases of totally independent or totally correlated measurements is about
7.0 %, that is —415.6 gm~2 and —447.1 gm™—2, respectively.

The differences between the uncertainties are even more important and peculiar
than the differences of the annual budget estimates. The u(NEE) shows dramatic
variations for the different cases of independence, perfect or minimum correlation
between the measurements. Since the independence assumption does not consider the
covariances between different flux measurements (see Section 5.2, Equation 5.20),
the cumulative uncertainty is monotonic and cannot decrease over time. Surprisingly,
the cumulative uncertainty retrieved by the F&S method is almost coincident with the
one for independent measurements. In principle, the F&S method only evaluates the
uncertainty due to empirical sampling of the covariance between gas concentration
and vertical wind speed, without making any considerations about measurement
uncertainty. On the other hand, when instrumental correlation is considered, the
u(NEE) can decrease over time, as clearly visible in the right panel of Figure 5.10,
which is particularly evident for perfectly correlated measurements. Moreover, the
uncertainty can also increase at a rate which is much different with respect to the
independent case, due to positive covariances between flux measurements. The curve
for minimum correlation lies between the independent and the perfect correlation

case, allowing the decrease of uncertainty due to negative covariances.

It is reasonable to assume that results of the same order of magnitude could be

obtained for any other EC station and the methodological considerations can be
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considered valid everywhere in the flux community. Until now, the literature has
never used any Sl traceable quantification method of the measurement uncertainty
for the EC data interpretation. Together, these two final considerations highlight
the importance of carefully quantifying the flux measurement uncertainty and the
relevance of the proposed method, which implements, to the authors knowledge for
the first time, the instrumental uncertainty in a way that is coherent with metrological

recommendations from international organizations like BIPM and ISO.

5.4 Summary of main achievements

The Eddy Covariance (EC) technique has emerged in the last four decades as a
crucial tool for measuring greenhouse gases and energy fluxes. However, the large
complexity of the measurement model, constituted by many quantities measured
by different instruments, may lead to numerous errors (briefly described in Section
5.1) that have been addressed by manufacturers and researchers. The proposed
corrections are applied to each flux measurement to ensure that, at the time of
recording, all the assumptions behind the model are respected. As stated in the
GUM [5], each correction has its own uncertainty that shall be added to the budget
of the flux measurement: this recommendation is ignored by the end-users of the
EC system, which nowadays lacks of a complete evaluation of the measurement
uncertainty. The same calibration uncertainty of the instruments is not a source of
concern, since it was considered irrelevant compared to other involved uncertainties,
such as that arising from the covariance sampling error [113].

This study proposes a quantification of the measurement uncertainty in the Eddy
Covariance-based estimates of turbulent fluxes coherent with the GUM. One of
the mentioned corrections is considered in the measurement model, which is the
coordinate rotation of the anemometer’s axes, needed to ensure its alignment with
the wind flow. Each rotation coefficient depends on the time averages of wind
speed components, adding further complexity to the calculation of the sensitivity
coefficients.

Due to the lack of information about the calibration budget of the instruments,
generally used trusting manufacturer’s specifications, homoscedastic assumption is
considered, which also allowed to retrieve effective sensitivity coefficients, one for
each involved quantity (reported in Appendix A.2), instead of evaluating sensitivity
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coefficients for each measurement of a certain quantity in the usual 30 minutes
interval (i.e. 18000 values for each wind speed component). The cases of independent
and correlated measurements are both considered, focusing on the instrumental
correlation arising from the use of an instrument performing multiple measurements

involved in the estimation of the same flux.

The developed framework for uncertainty propagation was tested over a state-of-
the-art micrometeorological station for estimating carbon fluxes and annual budgets
of a forest. The method and its basic principles are valid for any other EC system,
except for minor modifications needed to account for substances different than CO,.
Instrumental input uncertainties and correlation coefficients are chosen by analyzing
the manufacturers’ specifications and investigating the typical uncertainties of the
reference instruments used during calibration by accredited laboratories or other
national metrology institutes. After applying the suggested method to the flux time
series, attention is paid to the propagation of the evaluated uncertainties through the
model for gap-filling (a simple light curve), a mandatory step for estimating reliable
annual carbon budgets. For the correlated case, the instrumental correlation between
different flux measurements is also estimated and taken into account for evaluating

the uncertainty of the annual carbon budget.

In the end, the main achievements are as follows:

1. The Law of Propagation of Uncertainty (LPU) has been fruitfully applied to an
EC dataset to quantify the combined uncertainty of each half-hourly flux and
to break it down into contributions stemming from the measurements of indi-
vidual variables. The LPU approach has been validated through Monte Carlo
simulations (Figure 5.6), which confirmed its validity since the corresponding

uncertainties are comparable within the first two significant digits (Table 5.4).

2. The distribution of uncertainties for the 2022 time series shows positive
skewness (Figure 5.7), with a characteristic median below the threshold of
1 umolm~2s~! and 10 % for absolute and relative uncertainty, respectively.
The largest relative uncertainty is obtained for the smaller flux magnitudes.
The largest uncertainty term varies depending on the considered assumption,
with the vertical speed components having a greater weight for the correlated

case (Figure 5.8).
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3. The quantification of the measurement uncertainty for each half-hourly record
allows the implementation of a non-linear weighted fitting procedure that
can be proposed as an advanced modelling strategy, compared to ordinary
fitting procedures. The information coming from uncertainties changed the
numerical estimates of all parameters in the light curve model (Figure 5.9),
which showed lower uncertainties compared to the ordinary fitting procedure
(Table 5.6). The more precise estimate of the model coefficient would benefit

the whole community of flux data users.

4. The assumptions of independence, partial or perfect correlation between mea-
surements play a major role and determine large differences both in the esti-
mation of annual carbon budget and in the quantification of the corresponding
uncertainty (Figure 5.10 and Table 5.7). The uncertainty for the independent
case is almost the same as for the sampling error [113], whereas for the cor-
related case it is more than double, proving that the instrumental uncertainty

component is not negligible in the overall budget.

Ideally, the suggested approach will increase the reliability of turbulent flux
EC estimates, e.g. allowing inter-comparison of flux measurements obtained with
different set-up or comparing different estimates over time performed with the same
instruments. Additionally, an analytical expression of the measurement uncertainty
would also be useful for determining technical specifications of instruments and
associated calibration uncertainties required for a given application to meet the target

uncertainty on the defined final products.



Chapter 6

Verification of thermometers in caves:

the Bossea case study

The temperature within natural caves is a crucial parameter for understanding sub-
terranean environments and their interaction with the external climate [149, 150].
Historically, cave temperatures were often considered to be remarkably constant,
particularly in deep, isolated sections, typically aligning with the mean annual sur-
face temperature of the overlying area [151-153]. This perceived constancy led to
assumptions that the subterranean environment offered a stable habitat, with minimal
daily or seasonal cues for cave-dwelling organisms [152]. However, advancements
in measurement technologies and dedicated research have revealed that cave temper-
atures, while significantly damped compared to surface variations, exhibit a more

dynamic and complex pattern influenced by a multitude of factors [150].

The primary mechanism governing heat transfer from the surface to caves is
thermal conduction through the bedrock [151]. The surrounding rock acts as a
low-pass filter, smoothing out diurnal and seasonal temperature fluctuations, causing
cave temperatures to react to long-term temperature drifts with a notable delay
[154, 150, 151]. This delay is influenced by the mountain’s thermal inertia and
the underground thermal properties [155]. While conduction is a dominant factor,
convection, driven by air and water fluxes, also plays a significant role in temperature
dynamics [155, 149, 156, 157]. Inflowing water, with its large thermal capacity, is
often a primary determinant of cave temperature. Airflows, especially near cave

entrances, can introduce external thermal signals and cause thermal stratification or
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create cold/hot air traps [155, 150, 156]. Atmospheric pressure variations can further
induce subtle but permanent temperature variations, known as Pressure-Induced
Temperature (PIT) variations, even at great depths [158—160]. The interplay of
these mechanisms creates varied thermal patterns across different cave sections and
climates, ranging from highly correlated to the surface to showing extreme delays or
no clear relationship [156].

Monitoring cave temperatures has become increasingly vital for understanding
and tracking global climate change. Caves serve as valuable natural laboratories and
archives for paleoclimate studies, as the stable isotopic composition of speleothems
can act as a proxy for past climate conditions. More recently, direct, long-term
temperature measurements within caves have provided compelling evidence of
ongoing global warming [151]. For instance, studies in the European Alps have
detected statistically significant warming trends in cave air temperatures, at about
half the rate observed outside [3]. Similarly, historical temperature comparisons in
Slovenian show caves indicate significant warming, often linked to rising outside
temperatures [161, 162]. This thermal decoupling, where the cave interior warms

with a delay of decades, offers a unique perspective on climate alteration.

The implications of climate warming for subterranean environments and their
unique ecosystems are profound [152, 163]. Cave-dwelling species, having evolved
in thermally stable conditions, are highly sensitive to even subtle temperature changes
and may face challenges due to low adaptive potential and limited dispersal capa-
bilities, potentially leading to local extinctions. While caves can act as thermal
refugia for some surface species, they may simultaneously become “dead-end traps"
for their obligate inhabitants [152]. Beyond direct biological impacts, warming
can affect crucial cave processes such as ice formation and persistence, with some
ice caves already experiencing enhanced melt and projected to lose perennial ice
within decades [3]. Changes in temperature also influence cave ventilation patterns,
humidity, and condensation processes, which are critical for speleothem growth and

the overall cave microclimate.

Anthropogenic activities, particularly tourism, represent another significant factor
influencing cave temperatures. Heat input from visitors, lighting, and electrical
equipment can noticeably increase cave air temperatures, especially in frequently
visited areas. This is evident in Postojnska Jama, where both the Pulpito and Sepolcro

sites show a strong correlation between air temperature and visitor numbers [162].
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Understanding these impacts is crucial for the effective management and conservation
of geoheritage sites, including prehistoric caves with invaluable artwork. Examples
include Chauvet, Esparros, and Pech Merle Caves in France, where temperature
monitoring is critical for preserving prehistoric paintings [164, 159, 160]. Studies in
these caves highlight the importance of understanding and mitigating the thermal
impact of even limited human presence. Such impacts are not unique to caves, as
underground urban infrastructure also experiences significant temperature changes

due to human activities, leading to subsurface heat islands [165].

The development of automated digital dataloggers over the past two decades
has revolutionized speleoclimatology, enabling long-term measurements with higher
temporal resolution of cave air, water and rock temperatures. Designing effective
cave monitoring system involves careful consideration of sensor placement, resolu-
tion, accuracy, sampling frequency and data accessibility, mainly depending on the
measurand is intended to be measured [166]. Although modern dataloggers can offer
high reliability in normal operating conditions, the extreme environment of the cave,
with 100 %rh of relative humidity, can alter the performance of the device mostly
because of condensing water. Low-cost dataloggers such as the HOBO MX2205
or the TinyTag Plus 2, often employed for cave monitoring, are housed in robust
waterproof (IP68) cases designed for use in harsh and outdoor applications. Such
instruments can measure just one or two probes, requiring the installation of many
acquisition units for monitoring more sites of interest inside the cave. Another down-
side is that such devices are normally fixed on rocks very close to the monitoring
point, often not easy to reach for maintenance, for instance to substitute batteries.
A different approach is to use dataloggers of higher quality specifically design for
environmental monitoring that are able to read more thermometers at the same time.
These dataloggers can measure thermometers with a 4-wires technique, reducing
the effect of parasitic resistances of the wires and thus the temperature error. The
possibility of using long wires, even longer than 10 m, permits the monitoring of
more points or quantities of interest, such as air/rock temperature gradients, located
far from the acquisition unit. Compared to low-cost option, these dataloggers have
better performance, especially in terms of resistance measurement uncertainty, a
contribution in the overall uncertainty budget for temperature measurements. More
details on how this type of datalogger can be tested are given in Section 3.1. Never-
theless, these devices are not designed to be rated IP68, hence some cautions should

be taken when installing them in extreme environments such as in the caves.
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Despite the adopted strategy, what is missing in literature is a rigorous applica-
tion of metrology principles to the temperature measurements performed in caves.
In many studies a comparison is involved, between the internal and the external
environments or between different caves, requiring that SI traceability is established.
However, the term “traceability” is never mentioned in literature and likely it is
not guaranteed in the mentioned studies. Furthermore, long-term monitoring of
temperature requires that the thermometers shall be periodically verified and/or
calibrated, to remove potential instrumental drifts, something that is partially taken
into account only in one recent study [3]. To show how a metrologically rigorous
method can enhance the quality of temperature measurements in caves, a case study
based on the monitoring of the Bossea cave is reported. In particular, the results
of a verification campaign are presented to show how such methodology is crucial
for correcting temperature errors, for instance due to power supply failures or drift
of the measurement system. A description of the installed thermometers network
and related issues is given in Section 6.1. The methodology considered for the
verification campaign, along with the associated results, is reported in Sections 6.2
and 6.3. The campaign highlighted a systematic error affecting the datalogger, which
was estimated and corrected as reported in Section 6.4.

6.1 Bossea’s thermometers network

In 2021 the Politecnico of Torino, in collaboration with INRiM, installed a new net-
work of thermometers inside the cave of Bossea, a show cave located in the province
of Cuneo in Piedmont. The monitoring of physical (temperature, pressure, air and
water flow) and chemical parameters (for instance CO, and Rn concentrations) inside
the cave is active since 1969, making Bossea the most prominent and comprehensive
underground karst laboratory in operation in Italy. Since the first installations, the
equipment has undergone several renovations to keep up with technological advance-
ments and improve the measurement quality [167]. The adopted strategy for the
new network was to install a datalogger, in the five monitoring points shown in
Figure 6.1, capable of acquiring more than one sensor having length of wires up to
60 m. The calibration of the Pt100 thermometers was carried out at INRiM using a
thermostat bath and comparing them with a reference setup. Note that the ALMEMO

dataloggers directly apply the standard Callendar-van Dusen equation, given in the
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standard IEC 60751:2022 [168], to resistance measurements. A polynomial curve

was used to correct the temperature readings having the form:
Teat = a Ty + (140) Traw + ¢, (6.1)

where T¢, is the corrected temperature after calibration, T,y is the raw temperature
reading given by the datalogger, whereas a, b and c are the coefficients of the curve
obtained through calibration. A key aspect is that the sensors under calibration
were read using the same datalogger installed in the cave, the ALMEMO 5690,
hence ensuring the traceability of the whole measurement chain: datalogger-wires-
sensor. The expanded calibration uncertainty declared with a 95 % of confidence was
0.03 °C for all the sensors, suitable for long-term detection of temperature anomalies
and comparison between different thermometers in this environment. Additional
information about the calibration is available in [169].
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Fig. 6.1 Map of Bossea cave showing the monitoring points where thermometers are installed.

Although the chosen datalogger is designed specifically for environmental mon-
itoring, the manufacturer recommends to use it in non-condensing conditions, a
requirement that cannot be met in a cave. To avoid condensation of water on the case,
an electrical heater was installed inside the plastic boxes housing the dataloggers.
In this way, the temperature inside the box slightly increases, compared to the cave,
which avoids condensation by reducing the relative humidity inside the box. An

example of installation is shown in Figure 6.2 where the electrical heater is visible.

Much of the instrumentation in Bossea requires electricity for its operation.
While it is easy to access, given that it is a show cave, there is a strong dependence
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Fig. 6.2 Example of datalogger installation in a monitoring point of the Bossea cave. On
the internal wall, on the right, it is visible the electrical heater used to reduce the relative
humidity and avoid water condensation on the datalogger.

on it: power supply failures and voltage dips are in fact the main causes of data gaps.
During 2023, a power failure lasted about a month and a half from April 25th to June
11th. The prolonged absence of power supply favored the condensation of water in
the housings, which led to faults in the measurement system. Figure 6.3 shows the
time series of three thermometers installed at Porfiroidi, one of the monitoring sites,
which measure the temperature in meta-volcanite rocks at different depths. It is clear,
especially for the rock temperature at 1 m depth, that an offset was introduced in the

temperature signal because of an unknown measurement error.

In the period 05/03/2025-06/03/2025 an on-field campaign was conducted to
verify the calibration of the PRTs and better investigate the faults of the measuring
system. The verification is planned to be a routine activity to guarantee the required
measurement accuracy and comparability among the several sensors. The thermome-
ters under test were read using their same datalogger, guaranteeing the verification
on the entire measurement chain: datalogger-wires-sensor.
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Fig. 6.3 Time series of three thermometers installed at Porfiroidi, one of the monitoring sites,
which measure the temperature in metavolcanites at different depths.

The cave monitoring sites involved in the campaign are those called Sacrestia
and Porfiroidi (see Figure 6.1). Considering the limited time available, the harsh
environmental conditions and the difficulties of removing the sensors from the
installed positions, only a subset of sensors were verified in a liquid bath, transported
by INRiM, for each site. Furthermore, sensors were tested only at one temperature of
interest, which is fit-for-purpose considering the small variability of the temperature
in the cave between 8 and 10 °C.

Another goal of the campaign was to test a second procedure based on the
direct use of a comparator block in air and prove whether the natural thermal
stability of the cave is enough for verification purposes. This method would provide
the users with an easy to use system for self-validation in the future, based on
the involvement only of a block, a high quality multimeter/resistance bridge and
travelling reference thermometers provided by INRiM, thus excluding the use of the
liquid-bath thermostat, which is heavy to transport and handle in the difficult route
and challenging conditions inside the caves.

6.2 Methodology of the verification

The thermometers were verified by comparison with three reference Pt100 (internal
s/n NS03, NS10 and NS11) traceable to the ITS-90. A PolyScience thermostatic

bath (Figure 6.4a) filled with demineralized water, suitable for the measurement
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range of interest, was used to generate a controlled temperature environment. A
copper comparison block was crafted specifically for this purpose to increase the
homogeneity and stability between the references and the thermometers under test,
which was first used in liquid and then moved into air to test the second verification
procedure. Figure 6.4b shows the comparator and the positions of the reference
thermometers in the block, whereas Figure 6.4c shows the Fluke Super-DAQ 1586A
temperature scanner used to read the reference Pt100s in ‘scan’ mode setting a

‘medium’ sampling rate (1 s for each channel), corresponding to one record every 3s.

(a)

Fig. 6.4 Instruments used for the in situ verification: (a) The PolyScience thermostatic bath.
(b) A copper comparator block where reference sensors are positioned as highlighted in the
picture. (c) The Fluke Super-DAQ 1586A temperature scanner.

Because of the unique conditions inside the cave, a dedicated validation protocol
was written, which includes analysis of measurement procedures and of the uncer-
tainty components. For this reason, before transporting the instruments to the cave,

characterization measurements were performed in the lab to check:

* Thermometers self-heating using the temperature scanner instead of a full
resistance bridge (used for their calibration).

* Stability and homogeneity of the comparison block.

* Performance validity of the Super-DAQ for environmental conditions found in
the cave (Teny =~ 10°C, RH =~ 100 %rh).

Self-heating

The temperature scanner is a data acquisition system designed to read many ther-

mometers at the same time. Given its scanning nature, the system supplies current
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(1 mA, the same used for calibration) only during the sampling interval (1 s for each
channel in our configuration). This type of acquisition differs from the employed
calibration procedure for which a resistance bridge, the ASL/WIKA F18, was used.
Indeed, the AC resistance bridge continuously supplies current to the measured
resistances, resulting in different self-heating with respect to the on/off behavior
of the scanner. Since the calibration curves refer to stabilized conditions using the
AC bridge with 1 mA of current, we estimated the self-heating of the thermometers
considering the operating conditions during the validation procedure, which will
enter in the uncertainty budget of the validation accounting the different behaviors
between our measuring system and the one used for calibration. The three Pt100s
were inserted in the block, in the corresponding positions, inside the bath set at 8 °C
and read using the Fluke 1595A resistance bridge, which has a function to estimate
the self-heating by varying the input current. The self-heating errors for each sensor
are those in Table 6.1. In principle, a similar procedure should be also performed in

Table 6.1 Self-heat estimated for the reference Pt100s.

Serial number ATl heat/ MK
NSO03 4
NS10 4
NS11 3

air to evaluate the self-heating for the second validation procedure that was tested.
Nevertheless, best practices for self-heating evaluation in air are not yet defined
since it strongly depends on air flow intensity and on the exposure of system to
the flow, which were not possible to define for each cave site. For this reason, the
total estimates of the self-heating were not applied as corrections, instead they have
been used as components in the uncertainty budget for the procedure based on the
comparison block in air.

Stability and homogeneity of the comparator

Before employing the comparison block for the validation, it was characterized
in terms of homogeneity and stability inside the bath at 8 °C using the reference
Pt100s. The stability is estimated by the difference between the maximum and

minimum of the temperature recorded by one of the reference sensors in a 15-min
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window once the oscillations are within =5 mK. Thus, the stability of the block was
estimated as the maximum stability among reference sensors, which was equal to
I mK. Then the homogeneity was estimated as the maximum difference between the
thermometers positioned in the block during the same time frame, which resulted
equal to 4 mK. The characterization of the block in air was not performed since
the stability and air flow of the climatic chamber is not representative of the cave
environment. However, stability and homogeneity were evaluated on site for each

monitoring site and validation procedure.

Testing cave conditions

The performance of the Super-DAQ was then verified in harsh environmental condi-
tions such as those in the cave. The measuring system, reading a stable reference
in the block inside the bath set at 9 °C, was placed in a climatic chamber (Kambic
KK-190 CHLT) first at Tehamber = 20°C, RH = 50 %rh and then at 7.y mper = 10°C,
RH = 100 %rh to verify if there was a significant change in the measurements. The
difference between the two ambient conditions was estimated to be equal to 1.3 mK,
with an associated standard uncertainty of 4.8 mK, proving that the obtained mea-
surements are comparable and within the specification of the scanner, hence no

further corrections were considered.

6.3 In situ verification

On 05/03/2025 the instruments were transferred to the cave for the measurement
campaign. The verification process started at the Sacrestia site where six thermome-
ters were validated by comparison (see Figure 6.5a) using the bath set at 9.5 °C,
which was the closest to the measurement conditions of the sensors under test. The
dataloggers (ALMEMO 5690) used to measure the thermometers under verification
were configured to sample each channel every 5s. After the comparison in liquid,
the block has been exposed to air (see Figure 6.5b) and let it stabilize at the ambient
conditions. A preliminary analysis made on site showed that the stabilization of the
block in air was comparable to the bath and enough for the verification campaign
(more details here below). The main difference is that the block and the thermometers
stabilize at a non-controlled temperature, which is however representative of the
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(b)

Fig. 6.5 (a) Comparator block inside the bath. (b) Comparator block exposed to free air.

ambient temperature. Due to the measured performance, for the other monitoring
site (Porfiroidi) only the block in air was used (Figure 6.6) to simplify the logistics
and the instruments’ transport.

Fig. 6.6 Comparator block exposed to free air during verification at Porfiroidi.

For each verification site a stabilization interval, defined as a 15-min time window
in which the oscillations are smaller than 45 mK, is identified from the values of the
reference Pt100s. The reference temperature T ¢, representative of the average block
temperature, is estimated by taking the average of all the reference Pt100s during
the stabilization interval. Using this estimate, for each sensor under verification is
evaluated the temperature difference ATy ; = Tref — T cal,i» Where T g1 is the mean
temperature value obtained from the measurements of the i-th sensor under test
applying the corresponding calibration curve. The uncertainty u(ATy ;) is calculated
using the following components which were evaluated from the measurements for
each sensor:
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- Uref.cal: calibration uncertainty of the reference.

- Urefgd: UNcertainty associated with the repeated measurements of the reference
during stability and evaluated as &(Tief) /+/Nret, Where N is the number of
measurements.

- Urefres: Uncertainty associated with the resolution of the reference data acqui-
sition system.

- Ugap: Uncertainty related to the time stability of the reference temperature,
evaluated as the max-min of the reference time series weighted by a uniform

distribution.

- Uspatial: uncertainty related to the spatial homogeneity of the temperature
across the comparator block, evaluated as the maximum temperature difference

between the reference Pt100s weighted by a uniform distribution.

- Ugelf-heat: UNcertainty associated with the self-heating of the reference Pt100s

and evaluated by weighted with a uniform distribution the maximum ATe|f pheqt-
- Ugest-cal,i- UNcertainty associated with the calibration of the sensor under test.

- Uest-sd,;: uncertainty associated with the repeated measurements of the sensor
under verification and evaluated as 6 (7q1;)/+/N;, Where N; is the number of
measurements.

Eventually the total standard uncertainty is obtained by summing in quadrature
all the above components:

_ 2 2 2 2 2 2 2 2
M(ATV,i) - \/uref-cal + uref—sd + uref—res + ustab + uspatial + uself—heat + utest-cal,i + utest-sd,i'
(6.2)
After having evaluated the uncertainty associated with AT;, the comparison index E;
for the verification is calculated as:

ATy

The criterion for determining validated sensors is the following: thermometers
with |E;| < 1 are considered to have a valid calibration, otherwise they should be
recalibrated. However, considering the small variability of the temperature measured
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by the thermometers and assuming a constant drift across the calibration interval, the
sensors readings can be corrected provided that a further uncertainty term is added

to the calibration uncertainty as suggested by the GUM [5]:

Tcor,i = Lcal,i + ATV,b (6-4)

(Tiori) = \f12y 12 (ATY), 6.5)

where: T.o; is the corrected temperature corresponding to the reading Tcyy ;. u(Tcor’ i)
is the uncertainty of the corrected temperature and u,; ; 18 the calibration uncertainty

of the thermometer.

The temperature differences with respect to the reference temperature, the corre-
sponding uncertainty and the comparison index are reported for each sensor in the
following tables related to a specific monitoring site. For the Sacrestia verification,

the results for the two different verification procedures are reported.

Sacrestia

The results of the comparison in liquid for each sensor are shown in Table 6.2,
whereas Table 6.3 reports the results for the validation procedure using the block into
air. For this site, the estimated reference temperature using the bath is 7ot = 9.419°C,

whereas for the comparison in air is Tt = 9.790°C.

Table 6.2 PRT verification in liquid at Sacrestia site.

Sm Te/°C  AT/°C  u(AT)/°C  U(AT)/°C(k=2) E

MO1 9.33 0.092 0.016 0.033 2.83
MO2 9.32 0.102 0.016 0.033 3.12
MO03 9.33 0.088 0.012 0.024 3.70
MO0O4 9.34 0.078 0.016 0.033 241
MO5 9.32 0.100 0.016 0.033 3.07
MO06 9.34 0.083 0.016 0.033 2.55

As is it clear from the comparison index, none of the sensors passed the verifica-
tion, thus they should be corrected as described above. The uncertainty u(ATy ) is
identical for the two validation procedures, proving that using the comparison block
in air ensures a sufficiently stable and uniform reference system to be employed for
on-site testing. Indeed, the estimated stability and homogeneity in air were 4 mK
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Table 6.3 PRT verification in air at Sacrestia site.

Sm  T./°C AIy/°C  u(ATy)/°C  U(ATy)/°C(k=2) E

MO1 9.70 0.090 0.016 0.033 2.76
MO02 9.68 0.108 0.016 0.033 3.32
MO03 9.71 0.083 0.012 0.024 3.52
MO04 9.75 0.043 0.016 0.033 1.30
MO05 9.68 0.110 0.016 0.033 3.36
MO06 9.72 0.073 0.016 0.033 2.25
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Fig. 6.7 Measurements of the reference thermometers showing the time required to stabilize
the comparator block exposed to free air. The time instants highlighted by the black dashed
lines correspond to the removal of the block from the bath and to the reached stabilization of
the block.

and 6 mK, which are small compared to other uncertainty terms and about the same
estimated on site for the bath. An estimate of the time required for stabilization can
be made by looking at the temperature time series of the references in Figure 6.7.
The time required for stabilization is about an hour and a half, with a thermalization
rate of approximately 0.2 °C/h. This value strongly depends on the air flow around
the block and can vary in different locations of the cave. Nevertheless, with the
purpose of future periodic verifications, one or more comparators could be left in the
cave close to the monitoring sites, thus ensuring that they are already thermalized

and ready for taking measurements.
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Porfiroidi

The estimated reference temperature using the block in air is 7ot = 8.990°C. Also
for this site the thermometers do not conform with their calibration, with an absolute
error that is much more pronounced, more than 0.5 °C, compared to the sensors in

Sacrestia. Assuming a constant error after the power failure during spring 2023, the

Table 6.4 PRT verification in liquid at Porfiroidi site.

S/n Tea/°C  Ay/°C  u(ATy)/°C  U(ATy)/°C(k=2) E

MO0 8.42 0.574 0.021 0.042 18.7
MO3 8.39 0.602 0.016 0.033 18.5
MO04 8.40 0.591 0.016 0.033 18.2
MO8 8.39 0.598 0.016 0.033 18.4
M09 8.41 0.577 0.012 0.024 24.5
M41 8.41 0.579 0.016 0.033 17.8
M42 8.39 0.598 0.016 0.033 18.4

measurements are corrected and plotted in Figure 6.8. It is evident that applying
the estimated correction enhances the temperature offset that was shown in Figure
6.3, even changing its sign. The corrected measurements, at least those close to
the validation event, are considered trustworthy since relying on estimates done
by the reference measurement system, which was tested in laboratory for the cave
environment. On the other hand, after the first calibration of the monitoring setup,
an on-site verification was not performed, trusting the corrected records of the
dataloggers. The shown discrepancy visible in the time series suggests that also the
measurements before the power failure are affected by some sort of error due to the
datalogger, which was not detected before. A further investigation of this problem

and a possible solution are presented in Section 6.4.

6.4 Datalogger faults and error correction

An additional campaign of measurements was conducted on 06/06/2025 to check the
correct operation of the dataloggers. An ALMEMO 710, which operates as the 5960
model but with the advantage of being portable, was recently purchased by INRiM
and was used for the purpose. At each monitoring site, a comparison between the
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Fig. 6.8 Time series of three thermometers installed at Porfiroidi. The measurements after
the power failure are corrected using the verification results. The correction enhances the
temperature offset between the two portions of the time series, proving that an additional
error affects the measurements before the failure event.

dataloggers was done by reading each sensor first with the 5960 and then with the
710. The goal was to test the raw acquisitions, without applying any calibration
curve. This method is consistent because the dataloggers were used in sequence to
read thermometers that are subjected to a fairly stable environment. The difference
ATp i = Traw-ret,i — Traw-DAQ,i 18 €valuated for each sensor to verify channel-depending
effects: Traw-ref; 18 the raw reading of the i-th sensor using the reference datalogger,
whereas Tiaw-paQ,i 18 the raw reading performed with the installed datalogger. Since
the acquisition circuit is shared among the sensors, the average of the observed
differences, ATp, is taken as the best estimate. A standard type-A measurement
uncertainty is evaluated by considering independent measurements between the
different channels, which is reasonable since the sensors are installed in different

points of the cave.

Table 6.5 Temperature differences evaluated on 06/06/2025 by comparing the readings of
the installed sensors obtained with the installed datalogger, the ALMEMO 5960, and with a
reference portable acquisition device, the ALMEMO 710.

Site ATH/°C  u(ATp)/°C

Sacrestia 0.231 0.003
Porfiroidi 0.725 0.001
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The results of these evaluations, reported in Table 6.5, prove that a non-negligible
difference is observed, which leads to a temperature error that can be estimated by

evaluating the following equations:

Tear = a(Traw +ATD)2+ (1 +b) (Traw +ATD)+Ca (6.6)
ep = Toal — Toar = —aATp — 2aToawATp — (1 +b)ATp ~ —ATp.  (6.7)

The term T, represents in this case the measurements obtained by applying the
calibration curve to the raw readings which are affected by a systematic error. On the
other hand, the term T, corresponds to the measurement obtained by correcting the
raw readings adding the temperature difference ATp before applying the calibration
function. The error €p is estimated by the difference between the two terms, which is
approximately equal to —ATp because the predominant term c is sorted out, leaving
the a and b coefficients which are one order of magnitude smaller than ATp.

The temperature correction ATp is coherent in sign with A7y, but can only
partially explain it. To align the quantity 7¢,p to the corrected temperature ¢, seen
in the previous section, it is necessary to evaluate another correction applied to the

calibration-corrected values:

ATs = ATy + ep = ATy — ATp, (6.8)
Teor = a(Traw + ATp)* 4 (1 4 b) (Traw + ATp) + ¢ + AT (6.9)

Since ATp > ATy, the additional correction to be applied is negative, meaning that
the resistance read during validation was larger with respect to the reference, and
not the opposite. This behavior is compatible with what known for PRTs, since
possible oxidation or induced mechanical strain on the sensing element generates a
greater resistance. For this reason, the subscript “S”, which stands for “Sensor”, is
used to distinguish such a correction. Taking as an example the thermometers M0O,
MO8 and M09 at Porfiroidi, the calculated ATg is —0.16°C,—0.12°C and —0.14 °C,
which converted in linear instrumental drift correspond to about 0.03 °C/y. Platinum
thermometers usually have a time drift per year in the mK range, but works studying
the drift in constant high-saturation conditions at a reasonably stable temperature
are missing. Probably, the long power interruption also affected the sensors in a not
determinable, introducing a steep increase of their resistance, which is difficult to
isolate from the standard time drift of a Pt100.
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The uncertainty of the temperature estimated in this way is evaluated by:

u(Toor) = /12y + 12 (ATh) + 2(ATs) — 2c0v(ATp, ATs) = /i + 12 (ATY).

(6.10)
In the end, considering the covariance between ATp and ATg, the uncertainty is
identical to that of Equation 6.5, thus it is the same evaluated with the verification
procedure. Although both the estimates and the uncertainties do not changes, the
main advantage of reformulating the temperature correction in the form expressed
by Equations 6.8-6.9 is that the datalogger error is decoupled from the error of the
sensor. The comparison using the reference datalogger was much easier to perform

with respect to the verification process because it was necessary to transport only a
small datalogger in its own transportable case. This procedure should be repeated
every 3/4 months to check the stability of the datalogger error. In case of changes in
time of ATp, the above equations can be evaluated using the updated value to align
the measurements to the (last) verification event. Instead, a complete verification, as
described in Section 6.3, should be performed every two years to reduce the exposure
of laboratory-grade instruments to the cave environment, but also because of the

logistical issues one has to deal with for transporting such equipment.
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Fig. 6.9 Harmonized time series of three thermometers installed at Porfiroidi. The measure-

ments before and after the power failure are corrected using the error model described in
Section 6.4.

The developed error model allows to tackle the problem of time series harmo-
nization at Porfiroidi site, reducing the temperature offset introduced by the data gap,

as previously shown in Figure 6.3. As already proved, correcting only the measure-
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ments after the power failure enhances the discontinuity between the two parts of
the time series (see Figure 6.8). Assuming that the corrected measurements after the
failure event are reliable, it is also necessary to correct the measurements before the
data gap to harmonize the series. Indeed, the error affecting the datalogger readings
could have been present also before, but with a different intensity. A correction
of the readings ATp, is then visually estimated by trial and error and applied to
the measurements. Feasible identified values are in the interval [0.49,0.52] °C: the
average is taken as best estimate, whereas the associated uncertainty is evaluated
by considering a uniform distribution over the interval. Therefore, the applied cor-
rection is ATp, = 0.505°C with a standard uncertainty u(ATp,) = 0.01°C, which
should be added in quadrature to the calibration uncertainty for evaluating the over-
all uncertainty of the corrected measurements. Figure 6.9 shows the result of the
harmonization, with the corrected measurements having an expanded uncertainty,

with a 95 % of confidence, of 0.04 °C for both portions of the time series.

6.5 Summary of main achievements

This chapter focuses on the results of an on-field verification campaign, conducted
to verify the calibration of the Pt100s network, installed in the Bossea cave, after
a power line failure event that lasted more than a month. The main goal was to
ensure traceability to the national standards and comparability between different
thermometers. A dedicated verification procedure, based on the use of a thermostatic
bath on site, was conceived and performed by the INRiM staff, as also the analysis
of all the uncertainty components based on laboratory measurements and on-site
evaluations. A second product of the campaign was the performance assessment of
the verification based on a copper comparator block (Figures 6.5 and 6.6) exposed to
free air, which resulted in equivalent results compared to the use of a thermostatic
bath. In particular, the temperature stability and uniformity were estimated to be 4
and 6 mK, which are suitable for the intended use. The main drawback of using the
comparator block in air is the longer stabilization interval, which is in the order of
a couple of hours but can vary depending on the ventilation conditions in the cave.
Independently from the employed method, the verification proved that none of the
sensors conformed with their calibration, with a deviation of about 0.6 °C for some

thermometers. The differences against the reference system can be used to correct
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Fig. 6.10 Comparison between the time series of sensor MOS8, installed at Porfiroidi site in
rock at 5 cm depth, before and after applying the correction of measurements.

the measurements thanks to the small variability of the temperature signal, which is
in the order of 0.1 °C. This approach avoids to carry the sensors to the laboratory
for a complete calibration, which is more expensive and requires more time. An
additional uncertainty associated with the correction has been also evaluated from the
verification process which is about 0.03 °C with k£ = 2 corresponding to a coverage
probability of 95 %.

The campaign also revealed an error associated to the datalogger readings, which
was further investigated by a comparison with a reference datalogger. An error
model (Equations 6.6-6.10) was developed to compensate such behavior and align
the temperature correction with the one obtained by the verification procedure. The
use of this error model also allowed to harmonize the measurement time series,
removing the temperature offset that was introduced by the power supply failure as
shown in Figure 6.10. After correcting the values, the final type-B measurement
uncertainty associated with the measurement is about 0.04 °C with k =2 and a

coverage probability of 95 %.

The reported results prove that a rigorous metrological approach is mandatory
when dealing with measurements, especially to make sure that the measurement data
products are traceable to the national standards. Without a guaranteed traceability
of the instruments, the comparison between different temperature sensors is not

reliable, even meaningless. Furthermore, a periodic verification allows to detect an



160 Verification of thermometers in caves: the Bossea case study

eventual instrumental drift, that could be confused for a climatological temperature
anomaly. It is undeniable that the application of metrology principles requires
more effort, in terms of competences and available instrumentation, particularly
in extreme conditions such as those in a cave. This is the reason why the proved
performance of the validation procedure in air will drive in the future the realization
of a self-validation system, which will facilitate periodic test of the sensors without
the need of an expensive instrument as the liquid-bath thermostat, which is also
heavy to transport and handle in the challenging conditions inside the caves. The
self-validation system will be used not only for the Bossea cave, but also in the
context of a citizen science project called “Underground Climate Change” (UCC)
that has the goal of establish a climate monitoring network of italian caves, at the
moment composed by 18 caves. Even if standardized instruments were chosen
and an installation protocol was defined, only low-cost dataloggers are installed,
such as the HOBO MX2205, due to the limited budget of the project. To ensure
comparability between different caves are therefore essential periodic verifications
of the probes against a reference system, demonstrating the crucial role of the

methodology reported in this chapter.


https://www.progettoucc.it/

Chapter 7
Conclusions

This dissertation has examined how the rigorous principles of metrology can be
systematically applied to climate monitoring. Although surface and flux measure-
ments are routinely collected worldwide, the quality of these observations is often
compromised by subtle but systematic sources of error. These range from instru-
mental limitations of acquisition systems to siting practices that bias readings, from
environmental interactions with sensors to the absence of routine verification. If left
unaddressed, such issues propagate into climatological datasets, undermining their
reliability for detecting variability, attributing change, and supporting international

assessments.

The central ambition of this work has been to demonstrate that climate monitoring
must move beyond routine data collection and adopt a reference paradigm, where
observations are traceable to the SI, redundantly measured, and accompanied by
uncertainty budgets. Across the case studies developed in this thesis, this ambition
has been addressed in practical terms: from the design of a Climatological Reference
Station (Chapter 2), to detailed analyses of air temperature uncertainties (Chapters
3-4), to the propagation of uncertainties in ecosystem fluxes (Chapter 5), and finally
to the verification of unconventional measurement sites (Chapter 6).

7.1 Main Scientific Contributions

The first major contribution is the design and deployment of a Climatological Ref-
erence Station (CRS). This prototype, realized at INRiM, integrates redundancy,
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calibration traceable to the SI, and comprehensive uncertainty analysis. By embed-
ding metrological principles into the architecture of the station, the CRS addresses
the shortcomings of conventional automatic weather stations, which are prone to
inhomogeneities arising from untracked changes in sensors or siting. The CRS
represents a practical step toward the vision of a GCOS Surface Reference Network
(GSRN). Its configuration showed how redundancy between instruments can provide

internal consistency checks, while detailed calibration ensures traceability.

A second contribution is the quantification of measurement system uncertainties
in air temperature observations. Two critical sources of uncertainty were investigated:
(i) the sensitivity of datalogger electronics to case temperature, and (ii) the effect of
rainfall on shielded thermometers. Laboratory characterization of the SIAP DA18K
datalogger revealed systematic biases linked to thermal sensitivity. These deviations
are larger for decreasing ambient temperature, being about 0.07 °C at —10 °C, which
far exceeds the manufacturer’s declared specifications of 0.02°C. Additionally,
the rainfall experiments demonstrated that wetting of naturally ventilated shields
can cause transient cooling of up to 4 °C (Figure 3.16), with recovery times that
are shorter for forced-ventilated screens. These findings highlight that acquisition
electronics and environmental interactions are integral parts of the measurement
process and must be explicitly included in uncertainty budgets. Collectively, this
chapter contributes to the Measurement Quality Classification Scheme promoted
by the WMO, providing empirical evidence for categories of uncertainty that were

previously under-characterized.

A third contribution lies in the quantification of the influence of installation
height on air temperature records, a long-standing but insufficiently quantified source
of variability. By simultaneously operating eight calibrated Pt100 sensors at 1.25,
1.50, 1.75, and 2.00 m, the study demonstrated systematic biases between heights,
with maxima up to 0.35 °C and minima down to —0.65 °C at 1.25 m relative to the
2 m reference. These biases were especially pronounced under stable nighttime
conditions and during summer, when vegetation growth enhanced near-surface gra-
dients. A correction model based on solar radiation successfully reduced daytime
biases, decreasing the maximum offset at 1.25 m from 0.35 °C to 0.14 °C. These re-
sults show that height-dependent effects are climatologically significant, particularly
for extremes, and call for either a stricter standardization of installation height or

systematic correction procedures in climate data homogenization.
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The fourth contribution is the extension of metrological approaches to eddy
covariance CO, flux measurements, producing one of the first GUM-compliant
uncertainty budgets for turbulent fluxes. By constructing a full uncertainty budget
and deriving effective sensitivity coefficients, the work quantified how uncertainty
components propagate into estimates of net ecosystem exchange and annual carbon
budgets. The application of the methodology to the measurements taken at San
Rossore’s site revealed the decisive role of correlations between flux measurements
in shaping annual carbon budgets. Moreover, the use of a weighted regression
approach for gap-filling incomplete flux time series showed how uncertainty infor-
mation can influence parameter estimation of flux—meteorology relationships and
the corresponding uncertainty. These methodological advances have direct relevance
for networks such as ICOS and AmeriFlux, where harmonized uncertainty reporting

is still developing.

Finally, the dissertation contributed by adapting verification protocols to an
unconventional environment, such as that of a cave. The dense network of Pt100
thermometers in the Bossea cave was subject to an in situ verification campaign fol-
lowing a power failure. Using thermostatic baths and comparator blocks, deviations
of up to 0.6 °C were identified between calibration and operational values. Correc-
tion models were then applied to harmonize the time series. This study demonstrated
that verification is essential even in seemingly stable subterranean environments
and that metrological practices can be successfully transferred beyond conventional

meteorological stations.

Together, these contributions illustrate that the metrological approach is not
limited to laboratories but can be successfully applied across the full spectrum of

climate monitoring contexts.

7.2 Broader implications and limitations

The dissertation demonstrates that uncertainties in climate monitoring are multi-
dimensional, encompassing instrumentation, acquisition systems, siting, and environ-
mental influences. By systematically quantifying these factors, the thesis contributes
to ongoing international initiatives such as the GCOS Surface Reference Network
(GSRN) and the WMO-led Global Basic Observing Network (GBON).
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The developed CRS prototype can serve as a testbed for future standardization
of reference-grade sites, whereas the datalogger characterization is crucial to have
a complete knowledge of the data acquisition chain for reference measurements.
Furthermore, the developed protocol will be the foundation for laboratory testing of
dataloggers which will be used in the intercomparison of climate monitoring stations
joining the pilot phase of the GSRN. The tests and intercomparison phase will be
conducted by INRiM in the following two years exploiting the same facilities and

experimental area reported in Chapters 3-4.

The corrections for rainfall and installation height provide actionable improve-
ments to WMO No. 8, especially for siting and exposure classification of thermome-
ters. The propagation of uncertainty in EC fluxes directly supports the methodologi-
cal development of ICOS and similar flux networks, becoming the first step to fill the
identified metrological gap. Finally, the verification protocols for cave thermometers
highlight how reference principles can be extended to unconventional monitoring
contexts, which starts to draw the attention of climatologists.

Conceptually, the work reinforces the principle that prevention is preferable to
correction. While statistical homogenization will remain necessary for historical
records, the future of climate monitoring should be built around systems that min-
imize inhomogeneities at their source. This shift in philosophy has the potential
to improve the reliability of climate records while reducing the effort required for

post-processing.

At the same time, several limitations must be acknowledged. The CRS prototype
represents a single-site implementation, and its scalability to diverse climates and op-
erational conditions remains to be demonstrated. The rainfall and installation height
experiments were conducted under specific conditions, and replication across differ-
ent climates, vegetation covers, and wind regimes would strengthen the conclusions.
The eddy covariance uncertainty budget relied on assumptions about correlation
structures that need validation using detailed calibration budgets at multiple sites.
Finally, the thermometer verification in the cave using the copper comparator in air
needs to be refined and further tested to ensure its efficacy in different caves, with
stabilization times compatible with on-field activities. These limitations point not to
shortcomings but to natural boundaries of a project conducted with limited resources

in a defined time window.
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7.3 Future Perspectives

Looking forward, several avenues of research and development emerge from this
work. A clear priority is the expansion of instruments installed on the CRS for
measuring other ECVs, such as soil moisture. The recently concluded SoMMeT
project investigated the metrological traceability of Cosmic Rays Neutron Sens-
ing (CRNS) probes, which are capable of estimating soil moisture based on the
counting of secondary epithermal neutrons interacting with water molecules in the
soil. Inspired by the issues encountered by the members of the project consortium,
INRiM started an activity for the characterization of this kind of probe using the
research nuclear reactor at the LENA facility in Pavia. The aim is to generate neutron
fluxes comparable to those in the outdoor environment, which would allow to test the
detector electronics without reaching saturation. The research is underway, following

the metrological principles that characterize this dissertation.

Further controlled experiments are needed to refine the understanding of envi-
ronmental influences on air temperature measurements. The effects of precipitation,
solar radiation, and wind should be further systematically studied across a variety of
shield designs and site conditions. A solar simulator has been recently installed at
INRIM facilities, specifically designed for use in combination with the temperature-
controlled wind tunnel developed within the MeteoMet projects. After the necessary
characterization of the combined systems, the tunnel will be used to produce en-
vironmental conditions controlled in temperature, wind speed, pressure and solar
radiation, enabling the implementation of new tests on solar screens. At the same
time, activities should be conducted to reduce the model uncertainty affecting acous-
tic thermometry in air. The reason is that a practical metrological principle states
that if you do not manage to reduce an uncertainty source, it is best to remove it
from the beginning. Non-contact methods are ideally immune to the radiative error,
hence they will likely complement the contact air temperature measurements in the
future. Nevertheless, attention should be paid on the sensitivity of instruments used
for non-contact techniques, such as sonic anemometers, which may show thermal

sensitivity as shown for the datalogger in Chapter 3.

In the field of flux measurements, the developed framework for uncertainty prop-
agation will be adapted to fluxes of latent and sensible heat or other scalar quantities
such as methane. Additional corrections will be considered in the measurement

model, especially those accounting for non-stationarity and frequency attenuation, to
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evaluate an uncertainty budget as complete as possible. Once a common method-
ology for uncertainty propagation is defined, coordinated efforts are required to
characterize the instrumental correlation of eddy covariance measurements, which is
specific to the adopted instrumentation. Eventually, particular attention shall be paid
to the gap-filling procedure, nowadays performed using Machine Learning or Neural
Networks models, whose reliability is yet to be studied, especially concerning the
propagation of input uncertainties and the uncertainty evaluation of the predictions.
In the end, establishing standardized GUM-compliant uncertainty reporting within
ICOS and similar networks would enhance comparability and improve confidence in
carbon budget assessments.

Calibration and verification protocols should also be standardized for the moni-
toring of temperature in caves. This unconventional environment is usually studied
by researchers or amateurs who lack metrological knowledge. In addition, low-cost
instruments are often used without knowing or having tested their possible time
drift, the main source of error and uncertainty when detecting temperature anomalies.
Proactive and scheduled campaigns would ensure continuity and traceability of long-
term records, reducing the risk of undetected biases and increasing the comparability

between different caves.

In summary, this dissertation has demonstrated that the systematic integration of
metrology into climate monitoring is both feasible and necessary. Through experi-
mental campaigns, methodological developments, and case studies, it has provided
new insights, tools, and prototypes that strengthen the foundations of climate science.
The work contributes to the shift toward reference-quality observations, reinforcing
the idea that climate data must be not only long and continuous but also traceable,
comparable, and uncertainty-quantified. At a time when global decisions depend on
robust climate evidence, the importance of such an approach is both scientific and

societal.
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Appendix A

A.1 Key sources of uncertainty in climate reference

measurements

Table A.1 summarizes key uncertainty sources resulting from instrumental compo-

nents, environmental effects, measurand definition and statistical processing.

A.2 Effective sensitivity coefficients for EC

The analytical expressions of the effective sensitivity coefficients described in Section

5.2 are here reported. The key components are the partial derivatives 55 for each

variable:
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The coefficients D, , /. represent the partial derivatives of the covariances sum with

respect to the average wind speed values:
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To evaluate the above expressions, it is necessary to calculate the partial derivatives

of the rotation coefficients (reported in Equations 5.7-5.9) with respect to the three

average wind speed components, for a total of 9 expressions:
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The effective sensitivity coefficient of the variable X is obtained by combining the

above expressions, as shown in Equations 5.16 and 5.17. The analytical expressions
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for general instrumental correlation coefficients, considering the homoscedastic

assumption, are the following:
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Table A.1 List of some key sources of uncertainty contributing to the overall budget. The
first and second columns report the general sources of uncertainty and useful references. The
corresponding components are listed in more detail in the third column.

Sources of Components Details
uncertainty
Instrument Measurement System and e Construction quality
Calibration * Resolution
References: * Instrument and logger calibration
* MQCS * Linearity
* Calibration * Hysteresis
guidelines * Time constant
* GUM * Drift with temperature

» Sampling method

» Sampling frequency

* Processing algorithm

* Digitization and rounding
* Response time

Instrument Coupling * Radiation screen
* Static pressure head
* Rain gauge fence screen

Maintenance and * Frequency of maintenance
Verification * Instrument and system drift with time
* Instrument and system ageing
* Instrument and system faults (that af-
fect data but do not cause failure)
* Cleanliness of instrument and site
* Sensor mechanical stress during trans-
port and operation

Environment Effects on instruments, not ¢ Evaporation of precipitation on screen
Effects detectable in laboratory (overcooling)

* Wind effects on measurement
References: * Condensation on temperature instru-
* MQCS ment
« Scientific literature * Solar radiation effects on measurement,
* GUM including reflected radiation

* Icing

* Exposure to extreme limits of use

Site Effects of obstacles at less ¢ Roads
than 100 m from the measur- e« Trees
References: ing points * Building
» Siting classification * Water sources
* Scientific literature * Slopes
Statistical Type A uncertainties * Datalogger sampling procedures, mean,
components standard deviation

» Statistics on big data

References:
* GUM




	Contents
	List of Figures
	List of Tables
	1 Introduction
	1.1 Background and Motivation
	1.2 Needs and Objectives
	1.3 Structure of the Thesis

	2 Climatological Reference Station
	2.1 Challenges with historical data series
	2.2 Key differences between weather and climate data
	2.3 Definitions and requirements
	2.4 Technical features of CRSs
	2.4.1 Reference-grade measurements and quantities of influence
	2.4.2 Traceability to establish comparability in time and space
	2.4.3 Redundancy
	2.4.4 Managing instruments change
	2.4.5 Uncertainty evaluation

	2.5 CRS Protoype
	2.6 Summary of main achievements

	3 Measurement system uncertainty of air temperature measurements
	3.1 Datalogger characterization
	3.1.1 Methodology and experimental setup
	3.1.2 Results and Discussion

	3.2 The effect of rain on air temperature measurements
	3.2.1 Methods
	3.2.2 Tests and results
	3.2.3 Discussion

	3.3 Summary of main achievements

	4 Influence of installation height on air temperature measurements
	4.1 Materials and Methods
	4.1.1 Calibration
	4.1.2 Data analysis procedure

	4.2 Results and Discussion
	4.2.1 Preprocessing
	4.2.2 Analysis of daytime and nighttime measurements
	4.2.3 Seasonal analysis
	4.2.4 Climatological analysis

	4.3 Summary of main achievements

	5 Metrology for fluxes: Eddy Covariance measurement uncertainty
	5.1 Background on Eddy Covariance
	5.2 Uncertainty propagation in EC
	5.2.1 Assumptions
	5.2.2 Uncertainty budget and effective sensitivity coefficients
	5.2.3 Uncertainty of the annual carbon budget

	5.3 Case study: San Rossore 2
	5.3.1 Results
	5.3.2 Discussion

	5.4 Summary of main achievements

	6 Verification of thermometers in caves: the Bossea case study
	6.1 Bossea's thermometers network
	6.2 Methodology of the verification
	6.3 In situ verification
	6.4 Datalogger faults and error correction
	6.5 Summary of main achievements

	7 Conclusions
	7.1 Main Scientific Contributions
	7.2 Broader implications and limitations
	7.3 Future Perspectives

	References
	Appendix A 
	A.1 key sources of uncertainty in climate reference measurements
	A.2 Effective sensitivity coefficients for EC


