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Executive summary

GAIACLIM, aH2020 project funded by the European Commission, @i dzLJLJ2 NIi 9 dzNB LIS Q&
Observation programme Copernicus by assessing and improving the fitmgagpose of sukorbital

(ground and balloonbased) reference measurements in the validation of obagonal data sets

from satellites. In particular, the project aims at improved traceability and uncertainty
characterization, of the individualub-orbital measurement systemand of the corparison with

satellite data.

A key issue in the geophysical vatidn of satellite data sets with respect to sobbital reference
measurements is the interpretation of their differences in terms of known, quantified, uncertainties.

This aspect includes not gnlthe measurement uncertaintiegssociated with the indivigal
measurements, but also the additional uncertainties that appear when comparing different
perceptions of the inhomogeneous and variable atmosphere, that is, when comparing data sets
characterized with different sampling and smoothing properties, botlspace and time. Those
GO2YLI NR&A2Y dzy OSNIFAY(GAS&E | NELIMWEK Padkdgg3. (12 LIA O 2 7

Deliverable 3.2 (D3.2) describes the concept of -lmration mismatch, and how the resulting
uncertainties can be decomposed and quantifigdough a careful metrological analysis of the
measurements and their comparison. It also provides an overview of available methods to quantify
these uncertainties so that they can be taken into account when interpretiegéisults of a data
comparison, ér exampldike in data validation and in data assimilation

The present GALKELIM deliverabl®.4 3.4 elaborates further on the quantification of docation
mismatch detailed in D3.2 and appl&satisticallybased and moddbased approache® severdcase
studies carried out on the Essential Climate Variables (ECVs) targeted withiCIGKIA

1 Sectiors 3 and 4 addressnvo meteorologicaprofile variables: temperature and humiditin
particular, Section 3 discu$aS) RAOBand GRUANomparisonsvhich are analyzed using
advancel statisticamethods developetly UNIBG an@NRMoreover, £ction4 summarises
the sonde intercomparisons as performed byLNP

9 Section5 addresses ozone. Here BHYB presens the OSSSMOSE results on ozpradile
comparisonsconsidering ozonesondes, mien@ve radiometers andIDAR

I Sectiors 6 and @address aerosol$n particular, in Section 6 it is reported the comparisons of
AERONET vs AATSR, wisdteveloped by FMI. Eventually, in Section 7, the comparison of
EARLINEJS CALIPS® developed by UNIBG and CNR.






1 Introduction

High-quality observational datasets from satellites constitute a key component of the European
/| 2YYA&aaA2yQa [/ 2LISNYyAOdzA LINRPINI YYSSE 46KAOK | AYa
authorities) with reliable and upo-date information related to environmental and security issues.
The climate change and atmosphere monitoring services in particular rely heavily on observations
from current and future satellite instruments measuring both kegteorological variables such as
temperature and humidity, and atmospheric composition, including greenhouse gases and- health
endangering pollutants.

For these services to be reliable arffeetive, it is a prerequisite that the underlying datds are fi-
for-purpose, i.e. that their quality is assured and that they meet user requirements. Quality assurance
in the context of satellite remote sensing has been defined in the context of the-GBOSEO
endorsed Quality Assuranéer Earth Observation (QAZE framework, as the neefbr fully traceable
Quiality IndicatorsIn practice, the extent to which the satellite measurements agree with ground
based reference measurements is an essential such quality indicator. Clearly, this agreement needs t
be assesat in the context ofthe reported uncertainties, both those on the satellite and on the
reference measurements. As such, traceability of the data production and of the associated
uncertainties is another crucial quality indicator. The H2020 project GAM aims specifically at
improving the traceability and uncertainty characterization of the -suital reference
measurements used to asses®thuality of the satellite data sets. Moreover, it also addresses the
uncertainty budget of these crucial satedlito-reference comparisons from which several quality
indicators are derived, but which require careful consideration of the additional errors due-to co
location mismatch, i.e. the unavoidable differences in measurement times, locations and
spatiotemporalsmoothing.

1.1 Context and aims of this document

Two key scientific objectives of GATAIM concern the uncertainties on satbital reference
measurements In addition, uncertainties related to the intercomparison of measurements from
different instrumentsand obtained at differentocations and measurement times. In particular

1 objective S3, mainly targeted within WP2, is to provideference quality measurement
uncertainties that are traceable to recognized measurement standaras

1 objective S4, maly targeted within WP3is to understand and quantifithe metrology of a data
comparison, including the additional uncertainties that arise from spatiotemporal mismatches
between both observing systems

As such, these objectives target the uncertainty budifet comparison between a satellite
measurement and a subrbital reference measurement, which, in the ideal case of perfeet co
location, can be represented mathematically as:

Im, - m,| ¢ kyu? +uj (1.1)

where the lefthand side represents the observed difference between both measuremkrnssa
coverage factor, and: and u; represent the measurement uncertainties (e.g. Immler et al., 2010).
However, in case of spatiotemporal mismatch, i.e. perfect celocation, an additional uncertainty
term, " 2, must be included:
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Im - my|¢kys? +u +uj (1.2)

The present document, Deliverablelepresents key output from WP3, and targets mainly obyect
S4, i.e.’2in Eq.(1.2). In particular, itreports on several case studies, which cover temperature,
humidity, ozone and aerosols.

Figurel.l visualizes the relation between the current deliverable, the défertasks within WP3, and
the other future deliverables.

D 3.6: Library
of smoothing
and sampling
error estimates
(M30)

D 3.4:TN on
measurement
mismatch
studies (M24)

generic metrology
aspects (M12)

D 3.5 and D3.7:
Tools for the
Virtual Obser-
vatory (M32)

Figurel.l: Inter-linkages between D3.2 and other deliverables from WP3. Because WP2 also deals with some
metrology aspects and provides the measurement uncertestequired for uncertainty budget closure aimed
for in Task 3.2 and deliverable D3.4, it is included in this graph.

Since the ultimate aim is to close the uncertainty budget of a comparison between satellite and sub
orbital reference measurements (ct. 1.2), the availability of reliable and traceable measurement
uncertainties (S3, WP2) is essential to the work performed within WP3. Consequently, the present
document will also briefly cover those metrology aspects that are primarily dealt with by i\PZ

way further clarifying which metrological aspects are (or should be) part of the reported measurement
uncertainties, and which are to be taken into account in addition to the measurement uncertainties
when performing intercomparisons.

Note thatthe current document deals with Lev2ldata only, i.e. (retrieved) columns and profiles, as
this is the focus of WP3 within GAGALIM. For Levdl radiance data, similar considerations may apply,
but this is beyond the scope of the work planned here. l-8wdata, i.e. gridded averages of Lefel

data, add another layer of metrological issues, in particular regarding representativeness of the
averages due to the particular sampling patterns of the sounders and networks, but also this topic is
largely beyod the scope of the current document.



1.2 Metrology of a data comparison and associated errors

In most data comparison endeavors, such as grelbsskd validation exercises, a compromise must
be made between on the one hand abundance of comparisons pairs reife @ther hand additional
comparison errors, not related to the actual measurements uncertainties but due tpedaect ce
location in space and time. This nperfect celocation is a consequence of both a difference in
spatiotemporal sampling, i.e. satellite pixel centre never coincides exactly with the ground station
location, and a difference in resolution, i.e. in the way each instrument has a smoothed perception of
the inhomogeneous and variable atmosphere. This is visualized conceptugitipial.2.

IQeaI- case: coinciding . T, Xsar =1, Xanp
point-like measurements

. Ground station
/ \ X Satellite Obs.

1D co-location mismatch:
temporal and spatial offset

3D sampling and Pixel
smoothing differences

+100 km

Figurel.2: Conceptual visualization of the metrology of a satelldeground measurement comparison. ldeally,
both measurements are poidike in space and time, and ewideperfectly. In practice, the sampling pattern of

the satellite sounder and the fixed locations of the ground network induce sampling difference errors.
Furthermore, differences in resolution, or, more broadly, in area of actual measurement sensitiditice
additional smoothing difference errors. Figueproducedirom Verhoelst et al. (2015).

A formal representation of the uncertainty budget of a comparison was already explored by Rodgers
(1990, 2000) and by Rodgers and Connor (2003), and furtabomated by von Clarmann (2006).
Lambert et al. (2012) includes the medimensional perspective, dealing with horizontal smoothing
errors and errors due to less than perfectiogidence. While the abovementioned papers deal with
uncertainties in termsof covariance matrices, and thus assume the errors to have a Normal
distribution, it is instructive to focus first on the decomposition of individual differences (i.e. per
comparison pair) in terms of the different error sources, before deriving an usiogytbudget. A pair

of colocated measurementxsarandXenp can be related to each other as:

XSAT = XGND + E;Otal

and the error

Eotal = Xsat ™ XonD (1.3)

may be written as follows:

Eotal = Esatrand”™ €onprand T eSAT,sys_ eGND,sys+ €sap T Eyaap 1.9



where

- Esatrang@Nd Egyprangf€Present the random errors related to the measurement uncertainty

of both sensors,
- E5arss@Nd Egp spsfEPresent the systemat errors related to the measurement uncertainty

of both sensors,

- Eyprepresents the sa@alled smoothing difference error, which contains horizontal, vertical
and temporal components, and

- E,444plepresents the saalled sarpling difference error, which also contains horizontal,
vertical and temporal components.

The sampling difference error is the error that would occur even if the measurements werdigejnt

but not perfectly coinciding. Note that this is not the sametlas sampling error resulting from an
incomplete sampling of a signal (e.g. von Clarmann, 2006). The smoothing difference error is the error
that would occur even if the measurements have coinciding nominal locations (e.g. station location

and pixel centreoincide), but different resolutionfNotice that in Eq. (1.4), due to definition ef,,

in Eg. (1.3) some errors have negative signs, of course in computing the total uncertainty these
components do not cancel. For example in casam@ireincorrelation the total uncertainty is given by
the sum of all the uncertainties corresponding to the right hand side of Eq. (1.4).

From the error budget described in Efj.4), it is in principle possible to derive an uncertainty budget

in terms ofvariances (column measurements) or covariance matrices (profile measurements), e.g. to
calculate’ 2in Eq. 1.2), but that would implicitly assume a symmetric distribution of the errors, and
the absence of correlations between the different terms. As shown in Verhoelst et al. (2015), these
assumptions are not always valid, and it is therefore abksto investigate errors, and their
probability density functions (PDFs), instead of uncertainties, whenever possible.

1.3 Definitions

The nomenclature followed throughout this document is based as far as possible on the international
conventions published ihe Bureau International des Poids et Mesuf@8>M) in the form of two key
documents: theVocabulaire International de Métrolog®IM), and the Guide to the expression of
Uncertainty in a Measurement (GUM), see also Skdt Further definitions were taken from a list of
authoritative documents and compiled into a reference table in the framework of the CEOS WG on
Calibration and Validation (WGCV) with support from the EC FP7 project QAdtia@\dd4ecv.el).

These conventions are applied strictly in the current document, and they are provided as Annex A for
reference. Frequently used terms and specific concepts not defined in the QA4ECYV table are listed
below. Note that thesare consistent with the summary on terminology compiled within GBILAM

4 GKS 4DdARS G2 !yOSNIFAYGE Ay aSladNBYSYyd FyR

 MetrologyY 5SFAYAGAZ2Y HdH AYy GKS xLaY aaOASyO0S 2
Metrology includes all Heoretical and practical aspects of measurement, whatever the
YSIFad2NBYSyild dzyOSNIFAyde FyR FASER 27F | LILX AO!I i

f MeasurementerorY 5STAYAUGA2Y Hdmc AYy GKS *LayY aGaSl adz
jdzt yGAGE @ f dzS¢ o
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Systematic measurement erroDefA YA GA2Y HoOMT Ay GKS xLaY 02\

SNNENJ GKIFdG Ay NBLXAOFGS YSIadNBYSyida NBYFAySE

Random measurement error5 STAYAGA2Y HOMpDY aO2YLRYySyild 27
replicate measurements variesliny dzy LINSRA OGO 6t S YI yy SNE

Measurement uncertaintfy 5SFAYAUGA2Y H ®H aegativg pararfefer L ayY
characterizing the dispersion of the quantity values being attributed to a measurand, based
2y GKS AYF2NXIGA2Yy dzaSR¢

Measurement biasDefinition 2.18 ini K S edtimat ofé systematic measurement egor

Uncertainty budget5 STAYAGA2YyY HdPoo Ay (GKS xLaY aaidldsSys
(KS O2YLRYySyGa 2F GKFG YSFHAANBYSY (G dzy OSNIi | Ay

Error budget Undefned in the VIM, but easily derived from the definition of the uncertainty
0dzZRASGY dadl 4SYSyild 2F | YSI&dz2NBYSyid SNNRBNE 2
FYR 2F GKSANI OFftOdzE I GA2Y YR O2YO0AYlI GA2YE

Smoothing error the difference between the measuremt and the truth at the nominal
measurement location due to the smoothing properties of the instrument

Smoothing difference errarNot to be confused with the smoothing error, the smoothing
difference error represents the difference between two measureteerdue to the
differences in smoothing of the truth. E.g. for measurements with very similar smoothing
properties, the smoothing difference error may be much smaller than the individual
smoothing errors. See also SectibA.

Sampling errorthe difference between the measurement and the truth due to an incomplete
sampling of the signal

Sampling difference errar Not to be confused with the sampling error, the sampling
difference error represents the differendeetween two measurements due to differences in
sampling of the truth. See also Secth@.

Colocation mismatch Generic term implying the mismatch between two-looated
measurements in spatiotemporal smoatly and sampling. It causes smoothing and sampling
difference errors in the horizontal, vertical and temporal domains.

1.4 Related documents and projects

Within GAIA-CLIM

1

T
il
il

TheGap Assessment and Impacts Documé€BtAID), in particular the gaps identified by 2VP
and WP3, identified a&2.xx andG3.xx

Deliverable D3.1the initial input from WP3 to the GAIDwhich includes a literature review
The GAIACLIM Guidance Notguide to Uncertainty in Measurement & its Nomenclature
Deliverable D3.2Generic metrology gsects of an atmospheric composition measurement
and of data comparisons

Deliverable D3.6 (upcoming)library of smoothing/sampling error estimates for key
atmospheric composition measurement systems, and smoothing/sampling error estimates
for key data comjarisons

11



Nomenclature and metrology principles

1

T

VIM, 3¢ edition: International Vocabulary of Metrology Basic and General Concepts and
Associated TerméVIM 3rd edition) JOG 200:2012

GUM Evaluation of measurement data Guide to the expression of

uncertainty in measurement JCGM, JCGM 100:2008, 2008,
http://www.bipm.org/utils/common/documents/jcgm/JCGM_100 2008 E.pdf

Data Modeling for Metrology and Testing in Measurement Sciefleasese, F. & Forbes, A.
B. (Eds.)Springer Science + Business Media, 2009

Measurement Uncertainty Analysis Principles and Method¢ASA Measurement Quality
Assuance Handbook ANNEX 3010

Annex A of the current document: the QA4ECV terms and definitions

Related projects

T

QA4ECV wiww.gadecv.elt Quality Assurance for Essential Climate Variables, aims at
adeveloping an interntzonally acceptable Quality Assurand@4) framework that provides
understandable and traceable quality information for satellite data used in currently evolving
climate and airquality services. LG &aSNIXSa Ay LI NILAOdzZ I NJ I a
Climate Change Service.

FIDUCEOwWww.fiduceo.el: Fidelity and uncertainty in climate data records from Earth
Observationsaims atbuilding énine new climate datasets from Earth Observation using a
rigorous treatment of uncertainty, informed from the discipline of metrafogy

MetEOC/MetEORQ (http://www.emceoc.org aims at improving the metrology in Earth
Observation (EO), and includes WPs on satellite calibration test sites, climate indicators, Sl
traceability of biophysical parameters, solar irradiance, and ECV measurements.

GeoMON (website no longer active), was an EC FP6 project focusing on atmospheric
composition and with multiple aims, ranging from better data production to validation and
integration in models. It dealt extensively with the characterization of the horizontal
smoothing properties of key atmospheric composition measuring instruments.

NORSrors.aeronomie.be = (G KS aRSY2yaid NI dbased/RehofelSendimg] h T
IV

20aSNBFGA2ya Ay &adzLIR2 NI 2F GKS / 2LISNY A Odza
at demonstrating the value of grourglbased remote sensing data from the Network for the
Detection of Atmospheric Composition Change (NDACC) for quality assessment and
improvement of the Copernicus Atmospheric Service products.

12
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2 Overview of approaches to quantify co -location
mismatch

In Sectim 3,temperature and humidity profiles are considered. In particalarempirical approach is

used to understandoth the vertical smoothingand the spatiotemporal mismatchof 1ASI in the
comparison with RAOB radiosongmofiles Vertical smoothings assssed bya data harmonization
approach. In particulaRAOB profileare verticallysmoothed tomatchsatellite data, using a flexible
weighting function based othe Generalized Extreme Valpdf (GEV, Kotz and Nadarjah, 200@hich

is independent of thaveraging kernednd is fitted optimizing the distanae.r.t. IASI To do this RAOB

data have been interpolated using Hermite cubic splines and the quality of this interpolation has been
assessed using reference GRUAN datte. spatietemporal mismatch asessment is based on the
harmonized RAOB and is based on an isotonic regression approach which gives the uncertainty for
each combination cir distance, time delay and altitude.

In Section 4temperature and humidity profiles are considered. In particulbe work on temporal
mismatch uncertainties in radiosonde profiles aims to provide a direct means of estimating the
temporal mismatch uncertainty in both temperature and humidity as a function of altitude, season
and time of day, for selected sites ugifERA Interim model data. The approach is validated by
comparing the ERA Interim results with GREpkbtessed radiosonde data from those sites where
long-term high frequency data is available. The method provides an estimate of mismatch uncertainty
for anygiven site using global reanalysis data, and would enable an appropriate sampling strategy to
be put in place for an intercomparison measurement application in order to meet a defined
comparison uncertainty requirement

In Section 5pzone profilesare considered.The OSSSMOSE system (see Verhoelst et al., 2015, for a
more indepth description) is used to estimate the errors and uncertainties related with the particular
sampling and smoothing properties of several ozone profiling instruments and theicom@arison.
OSSSMOSE (Observing System of Systems Simulator femidsi®n Synergies Exploration) uses (1)
the metadata of actual measurement data sets, (2) parametrizations of the dgatiporal sampling

and smoothing properties of the measurementsgms, and (3) highesolution gridded
representations of the atmosphere (such as reanalyses) to simulate measurements and their
intercomparisons. As such, the system allows an estimate -tdaagion mismatch errors, which is
based on a realistic represttion of the real atmosphere and its variability. This method is
independent from the measured data (e.g. those that are being validated) as only the metadata are
used. The main advantages of this approach are (1) the possibility to estimate both srgoaticin
sampling (difference) uncertainties, (2) access to both random and systematic errors, and (3) the
independence from actual measured values in the products to be validated, allowing a full consistency
test on both the data and their reported uncertéies. The challenging part is the need for a reliable
gridded representation of the atmosphere, at sufficient spaémporal resolution to resolve the
smoothing and sampling mismatch.

In Section 6, columnar aerosol is considered. In partictiar,total atmospheric column aerosol
optical depth (AOD) from satellite (AATSR) and AERONET is coriipadledhisthe spatial standard
deviation of satellite AOD around the AERONET site is used to understand Hidleatamn mismatch

13



is dominated by the spatia STFSOdGad® ¢ KS Ay ONBeficeStan®diy the GduEd2 y Q a
and satellite AOD applying different threshold to spatial variabifigrmits interpretation of the

spatial standard deviation of satellite AOD as a measure-faaiion mismath. Howeverthis is not

a directmeasure of theco-location mismatch uncertaintypecausethe variation of the AATSR AOD
values around a site is very likely dominated by ADV/ASYV retrieval errors.

In Section 7 aerosol profiles are considered. In particulahe comparison is related to
CALIOP/CALIP®@d EARLINET aerosol backscatter profiles. In order to understand tlogatmn
mismatch uncertainties, the ctbcation mismatch has been investigated as a function of the
observational site, the CALIOP horital smoothing and altitude. To do this the horizontal smoothing
level has been changed from 5 to 205 km along the satellite trajectory and the optimal horizontal
smoothing has been computed for each site and atmospheric region. Optimal smoothing hares me
the horizontal smoothing that minimizes -bocation uncertainty. Differences among the various
smoothing levels obtainegermitinterpretation ofthe colocation uncertainty in terms of local factr

3 Temperature and humidity profiles: comparison of
IASIand RAOB

In this chapter, considering temperature and humidity in a region of continental Europe, the
comparison of satellite and radiosonde data is organized as follows: in Section 3.4, A&l verti
smoothing is assessed by andependent method, tis step allows harwnisation of RAOB
measurements approximately to the same vertical smoothisg IASI products for further
comparisons. In this first step, since RAOB products have a limited vertical restiiatianformation
content is assesseldy conparing RAOB and GRUAN products where avail&lsiea resultof this
assessment, twadditional uncertainties are defined sparsenessincertainty and a processing
uncertainty.

In Section 3.5, using the harmonized data, the joint impact clocation uncetainty profile of air
distance and delay between the two products is considered and nighttime vs daytime results are
compared.

The datasets considered here are provided by NOAA through the NPROVS system, discussed in some
details in Section 3.3. In faddiPROVS routinely (daily) compiles datasets of collocated radiosonde
(and other products) collocated with satellites and sounding product suites. Hence, using this source
of data makes the Virtual Observatory potentially permanently operative, see Sedion 3

3.1 IASI description

The infrared atmospheric sounding interferometer (IASI) is a Fourier transform spectrometer based
on the Michelson interferometer, associated with an integrated imaging system (Blumstein et al.,
2004). As part of the payload of the k@p series of polaorbiting meteorological satellites, there are

14



currently two IASI instruments in operation: on Met@glaunched 19 October 2006) and on M
B (launched 17 September 2012) with the third due for launch in 2017.

IASI is a nadiviewinginstrument recording infrared emission spectra from 645 to 2766'cinhas

8461 spectral samples that are aligned in 3 bands within the spectral range. Correspondingly, the
spectral resolution at which the measurements are made is 0.8 after apodiséion. Although
primarily intended to provide information in near rei@ine on atmospheric temperature and water
vapour to support weather forecasting, the concentrations of various trace gases can also be retrieved
from the spectra.

IASI belongs to the #imal infrared (TIR) class of spaceborne instruments, which are devoted to
tropospheric remote sensing. On the operational side, it is intended as a replacement for the HIRS
instruments, whereas on the scientific side, it continues the mission of instrtsyeedicated to
atmospheric composition, which are also nadir viewing, Fourier Transform instruments (e.g.
Atmospheric Chemistry Experiment).

The IASI spectral range has been chosen such that the instrument can record data from the following
ranges:

T carbonRA2EARS a0NRy3 [0&2NLIWiA2Yy I NRdzy R mp >Y3X
T 217 2yS 16a2NLIJiA2y | NRdzyR dpdc >YX

9 water vapour strong absorptiobetween 6.1 and 8.2 Y/

1 methane absorption up to the edge of TIR.

Horizontal sampling

IASI is an acrogmck scanning system with scan range of +48¢ mmetrically with respect to the

nadir direction. A nominal scan line covers 30 scan positions towards the Earth and two calibration
views. One calibration view is into deep space, the other observes the internal black body. The scan
starts on the leftside with respect to the flight direction of the spacecraft. The elementary (or
effective) field of view (EFOV) is the useful field of view at each scan position. Each EFOV consists of a
2 x 2 matrix of sealled instantaneous fields of view (IFOV). HBREV has a diameter of 14.65 millirad
(mrad), which corresponds to a ground resolution of 12 km at nadir and a satellite altitude of 819 km.
The 2 X2 matrix is centerd on the viewing direction. The instrument points spread function (PSF) is
defined as tle horizontal sensitivity within an IFOV. The IFOV diameter (D = 14.65 mrad) is defined so
that the integral of the PSF over this circular area is larger than 95 %. Theniiormity within the

inner 80% of the IFOV (D=11.72 mraginot larger than £ 5 %.able 3.1 below summarises the
requirements for the IASI Level 2 products with respect to product accuracy, sampling and timeliness
(EUMETSAT, 2014

Product Accuracy Sampling TI'imeliness
Temperature 1 K (2 K stratosphere) IFOV 3 hours
Relative humdaty 10% IFOV 3 hours
Cloud cover 10% IFOV 3 hours
Cloud top temperature 2K IFOV 3 hours
Cloud top height 300 m IFOV 3 hours
Integrated CH, less than 20 % 250 km 3 hours
Integrated N,O less than 20 % 250 km 3 hours
Integrated CO less than 10 % 250 km 3 hours
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Table3.1 Requirements for IASI level 3 products.

Temporal sampling

The 1581 instrument produces around 1,300,000 spectra every day. It takes around 8 seconds for IASI
to acquire data from one complete across tracknand the onboard calibration. The former consists

of 120 interferograms, each one corresponding to one pixehadiir, the instrument samples data at
intervals of 25 km along and across track.

Vertical smoothing

The IASI sounding products represent thermodynamic states of deep atmospheric layers at variable
depths, due to the integrating nature of the radiatioreasurements at the top of the atmosphere.

The maximum number of independent pieces of information determined in the temperature profile

is 14, with a maximum of 10 pieces for the moisture profirit these numbers vary with the
atmospheric situation. In samary, the true vertical resolution of the retrieved profiles is lower than

the vertical grid defined in the products. Profiles retrieved from such radiance measurements are
smoothed versions, where the smoothing functions gne=n bythe averaging kernsl

An example of a set of averaging kernels for tenapgre and humidity is shown in Figure 3Two

things can be seen: the vertical extent over which a particular kernel averages, and the amplitude,
which shows how sharply a kernel peaks at a partichkight. Higher amplitudes indicate more
information about the corresponding layer. For example, an amplitude of one would indicate perfect
measurements at a distinct level; however, this is purely hypothetical and does not exist.
Nevertheless, the retrimd profiles are represented on a fine vertical grid for the reason that the
averaging kernels vary with atmospheric situation.

Consequently, theertical resolution and the centralltitudes of the resolved layers vary also. The
actual variation is not kswn a priori, so the retrieval is performed on a fixed, fine pressure grid and
the smoothing is represented by tleeposteriorierror covariance matrix, which is part of the product
and represented on the same pressure grid. Thed@fonal elements of # covariance matrix
describe the intetrelationship between the stateector elements and provide information about the
actual vertical resolution.

In particular, the IASI dataset used within G&IAM WP3, is provided by NOAA/NESDIS. The
atmospheric prafes produced by NOAA/NESDIS (Reale et al., 2010) are provided at 100 pressure
levels from 1100 to 0.0161 hPa. A statistical meth®WLR (Piec®/ise Linear Regression) is applied
using the input measurements available: IASI and AMSU/MHS, or IASI ondyideg estimates of

the temperature, watetvapour and ozone profiles as well as surface skin temperature -skall
conditong Of SI NJ ' yR Of 2dzRé &40SySad ¢KS t2[w NBUNRSO
estimation method. The latter essentially aives comparing the measured spectra with an a priori
spectrum. Subsequently, the a priori spectrum is perturbed as many times as needed to adjust the
simulated spectrum such that it resembles the measured one as closely as possible (e.g. the amount
of themeasured species allowing the retrieval is perturbed, for example the amount of CO2 is variated
to allow the retrieval of temperature profiles). It must be noted that a variety of errors must be taken
into consideration while perturbing the a priori, suab the error on the a priori, the instrumerita

error and the expected error.

3.2 RAOB description
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A radiosonde is a battesgowered telemetry instrument package carried into the atmosphere usually
by a weather balloon that measures various atmospheric patarasexind transmits them by radio to

a ground receiver. The radiosonde contains instruments capable of making diresitu in
measurements of air temperature, humidity and pressure with height, typically to altitudes of
approximately 3685 km, depending oneseral factors (including location and season).

Conventional radiosonde observations (RAOBs) have been used historically as a codarfaoty
accepted reference dataset in satellite measurement and derived product validation. The-aipper
data that arecollected and transmitted during the flight ofradiosondeinclude the air pressure, air
temperature and humidity measured continuously by the instruments aboard the radiosonde
packae.

Worldwide there are more than 800 radiosonde launch sites. Most countries share data with the rest
of the world through international agreements. Nearly all routine radiosonde launches occur 45
minutes before the official observation time of 0000 UAd 1200 UTC, more rarely at 6 or 18 UTC.

The radiosonde transmits temperature and relative humidity data at each pressure level. The altitudes
of these levels are calculated using GPS. In older matied is done using the hypsometric equation
that relaes the vertical height of a layer from the mean layer temperature, the humidity of the layer
and the air pressure at top and bottom of the layer. Significant levels where the vertical profiles of the
temperature or the dewpoint undergo a change are detered from the sounding. The height of the
troposphere and stability indices are calceldt
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Figure3.1. Averaging kernels for temperature (left) and watepour (right) profiles for a mithtitude oean
sample taken on 12/09/2014%ampling

RAOB obsertimns are processed, tabulated and encoded for transmission over communication
networks. While the radiosonde transmits an essentially continuous stream of temperature and
humidity information back to the station (each1® m of altitude, measured each2ls). The RAOB
data include temperature, humidity, and wind profiles at 22 mandatory levels (including surface) and
various significant levels:

w MANDATORY LEVEBS:international convention, théollowing 22specific pressure levels
must be reported in th&RAOB message: the surfacéQ, 925, 88, 700, 500, 400, 300, 250,
200, 190, 1, 70, 50, 30, 20, 10, 7, 5, 3, 2, hPa. The information for some of these levels is
plotted routinely onconstant pressure chart® show the spatial variability of these levels
and it is used as input in the numerical weather prediction modétge that many sonde
sites do not routinely measure to the highest levels owing to balloon burst.

w SIGNIFICANT VELSIn addition tothe mandatory levelsas part of the RAOB message are
included pressure levelat significant or abrupt changes and extrema in the vertical
temperature and/or dewpoint temperature profiles. In a radiosonde observatigigmificant
levelis a levebther than a mandatory levefor which values of pressure, temperature, and
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humidity are reportedeither becausethey aresufficiently important or unusual to warrant

the attention of the forecaster, othese valuesare required for the resonably accurate
reproduction of the radiosonde observation. There are definite rules governing the selection
of significant levels, set forth in the Manual of Radiosonde Observations, WBAN Circular P, 7th
ed. rev., 1957As a resultsignificant levels dnge among different profiles andn average

we have 28 ignificant levelsper profile in the dataset consideredBy assuming that the
temperature and dewpoint profiles change linearly with height between significant leve|s (
constant environmentdhpse rate), a reasonably accurate reproduction of the RAOB sounding
can be made from the sequence of RAOB message information at significant levels and
supplemented by the mandatory levels.

3.3 Datasets

The analysis of RAGRBSI cdocations is based on theataset provided by NOAA through the-co
location software known as NPROVS systetip:(/www.star.nesdis.noaa.gov/smcd/opdb/nprovk/
and two auxiliary datasets, namely ECMWF and GRUA&NNPROVS dataset includ&s3900 co-
locatiors, from wnbalanced design over 21 RAOB statiacwss the central European aréaEl) in
Figure3.2 over the period January 201GFebruary 2016. Théhtee continental GRUAN stations at Caba
Lindenberg and Payee are included Section 3.3.2)

Each cdocation record includes RAOB and IASI measures for temperature and water vapor mixing
ratio (WVMR). Considering$Adata, NPROVS dataset providésd IASI retrieval uncertaintiebput
individualaveraging kernsldiscussed aboverere not available irthis dataset

Figure 3.2. Central European RAOB netwof®EU includingthree continental GRUAN stations at Caba
Lindenberg and Payeen

3.3.1 ECMWEF

ERAInterim is a global atmospheric reanalysis from 1979, contisiyoupdated in real timélhe data
assimilation system used to produce ER#&rim is basd on a 2006 release of the Integrated Forecast
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System (IFSCy31r2) The system includes addimensional variational analysis (4far) with a 12
hour analysis windw (Dee et al., 2011)

Each singleramalysedobservationis described as instantaneous, though it represam average over

the model time step (30 minutes for ER#&erim). Depending on the parameter, forecast data in ERA
Interim is either instantaneousroaccumulated from the beginning of the forecast (twice daily
forecasts starting at 00 and 12 UTC). Parameters such as precipitation and radiation are accumulated.
The accumulated parameters in ERwerim are listed in Tables 9, 115 of the ERAnterim achive
document http://www.ecmwf.int /en/elibrary/ 8174era-interim-archiveversion20).

Analyses are available every 6 hours (0, 6, 12, 18 UTC) and the twice daily forecasts (from 00 and 12
UTC) provide output for surface and pressure level paramet¢forecast steps every 3 hours to 24
hours, then with decreasing frequency to 10 days.

Product description

The ERAnterim dataset contains atmospheric and surface paramet@tsourly atmospheric fields
on model levels, pressure levels, potential temgara and potential vorticity3-hourly surface fields
and daily vertical integralsnonthly averages of daily meaasd Synoptic monthly averages at 0 UTC,
6 UTC, 12 UTC, 18 UTC.

The temporal coverage is from 1 January 1979 to presadspatial coveragés global.

The spectral resolution is T255 (T255 sphettieainonic representation of the basic dynamic fieds)
while tentative horizontal resolution is ~80 km (reduced Gaussian grid N128); ~83km/0.75 deg when
interpolated to a regular lat/long grid

There are 60 vertical levels from the surface up to 0.1 fiP&. listof ERAInterim fields (parameters)
available fordownloadingcan be accessed the ECMWF dataserver. Note that while HR#&rim
"runs" in near real time, data is published with a few riendelay.Note alsothat several quality
issuesare known with ERAterim data andERAInterim daily retrieval efficiency documentatigives
indicationsfor best practices in retrieving ERAterim data.

For the GAIACLIM WP3 objives, ERANTERIM frecast ddiy data have been eclmcated with all the
RA stations in a box of latitud@5°, 70°) and longitudel(0°, 35°) . fie investigated datasetovers
the period 01Janr2015¢ 29-Feb2016.For a detailed documentation of the EfRAerim Archive see
Berrisford et al. (2011)

3.3.2 GRUAN

RAOB representhe comprehensive contribution of the radiosound measurement to the global
observing system. However, RAOB data canpoovide any referenceguality (Immler et al. 2010,
hereafter 12010) in situ and groudzhsed remote sensing observations of uppéressential climate
variables (ECVs; Seidel et al. 2009; Bojinski et al. 2014).

For this reason, the GCOS (Global Clirtdiserving System) Reference Uppér Network (GRUAN)

data processing for the Vaisala RS92 radiosonde was developed to meet the criteria for reference
measurements (Dksen et al., 2014). These criteria stipulate the collection of metadata, the use of
well-documented correction algorithms, arlde estimationof the measurement uncertainty. GRUAN
radiosounding profiles are provided at high vertical/temporal resolutio € equivalent to 820 m
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in altitude). An important and novel aspect of the GRUAN @sicg is that the uncertainty estimates

are vertically resolved.

An additional GRUAN requirement for performing reference measurements with the RS92 is that the
manufacturerprescribed procedure for the radiosonde's preparation, i.e. heated reconditionfing

the sensors and recalibration during ground check, is followed. In the GRUAN processing however, the
recalibration of the humidity sensors that is applied during ground check is removed. For the dominant
error source, solar radiation, laboratory expagnts were performed to investigate and model its
effect on the RS92's temperature and humidity measurements. GRUAN uncertainty estimates are 0.15

K for nighttime temperature measurements and approximately 0.6 K at 25 km during daytirne

vary verticallyand on a per ascent basi$he other uncertainty estimates are up to 6% relative

humidity for humidity, 1@50 m for geopotential height, 0.6 hPa for pressurect4 ¥ atbt m

T2N g7

speed, and 1° for wind direction. Daytime temperature profiles for GRUAN aisala processing are
comparable and consistent within the estimated uncertainty. GRUAN daytime humidity profiles are

up to 15% moister than Vaisala processed profiles, of whicklnvds is due to the radiation dry bias

correction and onehird is dueto an additional calibration correction. Redundant measurements with
frost point hygrometers (CFH and NOAA FPH) show that GRtdédssed RS92 humidity profiles and

frost point data agree within 15% in the troposphere. No systematic biases occur, apawm £% dry
R (i IGRUANRatigsBndd-daytimealrly bidsés wiyh xedpédl 1o

OAl a

T2NJ Dw! ! b

LBLRTM and IASI have been of the order of 2.5 % in the upper troposphere, though based on a
relatively small sample size of comparisons (Calbel £2@16).

GRUAN data processing is applied currently on the RS92 radiosondes. In the future also measurements
by other radiosonde types will be used to apply GRUAN processing. An example of CFH/RS92/RS41
comparisons is shown in Figuses.
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Figure3.3. Right panel: relative humidity measurements by three different sensors in the same payload: CFH
(red), RS41 (black) and RS92 (blue). The comparison flight took place at the GRUAN station Sodankyla on
November 23, 2015. Left panel: correspondieqperatureprofile measuredy RS41 radiosonde.

For the purposes of GAIBLIM WP3, GRUAN reference sugaments will be used to quantify treo-
location error with ahigh vertical resolution and to support thm-locationerror quantification for
the comprehensive masurements provided by RACEx do this, the data of theontinental GRUAN
stations atCabauw, Lindenberg and Payerne will be used.

3.4 Vertical smoothing

RAOB and IASI profilase not immediately comparable becausey are not available athe same
presaire levelsand have different vertical smoothingn particular,IASlobservations come at fixed
pressure levelgrid, while RAOB pressure levegrid changesacross launchesMoreover, IASI
observations due to kernel averaging, have an important vertigalbsthing, which is essentially
absentin radiosondeln fact the IASI profiles aravailableat fixed pressure levelbut their effective
vertical resolution is much coarser because of smoothing resutimg the use of averaginkernels.
RAOB radiosouriag profiles are reported €22 mandatory plus appraxately 28significant pressure
levelswhich differamong different profile. Althoughthere is nosmoothing effectthe reporting at
only thesefew atmospheric vertical levels does not allow to catdhhed gradients of the temperature
and water vapor field.

For these reasonshé approach reported below has the aim to reconcile the difference between the
two measurement techniques and, then, to ass the cdocation uncertainty after considering
spaiseness and vertical smoothing uncertainties.

3.4.1 Vertical harmonization

For a given ctocationQ let ¢ be the RAOB measure vector related to the pressure |auels
N , while lete be the IASI measure vector reldteo the pressure levelsm

N M M5 8Note that the number of pressure levels for RAOB depends dacation Qwhile 0

is fixed. Moreover, in general RAOB and A& surementsre never available at the same pressure
level, that isf) ; N s pMB ) HQ pHB R . The solution we adopt is to transfordiscrete
RAOBNto continuous profiles in order to calculate the differences at the fixed IASI lawels

Therefore, the choice of the profile to be transformed mta continuous profile is crucial, as
implications are different. In our case, the choice is driven by the smoothing properties of RAOB and
IASI measuments. As discusseih Section 3.1 RAOB measurements have practically no vertical
smoothing while IASheasurements Avearelevant vertical. In order to understand the effect of the

IASI vertical smoothing on the difference between RAOB and IASI, the vertical smoothing must be
allowed to vary. A natural solution is to vary the smoothness of RAOB asgir@abnneasures are not
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smoothed. This requires to compute integrals of a continuous profile and for this reason only RAOB
profiles are transformed into continuous profiles.

3.4.2 Sparseness and processing uncertainty

In this Section the properties of RAOB int@gtion are discussed. In fadhe limited numler of
mandatory and significarievels entails a loss of informatianr.t. to high resolution vertical profiles

such as GRUAN profiles. Moreover, comparing reference measures with RAOB at observation levels
allows to assess Vaisala processing uncertainty.

To see thisSRAOB profile® observed atdiscrete levelsare transformed into continuous profiles
e using spline interpolation. Within the spline family, we adoyérpolatingcubic Hermite spnes
since they avoidunnatural oscillations of the profile and ensure that the profee satisfies the
following property (Catmull and Rom, 1974)

Internality Property. ConsideRAOB profile observedat pressure level§ ot pfB ) as
defined in SectigBA.land its cubic Hermite spline denoted ®y. For pressure level} such that
N N Np hwehave that

w N en w 0
where® 1 & Q& 1 ho n andew 1 G ®w N o 1 foradc pMBH) .

RAOB vertical profiles are first interpolated using Hermite splimestder to assess thaccuray of
this approachthe interpolated RAORre validated usinthe GRUAN datasetf Section 3.3.2yhich
coversthe same periodnd asubset ofRAOBstations namelyCabauw, Lindenberg and Payerker
this reason, validation is based only on 306 laundbetemperature and439launches for WWMR.

The spline uncertainty is assessed by considering the difference between GRUAKes1andlRAOB

splines. Figure3.4 and 3.5how the uncertainty with respect to pressure. Minima of the graph are

the mandatory pessure levels, where there is always a RAOB mealote.that these minima are

not zero as GRUAN retrievals are obtained using GRUAN processing discussed in Section 3.3.2, which
is different from Vaisala processing, usedhia RAOB dataset. Hence thesénima may be used as

an estimate of Vaisal&RUAN processing uncertainty. In particular for temperature, this uncertainty

is nearly constant, about 0.12 K up to 300 hPa, and increases up to 0.39 K above. For humidity, the
VaisalaGRUAN processing uncertiimas an approximately linear decrease from 0.1 g/kg at 925 hPa

to about 0.01 g/kg at 300 hPa.

Once this Vaisala processing uncertainty is eliminated the remaining part is related to lack of
information of RAOB products related to vertical sparsenesstelrgoerature, in the range 106800

hPa this is smaller than 0.48 K but increases to about 1 K in upaehnes of the measured profile

For humidity this is smaller than 0.22 g/kg up to 500 hPa and smaller than 0.05 g/kg above.

23



GAIACLIMtechnical report
D3.47 Measurement mismatch studiesnd their impact ondata comparisons

Temperature
0 T I . ; 1 |
e
100 e ——— |
.... S
200 - — |
300 [
& 400
=
o
5 500 |
7]
1]
o
a 600 |
700 - |
800 - |
900 [~ |
1000 ! ! ‘ ; ; |
0 0.2 0.4 0.6 0.8 1 1.2 1.4

Spline error uncertainty [K]

Figure 3.4 Temperatue: Spline interpolation uncertainty assessed through GRBARB comparisorocal
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3.4.3 Vertical smoothing uncertainty

In the comparison of ctbcated RAOBASI profiles, weonsiderthat the dfferent vertical smoothness
of the two data products contributes to the toted-locationuncertainty. In order to assess the vertical
smoothing uncertainty, we first set up an optimiizat problem which aims at derivirige 1ASI vertical
smoothness at ezh pressure leve , .

To do this, we introduce the smoothed RAOB measure at pressurd)lgvelhich is given by
24



. N0 AP QR
.0 AP Qn

where0 N\IP is a weight function with parameter vect®. The formula abve is adjusted to avoid

biases at the borders of the vertical domain.

wp P

We tested weight functions with different shapes and, in particular, the flat (rectangluar) function, the
cosine function, the Gaussian function and the generalized extreme valued&Sityfunction. The

first three functions are symmetric and centered at the nominal pressuregyelOn the other hand,

the GEV function is characterized by three parametsosthatP i "@ /iQ & BGPEY Qo Nakce

that GEV may showoth left and right skewness and its peak may have an offset from the nominal
pressure level.

For each weight function and each pressure leygl, the parameter vectoP is obtained by
minimizing the distance between IAB}, and smoothed RAO® ;. To do this, consider different
RAOBASI cdocation profiles observedcross space and time and ) be the average operator
over these K ctocations. Hence the optimal smoothing is given by the following minimutoaadion
mean square error problem:

P AOCIOEdD, of P
P

and the guantity

is the optimally smoothed RAOBdditionally, the vertical smoothing uncertainty at pressure level
N r is given by

0, O wp Wy
and, in practice, can be computed by

0p O Oy

where ¢ is the totalco-locationuncertaintyat altitude 'Q which includes differences in horizontal
and temporal cdocation, as well as differences in vertical smoothing, that is:

6 O wp wp 8
Moreover,6 j is theadjustedco-location uncertaintycorreded for differences in vertical
smoothing, that is:

3.4.4 Analysis and results

The original NPROVS dataset is first filtered in amlbave RAOB profiles that cover the vertical range
[958.6-10.0] hPa, for temperature, and the vertical range [95808.0] hPa for WVMR. In order to
give good spline interpolation, RAOB profiles are additionally selected to have at least 20 standard and
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significant level measures for temperature and 14rfayisture This filtering results in the availability
of 1596 calocations for temperature and 2648 docations for WWMR.

Smoothing optimization

RAOB and IASI vertical profiles are first interpolateshguslermite splines Subsequently, the
optimization procedure described above is implemented in order to estifRatat each IASI pressure

level and for each weight function. Figures 3.6 and 3.7 depict the optimizationgtsumperature

and WVMRyrespectively For both temperature andiumidity, it can be seen that the GEV function
attains the lowest uncertainty for most of the pressure levels. Therefore, all the subsequent analysis
are based on the GEV function. Figures 3.8 and 3.9 show the shdpeGEYV functions for each IASI
pressure level while Figures 3.10 and 3.11 show the offset and the width of the GEV functions. In
particular, the offset is the difference between the IASI nominal level and the location of the GEV
function peak, while th width is given in terms of Full Width at Half Maximum (FWHM).

It is important to note that the above results were obtained considering all the (filterethazdions,
regardless of their date, location, spatial mismatch and temporal mismatch. Thigsnipét the
results hold for any past and future -tocation observed in the Central European ar€&(). If this
result has the value of generality, it may be considered@ptimal, in the sense that seasonal and
daily variations of atmosphere are nobvresidered. In fact, a dynamic procedure covering for daily
atmospheric variations will be used for the Virtual Observatanych is discussed Bection 3.6.
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uncertainty6 j based orthe GEV functiopwhich isthe best weight function.
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Figure3.11 GEV function offset and width for WWMR.

Vertical smoothing and co-location uncertainty

The optimization results ohe previous paragraph are used to evaluate both the vertical smoothing
uncertaintyd j and theadjustedco-location uncertaintyd . In fact, belatter is a byproduct of the
optimization procedure sincé , describes thérreducibleerror, namely the error budget component
that cannot be reduced by changif®y Onthe other hand, the vertical smoothing uncertainty is
obtained by first evaluating the totahcertaintyat each pressure level and by computing 6

0 j . This uncertainty decomposition is displayed in Figures 3.6 and 3.7 arskis tvathe GEV weight
function.In particulas both total co-locationuncertainty, 6 hand vertical smoothing uncertaintg, j, h
showthe sameperiodic behavior with local minima at mandatory levels dsigures 3.4 and 3.8ue

to sparseness uneinty discussed in Section 3.4l8terestingly, this effect is largely reduced in the
co-location uncertaintyd j 8This is due to the fact that also the sparseness error is smoothed by our
procedure.Note that for humidity, the sparseness effect ia smaller fraction of total elmcation
uncertainty due to the larger atmospheric variability of humidiiving a smother behaviorof total
co-location and vertical smoothing uncertainties.

Consideringemperature we see that vertical smoothing undainty, in comparison to total and €o
location uncertainties isoughly constant, about 0.5 Ky slowlydecreasing up to 308BPg above it
increases more than elcation uncertainty which is more stablé®n the other side, considering
humidity, total ard vertical smoothing uncertainties have a maximum near 800 hPahode they
smoothy decrease. In particulavertical smoothing uncertainty decreasto zero faster than the
other two involveduncertainties.

Note that the above results do not make uselAS| averaging kernels, which were not availatle
NPROVS as discussed in Section/tBough, in principle, it may be interesting to compare the results
obtained by our smoothing and the application of original IASI kernels to RAOB data, we consider
valuable the introduction of a methodology, which is able to perform optimal vertical harmonization

in absence of direct information on vertical smoothing of one of the two products being compared
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3.5 Spatio-temporal mismatch

In this section, we consider theffect of horizontal and temporal mismatch to the -tmcation
uncertainty of the previous section. In particular, the vertically harmonized data of the previous
section are considered with a focus on thelooation mean square error

6r O Mp ®f

where, as before,wp is IASI temperature or humidity amd ;; is the corresponding optimally
smoothed RAOB measurement.

Using theGEUdata of Sectior8.3, the objective here is to understand the variation of the above co
location uncertainty as a function of the horizontal distance between IASI and RAOB measurements
at each IASI pressure leyrl, that is

6r . 1 &o
Similarly toSofieva et al. (2008) & & "& Qi o ds&th® Qir mass distance, that is the distance
between IASI and RAOB adjusted for advection due to wind. Nam®lyd i 0T gwhere! sis the
displacement vector among RAOB and IASI measuremeht&sgitt"Qw is the wind vector antt is
the time delaybetween measurements.

Since, from physical considerations, we may assume,thdt ¢ ois a nomecreasing function in
each of its coordinates, we estimate by fitting a bidimensionasbtonic regression model to squared
co-location errors

T wp wp 8

The bidimensional isotonic regression technique is a constrained least square method, which gives an
estimate of, such thatO ,, T is a mininum, conditional on marginal monotonic constraints,

that is , T ONA o6 , 1 hoand , T H 0oQ , 1T & o for any Q 1 The
optimization is carried out by the quadratic programming technique proposed by Meyer (2013).

3.5.1 Analysis and results

The isotonic model has been fitted separately to daytime and nighttimdoaations. Since
atmosphere is more stablender nighttime conditionswe start with nighttime uncertainty.

Nighttime temperature co -location uncertainty

The temperéure colocation uncertainty, T & o or colocation root mean square error (RMSE), is
reported in Figures 3.13.14 at three different pressure levels for nighttime data. These figures show
the variation of ceocation uncertainty in theair.distance delaydomain, respectivelyn the lower
troposphere, upper troposphere and lower stratosphere. The vertical profile of uncertaingy
reported in 3.15, which gives minimum, average and maximum uncertainty with respect to
air.distance delay. As a resultoverall inGEU colocation uncertainty is smaller than 1K except

near ground level where it reaches 1.8 K. But large uncertainties3(3K) are observed when both
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air.distanceanddelayare large. For examplat 11 hPa, Figure 3.14, shows an increase up to 3.6 K at
large dstances.

temp night RMSE @ 958.6 hPa, n= 721

3.0

- 25

2.0

15

Figure3.12 Temperature cdocation uncertainty, estimated by isotonic regression, nighttime data, at 958.6
hPa.
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Figure3.13 Temperatureco-location uncertainty, estimated by isotonic regression, nighttime data, at 555.2
hPa.
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Figure3.14. Temperature cdocation uncertainty, estimated by isotonic regression, nighttime data, at 11 hPa.
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Figure3.15. Temperature. Minimum, average and maximum uncertainty in central European area.

Nighttime humidity co -location uncertainty
The colocation urcertainty of water vapor mixing ratio (WVMR), estimated using the isotonic

regression, is reported in Figure 3-:368.8 at three different pressure levels for nighttime data. These
figures show the variation of docation uncertainty in thair.distance delay domain, from lower to
upper troposphere. The vertical profile of uncertaintyis reported in Figure 3.19, which gives
minimum, average and maximum uncertainty with respectitcdistance delay. Overall, this shows
that the colocation uncertainty an be considered small (REUat all pressure levs, say smaller than

1 g/kg. But large uncertainti€4.5-3.0 g/kg)are observed when bothir.distanceanddelayare large,

in particular around 550 and 720 hPa.
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Figure3.16. Humidity. @-location uncetainty, estimated by isainic regression, nighttime data at 956 fa
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Figure3.17. Humidity. @-location uncertainty, estimated by ismic regression, nighttime data at 729.9 hPa.
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wvmr night RMSE @ 300 hPa, n= 1168
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Figure3.18 Humidity. @-location uncertainty, estimated by ismicregression, nighttime data at 300Pa
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Figure3.19. Humidity. Minimum, average and maximum uncertainty in central European area.

Nighttime vs daytime uncertainty

The isotonic regression approach has been applied successfully also to daytime datahgiving
estimated uncertainty surfaces at various pressure levels for temperature and humidity. We omit here
the surfaces corresponding to nighttime analysis. Instead, in order to highlight principal similarities
and differences, Figures 3:3021 report thedifferences daynight of average uncertainty and the
differences daynight of maximum uncertainty for temperature and WVMR, respectively, in the study
area GEU. It is seen that average uncertainty is almost the same during day or night, while the
difference between day and night maximum uncertainty, that is uncertainty at large sieatiporal
distance, reaches 3.5K and 1.2 g/kg for temperature and humidity respectively. In particular for
temperature, the difference of maxima is always smaller thanlirRdosolute value except between

50 and 30 hPa.
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Figure3.20. Temperature daynight difference. Blue solid line: difference betwe@itUaverages. Red dashed
line: difference betweerG-EUmaxima.
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Figure3.21 Humidity daynight difference. Blue solighle: difference betweerGEUaverages. Red dashed line:
difference betweerGEUmaxima

3.6 Conclusions and inputs to Virtual Observatory

The comparison of temperature and humidity profile$ IASI and RAOBIstruments has been
considered in Central Eurog€&EU in order to understandooth the vertical smoothing and the
spatiotemporal mismatch of IASI in the comparison with RAOB radiosonde prdfdedo this the
information content of RAOB data has been assessedtl to vertical sampling using GRUAN déuiggn
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vertical resolutionreference This resulted in sparseness uncertaiatyd processing uncertainties
which are useful to understand the behavior of totatHogation uncertainty.

The assessment okxtical smoothinguncertaintyhas beerbased onradiosounding harmonization
w.r.t. the strongly vertically smoothed IASI produ€he proposed method is based on flexible GEV
weight function and has the capability to estimate the vertical smoothing eveherabsence of
detailed information about averagirigernels used for the satellite retrievah fact, in this cdocation

7
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Note that, although the algorithm proposed in Section 3.4 considers a time invariant vertical
smoothing, in theversion under development for th&irtual Observatory of WP5a dynamic
procedure which covers seasonal and daily atmospheric variability will be Asedconsequencthe
results of this D3.4 are expected to give an upper limit for tieisied colocation uncertainty which

will be obtained using a time varying harmonization algorithm.

Temperature : VaisalaGRUAN processingcertainty is nearly constant arabout 0.12 K up to 300
hPa It increases up to 0.39 K in the lower stratosphayesshbly due to solar radiatiorOnce Vaisala
GRUAN processing uncertainty is eliminatedrtical sparsenessincertainty of RAOB profiless
smaller than 0.48 Kelow 300 hP&ut increases to about 1 Klmwer stratosphereVertical smoothing
uncertainty, incomparison to total and ctocation uncertainties is roughly constant, about 0.5 K,
slowly decreasing up to 300 hPa; abdivis leve] it increases more than docation uncertainty which
is more stable. Thepatiotemporal mismatch uncertainty is based tme co-location uncertainty
adjusted for vertical smoothing arabnsidered as a function of air distance andatation delayAs
a result, overall l&-EU colocation uncertainty is smaller than 1.5 K, except near ground, letere
it reaches 1.8 KBut large uncertainties (3:B.3K) are observed when botir distance and delagire
large.

Humidity : VaisalaGRUAN processing uncertainty has an approximately linear decrease from 0.1
g/kg at 925 hPa to about 0.01 g/kg at 300 h®ace this Vaisal&RUANbrocessing uncertainty is
eliminated vertical sparseness uncertainty is smaller than 0.22 g/kg up to 500 hPa and smaller than
0.05 g/kg aboveOn the other side, considering humidity, total and vertical smoothing uncertainties
have a maximum near 800 hPadaabove they smoothly decrease. In particular vertical smoothing
uncertainty decreases to zero faster than the other two involved uncertairesrall, this shows

that the colocation uncertainty can be considered smalG&Uat all pressure levs, sty smaller

than 1 g/kg. Bt large uncertainties (1:8.0 g/kg are observed when botair distance and delay are
large, in particular around 550 and 720 hPa.

Inputs to Virtual Observatory

TKS G+ANIdzZ- £ hoaSNDIF G 2NBVESwlH enhbleendays&@StdtheRa&egsS &ng LIY Sy (i
use of satellite to nossatellite data comparisons, to explore, interrogate, extract and analyse co
locations between satellite data and higjuality reference and baseline network data. The Virtual
Observatory shall be built tshowase potential methods. Nevertheds, the VO design will allow to

operate it subsequently as an operational service, though within @AIM shall only serve as a proof

of-concept facility.
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From the work described abovkree mainoutputswill be offered o the end users through the VO:
sparseness and processing uncertainties of RAOB products; vertical smoothing uncertainties and
harmonized RAOB profiles; and joigpatiotemporal mismatchuncertainty for RAOBASI ce
locations TheséWP3 outputanaybe precomputed and used as inputs e uploaded offline to VO.

wS3IFNRAY3I | SN¥YAGS aLX AySas GKS LlRaaroAtArde G2
in D3.5 ancevaluated with respect tohe alternative to uploado VO precomputed hidp resolution
spline outputs.

Sparseness and processing:This kind of uncertainty analysis is available only for GRUAN sites. The
outputswill be in the form of uncertainty profiles to be attached-bffe tothe relevant RAOB profiles
and made available tthe end users of the VO.

Vertical smoothing: The outputs of the aboveertical smoothing uncertainty analysis are in the form
of harmonized profiles, which can be iffe uploadedto VO. Similarly, the adjusted -¢ocation
uncertaintiesshouldbe attachel off-line to the IASIRAOB cdocatiors.

Spatio-temporal mismatch : The celocation uncertainty has been estimated for temperature and
humidity as a function of air distance and delay, at pressure levels available for IASI.

Hence, 3D contours plot of thencertainty will be made available through the VO, eiths numerical
look-up tablesor graphical representations. As a result, this tool allows the user to retrieve the co
location uncertainty for IASI temperature and humidity profiles. Moreoggven an uncertainty
thresholdd hwhich may rise from a specific emder appliation, it will be easy to chedka specified
co-location € o hat spatiotemporal distance ( @ ) satisfies the uncertainty requisite in the form

, 1 @& o0 o 8&voreinteresingly, this approach allows a-tmcation system to select all docations
satisfying an uncertainty requirement fixed by the user. Notice that, this can be done either for a
fixed uncertainty threshold or for an uncertainty threshold proélo 1 .

4 Temperature and humidity profiles: radiosonde
temporal mismatch

The @al of this activityis to erable estimation of the cdocation uncertaintyin non-simultaneous
temperature measurements due to atmospheric variabilibpth in terms ofthe systematic bias
between measurements and the random naiSéhe availability of such informatioprovides an
estimate of temperature mismatch uncertainty for any given site using global reanalysis data, and
would enable an appropriate sampling stratetyy be put inplace for a given intercomparison
measurementpplicationin order to meet a defined comparison uncertainty requirement

Previous work(Butterfield and Garuher, 2015)established that 4 launches per day (or 6 hourly
updates) provided a reasable measure of the variability during the day. It gisovided estimates
from actual sonde datasets, as a function of time of day, altitude and se@lsonhonly available for
the very limited number of sitethat provide longterm data at the requiredhigh level of sonde launch
frequency The objective of the work within GAIBLIM is to extend this analysis, through the use of
ECMWEF ranalysis model data, to provide a globallyplicable cdocation uncertainty assessment
tool. This work has initialfipcused on temperature measurements, and is being extended to humidity.
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4.1. Methodology

Radiosonde temperature readingsyd modelled temperatures are processed in the same way by
amalgamainginto altitude bins 500m high, labelled as the centre of each npito 500m labelled

as 250mAs the ERAnterim altitude data is represented as local altitude it is first corrected to height
above sea level so it can be directly compared with the radiosonde @htatemperatures in each
altitude bin are averaged tprovide a mean temperaturel, for that specific altitude. The rate of
change in temperature between single launches 6 hours apart, at each altitude, were calculated
according to Eq4.1). The mean rate of change in temperature between each launch separand

altitude,—, for a defined group of launcheagere then calculated according to E@Gh2).

S — 4.1)

Wheret, is the launch time for the sonde.

— — 42

Where i = the number of launch pairs

The result of this calculation provides the mean rate of change of temperature as a function of altitude
for launches grouped by time of day and season across the datasets being investigated, with the
standard error on te mean providing a measure of the random uncertainty resulting from the
variability observed for that particular grouping.

4.2. Comparison between radiosonde and ERA -Interim
reanalysis

The spatial resolution of the ERAterim data set is approximately 80 knm 60 vertical levels from

the surface up to 0.1 hPa. As the BR#&rim model is available at different spatial grid resolutions, a
comparison was made between temperature data produced at grid resolutions 8%k 0.5, 0.7% x
0.78,1.0x 1.0and 20°x 2.0, corresponding to the Lindenberg radiosonde launch site for the period
2009 to 2012. Figure 4.1 shows an example of this comparison. For altitudes above 500m the
differences in the mean rate of change in temperature for each grid size was b£l0% K per hour

when compared to the%x 1° result. Based on this it was decided that a grid size® efduld be used

for all future data processing.
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Figure 4.1(a) Lindenberg, mearate of change in temperature between O1LT and O7LT (b) Difference between
each grid size and the 10 x 1o result for the 04 DTLT.

Comparisons between ER#dterim (2° x 1° grid) and radiosonde temperature stability data were then
made for 3 longerm radiosonde data sets: Lindenberg 1992008 (Vaisala RS90), Lindenberg 2009
¢ 2014 (Vaisala RS®XP), Southern Great Plains 2Q@D14 (Vaisala RS92) and 1 skertn data
set: Manus Island 24th September 2011 to 31st March 2012 (VaisalaS&$92

Asonly 2 GRUAN sites regularly launch radiosondes on a 6 hour freqileaaipbal extent of the
investigation was extended by analysitige temperature stability of the ERInterim dataat 12
GRUANsite locations as detailed ifiable 4.1 below, over thesane period asvhen GRUANlJata is

available.

Location

Ny Alesund
Barrow
Sodankyla

Lindenberg

Latitude

78.92 N

71.32 N

67.37 N

52.21 N

Longitude

1192 E
156.61 W
26.63 E

1412 E

39

Elevation,
m above sea level
5
8
179

98

Period

01/01/11 to 31/12/14
01/01/09 to 31/12/14
10/09/10 to 31/12/14

01/01/09 to 31/12/14



Lauder 45.05 S 169.68 E 370 11/12/12 to 31/12/14

Potenza 40.60 N 15.72E 720 22/02/11 to 31/12/14
Boulder 39.95N 105.20 W 1743 15/06/11 to 31/12/14
SGP 36.60 N 97.49 W 320 01/01/06 to 31/12/14
Tdeno 36.06N 140.13 E 31 01/01/10 to 31/12/14
La Reunion 21.00 S 55.00 E 2200 01/01/10 to 31/12/14
Darwin 1243 S 130.89 E 35 01/01/10 to 31/12/14
Manus 2.06 S 14742 E 6 01/01/11 to 31/12/14

Table 4.11 ocation of GRUAN sites selected for HRérim Analysis

The standard error of the mean can be taken as an estimation of the uncertainty of the mean value as
it quantifies both the scatter in the data and the sample size. If the data points are normally distributed
the standard error of the mean wikkduce as the sample size increases, at the rate of the square root
of the sample size. To test if this is really the case for the distribution of rates of change in temperature
for RS92 radiosonde and EBRnterim data sets, the data sets were randomly gdaal over variable
sample sizesThe standard error was calculated from the resampled standard deviations and
compared to the theoretical standard error for thdferent sample sizes. Figude2shows & example

of the comparison of the resampled standaedror compared tahe theoretical standard errog in

this casefor the two ECMWEF sites with the lowest and highest standard deviation in mean rate of
change in temperare at an altitude of 15 km. The excellent agreement between the resampled and
theoretical results confirmed that the data behaves as a set of stationary variables.

0.08
$

temperature , K per hour
o
o
w
=2

0 500 1000 1500 2000
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Standard error of the mean rate of change in

—&— Resampled std error - Tateno Theoretical std err - Tateno
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Figure 4.2Resampled standard error and theoreical standard error of the mean rate of change in temperature
for Tateno and Ny Alesund ECMWEF sites at an altitud®,600m.

The variability in temperature stability data at 6 altitudes (3250m, 5250m, 8250m, 12250m, 15250
and 20250m) was then determined for both ERferim and radiosonde data sets by repeatedly
sampling the data with different sample sizes to determine how yndatta points would be needed

to achieve a particular level of mismatch uncertainty, and therefore what would be needed for a valid
radiosonde / model / satellite overpass intercomparison with a given uncertainty specification. Figure
4.3 provides examplesf these analyses, showing théasdard deviation of rate in change in
temperatureat an altitude of 5.25 km for (a) thadiosonde andERAInterim data for the 3 longterm

data sets, and (b) thERAInterim data forthe 12 selected GRUABItes

5,250m by Launch Time

@ 0.35
2@
o
£
]
(%]
=
a;, 03
20 o
(=] o
c ) * o
S ?’"
k=
=
=
Q 2 ®
T 025
- F : o o
=
]
T
=
s
7]
c
3 02
= 0 500 1000 1500 2000 2500 3000 3500 4000
N
—e— Lindenberg 1999 - 2008 Sonde ~ —®— Lindenberg 2009 -2014 Sonde SGP 2006 -2014 Sonde

Lindenberg 1999 - 2008 ECMWF —e— Lindenberg 2009 -2014 ECMWF —#— SGP 2006 -2014 ECMWF

5,250m by Launch Time

0.3
g
= =1 1
—s—Lindenberg 2009 -2014 ECMWF
—e—SGP 2006 -2014 ECMWF
—e—Manus 2011 - 2014 ECMWF
02 F_v —e—Lauder 2012 - 2014 ECMWF

—s—Barrow 2009 - 2014 ECWMF
—e—Boulder 2011 - 2014 ECWMF
0.15 —e—Tateno 2010 - 2014 ECMWF
Potenza 2011 - 2014 ECMWF
Sodankyla 2010 - 2014 ECMWF
——Ny Alesund 2011 - 2014 ECMWF
0.1 Darwin 2010 - 2014 ECMWF
—=—La Reunion 2010 - 2014 ECMWF

Standard deviation over N samples

0.05
0 500 1000 1500 2000 2500 3000 3500
N

41



Figue 4.3. (a) Standard deviation of rate in change in temperature of radiosonde andliEBAM data
for the 3 longterm data sets. (b) Standard deviation of rate of change in temperature ofiiiBAm data for
12 GRUAN sites.

The results shown in Figure 4.&bove show clear differences in the random component of the
difference between the radiosonde and ERwerim data. Differences are also seen in the systematic
value of the rate of change in temperature. Such differences are to be expected as the derived
mismatch values are a combination of the underlying atmospheric variability and the uncertainty due
to the particular measurement (or model) technique. However, if the differences between the two
methods lie within the expected uncertainty bounds of thethods, then this gives us confidence
that they ae in agreement, and providingealiable estimate of the underlying atmospheric variability.

A detailed study of the uncertainties in a GRUJgbicessed RS2 radiosonde profile is presented in
Dirksen et § 2014. There will also be uncertainties in the HRArim results, both from the
meterological model itself, and from the spatial representativeness of the model results when
compared to the small spatial sample from the sonde results. These underta@are harder to
guantify. Fbwever, if there is agreement between the two methods at, or close to, the level of the
sonde uncertainties, then this confirms the comparability of the methods.

As indicated above there are two elements to the uncertainty asiatythe random (uncorrelated)
component given by the standard deviation of a large number of samples (e.g. Figure 4.3) that will
result in an uncertainty that reduces with the number of measurements made (see Figure 4.2), and a
systematic (correlated) eoponent that is the difference in the underlying rate of change in
temperature. Dirksen et al, 2014 separate the sonde measurement uncertainty sources into
correlated and uncorrelated contributions. However, in their work correlated refers to correlation
within one sonde ascent, and this study addresses the difference between sequential sonde launches,
so only those uncertainty sources that remain correlated between launches would contribute to the
systematic element. As a result the majority of the uncirtta described by Dirksen et al would
contribute to the random component in this analysis.

Table 4.2 shows the random component of uncertainty for the sonde andirE&An results for
Linbenberg (combined across seasons and launch times), and compaiffiéhence between them

to the predicted uncertainty in the difference between two sonde measurements based on Dirksen et
al. These results are given separately for the-trmigosphere (Trop) and uppédroposphere/lower
stratosphere (UTLS), as the uneénty behavior is different in these regions.

Trop UTLS
Sonde 0.283 K/hr 0.202 K/hr
ERAInterim 0.252 K/hr 0.148 K/hr

42



‘ Sonde 0.035 K/hr

uncertainty
Table 4.2 Random components of uncertainty in temperature differences.

0.058 K/hr ‘

The random componernis consistently higher for the sonde measurements compared to the ERA
Interim model, and the differences are of the order of the predicted sonde measurement
uncertainties.This result, together with the expected differences due to the higher spatial timolu

and therefore spatial variability of the sonde measurements, confirms the general agreement
between the sonde and ERAterim results and indicates that the differences in the random
component of the uncertainty are consistent with the expected uraiettes in the data sets.

The magnitude of the systematic component of the temperature difference at Lindenberg is typically
~0.021 K/hr for the sonde results and ~0.014 K/hr for the-ERAm data,with the difference
between themconsistently less thaf.01 K/hr (with similar results in Trop and UTLS regions). This
level of agreement is within that expected for the likely sources of correlated uncertainties in the
methods.

4.3. Humidity data analysis

Following the successful development of the mismatch aislyol for temperature the scope of the
GAIACLIM activity has been extended to cover humidity. A similar set of analyses is therefore being
undertaken for radiosonde and reanalysis humidity data. Note that, in order to directly compare the
measured andnodelled results it is necessary torwvert the specific humiditprovided in the ERA
Interim data to the relative humidity over water, as reported by the radiosondes. Figure 4.4 shows an
example of the comparison between measured and modelled humidifgrdifces, in this case for

the Spring data in the GRUAdXbcessed Lindenberg radiosonde dataset. The red lines shows the rate
of change in humidity (%RH per hour) over the indicated time period as a function of altitude (up to
25 km) for the sonde data, vile the black lines shows the equivalent assessment for thel Eie@Am

data.
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Rate of change (%RH/hr), Spring, 01 to 07 Rate of change (%RH/hr), Spring, 07 to 13
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Figure 4.4. Comparison in the rate of change in relative humidity (% per hour) between the measured
(red) and modelled (blaclprofiles at Lindenberg, shown for different timef day in Spring. (top left panel:
01:00 to 07:00, top right panel 07:00 to 13:00, bottom left panel: 13:00 to 19:00, bottom right dheD to
01:00). Error bars show the standard uncertainty on the average rate of change.

A similar exercise with thBGP data set shows the improvement that is gained by using the GRUAN
processed humidity data rather than the standard sonde humidity data product. Figure 4.5 shows two
examples of the rate of change profiles (upper: Spring, 01:00 to 07:00; lower: Spratytd 19:00)

for the standard data product (left panels) and the GRiypAdtessed product (right panels).
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Figure 4.5. Comparison in the rate of change in relative humidity (% per hour) between the measured
(red) and modelled (blaclgrofiles at SGP fastandardsonde product (left panels) and GRUAN sonde product
(right panels), shown for different times of day in Spring. Error bars show the standard uncertainty on the
average rate of change.

The level of agreement between the GRUpcessed sonde andR&lInterim results in figures 4.4

and 4.5 indicates that the overall method for deriving mismatch uncertainties can be applied to
humidity as well as temperature, and a similar uncertainty analysis on the humidity differences is now
underway to confirm ths.

4.4. Conclusions

The work on temporal mismatch uncertainties in radiosonde profiles provides a direct means of
estimating the temporal mismatch uncertainty in temperature as a function of altitude, season and
time of day, for the selected sites using ERArim model data. This approach has been validated by
comparing the ERA Interim results with GRpkdbtessed radiosonde data from those sites where
longterm high frequency data is available. Analysis of the results have shown that the differences
between he radiosonde and ERAterim temperature data can be explained by the expected
uncertainties in the different data sources. Similar studies are underway for the humidity data, and
this has already demonstrated the improved agreement between measured addlled differences
when the GRUAIgrocessed humidity data is used in the analysis. A paper summarising the overall
results of this study is in preparatiohhis work has been based on the available reference data with
traceable uncertainties i.e. the GRN/RS92 sonde dataseis additional reference datasets and
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uncertainties become available they can be integrated into this analysis. This will be particularly
relevant with higher temporal resolution data

5 Ozone profiles

Vertical ozone profiles are measad from the ground with a variety of techniques, covering both in

situ measurements (balloebhorne ozonesondes) and active (LIDAR) and passive (MWR, FTIR) remote
sensing. Each technique has its own distinct properties in terms of vertical coverage aludions
temporal coverage and resolution, measurement uncertainty etc. While a large body of literature
exists on the vertical properties of these measurements, we present here new results on the impact
of the horizontal and temporal smoothing propertiés,particular in the context of using these data

for the validation of satellite measurements. More specifically, we look here at the impact of (1)
balloon drift on ozonesonde measurements, (2) the low elevation angle of thefisght used in

MWR meaurements, and (3) the significant integration times required for precisepi©file
measurements with LIDAR systems. The method used is based on a sophisticated simulation of
measurements and observing systems, including their fuld 4patietemporal sanpling and
smoothing characteristics, as implemented in the OSSSMOSE system developed ASBIRA

Integration in the Virtual Observatory

The Virtual Observatory developed in WP5 of GBIAM will offer access toz@rofile data from
ozonesondes, LIDARstruments, and FTIR instruments contributing to the NDACC. Besides a focus on
GKS GNBFSNBYyOSe¢ ljdzrtAGe 2F GKS YSFadaNBYSyid Ay
part of the aim is also to provide the user with estimates of the additioneértainties due to spatio

temporal features such as the balloon drift and temporal integration described here. Since performing
OSSSMOSE simulations within the VO environment is beyond the scope of the current project, the
results described below for repsentative case studies will be extended to all NDA@@ributing

stations and converted into loelip tables that can easily be used within the VO. More specifically, for

each station alook up table will be constructed that contains altitudeesolved mea (i.e.

GOt AYI G2t 23A01If £33 & RSNRQJSdnpofaNsnaothivgdahdisamgiing & ST N
errors and their spread. Further details and illustrations of the use of tltoeseup tableswill be

provided in D3.5.

5.1 Ozonesondes: balloon drift

Ozonesondes and the corresponding letegm data records play a fundamental role in the monitoring

of the vertical ozone profile throughout the troposphere and into the lower stratosphere, addressing
scientific needsegardingstratospheric ozone recoveryropospheric ozone pollution, and ozone as a
climate forcing agent. Moreover, they provide cruciakitu reference data for the groundased
validation of satellite ozone profilers (e.g. Keppens et al., 2015, and Hubert et al., 2016). While great
effort is being invested in the homogenization of the ozonesonde network and in controlling and
minimizing the measurement uncertainties, e.g. within the @&FA, the impact of (horizontal)
balloon drift on the representativeness of the measurements has hithemaained uninvestigated.
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In this section, we address this gap with a quantification of the errors and uncertainties due to balloon
drift using an Observing System Simulation Experiment (OSSE) performed with the OSSSMOSE system
and using the latest generati of global ozone reanalyses: MERR#nd the MACC (now CAMS}IFS
MOZART reanalysis. We quantify how ehéfiated errors depend on altitude, season, particular
atmospheric regimes, etc. In many cases, these errors exceed the (random) measurement
uncertanties. Finally, we put these results in context of 0zonesondes as a source of reference data for
satellite validation, and how balloon drift can/must be taken into account in order to optimize their
fithessfor-purpose for the upcoming Copernicus validatiwork.

Balloon drift statistics as derived from radiosonde networks

Balloon drift has hitherto not been studied on a global scale for ozonesondes. However, since the
weather balloons used for ozonesonde launches are similar to those used in the extadgisende
networks, a first estimate of drift statistics can be obtained from published statistical analyses on
thoseradiosondesIndeed, while the payload for an ozonesonde is significantly heavier than that of a
regular radiosonde, this is compensateygla larger balloon in order to ensure similar ascent rates (R.
Van MalderenBelgian Met OfficekMI, private communication). Assuming a strong coupling between
horizontal wind components and the balloon movement, this should also lead to similar betition
trajectories. Seidel et al. (2011) present such an analysis of radiosonde drift trajectories and their
figure summarizing the median drift distance (at the highest level, i.e. just before balloon burst) during
northern winter months is shown ifrigue 51. As is clear from this graph, drift distances vary
considerably across the globe, from less than 25km in northern Brazil up to 200km and more near
Japan in winter.

00 250 500 750 1000 1250 150.0 1750 200.0
Figure 51. Median drift distance at the highest level reached by the balloons®fiobal radiosonde network,
during northern winter months (December, January, and February), as derived by Seidel et al. (2011).

To what extent this balloon drift leads to an ozone concentration measurement that differs
significantly from that directly laove the station depends not only on the drift distance, but also on
the local variability of the ozone field. To gauge this variability across the globe, we looked at the
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variability in global reanalysis fields at a scale of a few hundred kilometresa$uagh, corresponding
to the variability in the UT/LS ozone column for northern winter months, is shiowigure 52.
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Figure 52. Variability in the UT/LS ozone column during northern winter months (December, January, and
February) as caught by theSMOZART reanalysis performed for MACC (now CAMS).

Combining this graph withigure 51, we can expect very little impact due to balloon drift on the ozone
measurements in equatorial regions, in particular in South America, while Japan shows both farge dri
distances and strong spatial variability in the ozone field, which will most likely lead to large
differences between the measured ozone profile and the vertical profile at a (hypothetical) launch
station. It should be kept in mind though that the \aility in the ozone field is mostly due to
advection and thus correlated with the local wind field. As such, the actual impact on the
representativity of the measurements may be more moderate than estimated from this qualitative
exercise.

Another aspectnot yet touch upon, is the time it takes the balloon to climb up to its burst point. This
duration is typically of the order of minutes which may in some cases also introduce significant
errors w.r.t. the ozone field at the time of the sonde launch.

The above considerations and concerns warrant a mometh quantification of the impact of
balloon drift and ascent duration on the measured ozone profile. In the next section, we present an
OSSHased calculation of the errors and uncertaintiestth@sult from the balloon trajectory that
takes into account the actual interplay between balloon trajectory and local ozone field.

OSSSMOSE simulation of ozonesonde balloon drift errors
To arrive at a detailed, quantified estimate of the difference betwehe profile measured by an

ozonesonde and that above the launch station, we used the OSSSMOSE system (Verhoelst et al., 2015)

to trace actual ozonesonde trajectories inrD4reanalysis fields and extract the corresponding
aAYdz I 4GSR aYSIiéghdzxBiénde doidaredid the Feandlysis profile above the launch
station. This is illustrated ifrigure 53.
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In essence, simulating the measured profile comes down to interpolating the reanalysis ofDthe 4
(lat,long,altitude, time) coordinate of evermpeasurement during an ozonesonde ascent. For every
aAYdzZ  GSR FaOSyiasxs GKAa Fftz2ga dza G2 OFft OdA FGS i
profile at the launch time. By analyzing a large set of such difference profiles, e.g. coveergy sev

years of actual ozonesondes launches at a monitoring station, we can deduce both random and
systematic statistical properties of these drift errors, as a function of altitude, season and particular
atmospheric phenomena.

03 Sonde OSSSMOSE visualisation @ Uccle
with selected MERRA-2 horizontal slices
on 29-Feb-2008 11:30:08 UT
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Figure 53: lllustration ofthe difference between the station zenith(grey markers) and the actual trajectory of

an ozonesonde launched by the Belgian Met Office (KMI) from Uccle (Brussels) on 29 February 2008. Also a few
slices of the corresponding MERRAZzone reanalysis are showvo illustrate the spatial inhomogeneity of the

ozone field at these scales and altitudes.

Based on the information iRigures 51-6.2 and the locations of the NDACC stations with-geathpled

time series of ozonesonde launches, two distinct case studiee chosen here: Paramaribo,
Suriname ®T1 p 6 b 3 wepkly aunches by KNMI) as representative for small drift distances and
low ozone field variability, and Hohenfenberg, Germanyn(T ®y ¢ b 3 3 launches ge? week by
DWD) as representative faariger drift distances and significant ozone field variability. Results for 4
years of launches (2068)11) at these 2 stations are shownHRigures $-6.5. Averaged wer these
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years, no large systematierrors are observed andhe maximum uncertainty isf the order of2%

and 4% respectively (in the upper troposphere). In fact, the maximum spread in the upper
troposphere is due to the combination of atmospheric variability and drift distance being largest at
these altitudes. Going higher up, in the lemstratosphere, the drift distances are even larger, but the
ozone field becomes much smoother and consequently the errors due to the drift decrease. In both
cases, the probability density distribution (PDF) of the differences is fairly Gaussian, with non
negligible tails up to differences of 10% for launches at Hoh&spberg.

Paramaribo O3 sondes in 2008-2012 (184 launches)
MERRA-2 based OSSE
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Figure 54: OSSSMOSE simulation of errors in ozone concentrations due to balloon drift and elapsed time since
launch, at the equatorial NDACC station of Paramaribo, Surinemep(s b > , prgekbHasiriches by KNMI.

Hohenpeissenberg O3 sondes in 2008-2012 (628 launches)
MERRA-2 based OSSE
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Figure 55: OSSSMOSE simulation of errors in ozone concentrations due to balloomdrdtagpsed time since
launch, at the northern midatitude NDACC station ¢iohenpei3enberg, Germanyn(T ®y ¢ b 3 3 launcks ¢ 2
per week by DWD).
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Implications, conclusions, and caveats

The two cases studies detailed in the previous section illustrate that the errors due to balloon drift
depend strongly on launch location. When the drift distances are small and the ozone létidete
stable, e.g. at Paramaribo, the simulated errors remain below typical measurement uncertainties,
which are estimated to be of the order 0fS®6. Indeed, when standard operating procedures are
followed, the three most commonly used sonde typ@soduce consistent results between the
tropopause and 28 km, with biases smaller than 5% and precisions better than 3% (Smit and ASOPOS
panel, 2014). At higher and lower altitudes the data quality degrades somewhat, and the differences
between the sonde typelsecome more clear. Overall, EGPe sondes perform best with a bias af 5

7% and a precision 0t8% in the troposphere. Consequently, in this case, the errors due to balloon
drift also remain below the accuracy targets for the use of ozonesondes asneéedata in satellite
validation work. On the other hand, when drift distances are >100km and the ozone field is
inhomogeneous, the errors do become comparable to the measurement uncertainty and will
contribute to the error budget of a comparison with ethmeasurements tven not minimized, e.g.

by doing a heightiependent calocation, or taken into account by adding an additional uncertainty
GSNY Ay (GKS O2yaradaSyoe G4dSad 6° Ay 9@ mMomMO®

It is important to be aware of the limitations of the OSSSMOSE simulations behsal rémults, in
particular the horizontal and temporal resolution of the reanalysis fields that were used (typically of
the orderof &XIE and 3 h o u)r Somerpelimnane dormparisdn ypetween the variability
caught by the reanalysis and that obged in insitu aircraft data by Sparling et al. (2006) suggests
that the intra-pixel variability can not be neglected, and the simulations here are to be taken as lower
limits on the actual drift errors. In view of this limitation, it is recommended toressi balloon drift

in a validation exercise by doing an altitudependent cdocation, rather than by including an
additional uncertainty term in the comparison uncertainty budget. For satellite sounders with high
horizontal but poor vertical resolutiorsome satellite pixel averaging may be required when the
balloon traverses multiple satellite pixels in a single vertical layer.

5.2 Ozone MWR elevation angle of the line -of-sight

Because of its low sensitivity to weather conditions and aerosol load, drbased millimeter

radiometry is well suited for observations of stratospheric and mesospheric ozone. The technique was

first explored in the early 80s (e.g. Wilson & Schwarz, 1981) and nowadays siwanercadiometers

(MWR) routinely contribute @profile measurements to the NDACC, with a further 3 instruments in

0KS aOFYyRARIFGSE LKIFIaAaS® ¢KSasS AyaildNdzySyda VYSI adzN
transition at either 110 or 142 GHz. From these $ipectra, Qvolume mixing ratie are derivd using

an optimal estimation retrieval technique, relying on the pressure broadening of the line to
disentangle different altitudes (i.e. different atmospheric pressures). A valuable proxy of the
measurement sensitivity and vertical resolution is proddy the averaging kernel (AK). An example

! Nowadays more than 80% of the stations launch an electrochemical concentration cell (ECC) sonde (Komhyr,
1969). The BreweMast sonde has mostly beersed by the early sounding stations with long data records
(Brewer and Milford, 1960), while the Japanese stations fly a carbon iodine cell sonde (Kobayashi and Toyama,
1966).
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AK, correspondingtoanigitA YS YSIF adz2NBYSyd 4 GKS bst!// adl iz,
155.58°W, 3397m a.s.l.), is showrFigure 56. While the profile is sampled on a relatively fine grid

(49 levelsbetween 12km and 108km) the actual vertical resolution (taken here to be thavitth-

at-half-max of the AK rows) ranges from a best of 6km at approx. 30km to 14km and worse above

65km.

One of the key applications of MWR measurements is the studyeoflittrnal cycle of € which is

very strong above about 45km/1hPa (e.g. Connor et al., 1994) but not negligible in the middle
stratosphere either (e.g. Parrish et al., 2014). These studies are facilitated by theomsiauous
measurement cycle, with raevals performed on data integrated over a (few) hour(s) or so.
Operational products are typically provided oiéurly intervals, but much higher sampling is possible
as well, e.g. to study the abrupt changes at sunrise/sunset in the mesosphere.

In thecontext of validation of satellite {profiles, MWR play a key role in extending the grotvaged
referenceto altitudes not accessible yalloon sondes otIDARNmeasurements. A recent application

in the context of stability validation of limb sounderssyaresented by Hubert et al. (2016). A critical
step in such validation work is the spat@mporal celocation between groundbased and satellite
measurement. While the grourdased measurements is usually associated with the location of the
station, thisassumption may not be optimal for MWR measurements, given their particular viewing
geometry and measurement principle. This is the topic of this section.

Jertical AK for an O3 MWR measurement at Mauna Loa (4 May 2005, 13h UT)
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Figure 56: Typical vertical averaging kernel for anND/VR measurement during night time at NDAsE&tion of

aldzyl [2FZ 1 FglAQA omdbdPpnchbXE mMppdPpyc2ZI oodpTyY | dadf o0
diagonal, where sensitivity ideally peaks. The apparent thermospheric sensitivity (at retrieval altitude 95km but

true altitude 80km saipper mesosphere in reality) is not present during day time when most of the ozone at

this altitude is destroyed more rapidly than it can be reformed because of the low local air density.
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The line-of-sight and its projection on the ground

We can expect hizontal smoothing and sampling errors ia MWR measurements for two reasons:

(1) the nonzenith viewing angle, and (2) the sometimes significant integration times (several hours)
which combine with the local wind speed to smear out the sipedile struatre of the Qfield. Below,

we look in more detail at the viewing angle and how this combines with the measurement sensitivity
to cause an offset between the location of actual measurement sensitivity and that of the station.

As a representative illusttian, we show inFigure 57 the distribution of the elevation angles of 6
years of measurements with the O3 MWR at the NDACC site of Mauna Loa. At this station, a fixed
azimuth angle is used EEastof-North) but the elevation angle is adjusted to compensate for
weatherinduced variations in the tropospheric opacity. In case of high tropospheric humidity
elevation angles up to Zre used to minimize the tropospheric path length. In very cteaditions,
observations are done as low asEabove the horizon. On average, the elevation angle isEl4.1

Line-Of-Sight distribution of the Mauna Loa O3 MWR (2005-2010)
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Figure 57: 2D histogram of the LOS of all measurements made with the O3 MWR at Mauna Loa between 2005
and 2010 (grayscale). The mean aneldian LOS are indicated in red and yellow respectively. The green lines
represent the isigma standard deviation. No measurements are made below abobbrlabove 2& The

orange dashed lines indicate the altitude range for which this geometric projeigia reliable estimate of the
true horizontal offset of the measurement sensitivity.

Figure 57 also shows the corresponding horizontal distance from the station for each altitude level,
by pure geometric projection. To what extent this also represémeshorizontal offset of the actual
measurement sensitivity depends on the vertical distribution of the measurement sensitivity, which
is quantified in the vertical averaging kernel. Fréigure 56, and in agreement with Parrish et al.
(2014), we concludthat the bulk of the sensitivity is close to the true altitude from the lowest levels
up to about 70kmHence, for this altitude range, pure geometric projection as Figure 57 can be
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used to estimate the horizontal offset of the measurement sengtiw.r.t. the station location.
Mathematically:

where dr is the distance from the stationZ the altitude, andg the elevation angle. Or, expressed
as offsets in latitud and longitude (similar to Lambert et al., 2011):
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where dgq is the offset in latitude R the radius of the Earthy the viewing azimuth angle (Ea
of-North), d/ the offset in longitude, andy, the latitude of the station.

Higher up, nightime observations also contain significant sensitivity but at altitudes slightly below
the retrieval altitude (see theaption of Figure 56). The offset of the actual sensitivity is therefore
somewhat smaller at these altitudes than estimated from the geometric projection, and the extreme
offset values (>450km) irigure 57 are probably never reached.

OSSSMOSE simulationf the errors induced by the non-vertical line -of-sight

In the section above, the horizontal offset between station and the location of the actual
measurement sensitivity was estimated to be of the order of several hundred km for the upper
stratosphere ad lower mesosphere. The assumption that a measurement was made at the station
zenith may therefore introduce significant errors when the ozone field is variable on these scales.
Below, we quantify these errors using the OSSSMOSE simulation system (VYetalel2015). The
approach consists in simulating the actual measurements by interpolatinge@inalysis fields either

on a vertical at the station location or along the LOS described in the previous section, and this at the
times of the actual measuments provided through the NDACC archive. This is illustratBdjime

5.8 for a measurement with the MWR at Lauder, New Zealand (&5,0469.66E, 370m a.s.l.).

The reanalysis of choice here is MERRM particular because of its good temporal sdmgp (3

hourly) compared to other reanalyses, an important asset in view of the diurnal cycleioftia

higher stratosphere and mesosphere. Above about 45km/1hPa the diurnal cycle is-Boeaorihat

further interpolation of the reanalysis fields tdé actual measurement time leads to aleatory
behavior and we chose instead to use fields as close as possible to the measurement time, i.e. always
within 1.5h.
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Since the aim of a groudshsed measurement is usually to derive the profile above the statienat
zenith, we take the zenith profile to be the reference and look at the difference between the profile
along the LOS and that at zenith:

XLOS(Zi ) B Xzenith(zi )
Xzenith(zi )

AK(Z) =X 05(Z) - X,en(Z) . OF as a relative quantity&(z) =

where Xrefersto the ozone concentration and, to a certain altitude level.

O3 MWR OSS5MOSE visualisation @ Lauder
with selected MERRA-Z horizontal slices
on 07-Jan-2008 14:02:40 UT
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Figure 58: Visualisation of the OSSSMOSE simulation of both the zenith and actual LOS profiles at the time of a
MWR measurement at Lauder, New Zealand. Thiglgimsmilar to the one in Figurb.3, except for the model

slices which are here shown on their native resolution, instead of the interpolated (snabothsualisation

chosen for Figurg.3. For clarity, only 6 MERRAslices are shown, each converted to a lacedmaly (difference

w.r.t. the local horizontal mean at that altitude). The red marker indicates the station location and the black

lines denote the zenith and actual LOS. Note that due to the different vertical and horizontal scales, the elevation
anglel LILIST NB YdzOK fF NHSNJ GKFYy AG NBI f f &eraltudes mogmparedl y (1 KA &
to Figure 53, and how much smoother the field is at these altitudes.

Two case studies will be elaborated here: the MWR operated by the Naval &e&eaoratory at the
GNRLIAOFT adlrdAz2y 2F aldzylt [2F% | F6FAQA OmMpdPpnchb:
NIWA at the mieatitude station of Lauder, New Zealand (45.04%®.68E, 370m a.s.l.). From both
instruments, extensive lonterm data sets are available. Simulation results for 6 years of
measurements at these two stations (covering the period 2P050) are shown ifrigure 59. At
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Lauder, differences remain in generab'(1 a4 YRF NR RS@ALFGA2Yy0 o0Sft26 ™mM>.
altitudes (below 25km) and above 55km. This is the result of the interplay between aititude
dependent atmospheric variability and increasing horizogéalsitivity displacement. Higher up (not
shown), the differences increase rapidly, but this may be due to shortcomings in the simulation in
dealing with the pronounced nalinear diurnal cycle of ozone at these altitudes so this needs further
investigation. At Mauna Loa the differences are similar to those at Lauder in the middle to upper
stratosphere, but they are larger at and below 20km, including some systematic effects. ldentifying
the cause of this requires further investigation as well. Typical oreagent uncertainties (as
provided with the data) at both stations are of the order 66% random uncertainty and-8%
systematic uncertainty. For a large part of the data sets, these measurement uncertainties can
therefore be assumed to be largerthai 6 & S NNE NeEnénveRidabLO8.2

While the horizontal resolution of the MERRAeanalysis is statef-the-art for global chemical
models (of the order of 80km), this is not necessarily sufficient to capture the-soadd variability of

the ozonefield, in particular at the lower levels. The significant integration times of the MWR
measurements (of the order of an hour or more) however translate into horizontal smoothing because
of the nonnegligible wind velocities in the free troposphere andaaConsequently, the OSSSMOSE
simulations performed here should not be affected much by their inability to resolve the smallest
structures at the lowermost levels.
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Figure 59. OSSSMOSE simulation of the differencesipr@file between the vertical ahe station and the actual
line-of-sight (LOS) of thesMWR measurements at Mauna Loa, Hawal'i (upper panel) and Lauder, New Zealand
(lower panel) . The grayscale represents the 2D histogram of the differences, the coloured lines some statistical
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Returning toFigure 57, it can be argued that the location of the instrumiénnot representative for
f20FGA2y 27F
e.g. in the context of comparisons with satellite data or models, it may be more meaningful to
associate the measurement with anS ¥ F SO0 A BS ¢
ground at e.g. the 45km altitude leveh simulation similar toFigure 59 but using this effective
location instead of the instrument location is showrFigure 510. Comparindrigure 59 and Figure
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5.10 reveals that indeed, differences w.r.t. the vertical at the effective location are noticeably smaller
than those w.r.t. the instrument location, at least above 25km.

Based on these findings, this effective location was already used-tiacate MWR measurements

GAGK aliSttAGS tAY0 YSIF&AdzZNBYSyida F2NJI NSBOSyid O f A
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of groundbased MWRmeasurements in satellite validation is their sensitivity in the upper
stratosphere and lower mesosphere, above the vertical range accessible by sbizigRand FTIR,

the large variability and potential bias at the lowermost measurement levels is cat@ern as long

as these issues are kept in mind.

Lauder O3 MWR, 2005-2010 ( 4009 meas)
MERRA-2 based OSSSMOSE simulation
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of the zenith at the instrument location.

Conclusions

MWR measurements of the vertical ozone profile are obtained using #afiaght (LOS) with a low

elevation angle (usually between Bénd 2@. This leads to a significant pigcement of the location

of actual sensitivity w.r.t the instrument location, reaching several 100km for the upper measurement

levels. For that part of the altitude range for which the vertical averaging kernel of the MWR
measurement is more or less diagd, the projection on the ground of the LOS can be used to
estimate this displacement. From an OSSSMOSE simulation, it was found that the resulting differences
w.r.t. a zenith measurement at the instrument location are largest below 30km and above 65km.
Instead of associating a measurement with the instrument location, it is shown that it may be better

(2 dzad +y GSTFSOGADGSE t20FGA2ys O2NNBALRYRAY3
level following the LOS. In general however, the meament uncertainty remains the dominant

source of uncertainty, leading to errors larger than the differebesveen LOS and zenith profile.
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5.3 Stratospheric o zone LIDAR: integration time

Sratospheric @ profiles are measured with LIDAR (Light Detection aamigRg) instruments using

the DIAL (Differential Absorption LIDAR) technique at 13 different stations (+ 1 mobile instrument)
contributing to the NDACGttp://ndacc-lidar.org/). The DIAL technique relies on the difference in
returned (backscatter) pulsddser signal at two wavelengths for which the ozone cross sections are
significantly different (Kobayashi & Toyama, 1966). Three of these instruments measure tropospheric
ozone, the others cover the stratosphere {80km at best). We consider here onhetstratospheric
LIDARs as these play a crucial role in validating satellite ozone profile measurement above the burst
point of ozonesonde balloons. The typical measurement uncertainty (from internal estimates, from
network homogeneity, and from comparisemwith other measurement techniques) is better than 5%

up to the ozone maximum but degrades t0-30% in the upper stratosphere (McDermid et al., 1990,
GodinBeekmann et al., 2003, and Keckhut et al., 2004). The vertical resolution is of the order of 300m
at the bottom of the measured profiles, i.e. near the tropopause, but degrades to 3km and worse in
the upper stratosphere (Godin et al., 1999). Note that at these higher altitudes, the profile is strongly
oversampled, i.e. measurement levels are highlyalated due to the coarser actual measurement
resolution.

LIDAR integration times

Depending on the power of the lasgthe meteorological conditions, length of night, etc., the typical
total integration time ranges from an hour up to an entire night. Whih individual measurement

may in fact be of much shorter duration (a few minutes), multiple consecutive measurements must
be averaged to reach a sufficient SNR for a meaningful ozone profile retrieval. The distribution of
integration times (per retrievafor 3 weltestablished instruments is visualizedrigure 511.

10°

: Mauna Loa (724 meas.)
[ OHP (648 meas.)
Hohenpeissenberg (543 meas.)
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Figure 511:Histograms of the integration times for LIDAR measurements are 3 stations with extensive data sets
0S06SSY uwunnp YR HAamMAaY al dzyl [ 2V operatediby BRA) GbgeNddredel 61 A QA
Haute Provence (OHP), France (43.9°N,B>.@perated by LATMOS), and Hoheifd@@giberg Observatory,

Germany 47.8° N, 11.0°,operated by DWD).
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This integration time is reported in different ways across different statiflestypes, and archives:

for instance, total integration time can be reported along with the center time of the integration, or
start and end times along with an effective mean measurement time, which takes into account gaps
due to technical or meteorolgical difficulties.

Temporal smoothing and representativeness errors: definitions

At these temporal scales, we can expect variations in the ozone field during the integration of
several 10s of percent, due to advection and photochemistry. This can téeictterpretation of
the measurements in two ways:

1.

If the evolution of the ozone concentration during the integration is dinaar, the mean
value (i.e. the measurement) may not be equal to the value of the concentration at the
claimed measurement timétypically the middle of the integration). This isteanporal
smoothing error Mathematically, we define it as follows:

"tp+Dt/2X(zl t)dt
n i
dgempsmoothingzi ’to) = bz 4 - X(Z| 1to),

or as a relative quantity:
Lp+Du/2
n ., Xz, Hdt
o2 Dt - X(Zi’to)

X(z,%)

d(tempsmoothingzi !to) =

where Xrepresents the ozone concentian, z refers to an altitude level, to the nominal
measurement time, andt to the integration time.
The ozone concentrations may vary strongly during the integration, and the mean (i.e. the

reported) value may be representative for only a small part of the covered measurement time.
This is considered to betamporal representativeness error

'"thrDt/ZX(Zl t)dt
n i
d(temprepresenta/eness(zi ’t) = X(Z| 1t) - oDz 4 ’

or as a relative quantity:
ﬁt +Dtlzx(z| t)dt
- i
X(z,t)- o2 /[

d(temprepresenm/enesgzi ’t) = t,+Dt/2
IRE ,t)d/
Dt

Because this representatimess error is different for every timéwithin the integration
window, it makes more sense to speak of a representativeness uncertainty, defined as the
spread (standard deviation) on the representativeness errors (following the VING&Ih on

the definition of uncertainty as an estimate of a dispersion):

stemprepresenn‘a/eness(zi) = Stdey(d(temprepresenth/enes!Zi ’t)) )
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where ti [t,- Dt/2,t,+Dt/2].

To what extent these errors can be comparable to (or larger than) the measurement uncertainty, is
estimated in the following séion.

OSSSMOS&mulation of the temporal smoothing and representativeness errors

To estimate temporal smoothing and representativeness errors, we extracted from MERRA
reanalysis fields the evolution of the ozone profile during the entire integratiomoge slightly
oversampled to a-hour resolution and spatially interpolated to the exact instrument location and
vertical grid. An example of such an extraction, for a measurement with the LIDAR installed at
Hohenpeenberg, is shown iRigure 512.

O3 LIDAR OSSSMOSE simulation @ Hohenpeissenberg
Nominal measurement time: 04-Jan-2005 23:27:11 UT
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Figure 512: Evolution of the MERR2 0zone profile during a 7-Bour LIDAR integration at Hohenpenberg,
normalized to the profile at the nominal measurement time, indicated by the black solid line. This graph
illustrates the potentially large temporal peesentativeness errors.

Some general features can already be seen in this graph: the decrease in variability with increasing
altitude (except near the ozone maximum) and the presence of both linear changes (e.g. at the lowest
altitude in this case) andon-linear changes (e.g. at 20km and 33km). It is also striking that the
amplitude of the variations casubstantially exceethe measurement uncertainty (better than 5% in

the lower and middle stratosphere). Figure 513, the same measurement is visgedl in such a way

that both the variability during the integration and the difference between the mean (i.e. the measured)
profile and the profile at the nominal measurement time become clear. The former leads to a
representativeness uncertainty, while tlad¢ter corresponds to the temporal smoothing error.
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O3 LIDAR OSSSMOSE simulation @ Hohenpeissenberg
Nominal measurement time: 04-Jan-2005 23:27:11 UT
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Figure 513. Variation of the ozone profile during a LIDAR integration at Hoh&spbéerg (the same
measurement as irrigure 512), as captured by MERRADoth in absolute concentration values (Kstnd
panel), and relative to the profile at the nominal measurement time, i.e. the middle of the integration window
(right-hand panel). The green curve in the rigfand panel corresponds to the (relative) temporal smoothing
error.

Temporal smoothing eors were simulated as described above for all measurements between 2005
and 2010 obtained at the three NDACC stations already introduc&ijure 511. The results are
shown inFigure 514 as a D histogram and some summarizing statistics. The smalesbthing

errors (well below 0.5% for most of the altitude range) are estimated for the equatorial Mauna Loa
observatory, where the ozone field is relatively stable (and varies linearly during the integration time)
and the LIDAR integration times are faslyort (of the order of 2 hours). At the lower end of the
altitude range, the smoothing errors are somewhat larger (occasionally up to 2%), but this remains at
or below the measurement uncertainty. At the Observatoire de Haute Provence, integration tienes a
longer (on average about 4 hours) andoreover,the midatitude ozone field is more variable.
Consequently, larger smoothing errors are estimated. Still, only below 20km altitude do they become
comparable to the measurement uncertainty. At Hohefjeaberg, a midatitude station where
integration times up to 12 hours are used, the smoothing errors are again larger, in particular also in
the middle of the altitude range. In general, they still do not dominate the measurement uncertainty,
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but further differentiation w.r.t. integration time and season may reveal regimes where smoothing
errors become the dominant source of uncertainty. This is ongoing work. Note also that at none of the
stations significant systematic errors (the mean or median of the shiog errors, represented in red

and yellow respectively) are observed. Again, this needs further differentiation, in particular looking
for potential seasonalities.

O3 LIDARs, 2005-2010
MERRA-2 based OSSSMOSE simulation

N/~
50 4 B
Mauna Loa
724 measurements - 2D histogram
— 40t
.-E, Mean
[} Median
©
2 307 Mean +/- stdev [
<
20 S
10 1 1 1 1 1 1
-10 -8 -6 -4 4 6 8 10
50 7
OHP
647 measurements
=K T
=,
[
©
2 301 .
<
20 .
3 ; -
10 1 1 = & = 1 1
-10 -8 -6 -4 -2 0 2 4 6 8 10
501 g
Hohenpeissenberg
542 measurements
T 40 1
=,
()
©
2 30r T
<
20 .
10 1 1 1 1 - 1 - 1 - 1 1 1
-10 -8 -6 -4 -2 0 2 4 6 8 10

Temporal smoothing error [%)]

Figure 514: OSSSMOSE estimates of the temporal smoothing errors in 6 years of LIBARements at the 3
stations for which the distribution in integration times is shownFigure 511 See the text for an idepth
discussion.
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While the temporal smoothing errors are found to be relatively modest, due mostly to the fact that
linear changei O3 concentration during the integration time do not lead to smoothing errors (if the
nominal measurement time corresponds to the middle of the integration winddwgure 512
suggests that the temporal representativeness errors may in fact be mupdrlar

O3 LIDARs, 2005-2010
MERRA-2 based OSSSMOSE simulation
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Figure 515: The distribution of temporal representativeness uncertainties, and some summarizing statistics as
coloured lines. See text for the definition and estimation method. TO DO: remove mean and replace stdev with

a quantile because this di#bution is far from symmetrical.

64



Figure 515demonstrates that this is indeed the case. The temporal representativeness uncertainties
were calculated as the spread (standard deviation) of the temporal representativeness errors,
calculated for a selectiorof times within the integration window, and relative to the mean
concentration over the total integration window (i.e. the actual measurement). For every
measurement, this yields an representativeness uncertainty profile. These uncertainty profiles are
analyzed in a statistical way Figure 515: their distribution is visualized with al2 histogram. From

the different panels in this figure, we derive a similar dependence on integration time, latitude, and
altitude as for the temporal smoothing errors. Wever, the amplitudes are clearly larger: the mean
representativeness uncertainty at HohenPenberg is of the order of 1%, but 2% is far from
uncommon in the middle stratosphere, and at the lowermost levels uncertainties up to 10% are
common. Note that thse numbers areabout the representativeness uncertainty of a single
YSIF&AdZNBYSYyizZ RSTAYSR d (G4KS aidl yRINR RSGAIFIGAZ2Y ¢
errors larger than the numbers discussed here are still relatively common (at least 30% occurrence if
the distribution is nicely Gaussian).

Conclusions

In this section, we investigated to what extent the potentially long integration times required for LIDAR
measurements of the vertical:@rofile affect (1) the accuracy of the measurement (i.e. doeddhg
integration lead to aemporal smoothing errom the measurement when it is assigned to the mean
measurement time?), and (2) the representativeness of the measurement for the time period covered
by the integration (i.e. how much does the €éncentation vary during the integration?). We chose
here not to visualizéndividual representativeness errotsut only the resultingepresentativeness
uncertainty.

In general, the OSSSMOSE simulations indicate that the temporal smoothing errors are ratheally
limited. This is due to the mostly linear variation in the ozone concentrations at the time scale of an
integration. Only for the longest integration times and in variable atmospheric conditions do the
smoothing errors become comparable to the measuent uncertainty (several percent).

On the other hand, he representativeness uncertainty is significantly larger. In the lower
stratosphere, it can be up to three times as large as the measurement uncertainiyis of particular
importance when LIBR measurements are 4ocated with other measurements that fall within the
integration time, but can thus not necessarily be expected to agree within their measurement
uncertainties.

Finally, we must repeat the caveat already expressed in previoussgecthe OSSSMOSE simulations
are inherently limited in their representation of smatiale variability by the resolution of the
underlying model/reanalysis fields. As such, it may be that errors and uncertainties are somewhat
underestimated, in particulam the lowermost atmospheric layers and when referencing against
GaAy3Idz I NE &y kchacentkaoiszat thie Bomihab maast@met time).
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6 Aerosol: Comparison of AATSR and AERONET

Retrieval algorithms based on passive satellite remote senssiguments provide information on
atmospheric aerosols on a global scale. While they are less accurate than methods based on active
sensors (lidars), they can provide a global coverage every few days. The global AOD data can be used
e.g. in air quality ad climate studies.

We consider the comparison of the total atmospheric column aerosol optical depth (AOD) values
obtained with AATSR and AERONET. AERONET providetikg@ootiservations with several
observations per day, while AATSR provides an instaotaglimpse of a larger area (with a revisit
time of 23 days). The focus is on assessiofpcationmismatch uncertainties in comparison of the
two datasets.

The uncertainties for the satellite based aerosol retrieval are much larger than for the AERONE
observations. In addition, while the instrument uncertainties are propagated through the retrieval to
produce AOD uncertainty estimates, various sources of uncertainties in the satellite retrievals remain
unquantified. Therefore, the characterizationtbe co-locationmismatch uncertainties is hampered

by the incomplete uncertainty characterization of the satellite observations. Nevertheless, the
relevant features are discussed in this section.

6.1 AATSR description

The European Space Agency's (ESA) Advahloed) Track Scanning Radiometer (AATSR) aboard
ENVISAT measut¢he top of atmosphere (TOA) radiance at seven wavelengths (0.550, 0.659, 0.865,
1.61, 3.7, 10.85 and 12 ynATSR data record extends from 2002 to April 2012, when the connection
with ENVISA was IostAATSR empley an along track scanning technique, where each surface pixel

is viewed twice, first by the 55° forward view and some 150 seconds later by the nadir view. The AATSR
Dual View (ADV) algorithm is used to retrieve AOD over land, lrmdAATSR Single View (ASV)
algorithm is used over ocean. The ADV algorithm uses the stereo view to remove the surface
reflectance contribution from the TOA reflectance, and retrieves the best fit aerosol model and AOD
value using inversion techniques (Koinen et al. 2016).

Initial regridding

AATSR employs a conical scanning technique, where the sampling distance varies across track and
depending on the view. These native data are regridded to a 1 km grid, where nadir and forward views
are collocated (levelB data). The regridding involves ‘cosmetic filling' for grid pixels with no native
data. This takes place in particular for the forward view, as the native pixel size in the forward direction

is larger. The different smoothing between nadir and forwaielvs is likely to cause smoothing
difference errors. In the retrievals the L1B regridded data provided by ESA is used. Smoothing
uncertainty estimates related to the regridding are not available.

The regridding differences can be seen as the differendberievel of details between nadir and
forward view imagesHigure 61). In the ADV/ASV algorithm, the ratio of the nadir and forward view
surface reflectance, the-fatio, is a crucial parameter. At coastlines, where the surface reflectance
changes rapidi, the regridding difference errors are seen as erroneouatik values, leading to
overestimated AOD values (sEmure6.1). The 3x3 pixel standard deviation of theakio can be used

as a qualitative indicator of the regridding difference uncertainty.
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Figure6.1 The regridding (smoothing) difference between the two AATSR views can be seen as a difference
between the level of detail in the nadir view (left) and forward view (center) images of observed TOA reflectance
at 1.6 um over the Chesapeake kaga. The smoothing difference error leads to highly erroneous reflectance
ratio (kratio) valuesat the coastlinegright).

Cloud screening

As part of the data sampling in ADV/ASV, cloud screening is applied. Aerosol retrieval can only be
performed overcloud free areas. Four cloud tests are used in ADV/ASV to remove clouded pixels
(Kolmonen et al. 2016). The tests are based on automatically adjusted thresholds for TOA reflectance
and brightness temperature, and the relations of these at different wagthen(Roblegsonzales et

al. 2003). The tests are applied separately for each viewing direction, and a pixel is considered cloud
contaminated if any of the tests in either view flags it as cloud.

The cloud mask is not perfect, and residual (undetectedjdsd@ause overestimated AOD values. Also,

the two AATSR views are collocated on the surface level, while residual clouds are higher. The parallax
between the two views causes dislocation of clouds, leading to further uncertainty. Setting the cloud
mask thesholds is a tradeff between the cloud mask uncertainty and coverage. The possible cloud
contamination is seen as a major source of uncertainty in the AOD retrieval, but it remains
unquantified as the full characterization of the cloud mask uncertamtyutside the scope of this
exercise.

In addition to the cloud masks, an additional ppsbcessing is applied to ADV/ASV data to reduce

the effect of residual clouds (Kolmonen et al. 2016). For each retrieved 0.1° pixel the adjacent 8 pixels
are inspectedlf less than three adjacent pixels are retrieved (due to cloud screening) the center pixel

is considered as cloud contaminated and removed. Also, if the standard deviation of AOD-loythe 3

3 pixel area is higher than 0.1, the center pixel is removexhlying the cloud posprocessing
improves validation results against AERONET, but removes some of the high AOD cases (Kolmonen et
al. 2016). An improved cloud post processing method which better takes into account high AOD cases
has recently been develoggSogacheva et &4017).

The parameters used in the cloud pgsbcessing, the number of valid adjacent pixels and the 3x3
pixel standard deviation, can be used as qualitative cloud contamination uncertainty indicators. They
do not depend on the cloud sts applied, and are easy to implement. As such, they nlaghwell

suited to the Virtual Observatory, with adjustable thresholds for the user.

ADV/ASV sampling

The ADV/ASV level 2 aerosol product is provided on a 0.1° grid (~10 km resolution), caltedrtiee
resolution’. The retrieval is performed for an area of c. 100 subpixels (depending on latitude) using the
observed TOA reflectance in both views (L1B data). Due to surface reflectance variability, a simple
averaging of the reflectance over all sugls might lead to a reflectance value that is not
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representative for the area. For example, exceptional surface conditions (e.g. sun glint from a small
water body or urban structure) may cause extraordinarily high reflectance for one subpixel for one of
the views. Therefore, a method to select a subset of representative subpixels is used.

In ADV/ASV a histogram method is used to select the representative pixels in both views from a 10
by-10 pixel retrieval area (Kolmonen et al. 2016). The reflectanceesate binned and the mode
reflectance bin is selected respectively for each view. Then the pixels which are in the mode bin for
both views are selected for calculating the averaged reflectance for each view. A fully traceable
sampling uncertainty of theitogram method is not calculated, but a quantitative measure is given
by the standard deviation of the TOA reflectance of the selectbg-1 km pixels in the 0.1By-0.1°
retrieval area. The effect of this parameter is showfigure6.6 c).

The ADV/AS¥Igorithm can also be run in a special high resolution mode, where the AOD retrieval is
run respectively for each 1 km pixel. This computationally heavy approach is not used for global
retrievals, but can be applied for case studies. Here the high résoltgtrieval is used to assess the
smoothing method used in ADV/ASNigure6.2).

Figure 62 Comparison of the cloud pogtrocessed high resolution (‘fine') and low resolution (‘coarse’) ADV/ASV
retrievals averaged over each low resolution pixel éa)d comparison against AERONET for high (b) and low (c)
resolution results The low resolution retrieval has slightly more variance and slightly lower correlation with
AERONET, but the overall agreement betweentiveeretrieval modes is acceptable.

ADV/ASV uncertainty estimate

In ADV/ASV a static instrument uncertainty of 5% is assumed, and propagated through the retrieval
to get an AOD uncertainty estimate for each retrieved pixel (Kolmonen et al. 2016). The uncertainties
are typically of the order 0.04 0.1 (0.064 on the average) for the dataset used in this exercise. This
estimate does not include sampling and smoothing uncertainties, uncertainties related to the
selection of the bestit aerosol model, or uncertainties related to the cloud screening.

6.2 AERONET description

AERONET (Aerosol Robotic Network) is a federated network of sun photometer instruments deployed
at several hundred locations over the world for aerosol monitoring (Holben et al., 1998). The AERONET
sun photometers measure solar irrad@nat multiple wavelengths from UV to NIR to provide AOD
with an uncertainty of 0.0:D.02 (Eck et al., 1999).

In this exercise we use the closdreened, qualidassured Level 2.0 AERONET AOD data for the
wavelengths 440, 675, 870, and 1020 nm. Since tieelengths do not match with those of AATSR,
Angstrém exponent is used to derive AERONET AOD values at 555 and 659 nm wavelengths.
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