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• NILU-UV irradiance measurements are
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ozone estimates

• A neural network model converts NILU-
UV data into total ozone. It can be appli-
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amined
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reveal homogeneity while satellite sen-
sors slightly underestimate ozone
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This study aims to construct and validate a neural network (NN) model for the production of high frequency
(~1 min) ground-based estimates of total ozone column (TOC) at a mid-latitude UV and ozone monitoring sta-
tion in the Laboratory of Atmospheric Physics of the Aristotle University of Thessaloniki (LAP/AUTh) for the
years 2005–2014. In the first stage of model development, ~30,000 records of coincident solar UV spectral irra-
diance measurements from a Norsk Institutt for Luftforskning (NILU)-UV multi-filter radiometer and TOC mea-
surements from a co-located Brewer spectroradiometer are used to train a NN to learn the nonlinear
functional relation between the irradiances and TOC. The model is then subjected to sensitivity analysis and val-
idation. Close agreement is obtained (R2 = 0.94, RMSE= 8.21 DU and bias =−0.15 DU relative to the Brewer)
for the training data in the correlation of NN estimates on Brewer derived TOC with 95% of the coincident data
differing by less than 13 DU. In the second stage of development, a long time series (≥1 million records) of
high frequency (~1min) NILU-UV ground-basedmeasurements are presented as inputs to the NNmodel to gen-
erate high frequency TOC estimates. The advantage of the NN model is that it is not site dependent and is appli-
cable to any NILU input data lying within the range of the training data.
GOME/ERS-2, SCIAMACHY/Envisat, OMI/Aura and GOME2/MetOp-A TOC records are then used to perform a pre-
cise cross-validation analysis and comparison with the NILU TOC estimates over Thessaloniki. All 4 satellite TOC
dataset are retrieved using the GOMEDirect Fitting algorithm, version 3 (GODFIT_v3), for reasons of consistency.
The NILU TOC estimates within ±30 min of the overpass times agree well with the satellite TOC retrievals with
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coefficient of determination in the range 0.88 ≤ R2 ≤ 0.90 for all sky conditions and 0.95 ≤ R2 ≤ 0.96 for clear sky
conditions. The mean fractional differences are found to be−0.67%± 2.15%,−1.44%± 2.25%,−2.09%± 2.06%
and−0.85%± 2.19% for GOME, SCIAMACHY, OMI and GOME2 respectively for the clear sky cases. The near con-
stant standard deviation (~±2.2%) across the array of sensors testifies directly to the stability of both the
GODFIT_v3 algorithm and the NN model for providing coherent and robust TOC records. Furthermore, the high
Pearson productmoment correlation coefficients (0.94 b R b 0.98) testify to the strength of the linear relationship
between the satellite algorithm retrievals of TOC and ground-based estimates, while biases of less than 5 DU sug-
gest that systematic errors are low. This novelmethodology contributes to the ongoing assessment of the quality
and consistency of ground and space-based measurements of total ozone columns.

© 2017 Elsevier B.V. All rights reserved.
1. Introduction

Since the mid-80s, after the discovery of ozone depletion in Antarc-
tica (Farman et al., 1985), ozone has been one of themost studied trace
gases due to its impact both in the stratosphere as well as in the tropo-
sphere. It is well known that ozone is responsible for the heating of the
stratosphere by absorption of the harmful UV portion of the solar spec-
trum (de Forster et al., 1997; IPCC, 2013; Ramaswamy et al., 1996; Shine
et al., 1995). Although stratospheric ozone protects the Earth ecosystem
and humans from the harmful effects of exposure to solar UV radiation,
its existence in the lower part of the atmosphere triggers photochemical
reactionswith detrimental impacts on plants and humans (Fowler et al.,
2009; Sitch et al., 2007;WHO, 2003). Ozone is also an important tropo-
spheric greenhouse gas and short-lived climate pollutant as is consid-
ered to be an essential climate variable (Shindell et al., 2012; Solomon
et al., 2007).

Although the Montreal Protocol led to a reduction of the ozone de-
pleting substances (Mäder et al., 2010; Shepherd and Jonsson, 2008),
it is not yet clear that the stabilization, and the expected recovery pre-
dicted to be around 2050, is a result of a decrease in ozone depleting
substances (WMO, 2015). Since the magnitude of the year to year vari-
ability of the total ozone column (TOC) is quite large (Fragkos et al.,
2014) and the period since the stabilization of the TOC is not sufficient
enough to arrive at a safe conclusion (Vyushin et al., 2010), the need
for further investigation of the parameters affecting the total amount
of this important trace gas is still an imperative. In this regard, high tem-
poral frequency of point measurements of TOC provided by ground-
based instruments in a global network of ozone monitoring stations
are of paramount importance to help cross-validate satellite observa-
tions and TOC retrieval algorithms in general.

This study therefore aims to demonstrate how ground-based point
measurements of TOC made in the global network of ozone monitoring
stations, can be extended to high temporal resolution and cross-validated
with satellite observations. To achieve this, we use ten years of coincident
solar UV irradiance measurements from a Norsk Institutt for
Luftforskning (NILU)-UV multi-filter radiometer and TOC retrievals
from a co-located Brewer spectroradiometer to train a neural network
(NN). In a similar vein, NN models have been developed to retrieve TOC
from GOME/ERS2 spectral data (Müller et al., 2002). Rather than use
TOC derived directly from ground-based instruments as we do here,
Fan et al. (2014) used simulations from a radiative transfer model and a
look-up table to train a NN with NILU-UV irradiances to produce com-
bined estimates of TOC and the cloud optical depth; and found estimated
TOC values to be comparable to those retrieved by OMI/Aura. The advan-
tages of the proposed method described in this study are:

(i) no radiative model estimations are required; thus there is no
need for other a priori input data such as aerosol optical depth
or single scattering albedo,

(ii) aerosol effects are implicitly encoded in the spectral information
contained at 5 different UV wavelengths; an effect that was not
taken into account in the method of Fan et al. (2014) and
which was deemed responsible for the under-estimation of
NILU-retrieved TOC (OMI was also found to under-estimate
TOC by almost 2.5% in other similar studies),

(iii) the results are directly compared with Brewer ozone retrievals
and are accurate for a range of cloudiness conditions.

Although themethod is developed using a long (decadal) time series
of high frequency (~1-min) observations at one location (aUVmonitor-
ing station in Thessaloniki), this site samples a broad range of atmo-
spheric conditions including widely varying aerosol loads due to dust
incursions and biomass burning influxes, a range of distinct synoptic
patterns and cloudiness conditions, and seasonal variation in both UV
levels and solar zenith angles (SZA). Thus, the trainedNN can be applied
to data from any other NILU-UV station that is spanned by themin-max
range of values used to train and validate the NN model (please see
Table 3 for details of the range of validity). We would like to emphasize
that here, our aim is not to produce a NN of global generality, rather it
is to present and validate a newmethodology that can easily be adopted
locally.

The uncertainty in theNILU irradiances used in this study is assessed
based on calibration of the NILU-UV channels using measured spectra
provided by a second Brewer spectrophotometer also operating in
Thessaloniki. We then feed the NN model with a long time series (≥1
million records) of high frequency (~1 min) NILU-UV ground-based
measurements to generate high frequency, high accuracy TOC estimates
which then provide coincidences with satellite retrieved TOC at over-
pass time of the OMI/Aura, GOME/ERS-2, GOME2/MetOp-A and
SCIAMACHY/Envisat sensors. Although estimates of TOC in such high
frequency are excessive, they provide the ability for variable time inte-
grationswhile they provide larger statistical sample. Furthermore, com-
parisons of short time window averaging can reveal any possible
discrepancies between the compared datasets regarding their angular
behavior and/or their performance under various cloudiness conditions.

The rest of this paper is laid out as follows. In Section 2 we present
the ground-based NILU-UV and Brewer instruments and datasets, as
well as the GOME/ERS-2, SCIAMACHY/Envisat, OMI/AURA and
GOME2/MetOp-A satellite-based TOC datasets used in this study. In
the methodology Section 3, we describe the design and validation of
the neural network (NN) model used to accurately estimate TOCs
from coincident NILU-UV irradiances and Brewer derived TOC values.
In Section 4 we present results of a detailed comparison of the NILU-
UV derived TOC estimates with the overpass, satellite-based TOC re-
trievals. Finally, we sum up in Section 5 with our major findings.

2. Datasets and instrumentation

2.1. Ground-based measurements

Total ozone columns over Thessaloniki (40.63°N, 22.96°E) are being
provided by a suite of instruments in continuous operation at the Labo-
ratory of Atmospheric Physics of the Aristotle University of Thessaloniki
(LAP/AUTh, http://lap.physics.auth.gr). The ones pertinent to this work
are presented below.

http://lap.physics.auth.gr


Table 1
Calibration uncertainties of the NILU irradiances based on Brewer#086 spectral measure-
ments for the decade 2005–2014. The number of coincidences, the mean irradiances re-
ported from Brewer#086 and the ratio (NILU/Brewer) of the mean values are also
provided for each channel.

302 nm 312 nm 320 nm 338 nm 376 nm

N 2105 3257 3575 4819 3364
NILU/Brewer 1 1 1 1 1
Brewer (W/m2) 0.006 0.0759 0.12 0.29 0.37
STD 0.0734 0.039 0.03 0.03 0.03
RMSE 0.00 0.02 0.03 0.07 0.1
Error (%) ±4.05 ±1.90 ±1.73 ±1.65 ±1.57
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2.1.1. The Brewer spectrophotometers
A SCI-TECH Inc. (http://www.sci-tec-inc.com/) Brewer spectropho-

tometer with serial number 005 (Brewer#005) has been operational
in Thessaloniki since 1982 and has been providing continuous total
ozone column measurements (Bais et al., 1985; Meleti et al., 2012).
Brewer#005 has been calibrated in the past a number of times against
the travel reference Brewer (Brewer#017; Meleti et al., 2012), while
its latest calibration was held during the X intercomparison campaign
of the Regional Brewer Calibration Center-Europe (RBCCE) at “El
Arenosillo” Atmospheric Sounding Station, INTA (Huelva, Spain) during
May 27–June 05, 2015. The agreement of Brewer#005 against the stan-
dard RBCCE traveling reference Brewer#185 during the blind days of
the campaign was found to be quite satisfactory (within ±1%), while
after the final calibration applied it was below ±0.5% (Redondas et al.,
2016). In addition, the high quality TOC measurements from Brew-
er#005 can be depicted by the fact that the observed differences be-
tween Brewer#005 and satellite TOC retrievals are similar with those
for other Brewers in the same latitude belt like Thessaloniki, as can be
viewed in the official EUMETSAT Satellite Application Facility for Atmo-
spheric Composition and UV Radiation Ozone Validation Web Services,
http://lap3.physics.auth.gr/eumetsat/. In this study, we used TOC data
from 2005 to 2014 which are available at the WOUDC database
(www.woudc.org).

For the calibration of the NILU-UV measured irradiances (Section
2.1.2), comparisons with the double monocromator Brewer#086 were
performed. Brewer#086 measures the spectrum of the global solar UV
irradiance at wavelengths from 286.5 to 363 nm with a step of 0.5 nm
using a triangular slit with a full width at half maximum (FWHM) of
0.55 nm. The spectra for the period 2005–2014, used in the present
study, have been subjected to quality control and re-evaluation
(Fountoulakis et al., 2016), after which the 1-sigma uncertainty in the
final product is lower than ~5%, for wavelengths higher than 305 nm
and solar zenith angles, smaller than 80° (Garane et al., 2006). The
high quality of the used Brewer#086 spectra is also ensured by the
good agreement between near-simultaneous measurements (Garane
et al., 2006) of the two Brewers (Brewer#086 and #005). The mean
value and the corresponding 1-sigma standard deviation of themonthly
mean ratios between the 305–325 nm integrals, for the period 1994–
2014, is 0.99 ± 0.02%.

In the past, the two Brewers have participated in a number of field
campaigns where the good quality of their products has been verified
(e.g. Bais et al., 2001, 2005; Balis et al., 2002). In addition, the high qual-
ity of both the TOC andUVdatasets is outlined in a large number of older
(Bais et al., 1996, 1993; Glandorf et al., 2005; Kazadzis et al., 2009;
Meleti et al., 2009; Zerefos, 2002; Zerefos et al., 2012) and more recent
articles (Fountoulakis et al., 2016; Fragkos et al., 2015; Zempila et al.,
2016c). Detailed information regarding the calibration and re-evalua-
tion of the UV spectra can be found in Garane et al. (2006) while meth-
odological details of how TOC is retrieved with the Brewer#005 are
presented in full in Section 3.1.

2.1.2. The NILU-UV multi-filter radiometer
A NILU-UV multi-filter radiometer with serial number 04103

(‘NILU’), has been fully operational in Thessaloniki since 2005 and
forms part of the network of NILU-UV radiometers (http://www.
uvnet.gr). The NILU instrument provides one-minute measurements
in 5 UV channels with nominal central wavelength at 302, 312, 320,
340 and 376 nm and a FWHM of 10 nm; while its sixth channel that
measures the photosynthetically active radiation (PAR) (Zempila et al.,
2016a) is used to determine cloud free cases based on the cloud detec-
tion algorithm proposed by Zempila et al. (2016b). The instrument has
an internal temperature stabilizer, while the built in data logger has the
ability to store 1-minute data for a period of 15 days.

In order to assure the quality of themeasurements, a range of checks
is performed every day. The internal temperature and the dark signal
are recorded and monitored for their stability, while the diffuser of the
instrument is cleaned on a regular basis. Furthermore, the raw data of
all channels are plotted against coincidence data from aUVA radiometer
manufactured by EKO instruments (http://eko-usa.com/) (for the NILU
measurements at nominal wavelengths 340 and 376 nm) and a CM21
Kipp & Zonen pyranometer (for the PAR measurements) placed in the
station. These comparisons aim to detect any discrepancies due to ran-
dom incidences and to verify the synchronization of all instruments. The
calibration and ensuing error analysis is described in detail in Zempila et
al. (2016c).

The NILU dataset was subjected to intercomparisons with the Brew-
er#086 UV irradiance data for the whole period under investigation ac-
cording to the methodology proposed by Zempila et al. (2016c). The
uncertainties of the calibrated NILU irradiances based on Brewer#086
measurements are presented in Table 1.

For the estimation of the total uncertainty in the NILU irradiance
data, the uncertainty in the measurements of the Brewer#086 has to
also be quantified. Garane et al. (2006) stated that the estimated error
in Brewer#086 spectra is less than 5% for wavelengths higher than
305 nm. According to error propagation methods (√[(5%)2 + (NILU-
UV channel error %)2], more details can be found in Zempila et al.
(2016a, 2016c)) the uncertainty of the NILU calibrated data used in
this study is 6.4% for the 305 nm irradiances and less than 5.4% for the
greater wavelength measurements.
2.2. The GODFIT_v3 satellite algorithm and TOC record

Τotal ozone column records from GOME/ERS-2, SCIAMACHY/
Envisat, OMI/Aura and GOME-2/MetOp-A have been reprocessed with
the European Space Agency's Climate Change Initiative GODFIT
(GOME-type Direct FITting) version 3 algorithm (Lerot et al., 2014).
This algorithm is based on the direct-fitting of reflectances simulated
in the Huggins bands to the observations, and is an evolved and
upgraded algorithm from the version implemented in the operational
GOME Data Processor v5 (van Roozendael et al., 2012). Inter-sensor
comparisons and ground-based validation of this dataset (Koukouli et
al., 2015) indicate that these ozone data sets are of unprecedented qual-
ity with stability better than 1% per decade, a precision of 1.7%, and sys-
tematic uncertainties less than 3.6% over a wide range of atmospheric
states. In Table 2 the relevant information on the four instruments
discussed further below is given.

Even though it has been already amply demonstrated that, on a glob-
al scale and at themonthlymean timescale, the TOC record of these four
instruments has reached an unprecedented level of harmonisation, in
the following, we compare the satellite TOC to the NILU TOC separately
for each instrument in order to provide a thorough analysis of the spe-
cific characteristics of each one. Since we are able to constrain the tem-
poral criteria of coincidence to within ±1 min should we wish to, the
comparisons with the NILU NN model estimates, provide a unique op-
portunity to reveal possible causes of any remaining discrepancy be-
tween the four datasets due to the, admittedly, small difference in
overpass time.

http://www.sci-tec-inc.com
http://lap3.physics.auth.gr/eumetsat/
http://www.woudc.org
http://www.uvnet.gr
http://www.uvnet.gr
http://eko-usa.com


Table 2
The characteristics of the four different sensors and platforms presented in this work.

Instrument platform GOME ERS-2 SCIAMACHY ENVISAT OMI Aura GOME-2 MetOp-A

Spectral resolution 0.20 nm 0.26 nm 0.45 nm 0.26 nm
Spatial resolution 320 × 40 km2 60 × 30 km2 13 × 24 km2 80 × 40 km2

Swath width 960 km 960 km 2600 km 1920 km
Time period studied Jan 1996 to June 2011 Jan 2003 to April 2012 Jan 2005 to Dec 2014 Jan 2007 to Dec 2014
Mean equatorial crossing time 10:30 L.T. 10:00 L.T. 13:45 L.T. 09:30 L.T.
Mean Thessaloniki visiting time 09:30 U.T. 09:00 U.T. 11:45 U.T. 08:30 U.T.
Main instrument reference Burrows et al. (1999) Bovensmann et al. (1999) Levelt et al. (2006) Hassinen et al. (2016)
Main GODFIT_v3 Algorithm Reference Lerot et al. (2014)
Main GODFIT_v3 Validation Reference Koukouli et al. (2015)
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3. Methodology

In this section, a brief summary of the Brewer TOC retrieval is given,
followed by a description of how theNNmodelwas set up and validated
to provide TOC based on the NILU-UV measurements and concurrent
Brewer TOC values.

3.1. TOC values derived from Brewer spectrophotometer measurements

For TOC retrieval, the Brewer#005 spectrophotometer measures the
direct solar irradiance at five distinct wavelengths,λi (nominally: 306.3,
310, 313.5, 316.8, and 320 nm). The TOC, is then derived using a rela-
tionship that compares the linear combinations of differential absorp-
tion and scattering coefficients with the direct spectral irradiances, at
the four longest wavelengths (λ2 to λ5) (Kerr et al., 1981):

TOC ¼ MS9−ETC
μ � Δa ð1Þ

where, ETC is the extraterrestrial constant which is defined during the
calibration of the instrument, Δα is the differential absorption coeffi-
cient, μ is the relative optical air mass of the ozone layer, andMS9 is de-
fined from:

MS9 ¼ ∑
5

i¼2
wi ln Ii ð2Þ

where Ii are the measured intensities at the respective wavelengths,
corrected for the dark signal, dead time, and Rayleigh scattering; the
weighting coefficients wi = (0, +1, −0.5, −2.2, +1.7) were selected
to eliminate the effect of aerosol extinction and the absorption of SO2.
The differential ozone absorption coefficient Δα is derived from the
Bass and Paur (1985) ozone absorption coefficients ai for a fixed tem-
perature of −45 °C:

Δa ¼ ∑
5

i¼2
wiai ð3Þ

3.2. TOC values derived from NILU-UV irradiances using a neural network
model

In this section we describe the construction, training and validation
of a feed-forward function-approximating NN model (Cybenko, 1989;
Hornik et al., 1989) to retrieve total ozone fromNILU-UVmeasured irra-
diances. As inputs, the NN model has NILU irradiance measurements at
302, 312, 320, 338 and 376 nm and temporal variables including the
solar zenith angle (SZA), the day of the year (DOY) and its sinusoidal
components cos(DOY) and sin(DOY), and the day of the week (DOW).
The temporal variables, DOY, cos(DOY) and sin(DOY) were chosen to
describe the annual cycle of ozone abundance, while it was proven
that DOW does not have an impact on the retrieval (Fig. 1). The target
variable for training the NN is the instantaneous Brewer#005 TOC.
Once the NN is trained, it can be applied to time series of NILU irradi-
ances in order to retrieve the NILU TOC estimates. The development of
the NN model configuration is provided in Flow Chart 1.

The rationale behind including temporal variables in the model is
that geophysical variables very often exhibit periodicity associated
with an annual or diurnal cycle and are now commonly incorporated
into atmospheric chemistry models (Kolehmainen et al., 2001; Taylor
et al., 2016). While it is not expected that temporal variables like
DOWwill have a strong causal impact on TOC, we have adopted a prag-
matic approach avoiding a priori assumptions - whereby they are first
all included and then their redundancy is assessed through an analysis
of neural weightings (see below). Another key step in preparing our
data for model construction, was normalization to remove potentially
undesirable variances that arise from parameters having very different
min-max ranges. In the NNmodel we develop, all input and outputma-
trices were pre-processed by converting each parameter into z-scores
so that they have a mean equal to zero and a standard deviation of 1.
In addition, a random number generator was used to ensure that iden-
tical initial weights were used in each run so that NN models with the
same initial conditions could be compared. In particular, the twister al-
gorithm (Matsumoto and Nishimura, 1998) based on the Marsenne
prime (219937–1) was called with a constant integer seed value to re-
turn a single uniformly distributedpseudo-randomnumber in the inter-
val (0,1).

From the NILU data, a matrix of n=29,105 co-located input-output
vectorswas extracted. 90% of this data (26,194 records)wasused for NN
training and 10% (2911 records) for NN validation. The Brewer derived
TOC was not found to correlate positively or negatively on any of the 5
NILU-UV irradiances or the SZA (−0.120 ≤ r ≤ 0.119). It was found to
strongly anti-correlate with the DOY (r=−0.614), and to strongly cor-
relate with sin(DOY) with an r value of 0.717 as shown in Fig. 1.

There is also no evidence of a strong linear correlation between
Brewer TOC and cos(DOY) or the DOW. At this point it should be men-
tioned that the pairwise linear Pearson correlation coefficients present-
ed in Fig. 1, are only an indicator of the linear relationship between the
input parameters and the expected output. While seasonal variation
and cloud effects modulate ozone, it is not clear from the linear analysis
above how combined effects manifest themselves in this framework. As
such, we have retained them in the nonlinear NN model.

A key feature of our nonlinear modeling approach is signal to noise
separation. The NN model is constructed using denoised time series of
the NILU-UV irradiances and denoised time series of the Brewer#005
TOC. Once constructed, the real (noisy) data is input to themodel to cal-
culate the real (noisy) NILU TOC output estimates. In order to achieve
this, we applied singular spectrum analysis (SSA) to separate the total
trend-cycle plus periodicity from the total noise component for each ir-
radiance time series (see Ghil et al. (2002) for a review of this ap-
proach). We set the size of the SSA window (i.e. the number of time
delay versions of each time series) equal to 50. A clear break in the sin-
gular spectrum of ranked eigenvalues versus eigenvalue (or EOF) was
observed for each of the irradiance input variables and also the TOC out-
put respectively, separating the trend and periodic components (the
signal) from a long tail of noise components. The separation was



Fig. 1. The pairwise linear Pearson correlation coefficient of each input variable on Brewer#005 TOC (‘BrOz’). Correlations are based on coincident NILU-UV and Brewer datawhich favours
clear sky conditions due to the filtering of obscured sky cases based on the pointing error of the Brewer instrument during heavy cloud conditions.
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achieved at component s=7 for Ir(302), Ir(312), Ir(320) and Ir(338), at
component s= 6 for Ir(376) and at component s= 5 for TOC. The total
noise obtained from summing components [s to 50] was then
subtracted from each time series so that the NN model is developed
using denoised signals in an attempt to capture as best as possible the
underlying physics. We assess the sensitivity of this approach to noise
in the data by feeding the trained network with measured (noisy) irra-
diances as inputs and comparing network NILU outputs against mea-
sured (noisy) Brewer#005 TOCs.

In the NNmodel, the input and output vectors were connected via 2
feed-forward network layers – the first containing hidden neuronswith
hyperbolic tangent (tanh) activation functions and the second contain-
ing a single neuron having a linear activation function connected to the
output as depicted in Fig. 2.
Flow Chart 1. Schematic illustrating t
The exact mathematical equation relating the outputs to the inputs
for this type of NN model has been shown to have the matrix equation
(Taylor et al., 2014):

Y ¼ f 2 LW2;1 f 1 IW1;1X þ b1
� �

þ b2
� �

ð4Þ

where in this study Y = [TOC]T and X = [Ir(305), Ir(312), Ir(320),
Ir(340), Ir(380), SZA, DOY, Sin(DOY), Cos(DOY), DOW]T. Themultiplica-
tion of the matrix IW1,1 and the vector X is a dot product equivalent to
the summation of all input connections to each neuron in the hidden
layer. Eq. (4) is the nonlinear relation between the output vector and
the matrix of input vectors. The NN model was coded using MATLAB's
object-oriented scripting language in conjunction with its Neural
he construction of the NN model.



Fig. 2.Model selection. (Upper left) Schematic showing the neural connectivity between input and output parameters in the NILU-UVNNmodel. (Upper right) The robustness analysis on
the grid of NN models using the minimum validation MSE as the criterion for selection of the optimal NN architecture which was found to have 13 hidden neurons and a training:
validation data split of 60%:40%. (Bottom Left) The Hinton matrix of NN weights and biases with values represented by squares scaled to [−1,1]. Positive values are green and negative
values are red. (Bottom Right) The progress of the NN training of the optimal architecture with backpropagation iteration.
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Network Toolbox (Beale et al., 2015). Given enoughhidden neurons and
training data, such networks are capable of learning the exact mathe-
matical relation between inputs and outputs.

Considering the lack of linear correlation between the Brewer#005
TOC and the input variables, this type of NN is ideally suited to nonlinear
regression problems like the task at hand. The Hinton matrix of neuron
weights and biases (see bottom left panel of Fig. 2) show that sizeable
weights are apparent in the hidden neurons nonlinearly connected to
the irradiances and the SZA, and the temporal variables have in general
small non-zero neural weights. DOW, as expected, has the lowest
weighting across all hidden neurons.We see then, that theNN implicitly
takes into account dimensionality reduction in the data (in the classical
sense of their impact) by assigning low/near-zero weights to neurons
which are connected to “redundant” input variables.

The performance of NN models depends on their architecture
(Bishop, 1995) and it is recommended that a sensitivity analysis is per-
formed on the network parameters (Taylor et al., 2014). The optimalNN
architecture was then found by minimizing the mean squared error
(MSE) between the NN estimates and Brewer#005 TOC values used as
reference output data for each NN in a grid of 100 NN architectures.
From the trainingmatrix of n=29.105 co-located input-output vectors,
a subset of t-vectors was chosen randomly as the training set. The num-
ber of hidden neurons was varied from 5 to 15 and the proportion of
training data (t/n) was varied from 50% to 95% in steps of 5%. The num-
ber of learning iterations was set to 100 and the progression of training
of the optimal NN architecture towards convergence at the horizontal
asymptote is shown in the bottom-right panel of Fig. 2.

The training algorithm we used in this study is Bayesian regulariza-
tion using a Laplace prior (Williams, 1995)which is based on the Bayes-
ian framework described by Mackay (1992). Bayesian regularization
converts a nonlinear regression into a “well-posed” statistical problem
by minimizing a linear combination of squared errors and weights and
modifies the linear combination so that at the end of training the
resulting network has good generalization qualities (Beale et al.,
2015). Bayesian regularization inMATLAB automates the determination
of the optimal regularization parameters in its NN training function
“trainbr” and takes place within the Levenberg-Marquardt algorithm
where back-propagation is used to calculate the Jacobian of perfor-
mance with respect to the weight and bias variables (Beale et al.,
2015). During each of 100 iterations of the learning process, theweights
and biases of each NN are tuned with the Bayesian regularization and
the back-propagation optimization algorithm (Rumelhart et al., 1986)
to minimize the mean squared error (MSE) between NN NILU outputs
and Brewer measured TOC. As a result of this robustness analysis, the
optimal NNwas obtained with 13 hidden neurons and 60% of the train-
ing data as seen in the top-right panel of Fig. 2.

The optimal NN is valid for the range of parameters determined by
the training data shown in Table 3 (temporal variables are not listed
but have the following expected ranges: DOY = [0,366], Cos(DOY) =
[−1.1], Sin(DOY) = [−1.1] and DOW= [1,7]).

The optimal trained NNwas then fedwith the remaining (“unseen”)
input vectors from the 10% of the training data (2988 records) and its
estimates (NILU TOC) are then compared against the target measure-
ments (Brewer#005 TOC) of the output vector to validate its
performance.

Fig. 3 shows that a high level of correlation has been achieved be-
tween target Brewer#005 TOC values and the NILU TOC estimates
with a high coefficient of determination for the training [left column]
(R2 = 0.939) and validation [right column] (R2 = 0.911) data sets.
Both present values of RMSE in the range 8.21–9.78 Dobson units
(DU) and there is a close-to-zero bias in the range− 0.15–0.54 DU Ro-
bust regression was performed using the method of Theil (1950) and
Sen (1968) and the peak of modelled TOC is, as expected at themid-lat-
itude station of Thessaloniki, in the range ≈280 to ≈350 DU in both
cases. 95% of the differences between the NN estimates and the coinci-
dent target Brewer data are within ≈13 DU of the mean (which agree



Table 3
Range of validity of the trained optimal NN as determined by its input parameters and the
Brewer TOC output parameter.

Parameter Min Max Mean St. dev.

Ir(302) (W/m2) 0.001 0.019 0.004 0.004
Ir(312) (W/m2) 0.006 0.228 0.090 0.052
Ir(320) (W/m2) 0.030 0.334 0.150 0.071
Ir(338) (W/m2) 0.102 0.735 0.342 0.135
Ir(376) (W/m2) 0.134 0.929 0.447 0.171
SZA (°) 12.495 75.577 48.996 14.013
TOC (DU) 240.968 492.313 328.117 33.132
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well between the training and validation samples: 328.18 DU and 326.67
DU respectively), suggesting that theNN is capturing the variability in the
data satisfactorily. This is confirmedheuristically also by the identification
of a clear annual cycle in both datasets as shown by a locally-weighted
scatterplot smoothing (LOWESS) fit (Cleveland and Devlin, 1988) to the
data using 10% of the time series as the span, in the bottom row of Fig. 3.
Fig. 3. NN training results (Left Panels) and NN validation results (Right Panels). (Top Row) D
(Middle Row) Histograms of the difference between NN estimates and coincident Brewer de
series of the NN estimates and coincident Brewer derived TOC. Also shown is the mean measu
variation. All quantities (with the exception of R2 which is dimensionless) are measured in un
In order to further assure the validity of theNILU TOCs, an additional
comparison was performed before they were used for alignment and
comparison with satellite observations. Brewer#005 TOC data for the
period 2012–2014 (i.e. a later period of Brewer data than that used to
train and test the NN model) was compared against to generated NILU
TOCs and showed an agreement of 0.41%±5.24% for this second test re-
cord of 7207 coincidences (Fig. 4). Since the training of the NNwas per-
formed for Brewer#005 TOC data up to the first semester of 2012, these
may be considered as entirely independent measurements, also in the
temporal sense. This self-standing evaluation of the validity of the
NILU TOC is therefore ensured and is well within the uncertainty of
the NILU irradiance measurements themselves (see Section 2.1).

It is important to note that the TOC measurements taken by the
Brewer#005 are of much lower temporal resolution (optimally every
3–4 min) than the irradiance measurements taken by the NILU-UV
(every minute). Furthermore, the uncertainty of the irradiances is
assessed based on the calibration of the NILU-UV channels with the
use of measured spectra by the second Brewer#086 spectrophotometer
ensity plot of the regression of the NN estimates on the coincident Brewer derived TOC.
rived TOC. The mean (μ) and standard deviation (σ) are indicated. (Bottom Row) Time
red value as well as a LOWESS fit to the Brewer derived TOC data to indicate the annual
its of DU.
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(detailed information in Table 1). The NNmodel developed here there-
fore, in effect, provides an approximation to Brewer TOC values but at
the high resolution provided by NILU-UV.

The advantage of the proposed methodology in TOC retrievals from
NILU-UV multi-filter radiometers is that the only requirements are the
Brewer TOC values along with the NILU-UV irradiances (spectral or re-
sponse weighted) without any other a-priori information like aerosol
load and albedo as proposed by several other studies (Stamnes et al.,
1991; Dahlback, 1996; Kazantzidis et al., 2009). Furthermore, in the
case where spectral irradiances are used, the knowledge of the spectral
response of each channel is not a prerequisite; while the 5 UV wave-
lengths used instead of only a pair can implicitly depict the aerosol
and albedo wavelength dependence. Additionally, this method can pro-
vide ozone data under cloudy conditions if the sun disk is unobscured
(with some limitations as discussed previously). In a similar basismeth-
odology proposed by Zempila et al. (2016a) for retrieving PAR from
Global Horizontal Irradiances (GHI), it was proven that the NNs trained
with Thessaloniki's data had the same level of accuracy when applied to
other NILU-UV and GHI stations of the Greek UV Network and Hellenic
Network of Solar Energy (www.uvnet.gr and www.helionet.gr respec-
tively). Thus, the NN originally trained in Thessaloniki's NILU-UV data
is expected to perform likewise when is fed with any NILU-UV data
within its training range limitations without any further adjustment.

4. Results and discussion

Having trained and validated the NN model, we then proceeded to
remove the constraint of having to co-locate input and output vectors
and ran it in unsupervised mode (i.e. simulation mode) hence calculat-
ing the NILU TOC dataset. Two cases are considered: one where all the
NILU irradiances are used, irrespective of the cloudiness detected and
one where only the clear-sky irradiances are considered. For the deter-
mination of the cloud presencemeasurements of the PAR from the sixth
channel of the NILUwere used. In particular, every 1 minmeasurement
is characterized as cloud free or not by combining and comparing PAR
measurements with estimations for clear skies resulting from the
UVSPEC model of the library for radiative transfer (libRadtran) (Emde
et al., 2016). A low cut-off filter is applied to PAR measurements based
on model simulations where we assume a high aerosol optical depth
of 0.4 at 500 nm, and an Angström exponent of 1.3. This corresponds
to the smallest possible PAR under clear skies. Additionally, 1 minmea-
surements with standard deviation larger than 10% of the mean were
Fig. 4. Histogram of the percentage relative differences (RD) of the Brewer TOC and NILU
TOC for the period 2012–2014 in Thessaloniki as an additional independent validation of
the NN performance.
also considered to be cases influenced by clouds and were removed
from the clear-sky dataset. In the final step, the relative percentage dif-
ferences (RD) of the normalized (to the data point of interest)model es-
timations on five adjacent observations, were computed. For SZAs
smaller than 75° a data point is characterized as cloud-free when the
differences agree to within 2%. For larger SZAs, agreement within 5% is
required. The evaluation of this cloud detection algorithm in
Thessaloniki has been found to lead to an agreement of better than
80% compared with direct observations of cloudiness (Zempila et al.,
2016b).

For cloud free cases in a 1 h interval (i.e. ±30 min), a filter was im-
posed on the ground-based data so that 1 h averageswere characterized
as clear if 70% of the available NILU TOC data were flagged as cloud-free
by the cloud detection algorithm. The all skies and clear skies discrimi-
nation is made possible by the fact that Brewer#005 TOC retrievals are
themselves based on direct solar radiation measurements. Thus the
NILU derived TOC values are more reliable for cases where the sun
disc is unobscured. So theNILU TOC data are expected to compare better
under cloud free cases, while under cloudy conditions the NN will be
struggling to perform if the sun disc is not clear (although the tests
that were performed and described in Section 3.2 show that NN per-
forms remarkably well for most cloud conditions).

In the case of all sky conditions 1,798,070 coincident NILU irradiance
input records and associated temporal variables are available of which
475,467 are out of the range of validity of the NN training bounds
given in Table 3. Furthermore, in order to take into account the sighting
problem of the Brewer instrument during direct sun observationswhen
clouds obscure the solar disc, we produced a daily climatology based on
our long time series of Brewer TOC measurements from 04/01/2005–
21/06/2012. For each DOY, Brewer TOC records were extracted and
the mean and standard deviation was calculated to construct the daily
climatology. NN estimates beyond 1 standard deviation of the daily cli-
matologywere excluded from the simulation (filtering out an additional
325,647 records). As a result of this filtering procedure ≈1 million NN
TOC estimates (996,956 records) were produced for the entire decade
of NILU measurements from 2005 to 2014 (inclusive). The same proce-
dure was applied to clear sky cases flagged up by the NILU-UV algo-
rithm. A total of 629,420 coincident input records and associated
temporal variables are available of which 79,034 are out of the range
of validity of the NN training bounds. The Brewer TOC daily climatology
in this case leads to filtering of an additional 91,565 records. In total,
458,821 clear sky NN TOCs records were therefore also produced.

In order to compare NILU TOCwith satellite TOC the same procedure
for all four instruments was performed in the same manner. The per-
centage difference (relative to NILU TOC) between satellite and
ground-based NILU TOC was calculated for each individual coincidence
that was found to be co-located within a spatial scale of 150 km. Both
the ‘closest minute’ coincidences and the 1 h mean of NILU TOC coinci-
dences around satellite overpass co-location were examined. Since TOC
values are not expected to have large variations at the 1 h timescale, no
filter was imposed for the number of NILU TOC data within ±30min of
the satellite overpass when calculating the 1 h mean NILU TOC values.
Temporal averaging is a common method when comparing ground-
based measurements with satellite observations, and is well justified,
as it can substantially increase the size of the coincident dataset (for
e.g. Chubarova et al., 2002; Zempila et al., 2016c).

In studies that perform global validation of satellite TOC observa-
tions, daily mean ground-based measurements are used as ground
truth (e.g. Fan et al., 2014; Zempila et al., 2016c). For validation of the
GODFIT_v3 algorithm (Koukouli et al., 2015) daily mean Brewer and
Dobson TOCs were used and resulted in global comparisons of the
order of 0.75± 0.75% and 0.20± 0.50% respectively. This further points
to the stability of the TOC within coincident timeframes containing sat-
ellite overpass retrievals and the ground-based observations. In this
work, statistical analysis of the two different time-integration ap-
proaches (closest minute and ±30 min mean) showed that they result

http://www.uvnet.gr
http://www.helionet.gr
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in similar findings, almost identical coefficients of determination (R2)
and percentage fractional errors (both mean values and standard devi-
ation). Furthermore, the use of 1 h mean NILU TOC values resulted in a
larger number of coincidences (e.g. almost 4 times greater for GOME2
comparisons – see below). Therefore, in the following we will only
focus on the comparisons based on the 1 h average ground-based
NILU TOC values against the satellite TOCs.

For each of the satellite sensors, we present RDs between ground
and satellite calculated from 100 ∗ (satellite − NILU) / NILU % using
the ±30 min mean coincidences. In each case, a statistical summary is
presented in a single composite figure. In the upper left panel of each
figure a two panel composite graph is shown containing the time series
of differences together with its seasonal time series. In the upper right
panels, a SZA dependency plot is presented together with the mean of
each 5° bin. In the lower left panel, a scatter plot shows the level of cor-
relation between satellite TOC and NILU TOC values, and the lower right
panel presents a histogram of the differences to help understand their
distribution. Importantly, on all plots all sky cases are depicted by blue
circles and clear sky cases by red dots.

4.1. GOME/ERS-2 comparisons

Comparisons between NILU TOC and with TOC retrievals from the
GOME/ERS-2 satellite instrumentwere performed for 660 coincidences,
while the cloud free days identified by the NILU PAR algorithm were
found to be 227. The mean overpass time of ERS-2 over Thessaloniki
for the entire time series that begins in 2006 and ends June 2011 was
~09:30 UT. The time series of RDs together with the seasonal mean
values is shown in Fig. 5 (upper left panel). The agreement between
the two datasets is remarkable with a mean value of −0.62 ± 3.68%
for all skies and−0.67±2.15% for clear sky cases. The fact that the stan-
dard deviation of the all sky cases is close to that of clear sky cases sug-
gests that the comparison of NILU TOC and GOME TOC is quite robust
also to cloudiness that might affect the ground-based observations. In
Fig. 5, (upper right panel), there is no evidence of a SZA dependency
for the cloud free cases. The coefficient of determination (R2) as the
measure of the goodness of fit of the GOME TOC on the NILU TOC is
Fig. 5. Relative percentage difference (RD) statistics of the 1 hmean coincidences between GOM
dependency; lower left: scatter plot and regression statistics; lower right: histogram of the dis
reasonably high (0.89) and the linear regression of GOME TOC on the
NILU TOC in the scatter plot shown in Fig. 5 (lower left panel) present
a strong correlation with the best fit line having a slope of 1.06 and a
y-intersect of −23 DU. When limiting to cloud free cases, all statistical
data were improved; the slope is almost unity (1.03), the coefficient of
determination is 0.96 and the y-intersect is almost half (−12.7 DU).
The histogram of the RDs in Fig. 5 (lower right) shows that the distribu-
tion of errors is fairly symmetrical and centered near zero (−0.62 and
−0.67 for all sky and clear sky cases respectively). A small tail in the
all sky differences suggests that NILU is slightly overestimating the
TOC relative to GOME during partially cloudy conditions, most likely
as a result of Brewer pointing error.
4.2. SCIAMACHY/Envisat comparisons

NILU TOC coincidences with SCIAMACHY on the Envisat satellite
platform exist from January 2005 to April of 2012. Within this period,
821 cases of common data were found between the two TOC sets at
overpass time ~09:00 UT. The time series of the RDs (Fig. 6, upper left
panel) revealed a slight overestimation of the satellite data under
clear skies during the month of June. However, there is no seasonal be-
havior detected for all sky cases; a fact that is reiterated to some extent
also in the SZA dependency plot at the upper right panel of the same fig-
ure where the near-zero slopes (equal to 0.04) both for all-skies and
clear-skies suggested small but statistically significant trends (t-test p-
values b0.025 for both cases). In general, SCIAMACHY TOC was found
to underestimate NILU TOC by 1.22% to 1.44% depending on the cloudi-
ness. Standard deviations are very similar to those obtained for GOME
(3.81% and 2.25% for all and clear skies respectively). In the lower left
panel of Fig. 6, high coefficients of determination (0.88 and 0.95 respec-
tively for all skies and clear skies) are shown and the least square linear
fits have slopes of unity (1.01 and 1.00 respectively for all skies and clear
skies) with low y-intersects (−7.37 and −3.81 D.U for all skies and
clear skies respectively). The histogram of RDs (lower right panel of
Fig. 6) presents a small positive skew towards positive differences (i.e.
satellite TOC is higher than NILU TOC) and the distribution is centered
E andNILU TOC instruments; upper left: time series and seasonalmeans; upper right: SZA
tribution of RDs.



Fig. 6.Relativepercentagedifference (RD) statistics of the 1 hmean coincidences between SCIAMACHYandNILU TOC instruments; upper left: time series and seasonalmeans; upper right:
SZA dependency; lower left: scatter plot and regression statistics; lower right: histogram of the distribution of RDs.
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at around −1.22% to −1.44% in accordance with the slight underesti-
mation mentioned above.

4.3. OMI/AURA comparisons

OMI provides the longest time series of NILU TOCs (January 2005–
December 2014). Due to server failures in October 2013 and 2014, a
total time gap of almost 6 months (4 months in 2013 and 2 months in
2014) is present in the time series of NILU. A set of 2869 commonmea-
surements around the overpass time (~11:45 UT) resulted in a mean
difference value of −2.05% with a correspondent standard deviation
of 3.34% for all sky cases (Fig. 7, upper left panel). Based on themonthly
mean values, no seasonal trend was detected. For clear sky conditions,
OMI underestimates the TOC by −2.09% ± 2.06% for this dataset of
1138 coincidences. Once again the month of June is the one containing
the best agreement with the ground-based data (i.e. the closest to
zero value) while November and December are the months with the
highest underestimation of TOC as retrieved by the OMI instrument.
The examination of the SZA dependence of the TOC retrievals presented
in the upper right panel in Fig. 7, reveals a very small negative trend
(−0.05 and −0.03% for cloudy and cloudless conditions) but these
are statistically significant (t-test p-value b 0.025). The scatter plots in
the lower left panel in Fig. 7, shows that the R2 values are very high
both for all skies and clear skies (0.9 and 0.95 respectively), the slopes
are close to unity (0.98 and 0.97 respectively) and that the y-intersects
are low (0.29 and 3.57 DU respectively for all skies and clear sky
conditions). The histogram of RDs is symmetrically distributed around
the mean value (−2.05% and −2.09% for all skies and clear skies)
but is slightly positively skewed for clear skies (suggesting that the sat-
ellite underestimation is less) as presented in the lower right panel of
Fig. 7.

4.4. GOME2/MetOp-A comparisons

GOME2 onboardMetop-A was found to have 1680 days where NILU
TOCs were coincident for the common period January 2007 to
December 2014. For clear skies, this set was reduced by 60%; resulting
in 658 coincidences around the overpass time ~08:30 UT. As seen in
the upper left panel of Fig. 8 the TOC estimates are in good agreement.
Although the statistics of the comparison are extremely good (mean
values of −0.55% and −0.85% and standard deviations of 3.56% and
2.19% for all skies and cloudless conditions respectively), a seasonal pat-
tern is noticeable in the monthly means of the clear sky differences as
shown in the upper left panel of Fig. 8. June and December are the
monthswhen under cloudless conditions, GOME2 provides the smallest
underestimation while February, March and November are months
when the highest underestimation of the satellite sensor is taking
place. On the contrary, no monthly dependence can be detected for
the monthly means of the all skies differences. A SZA pattern is also ob-
served at the upper right panel of the figure for both all skies and clear
skies. Although this pattern is well identified, the min-max range
never exceeds 5% with slopes that are statistically insignificant (p-
values b 0.025). In the lower left panel, the scatter plot of the two
TOCs is provided. As for the other sensors, slopes are close to unity
(1.03 and 0.99 for all skies and clear skies respectively), y-intersects
are low to moderately low (−0.33 DU for cloud free cases and
−12.74 DU for all skies) and the R2 values are reasonably high (0.95
and 0.89 respectively). These findings suggest that the two TOC prod-
ucts are in good overall agreement. Despite the observation of some in-
dication of seasonality in the mean monthly differences and SZA bins,
the RDs appear to be symmetrically distributed around near-zero
mean values as seen in the histogram in the lower right panel of Fig. 8.
While the tails reach up to ±20%, correspond to isolated (outlier)
cases possibly associated with problems in cloud screening where the
direct beammight be blocked.

4.5. Summary statistics

In Table 4 we summarize the mean relative percentage difference
(MRD) and corresponding standard deviation (STD), bias (BIAS), root-
mean-squared-error (RMSE), Pearson coefficient (R) and the coefficient
of determination (R2) between each satellite TOC andNILU TOC for both



Fig. 7. Relative percentage difference (RD) statistics of the 1 h mean coincidences between OMI and NILU TOC instruments; upper left: time series and seasonal means; upper right: SZA
dependency; lower left: scatter plot and regression statistics; lower right: histogram of the distribution of RDs.
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all skies and clear skies cases. The bias is a metric that denotes the ten-
dency of the satellite TOCs to overestimate (positive bias) or to underes-
timate (negative bias) the NILU TOC values. The RMSE was chosen as a
statistical metric to measure the differences between the satellite and
NILU TOC values expressed in DU. The R value measures the strength
and the direction of a linear relationship between the two variables,
while the R2 value allows us to quantify the variance of satellite TOCs
that is explained by the NILU TOC values.
Fig. 8.Relative percentage difference (RD) statistics of the 1 hmean coincidences betweenGOM
dependency; lower left: scatter plot and regression statistics; lower right: histogram of the dis
As seen in Table 4, all satellite TOC retrievals present a high degree of
homogeneity when compared with ground-based NILU TOCs. All time
series are reduced by 60–65% when the comparisons are limited to
clear skies. This limitation has only a small impact on the agreement be-
tween the satellite TOC and NILU TOC datasets for all satellite sensors.
The mean relative percentage differences (MRD) do not alter signifi-
cantly; GOME presents a mean difference from the NILU data of
−0.62% that is decreased by 0.05% for the cloud free cases, while OMI
E2 andNILU TOC instruments; upper left: time series and seasonalmeans; upper right: SZA
tribution of RDs.



Table 4
Statistical overviewof the relative percentage differences (RD) between all 4 satellite TOCs fromGOME, SCIAMACHY, OMI andGOME2 and coincident NILU TOCs (1 hmeans around over-
pass). The number of paired data (N) is provided together with the MRD, STD, BIAS, RMSE, R and R2 values. The cloud free instances were identified based on the PAR cloud detection
algorithm when 70% of the coincidences in the ±30 min period around overpass were characterized as cloudless.

GOME ERS-2 SCIAMACHY Envisat OMI AURA GOME2 MetOp-A

All skies Clear skies All skies Clear skies All skies Clear skies All skies Clear skies

N 660 227 821 289 2869 1138 1680 658
MRD (%) −0.62 −0.67 −1.22 −1.44 −2.05 −2.09 −0.55 −0.85
STD (%) 3.68 2.15 3.81 2.25 3.34 2.06 3.56 2.19
BIAS (DU) −1.83 −2.10 −3.96 −4.69 −6.85 −6.87 −1.68 −2.78
RMSE (DU) 12.64 7.55 13.66 8.97 13.40 9.81 12.30 7.92
R 0.94 0.98 0.94 0.98 0.95 0.97 0.94 0.97
R2 0.89 0.96 0.88 0.95 0.9 0.95 0.89 0.95
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agreement decreases from−2.05% to−2.09%. SCIAMACHYversusNILU
comparisons revealed a MRD of−1.22% which is decreased to−1.44%
for cloud free cases, and for GOME2 whose mean difference is −0.55%,
had this reduced by 0.3% for cloudless skies. All satellite TOC retrievals
present a low and well-constrained range of standard deviation of the
differences both for all and for cloudless conditions. For all skies, the ob-
served STDs range from 3.34% (OMI) up to 3.81% (SCIAMACHY). All
STDs are reduced for the clear skies, ranging from 2.06% (OMI) up to
2.25% (SCIAMACHY).

What is clear though in the MRDs between satellite and ground-
based TOC data, is that the satellite retrievals tend to all underestimate
the ground-based NILU TOC values. This is also clear from the negative
values in the biases obtained in Table 4. OMI represents the instrument
that has the larger bias of−6.85 and−6.87 DU for all and clear skies re-
spectively. The SCIAMACHY bias is−3.96 DU for all skies and−4.69 for
cloudless conditions, while GOME underestimates less by only 1.83 and
2.1 DU for the cloudy and cloudless cases. GOME2 is found to be the in-
strument that presents the lowest difference with the NILU TOCs for all
sky conditions with a bias of −1.68 DU, increased to −2.78 DU when
the coincidence data is limited to clear sky cases. The systematic nega-
tive bias found in satellite retrievals can be partially attributed to the
fact that tropospheric ozone columns in most cases are higher than
those retrieved from the standard profiles (e.g. Kourtidis et al., 2002;
Galani et al., 2003; Varotsos, 2005) thus the satellite retrievals may un-
derestimate the TOC values.

In order to provide a more quantitate metric in DU for the general
agreement of the sources of TOC retrieval used in this study, the RMSE
was calculated. Cloud free cases have a RMSE ranging from 7.55 DU
(GOME) up to 9.81 DU (OMI). To provide a context for the size of
these biases, while the NN was trained based on Brewer#005 ozone
data that are derived frommeasurements of the direct solar component
(and thusmostly valid for clear skies), its performancewasmeasured by
a RMSE 8.21–9.78 DU. for the training and validation data respectively.

The excellent performance of the different sensor retrievals of TOC
using the GODFIT_v3 algorithm with respect to ground-based NILU
TOC is verified by high R and R2 values in the RDs. The high R values
of 0.94–0.98 assure that the compared data have strong andpositive lin-
ear correlation, while R2 values greater than 0.88 for all skies and 0.95
for clear skies suggest that there is a consistently high goodness offit be-
tween the space-borne and ground-based TOC datasets.

4.6. Towards a unified total ozone records validation

The current trend in total ozone measurement studies, as extracted
from satellite observations, is to provide unified, long time TOC records.
The recently released Solar Backscattered Ultra Violet (SBUV) Level-3
Monthly Zonal Mean data products form part of the “Creating a Long
Term Multi-Sensor Ozone Data Record” from NASA/GSFC (McPeters et
al., 2013) providing a consistent forty-year long TOC dataset between
1970 and 2010 (Labow et al., 2013). Likewise, the ESA Ozone-CCI pro-
ject aims to provide a similar dataset starting in 1996, with GOME/
ERS2, and moving forward in time as long as the MetOp, and their
successor, satellites fly (Lerot et al., 2014; Coldewey-Egbers et al.,
2015). For this reason, in Fig. 9 we present the time series of RDs for
all four satellite sensors together and for exact overpass time coinci-
dence. The satellite instruments are listed according to the number of
coincidences with ground-based NILU TOC retrievals and not by launch
period. The time series reveal the spectacular homogeneity in the com-
parison of the satellite TOC retrievals as compared to the NILU TOC
values. The scatter plot of the satellite TOC versus NILU TOC even
more strongly emphasizes the uniformity of the four space-born sen-
sors, with high R2 values (0.95 to 0.96), low to moderately low y-inter-
sects (−11.29 to +8.35 DU) and slopes close to unity (0.97 to 1.03).
Even though restricting the temporal criterion for collocation along
with the cloudiness limitation decreases severely the coincidences
found, even down to ~25% for OMI, the statistics remain virtually un-al-
tered and stable, yet again pointing to the high quality satellite and
ground-based observations.

We can safely hence conclude that regarding the RDs and the corre-
sponding standard deviations, the differences between the two tempo-
ral averaging approaches do not provide any noticeable change of the
statistic results.
5. Conclusions

In this study, we have shown howhigh frequency surface spectral ir-
radiance measurements from a NILU-UV multi-filter radiometer can be
used, in conjunction with high accuracy TOC measurements from a
Brewer spectrophotometer, to train a NN model capable of generating
accurate and high temporal resolution estimates of the TOC at the
same temporal resolution as the NILU-UV instrument (~1 min) at the
mid-latitude UV and Ozone monitoring station in the Laboratory of At-
mospheric Physics of the Aristotle University of Thessaloniki, Greece.
The NILU TOC estimated by the NN model showed good agreement
with Brewer TOC observations (R2 = 0.94, RMSE = 8.21 DU and
bias = −0.15 DU) for the training data with 95% of the coincident
data differing by less than 13 DU. The methodology proposed demon-
strates the ability of NNs to accurately describe the nonlinear relation-
ship between the inputs (in our case spectral irradiances, SZA and
temporal parameters) and output (TOC), independently of the station
as long as the inputs are within its validity range.

In the context of space-based TOC retrieval with the GODFIT_v3 al-
gorithm, four satellite instruments on board of different platforms
were compared with the NILU TOC estimates both for the exact minute
time match and for the ±30 min average around the satellite overpass
within 150 km, a common technique applied in such studies. Although
these time integration approaches did not result in significant different
statistical analysis and patterns for the ground- and satellite-derived
TOCs comparisons, the 1 h average coincidences provided a much
higher number of resulting coincidences and was the focus of our
analysis.

Based on our findings a series of valuable comments can be made
and are summarized below.



Fig. 9. Left panel: Relative percentage differences (RD) between satellite TOC and NILU TOC for all four sensors as a time series at the exact overpassminute. Right panel: scatter plot of the
satellite TOC versus NILU TOCs for all four sensors around at the exact overpass minute. Statistics are presented in the figure.
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• The time series reveal that there is homogeneity in the comparison of
the satellite TOC retrievals as compared to the NILU TOC values. The
scatter plot of the satellite TOC versus NILU TOC even more strongly
emphasizes the uniformity of the four space-born sensors, with high
R2 values (0.95 to 0.96), low to moderately low y-intersects
(−12.71 to +3.57 DU) and slopes close to unity (0.97 to 1.03).

• All time series are reduced by 60–65% when the comparisons are lim-
ited to clear skies. This limitation has only a small impact on the agree-
ment between the satellite TOC and NILU TOC datasets for all satellite
sensors. The MRDs do not alter significantly; GOME presents a mean
difference from the NILU data of −0.62% that is decreased by 0.05%
for the cloud free cases, while OMI agreement decreases from
−2.05% to −2.09%. SCIAMACHY versus NILU comparisons revealed
a MRDs of −1.22% which is decreased to −1.44% for cloud free
cases, and for GOME2 whose mean difference is−0.55%, had this re-
duced by 0.3% for cloudless skies.

• All satellite TOC retrievals present a low andwell-constrained range of
standard deviation of thedifferences both for all and for cloudless con-
ditions. For all skies, the observed STDs range from 3.34% (OMI) up to
3.81% (SCIAMACHY). All STDs are reduced for the clear skies, ranging
from 2.06% (OMI) up to 2.25% (SCIAMACHY).

• What is clear though in the mean differences between satellite and
ground-based TOC data, is that the satellite retrievals tend to all un-
derestimate the ground-based NILU TOC values. This is also clear
from the negative values in the obtained biases. OMI represents the
instrument that has the larger bias of −6.85 and −6.87 DU for all
and clear skies respectively. The SCIAMACHY bias is −3.96 DU for
all skies and −4.69 for cloudless conditions, while GOME underesti-
mates less by only 1.83 and 2.1 DU for the cloudy and cloudless
cases. GOME2 is found to be the instrument that presents the lowest
difference with the NILU TOCs for all sky conditions with a bias of
−1.68 DU, increased to −2.78 DU when the coincidence data is lim-
ited to clear sky cases.

• In order to provide a quantitate metric in DU for the general agree-
ment of the sources of TOC retrieval used in this study, the RMSE
was calculated. Cloud free cases have a RMSE ranging from 7.55 DU
(GOME) up to 9.81 DU (OMI). To provide a context for the size of
these biases, while the NN was trained based on Brewer#005 ozone
data that are derived from measurements of the direct solar compo-
nent (and thus mostly valid for clear skies), 95% of the coincident
data were found to agree by less than 13 DU.

In conclusion, this comprehensive study has demonstrated that
ground-based time series of TOC can be expanded to higher temporal
frequency and with high accuracy thanks to a NN model of NILU TOC
based on NILU-UV irradiances and their temporal variables in conjunc-
tion with Brewer TOC observations used for training. Furthermore, the
homogeneity of the four satellite TOC products and the excellent perfor-
mance of the different sensor retrievals using the GODFIT_v3 algorithm,
have been verified using NILU-UV ground-based TOC, with all satellite
instruments providing cohesive results when compared with the NILU
TOC retrievals.

It is hoped that this methodology can help local ozone monitoring
stations where NILU-UVmulti-filter radiometers are in operation to ex-
pand their records and to help support ongoing global validation of sat-
ellite TOC retrievals.
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