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A B S T R A C T 

In this study we demonstrate that we can provide forecasts of all the main astroclimatic parameters (seeing, wavefront coherence 
time, isoplanatic angle, and ground-layer fraction) on time-scales of 1 and 2 h (the most critical ones for the service mode) 
with a root-mean-square error (RMSE) that is smaller than or, at worst, comparable to the instrumental uncertainty (i.e. the 
standard deviation between instrument estimates). The seeing RMSE is 0.08 arcsec. Results are achieved thank to the use of 
the autore gressiv e method (AR) in our automatic forecast system and the study is applied to the Very Large Telescope (VLT). 
The AR method is a hybrid method taking into account forecasts of a non-hydrostatical mesoscale model jointly with real-time 
observations made in situ. We demonstrate that the AR method allows an impro v ement in forecast performance of roughly a 
factor of three or more with respect to the standard forecasts at a long time-scale (beginning of the afternoon for the coming night), 
depending on the parameter and the time-scale (1 and 2 h). The AR method also allows roughly a factor of two gain with respect 
to prediction by persistence. We also show that the AR method provides significantly better performance than a random-forest 
machine-learning algorithm. An extended analysis of the AR performance is provided following different strategies. Results 
achieved in this study are therefore very promising and tell us that we can provide real assistance to the service mode of the VLT 

instrumentation supported by adaptive optics systems. 

Key words: turbulence – atmospheric effects – instrumentation: high angular resolution – method: data analysis – methods: 
numerical – site testing. 
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 I N T RO D U C T I O N  

ver the last few decades, new methods of modelling and forecasting 
ptical turbulence (OT) have been very important for ground-based 
stronomical observations using adaptive optics or interferometry. 
e rely on numerical models, together with measurements, to 

haracterize the turbulence conditions affecting the adaptive optics 
erformance. On one side, real-time measurements offer the advan- 
age of giving a direct estimate of O T parameters; however , they
rovide only local information relative to a single point (in the case
f radiosoundings or mast) or a single line of sight (in the case of
ptical instruments). Atmospheric numerical models offer instead 
he advantage of modelling the whole volume around the telescope 
nd they can provide 3D C 

2 
N maps (either in the present or at a

ast time) at whatever location on Earth is required, without the 
ecessity of putting e xpensiv e instruments in place for a site-testing
ampaign. 

Models are certainly less e xpensiv e than instrumentation and they 
an be more easily used for OT characterization o v er long periods.
o we ver, as reported in Masciadri, Turchi & Martelloni ( 2019 ),

ll models require a calibration. If we relax the constraints on the
alibration, the model performance degrades too. 1 The right perspec- 
 E-mail: elena.masciadri@inaf.it 
 Therefore a universal calibration will in general be less performant than a 
alibration dedicated to a site. 
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ive is therefore not to focus on identifying which of measurements
nd modelling is the better method, but to use measurements and
odelling synergically. 
The real key characteristic of modelling (not accessible to mea- 

urements) is the property of models to provide forecasts that allow
s to project our knowledge into the future. This property is crucial
or the science operation of current top-class telescopes, as well as
ext-generation telescopes, i.e. Extremely Large Telescopes (ELTs). 
his is because telescope optimization (for the management of both 
cientific programmes and instrumentation) can be greatly enhanced 
y adv ance kno wledge of the atmospheric conditions. Modelling 
s a more suitable tool for this goal than measurements, for the
eason previously explained. A large part of top-class telescope 
nstrumentation is supported by adaptive optics (AO), and a few 

LTs have even been conceived to be adaptive telescopes (such 
s the Giant Magellan Telescope (GMT) and the ELT 

2 ). This
ell us that an OT forecast is crucial for ground-based astronomy
upported by AO. All AO systems and their performance are indeed
trongly dependent on turbulence constraints, which become more 
nd more restrictive if we go to short wavelengths. Also, different
eatures of the turbulence ( C 

2 
N , seeing ε, isoplanatic angle θ0 , and

avefront coherence time τ 0 ) impact at different levels on the 
 Unluckily, the name of the ELT that will be operated by ESO is the same as 
hat of the general term indicating the class of telescopes having a diameter 
f 30-40 m. 
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M

Figure 1. Toy models showing one of the possible forecast configurations. Left: initialization forecast data calculated at 00:00 UT of the day ( J −1); right: 
initialization forecast data calculated at 06:00 UT of the day ( J −1). The example shown in this figure reports two time axes. On top we have Universal Time 
(UT); on the bottom we have Local Time (LT). Depending on the location of the site, we can imagine replacing the time axis on the bottom with the local time 
typical of South America, Africa, Europe, etc. 
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ifferent typologies of AO systems (Single Conjugated Adaptive
ptics (SCAO), Laser Tomography Adaptive Optics (LTAO), Multi-
onjugated Adaptive Optics (MCAO), or Multi-Object Adaptive
ptics (MOAO)). The isoplanatic angle, for example, is of little

nterest for a SCAO system but becomes critical for a wide-field
daptive optics system such as a Ground Layer Adaptive Optics
GLAO) (Rabien et al. 2019 ) or MCAO system (Neichel et al.
014 ; Rigaut et al. 2014 ). The parameter τ 0 is critical for those
nstruments dedicated to high-contrast imaging (HCI) supported
y SCAO systems (Spectro-Polarimetric High-contrast Exoplanet
Esearch instrument (SPHERE), Gemini Planet Imager (GPI):
antalloube et al. 2020 ; Madurowicz et al. 2018 ), those instruments
edicated to HCI running at short wavelengths such as the System
or coronography at High order Adaptive optics from R to K band
SHARK-VIS) (Pedichini et al. 2016 ), also supported by a SCAO
ystem, or those instruments dedicated to wide-field observations
upported by a MCAO system, such as the MCAO-Assisted Visible
mager and Spectrograph (MAVIS: Rigaut et al. 2020 ). Scintillation
an be considered negligible with respect to perturbations of the
hase in planet finders with direct imaging (Masciadri, Feldt &
ippler 2004a ), but it might become more and more important for
igher levels of AO correction. Scintillation equally plays a role
n the asymmetry of the ‘butterfly effect’ that strongly reduces the
ontrast (Cantalloube et al. 2018 ) in high contrast imaging (HCI). An
 xtensiv e description of the challenging goals related to the forecast
f OT and all derived astroclimatic parameters in ground-based
stronomy has already been provided (Masciadri, Lascaux & Fini
013 ; Masciadri, Martelloni & Turchi 2020 ). We refer the readers
o the aforementioned articles for a complete analysis of this topic.
esides this, we also note that the OT forecast is also useful to
ecrease the time spent in out-of-constraints observations due to
urbulence, as it has been quantified at the VLT and enables more
ggressive short-term scheduling with well-estimated risks (Milli
t al. 2019 ). 

So far the typical questions we ask in the astronomical context
re whether we are able to forecast OT, which atmospheric model
s preferable to use in certain conditions, or what performance can
e achieved by a certain method. At present we can affirm that the
orecast of OT, i.e. C 

2 
N and integrated astroclimatic parameters, is a

eality. The first exhortation to use atmospheric models to reconstruct
NRAS 523, 3487–3502 (2023) 
T in the atmosphere was given by Coulman et al. ( 1986 ). The
rst attempts to model and forecast C 

2 
N with pure atmospheric

odels were carried out in the late 1990s (Masciadri, Vernin &
ougeault 1999a , b ). Several others followed in the next decades.
wo main methods are employed for OT forecasts obtained with
ure atmospheric models, as follows. 

(a) The numerical approach, in which C 

2 
N is parametrized using

he prognostic turbulent kinetic energy equation. Studies related to
his approach include Masciadri et al. ( 1999a , 2013 ); Masciadri &
gner ( 2006 ); Masciadri, Vernin & Bougeault ( 2001 ); Masciadri,
vila & Sanchez ( 2002 , 2004b ); Cherubini et al. ( 2008 ), Cherubini &
usinger ( 2013 ); Lascaux, Masciadri & Hagelin ( 2009 , 2010 , 2011 );
agelin, Masciadri & Lascaux ( 2011 ); Masciadri, Lascaux & Fini

 2017 ); Basu et al. ( 2020 ); Lyman, Cherubini & Businger ( 2020 ). 
(b) The analytical approach, in which C 

2 
N is expressed as a

unction of temperature and wind speed using algorithms mainly
btained with empirical fits or physical considerations. Studies
elated to this approach are, for example, Dewan ( 1993 ); VanZandt
t al. ( 1978 ); Trinquet & Vernin ( 2007 ); Ruggiero & De Benedictis
 2002 ); Ye ( 2011 ); Giordano et al. ( 2013 ); Osborn & Sarazin ( 2018 );

u ( 2020 ). 

Both approaches (a) and (b) imply a calibration (even if the cali-
ration can be different depending on the approach used). Masciadri
 Jabouille, ( 2001 ) was the first calibration method proposed in the

iterature, but we do not enter into the details of the model calibration
s this is not a topic of this work. More recently, studies implying the
se of filtering techniques and the machine-learning approach have
tarted to appear (Turchi, Martelloni & Masciadri 2018 ; Milli et al.
019 ; Masciadri et al. 2020 ; Bolbaso va, Andrakhano v & Shikhovtsev
021 ; Cherubini, Lyman & Businger 2022 ), even if with a very wide
pectrum of applications. 

So far, not too much attention has been dedicated to the definition
f the forecast time-scale (FTS), at least in the astronomical context,
nd this represents a great limitation, because if we do not consider
he FTS we cannot really appreciate the goodness of a forecast, nor
ompare different approaches. If we do not define the configuration
f a forecast, it is meaningless to quantify its efficiency. But what do
e mean by FTS? 

art/stad1552_f1.eps
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Many different typologies of time and time intervals play a role 
hen a forecast of a parameter related to the Earth’s atmosphere is
erformed. Toy models in Fig. 1 show the most important ones. 
The description reported here is suitable for applications to 

stronomy. Looking at Fig. 1 (a) we have the following. 

(i) The time at which the initialization data coming from a General 
irculation Model (GCM) are calculated: T fc . 
(ii) The time at which the simulation that is supposed to deliver 

he OT forecast starts: T start . This is a ‘technical time’ required to
eceive initialization data from the GCMs to be used to perform 

orecasts with a mesoscale model. In the case of the GCM of the
uropean Centre for Medium-Range Weather Forecasts (ECMWF), 
 start is 6 hours. 
(iii) The time at which the outputs of the forecasts are displayed, 

herefore the time at which we are aware of the information. This
orresponds to the time at which the observatory requires forecasts 
o be delivered: T disp . 

(iv) The time at which the computation of the forecast ends, which 
e call T comp , which has to respect the condition ( T comp − T start ) ≤

 T disp − T start ). See Appendix A for further information. 
(v) The simulated time, which is a time interval that is forecasted 

n the future: � T sim 

. 
(vi) The time of post-processing of forecast data T pp , which in our

ase is basically negligible, as we are talking about a few seconds or
inutes. 
(vii) The temporal sampling of the forecast: T freq . This is the 

emporal sampling with which the forecast is delivered and displayed. 
n our case it is of the order of a few seconds or minutes, depending
n the parameter. 
(viii) The forecast time-scale (FTS). We define the FTS as the 

nterval between the time at which the initialization forecast is 
alculated ( T fc ) and the time the information refers to. This means
hat the FTS is included between ( T ini − T fc ) and ( T end − T fc ). 3 If
e consider that the night is included in the range [ T ini , T end ] and we

ssume for example that T ini = 19:00 local time (LT) on day ( J −1)
nd T end = 05:00 LT on day J , then the FTS is in the range [23–33 h]
n the case of Fig. 1 (a). 
n our analysis, we consider the FTS related to the whole night
i.e. [23–33 h]) as a unique FTS. We assume, in other words, that
he accuracy of the forecasts all through the night in the [23–33 h]
ange is the same – see Section 4 . Toy model (b) shows an example
n which the FTS = [17–27 h] as T fc is shifted 6 h ahead. As a
rst approximation, the shorter ( T ini − T fc ), the better we are (see
ppendix A for further details). We use ‘standard configuration’ to 
enote the forecast obtained using a configuration such as that shown 
n Fig. 1 and delivered at T disp with respect to the whole coming night.

(ix) We can also define the forecast time-scale related to the 
isplayed time (FTS disp ) as the difference between the time at which
e are aware of the information and the time the forecast refers to,

.e. ( T ini − T disp ) and ( T end − T disp ). This parameter is not related to
he forecast performance, but tells us how much in advance we know
he atmospheric conditions. FTS disp is rele v ant because it determines 
onstraints in the model configuration. In the case of Fig. 1 (a), FTS disp 

s in the [2–12 h] range. 

The configurations shown in Fig. 1 are certainly not unique 
ossible forecast configurations. The selection of the operational 
orecast configuration depends on many factors. It is usually the 

esult of a trade-off between the cost of hardware architecture and the 

 T ini and T end are the times at which the night starts and ends. 4
utput model performance, as well as the model configuration and the 
nal goal of the application. It is enough here to know that the values
f the different T X and FTS can change in different contexts and in
ifferent forecast systems. For this reason it is important to describe
he forecast scheme used in a study or in an operational system so
hat readers can appreciate the results/outputs. We refer the readers 
o Appendix A to a v oid misunderstandings. We finally highlight that
his is not supposed to be an operational meteorological forecast 
ystem, such as regional meteorological forecast systems, but an 
utomatic operational forecast system for astronomical purposes. 

Masciadri et al. ( 2020 ) recently proposed a method based on the
rinciple of autoregression (AR) that is able to impro v e the forecast
erformance strongly on short time-scales (1 or 2 h). This impro v e-
ent is rele v ant for the seeing and all key atmospheric parameters

temperature, relative humidity, wind speed, and direction). The gain 
s a factor in the [2.7, 5] range. For the precipitable water vapour
PWV), it has been pro v en that the gain can achieve the order of ∼ 8
Turchi et al. 2020 ). We will hereafter call this method simply AR.
ime-scales of 1 or 2 h are certainly the most critical ones for science
peration in the ground-based astronomy supported by AO. 
Among the most rele v ant results obtained by Masciadri et al.

 2020 ), it has been demonstrated that, for the seeing forecasts
t 1 h, the root-mean-square error (RMSE) = 0.1 arcsec. Also,
he probability of detecting the seeing below the first tertile of a
limatological distribution (POD 1 – see Appendix B ) is 99 per cent on
he same time-scale of 1 h. In the same work, it has also been pro v en
hat the AR method provides better performance than prediction 
y persistence for the seeing and the atmospheric parameters. The 
asciadri et al. ( 2020 ) study was performed on the Mt Graham

Arizona), site of the Large Binocular Telescope (LBT) and the AR
ethod has been implemented in the Advanced LBT Turbulence and 
tmosphere (ALTA) Center system, 4 which is, to our knowledge, 

he first center delivering automated forecasts at long and short 
ime-scales in the astronomical context. The AR method is based 
n simultaneous use of numerical forecasts from the Astro-Meso- 
H model and real-time measurements (see Masciadri et al. 2020 

or details). The role of in situ observations is basically to correct
he forecast trend so as to impro v e the forecast performance. The
R method can therefore be applied only if real-time measurements 

re available. LBT is equipped with a Differential Image Motion 
onitor (DIMM) for dedicated seeing measurements, but so far no 

ptical turbulence vertical profilers are accessible in situ, even if the
mplementation of a vertical profiler is planned in the near future.
his prevented us from applying the AR method to astroclimatic 
arameters different from seeing at LBT. 
The goal of this work is to demonstrate that, for a specific forecast

onfiguration, the AR method can provide, at the present time, 
orecasts with high accuracy on a time-scale of 1 and 2 h not only
or the seeing (as done by Masciadri et al. 2020 ) but for all the most
ele v ant astroclimatic parameters: seeing, wavefront coherence time 
 τ 0 ), isoplanatic angle ( θ0 ), and ground-layer fraction (GLF). This
tudy is applied to Cerro Paranal, site of the Very Large Telescope
VLT), with the goal of providing forecasts for the queue scheduling
f the VLT Service Mode. We will therefore use model outputs
btained with a configuration conceived for real-time forecasts. 
o achieve our goal we used, besides an atmospheric model, real-

ime measurements from the European Southern Observatory (ESO) 
mbient Condition monitors. This allowed us to perform a complete 

nalysis of the AR approach using statistical operators such as BIAS,
MNRAS 523, 3487–3502 (2023) 
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Figure 2. ESO MASS-DIMM located at Cerro Paranal, site of the VLT in 
Chile. The instrument is placed on top of a 7-m high tower. Credit: Angel 
Otarola, ESO. 
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MSE, SD, and the probability of detection POD i retrieved from the
ontingency tables (see Appendix B ). 

We intend to show that, for all astroclimatic parameters, the
orecast performance achie v able at the present time with our system
n these time-scales is already better than or comparable with the
ccuracy achie v able with measurements and better than the predic-
ion by persistence. This is a strong argument to guarantee efficient
ssistance in the science operation of instrumentation supported by
O at the VLT. 
A further promising element is the fact that results presented in this

ork do not represent our best available results. A couple of elements
re not considered in this work, as they will require important
odifications of the data, but they might provide improvements in

ur system. (1) We recently e v aluated the possibility of considering
 more fa v ourable forecast configuration for the operational version
t the VLT that allows us to gain 6 h. This means shifting towards
he right T fc of 6 h. See Appendix A for further elements. (2) A
ew model calibration might be implemented with a new release of
easurements (Release 2019B: Butterley et al. 2020 ) obtained with
tereo-SCIDAR. This might lead to an impro v ement of results that
e have not yet estimated. We highlight these two elements just to

llustrate that the goal of this work is not to show our best results but
o demonstrate/show that, with this beta version, it is already possible
o provide forecasts with an accuracy that is already sufficiently good
o be useful for the science operation of top-class telescopes and, in
articular, the VLT. 
In Section 2 we provide a description of real-time measurements

sed as a reference to quantify the forecast performance. In Section 3
e describe the model and the forecast configuration. In Section 4 we
resent results on model performance obtained with the support of
tatistical operators (BIAS, RMSE, SD, contingency tables, POD i ).
n Section 5 we include in our analysis the performance obtained
ith a random-forest machine-learning algorithm. In Section 6 we
ffer conclusions and discuss perspectives. 

 OBSERVATION S  

or this study we used archi v al VLT observ ations made in order to
onitor optical turbulence. ESO observations have been stored in a

ublic repository 5 since 2016 April. Observations we use refer to a
IMM and a Multi Aperture Scintillation Sensor (MASS). DIMM
rovides measurements of the integrated content of turbulence along
he line of sight, which are corrected by the zenith angle. DIMM
stimates are based on the measurement of the variance of the
uctuations of angles of arri v al of the wavefront coming from a single
tar and passing through two small holes separated by a distance d
ithin the pupil of a small-size telescope (Sarazin & Roddier 1990 ).
he telescope pupil size is typically around 30 cm, the hole size D ∼
 cm, and the distance d ∼ 14 cm. Values of D , d , and the pupil size of
he small telescope can change depending on the prototype provided
 ≥ 2 × D . ESO-DIMM is a 11 arcsec Celestron on an Astelco
TM500 direct-drive mount. The seeing ε is retrieved from the

ongitudinal σ 2 
l and transversal σ 2 

t variances of the fluctuations of the
ngles of arri v al. The temporal sampling of measurements is around
 min. 
MASS is a vertical profiler and has been introduced in the

stronomical context by Kornilov et al. ( 2003 ) with a slightly
odified version of a technique proposed by Ochs et al. ( 1976 ).

t reconstructs the turbulence stratification in six layers distributed
NRAS 523, 3487–3502 (2023) 

 http://ar chive.eso.or g/cms/eso- data/ambient- conditions.html 

6

7

ithin 20 km abo v e the ground, starting from the scintillation
ndices (four normal and six differential indices) of scintillation

aps produced by single stars on a set of four small concentric and
ircular apertures selected on the telescope’s pupil. Scintillation is
easured by photomultipliers. The vertical stratification is obtained

y fitting a set of measured scintillation indices with a model
aving a small and fixed number of turbulent layers. The layers
re located at six heights: 0.5, 1, 2, 4, 8, and 16 km abo v e the
round. The scintillation indices depend on the integral of C 

2 
N , the

urbulence spectrum, the Fresnel diffraction term, and the pupil
lter. The product of the turbulence spectrum times the Fresnel
iffraction term times the pupil filter constitutes the weighting
unction (WF) W ( h ). Besides stratification of the optical turbulence
 C 

2 
N or J profiles) at low vertical resolution, MASS also provides

alues of the isoplanatic angle ( θ0 ) and wavefront coherence time
 τ 0 ). Different versions of DIMM and MASS have been used at the
LT at different epochs. In this work we refer to the most recent
ersions of MASS and DIMM that have been in operation since
016 April. The temporal sampling of measurements is not constant,
ut we can say it is mostly of the order of 1 or 2 minutes. The
wo instruments are physically joined together. The MASS–DIMM
nstrument is based on a new version of the MASS software called
TMOS 

6 that, in the reconstruction process of the vertical profile,
lso includes measurements coming from the DIMM, allowing more
recise estimates (Kornilov et al. 2014 ). It operates in robotic
ode on top of a 7-m high tower (Fig. 2 ) located to the north

f UT4. For further information, we refer the reader to the ESO
ocumentation. 7 

In this work we also treated observations from Stereo-SCIDAR
SS: Butterley et al. 2020 ) to quantify the measurement accuracy.
his instrument requires to be installed on a telescope of a diameter
f at least 1 m and it is therefore not suitable for use as a monitor.
o we ver, ESO has so far collected measurements with Stereo-
CIDAR on a reasonably rich statistical sample of nights which

s useful for our analysis. Stereo-SCIDAR (Sheperd et al. 2014 ) is a
 ATMOS 2.9 version and above. 
 Document Number: ESO-281474 – Release on 2017 No v ember 7. 

http://archive.eso.org/cms/eso-data/ambient-conditions.html
art/stad1552_f2.eps
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Figure 3. Scatter plot of observed and forecast parameters using the AR method on a time-scale of 1 h: seeing ( ε) (top left), wavefront coherence time ( τ 0 ) (top 
right), isoplanatic angle ( θ0 ) (bottom left), and GLF × 100 (per cent) (bottom right). B is the slope of the re gression line. F or the seeing, observations are taken 
from DIMM, for τ 0 , θ0 , and GLF observations are taken from MASS-DIMM. Model performance is given in Table 1 . The density map of all the individual 
pairs of points is shown in Fig. D1 . 
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8 The Meso-NH version used in this work is 5.2. 
9 Such a value is not exactly the same for all the ( x , y ) of a domain, as it 
depends on the orography. The model levels are indeed more similar to sheets 
than to perfect horizontal planes. 
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ertical profiler having a vertical resolution � H ∼
√ 

λ
(
h − h gs 

)
/θ

Avila, Vernin & Masciadri 1997 ). It therefore has a much higher
esolution with respect to MASS. The vertical resolution is higher 
lose to the ground and then it decreases with height and achieves
n order of magnitude of ∼ 1 km in the free atmosphere (more than
nough for most AO applications). The SS is basically a Generalised 
CIDAR (GS), but with two independent cameras instead of one. 
his allows us to impro v e the signal-to-noise ratio (SNR) of the
cintillation map cross-correlation and, as a consequence, the SS 

an provide a more precise reconstruction of the C 

2 
N profile. Such 

 technical solution also allows us to increase the sky coverage, as
he constraints on the � m values of binary stars are relaxed with
espect to the GS. The latter item is less critical because, in general,
t is al w ays possible to identify in the sky, during a whole night,
 reasonable number of binaries respecting the constraints of the 
eneralised SCIDAR. The temporal sampling of measurements is 
ot constant and is, on average, 2 minutes. The SS of ESO has been
un on 157 nights distributed in different periods of different years 
etween 2016 and 2019. The SS is implemented at the focus of one
f the Auxiliary Telescopes (AT) having a diameter of 2.5 m. Stereo-
CIDAR measurements of the 2019B release (Butterley et al. 2020 ) 
ave been corrected by the authors for several bugs identified in the
revious release of 2018 (Osborn et al. 2018 ). 

 M O D E L  C O N F I G U R AT I O N  

he most recent version of the Astro-Meso-NH code (Masciadri 
t al. 1999a , 2017 ) has been used in this study for the forecast
f optical turbulence, i.e. C 

2 
N and four among the most rele v ant
ntegrated astroclimatic parameters: seeing ( ε), isoplanatic angle 
 θ0 ), wavefront coherence time ( τ 0 ), and GLF. The GLF is the portion
f turbulence developed close to the ground with respect to that
eveloped in the whole atmosphere (see Section 4 and equations 4
nd 5 ). The Astro-Meso-NH is a package that has been developed
n top of the MESO-NH 

8 model (Lafore et al. 1998 ; Lac et al. 2018 )
hat provides the spatio-temporal evolution of the hydrodynamic 
tmospheric flow. For this study we used, for the most part, the same
eometrical model configuration used by Masciadri et al. ( 2013 ).
he geographic coordinates of Cerro Paranal are (24 ◦37 

′ 
33.117 

′′ 
S,

0 ◦24 
′ 
11.642W) and the height of the summit is 2635 m abo v e sea

evel. We used a grid-nesting technique (Stein et al. 2000 ) consisting
f using different embedded domains of digital elevation models 
DEM: i.e. orography) extended on smaller and smaller surfaces, 
ith progressively higher horizontal resolution but with the same 
ertical grid. Simulations of OT are performed on three embedded 
omains where the horizontal resolution of the innermost domain 
s � X = 500 m. In Appendix D we report information on the
imensions, number of grid points, and horizontal resolution of the 
hree domains. Along the z -axis we have 62 levels distributed as
ollows: a first vertical grid point equal to 5 m, a logarithmic stretch-
ng of 20 per cent up to 3.5 km abo v e the ground, and an almost
onstant vertical grid size of ∼600 m 

9 up to 23.8 km. Regarding the
ESO-NH model, the system of hydrodynamic equations is based 
MNRAS 523, 3487–3502 (2023) 
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Table 1. Statistical operators (BIAS, RMSE, SD) related to Fig. 3 (or 
Fig. D1 ) obtained with observations and the AR method on a time-scale 
of 1 h. Selection for seeing ≤ 1.5 arcsec is done on observations. 

ε ε ≤ 1.5 arcsec τ 0 θ0 GLF 
(arcsec) (arcsec) (ms) (arcsec) × 100 (%) 

BIAS 0.00 0.00 − 0 .01 − 0 .01 0.00 
RMSE 0.10 0.09 0 .58 0 .16 0.06 
SD 0.10 0.09 0 .58 0 .16 0.06 
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pon an anelastic formulation that allows an effective filtering of
coustic waves. The model uses the Gal-Chen & Sommerville ( 1975 )
oordinates system in the vertical and the C-grid in the formulation
f Arakawa & Messinger ( 1976 ) for the spatial digitalization. In
his study, in the wind advection scheme we used the ‘forward-in-
ime’ (FIT) numerical integrator instead of the ‘leap-frog’ one. Such a
olution allows for longer time steps and therefore shorter computing
ime. The model employs a one-dimensional 1.5 turbulence closure
cheme (Cuxart, Bougeault & Redelsperger 2000 ) and we used the
ne-dimensional mixing length proposed by Bougeault & Lacarr ̀ere
 1989 ). The surface exchanges are computed using the Interaction
oil Biosphere Atmosphere (ISBA) module (Noilhan & Planton
989 ). The model is initialized with forecasts provided by the
CM High Resolution Forecast (HRES) of the ECMWF, which
as an intrinsic horizontal resolution of around 9 km. The forecast
onfiguration used in this study is shown in Fig. 1 (a). It corresponds
o the operational configuration that we will use abo v e VLT in the
ain baseline. The FTS is of the order of [23–33 h] depending on

he period of the year, as the length of the night changes, and FTS disp 

s of the order of [2–12 h]. Forecasts are delivered two hours before
unset (this corresponds to T disp ). We do not enter into details on why
his configuration was selected, as it is not the topic of this work.
t is enough to know that it depends on external requirements from
SO and might change in the future. We are interested in this work

n using the main baseline operational configuration we have just
escribed to quantify the forecast performance. For the short-time
orecasts obtained with AR, which are the subject of this work, we
sed the same configuration used in Masciadri et al. ( 2020 ). The
R is calculated in post-processing and, in that case, the FTS is

alculated with respect to the present time t = 0. In the definition of
he FTS we have to replace T fc = 0 and T ini and T end are, in this case,
he extremes of the interval we are interested in (e.g. for the forecast
t 2 h we have T ini = 1 and T end = 2 with respect to present time = 0.
he forecasts at 2 h therefore include all values included in the [1 h,
 h] range). When the night begins and real-time measurements start
o be available, we perform the AR forecast extended to 4 h and, at
ach full hour, the forecast is updated for a successive 4 h. Starting
rom the instant at which real-time measurements are available, from
hese forecasts it is therefore possible to retrieve forecasts at 1 h, 2 h,
 h etc. In conclusion, we can co v er, for each night, forecasts with a
reat number of time-scales, starting from short ones with AR (i.e.
 or 2 h) up to long ones obtained with the atmospheric model alone.

 OT  FOR ECAST  P E R F O R M A N C E  

o optimize the AR performance we need contiguous nights (Masci-
dri et al. 2020 ) with av ailable observ ations. To quantify the model
erformance, we therefore analysed simulations and observations
elated to a rich statistical sample of nights co v ering one full solar
ear [2018 August 1–2019 July 31]. 

We considered observations coming from DIMM for the seeing,
nd observations coming from MASS-DIMM for τ 0 , θ0 , and GLF.
he reason for this choice is that ESO identified, for each parameter,
 specific instrument of reference. 10 
NRAS 523, 3487–3502 (2023) 

0 We refer here to ESO CFT/ESO/20/95952/FLAB Call for tender that refers 
o the forecast of optical turbulence abo v e the VLT. These are therefore 
echnical specifications we have to respect and this also means that, when 
e calculate forecast performance in the standard configuration, we also use 

hese references. With the AR approach we intend to impro v e the forecast 
erformance on short time-scales using in situ measurements following ESO’s 
esiderata. 
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Fig. 3 shows the scatter plot obtained by comparing observations
nd AR forecasts calculated on a time-scale of 1 h for the seeing
, wavefront coherence time τ 0 , isoplanatic angle θ0 , and GLF.
or each parameter we considered observations from the associated

nstruments of reference. 
The original temporal frequency of the forecast is 2 minutes.

orecasts and observations have been treated with a moving average
f 1 h followed by resampling on a time-scale of 10 minutes.
recedent studies (Lascaux, Masciadri & Fini 2015 ; Masciadri et al.
017 ) showed that such a treatment was the most suitable for this kind
f application/analysis. We refer the reader to Masciadri et al. ( 2020 )
or further details related to the AR technicalities. Table 1 reports
alues of BIAS, RMSE, and SD for all the astroclimatic parameters
elated to a FTS equal to 1 h. BIAS, RMSE, and SD are calculated
s 

I AS = 

N ∑ 

i= 1 

Y i − X i 

N 

, (1) 

MSE = 

√ √ √ √ 

N ∑ 

i= 1 

( Y i − X i ) 
2 

N 

, (2) 

 D = 

√ √ √ √ 

N ∑ 

i= 1 

[( X i − Y i ) − ( X i − Y i )] 2 

N 

= 

√ 

RMS E 

2 − BIAS 2 , (3) 

here X i and Y i are the observations and AR method respectively, N
s the number of times for which pairs ( X i , Y i ) are available and both
 i and Y i are different from zero. For the seeing we calculated the
ase in which we took into account all the seeing values and the case
n which the observed seeing ≤ 1.5 arcsec. As can be seen in Table 1 ,
he statistical operators for the seeing in the two cases (column 2
nd 3) are very similar. This tells us that, using the AR method, the
orecast performance is very good for whatever threshold is on the
eeing value. For long-time-scale forecasts, the forecast performance
or the seeing decreases when the seeing increases. In that case we
herefore have interest in calculating the forecast performance only
n the range ε ≤ 1.5 arcsec where AO is ef fecti ve. In Fig. D1 we
how the density function maps associated with Fig. 3 that indicate
etter where the peak of the distribution of the ( X i , Y i ) pairs falls. We
bserve that, for all four parameters, the peak falls on the bisector,
elling us that the BIAS is basically null. The values of the statistical
perators (Table 1 ) indicates a RMSE of the order of 0.09 arcsec for
he seeing, 0.58 ms for τ 0 , 0.16 arcsec for θ0 , and 6 per cent for GLF.

As mentioned in appendix A of Masciadri et al. ( 2020 ), if it
s not possible to collect observations related to the previous five
ights (for example because there are no measurements) then AR is
ot e x ecuted. The temporal co v erage of observations is very good
t the VLT. For this reason, for the four astroclimatic parameters
nalysed in this study the number of missed forecasts with AR is
ery small. We counted only 17 missed nights for the seeing and 18
or the other astroclimatic parameters in the solar year tested in this
ork. The number of nights N considered in the past (see Masciadri
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Table 2. Accuracy obtained with observations: Stereo-SCIDAR (SS) and MASS-DIMM. First row: BIAS obs calculated by comparing 
simultaneous values from different instruments calculated on a rich statistical sample. Second row: as the first row but RMSE obs is 
shown. Third row: as the first row but standard deviation SD obs is shown. 

Param. Seeing ( ε) Wavefront coherence time ( τ 0 ) Isoplanatic angle ( θ0 ) GLF 
(arcsec) (ms) (arcsec) ( × 100 %) 

Instruments SS vs. DIMM SS vs. MASS-DIMM SS vs. MASS-DIMM SS vs. MASS-DIMM 

No. nights 157 142 142 142 

BIAS obs 0.08 0.41 − 0.16 0.15 
RMSE obs 0.25 1.29 0.45 0.20 
SD obs 0.24 1.22 0.42 0.14 
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Figure 4. Weighting functions of the MASS given by typical triangle 
functions. The grey zone indicated with ‘A’ is the numerator of equation ( 4 ). 
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t al. 2020 ) for the application of AR is a trade-off between the
emporal co v erage of the technics and the performance one wants
o obtain. If N decreases, we have a larger temporal co v erage but
lightly lower performance (see for example fig. 7 of Masciadri 
t al. 2020 ). That means that the number of missed nights might
e smaller if we accept decreased model performance. These are 
echnicalities to be considered in the management of the individual 
bservatories. 
How can we judge the goodness of the forecast performance? 
hat we want to show here is that, if the RMSE is smaller than the

ntrinsic achie v able accuracy in estimating the OT, we can consider
hat the achieved RMSE fits with good and realistic expectations. 

To answer to this question, we therefore compare the RMSE that 
e obtained with our analysis with the ‘typical’ dispersion of esti-
ates obtained with different and independent instruments conceived 

or turbulence estimates running simultaneously calculated on a rich 
tatistical sample of nights. The standard deviation (SD) between 
he observations from different instruments provides us with the 
typical’ uncertainty, i.e. the accuracy with which we can reasonably 
stimate these parameters with observations. If we look at the SD, 
hat means we are assuming we eliminate whatever systematic errors 
xist due to bias/error in the instruments and we are looking at the
ntrinsic statistical random error that has to be taken into account. 
his is a very important passage as, even if one elects for some

eason a preferred/reference instrument with respect to another one, 
e cannot forget that the ultimate accuracy is given by the SD of
easurements obtained with different instruments. The calculation 

f the typical uncertainty (SD) related to instruments is very useful
ecause it allows us to have a term of reference. To calculate the
ypical dispersion (or uncertainty), we selected a statistical sample 
f nights in which Stereo-SCIDAR and MASS-DIMM (or simple 
IMM depending on the parameter we are considering) were run 

imultaneously at Cerro Paranal. Such a sample of 157 nights has 
wo important characteristics. (1) It is one of the richest (in statistical
erms) available samples obtained with SCIDAR and MASS-DIMM 

t present in the astronomical context. Considering the very large 
umber of nights, we can assume that the sample is statistically 
epresentative of the general conditions of turbulence. (2) Even if 
n principle the goal here is to quantify a typical intrinsic SD for a
ypical good astronomical site, the fact that these measurements have 
een done at Cerro Paranal is particularly attractive for us, as this is
he same site at which our study is performed. 

Table 2 reports the BIAS, RMSE, and SD between observations of
he four astroclimatic parameters obtained with Stereo-SCIDAR and 

ASS-DIMM (see Section 2 ). Following equations ( 1 )–( 3 ), here X i 

re the individual values of Stereo-SCIDAR and Y i the observations 
rom MASS-DIMM. DIMM and MASS-DIMM are the references 
sed by ESO as described previously. As described previously, 
IMM is used for the seeing and MASS-DIMM for τ 0 , θ0 , and GLF.
n the case of the seeing, the number of nights on which we have
bservations from both Stereo-SCIDAR and DIMM is the whole data 
et of 157 nights. For τ 0 , θ0 , and GLF, we have observations from
tereo-SCIDAR and MASS-DIMM on a slightly smaller number 
f nights: 142 nights. The GLF retrieved from Stereo-SCIDAR (to 
e compared with that calculated from MASS-DIMM) has been 
alculated according to the following procedure: we considered the 
 

2 
N profile from Stereo-SCIDAR projected on the MASS weighting 

unctions W i ( h ) (having a typical triangle shape – see Fig. 4 ) and
e took the complementary part close to the ground (not sensed
y MASS), which corresponds to a trapezoid (A in Fig. 4 ). This
rapezoid corresponds to the numerator in the definition of the GLF
f MASS-DIMM (see equation 4 ): 

LF = A/J , (4) 

here J is the integral of C 

2 
N over the whole atmosphere as provided

y MASS-DIMM. The oblique line W inf ( h ) in Fig. 4 is the lower
imit of the MASS weighting function. It is given by 

 inf ( h ) = 

⎧ ⎪ ⎨ 

⎪ ⎩ 

0 if h ≤ 250 m , 

1 −
∣∣∣1 − log 10 

(
h 

250 

) · 1 
log 10 2 

∣∣∣ if 250 m < h < 500 m , 

1 if h ≥ 500 m . 

(5) 

y comparing SD obs (Table 2 ) with the RMSE of the AR method
Table 1 ), we observe that RMSE is al w ays ≤ SD obs for all four
stroclimatic parameters, and this allows us to conclude that the 
orecast performance of the AR method at 1 h can be considered very
atisfactory, as we obtain a dispersion/error that is of the same order
s the uncertainty obtained with instruments and, in some cases, 
ven better. As anticipated previously, we compare RMSE with 
D obs to make the challenge even more difficult for the forecasts.
MNRAS 523, 3487–3502 (2023) 
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M

Figure 5. RMSE vs different FTS � T for seeing, wavefront coherence time, isoplanatic angle, and GLF. On the x -axes the ‘forecast time’ � T as defined in 
Section 3 . The black dashed line is the RMSE related to the standard forecast, the black line the AR method, and the red line the forecast by the persistent 
method. Seeing is calculated taking all observed values ≤ 1.5 arcsec. 

W  

i  

i  

s  

o
 

d
 

w  

l  

p  

a  

t  

g  

2  

a  

T  

e  

t
 

i  

p
 

b  

a  

t  

a  

t  

p  

t  

T  

f  

W  

t  

p  

m  

b  

r  

d  

s  

m  

t  

t  

p  

w  

f  

c  

c

Table 3. Gain of AR at 1 h with respect to the ‘standard forecast’ and 
the prediction by persistence. First row: gain for the RMSE for different 
astroclimatic parameters (seeing, wavefront coherence time, isoplanatic 
angle, and ground-layer fraction) of AR with respect to the ‘standard forecast’ 
i.e. the RMSE obtained for the standard configuration divided by that obtained 
for AR. Second row: gain of the AR method with respect to prevision by 
persistence on the same time-scale, i.e. the RMSE obtained for the PP divided 
by that obtained for AR. Third row: gain of AR versus prevision by persistence 
expressed in per cent, i.e. the value of the second row −1 expressed in per cent. 
Seeing is calculated taking all observed values ≤ 1.5 arcsec. 

GAIN ε τ 0 θ0 GLF 

AR vs. SC 2.55 3.77 3.43 3.16 
AR vs. PP 1.67 2.02 2.19 1.67 
% 67 102 119 67 
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e indeed assume a null BIAS obs (i.e. no systematic errors in
nstrumentation) even if it is not necessarily the case now, as is visible
n Table 2 . In other words, we compare performance of the forecast
ystem with the pure intrinsic statistical uncertainty provided by
bservations. 
What about the forecast performance of the AR method at FTS

ifferent from 1 h? 
Fig. 5 shows the RMSE for different FTS (black line) compared

ith the RMSE for the FTS of the ‘standard forecast’ (black dashed
ine). On time-scales of 1 and 2 h, we observe that the AR method
rovides better results than the ‘standard forecast’ (i.e. the RMSE has
 smaller value). This means that the AR is very ef fecti ve on short
ime-scales, as e xpected. We observ e that, while for the seeing the
ain with respect to the ‘standard forecast’ disappears after around
 h (as the black line intersects the black dashed line), for the other
stroclimatic parameters the gain still survives up to 4 h or more.
hat said, by repeating the AR forecast with a sampling of 1 h as
xplained in Masciadri et al. ( 2020 ), it is possible al w ays to guarantee
he AR forecasts on time-scales of 1 and 2 h all through the night. 

We now compare the AR method with a very simple and
ndependent benchmark such as the method of forecast by
ersistence. 
Performance of the forecast by persistence is represented in Fig. 5

y a red line. The method of forecast by persistence in this context
ssumes that the forecast extended to the successive 4 h with respect
o t 0 is equal to the value of the observed parameter at time t 0 . Looking
t Fig. 5 , we observe that the AR method provides better performance
han the method of forecast by persistence for all four astroclimatic
arameters at all time-scales even if the gain of the AR with respect to
he persistence method is not the same for the different parameters.
able 3 reports the gain of the AR with respect to the ‘standard
orecast’ and the forecast by persistence at 1 h for all four parameters.
NRAS 523, 3487–3502 (2023) 
e conclude that the AR method is definitely more performant than
he ‘standard forecast’ as well as the forecast by persistence for all
arameters. The ‘standard forecast’ is more performant than the AR
ethod and the forecast by persistence at long time-scales when the

eneficial effects of the AR approach disappear. Fig. 6 shows the
elation between the method by persistence and the forecasts that we
eliver (AR method and standard configuration respectively for the
hort and long time forecasts) for the seeing. For � T ≤ 2 h, the AR
ethod is better than prediction by persistence. For � T > 2 h, when

he positive effect of AR decreases, the standard configuration takes
he relay and, in this range, provides better performance than the
rediction by persistence. By definition, the latter loses ef fecti veness
hen � T increases. This means that up to � T = 2 h it is convenient

or the seeing to look at AR and for � T > 2 h it is preferable to
onsider the forecast at long time-scale obtained with the standard
onfiguration. 
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Figure 6. As Fig. 5 , but here the black line (bold style) represents the 
best configuration of our forecast system to be compared with prediction 
by persistence. For � T ≤ 2 h we have to take into account the AR method. 
For � T > 2 h the configuration providing the best gain with respect to the 
prediction of persistence is the forecast at long time-scale, i.e. what we call 
the ‘standard configuration’ (see text). 
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11 For τ 0 and θ0 , the cumulative distribution from which the median and 
tertiles are retrieved is calculated from monotonically decreasing values. 
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.1 OT forecast performance on individual nights 

n the previous section we analysed the dispersion between obser- 
ations (DIMM and MASS/DIMM depending on the parameter) 
nd AR forecasts with statistical operators applied to the whole 
ample of ( X i , Y i ) pairs taken all together (see Fig. 3 and Table 1 ).
n this section the AR method forecast performance is analysed 
ollowing a different approach that we call ‘on individual nights’ .

e analyse the statistical operators BIAS, RMSE, and SD on each 
ight and then we calculate the cumulative distribution and derive the 
edian and the quantiles. In precedent studies (Lascaux et al. 2015 )

t has already been observed that the forecast performance impro v es
lightly if analysed following this approach. This is not surprising, 
s in the second case the statistical operators are calculated first
n a smaller sample, i.e. the individual nights, while in the first
ase the statistical operators are calculated on the whole sample 
f data. The use of one or the other method depends on which
eature/characteristics of the system one wishes to put in evidence. 
he important thing is, ho we ver, to declare which method/approach 
as been used, as one method provides intrinsically better estimates 
han the other. Fig. 7 shows the cumulative distribution of the 
MSE of all astroclimatic parameters (seeing ε, isoplanatic angle 
0 , wavefront coherence time τ 0 , and ground-layer fraction GLF) 

n two cases: the short-time-scale forecasts at 1 and 2 h. Table 4
eports the corresponding median, first, and third quartiles for all 
stroclimatic parameters for forecasts calculated at 1 h (first row) 
nd 2 h (second row). 

We observe that, for the forecasts at 1 h, the median values
f the RMSE are 0.08 arcsec for the seeing, 0.44 ms for the
avefront coherence time τ 0 , 0.14 arcsec for the isoplanatic angle 

0 , and 6 per cent for the GLF. The dispersion is very narrow,
ndeed the third quartiles at 1 h still remain smaller than the
MSE obtained with different instruments (see Table 2 ). The 
edian values of the RMSE at 2 h (i.e. 0.19 arcsec for the seeing,

.01 ms for τ 0 , 0.32 arcsec for θ0 , and 13.72 per cent for GLF)
lightly increase with respect to the 1-h case but still remain 
maller than the typical dispersion of instruments (SD obs ). These 
esults confirm the conclusions obtained in Section 4 , i.e. that the
orecast performance obtained with this ‘beta’ configuration is very 
romising. 
.2 Probability of detection for short FTS using the AR method

o complete the analysis, we calculate here the contingency tables 
nd associated statistical operators, i.e. the probability of detection 
POD), percentage of detection (PC), and extremely bad detection 
EBD). Contingency tables allow for the analysis of the relationship 
etween two or more categorical variables. We refer the reader to
ascaux et al. ( 2015 ) for a description of this method. In Appendix B
e report a synthesis of the definition of the different operators
sed in this work to quantify forecast performance: contingency 
ables, POD, PC, and EBD. Given a statistical sample of observations
nd predictions, the contingency tables allow us to calculate the 
umber of times at which observations and forecasts fall in the same
ntervals of values. For all four astroclimatic parameters treated in 
his work (seeing ε, wavefront coherence time τ 0 , isoplanatic angle 
0 , and ground-layer fraction GLF), we considered 3 × 3 contingency 

ables in which the thresholds separating the different categories are 
etrieved from the climatological estimates. More precisely, we used 
s thresholds for the seeing and the GLF the first and second tertiles
f the distribution calculated on the same sample of observations (a
hole solar year) used for the analysis of the AR method. For τ 0 

nd θ0 , the thresholds are the second and first tertiles (see Table 5 ). 11 

rom the contingency tables, we retrieve the probability of detection 
OD of the parameter X within a specific range of values. 
To quantify the POD, we take into account the accuracy, which

llows us to say in which category of the generic table 3 × 3 the
stimates belong. To estimate the accuracy (hereafter ACC), we take 
CC equal to the standard deviation (SD obs ) obtained by comparing
ifferent instruments running simultaneously. In other words, we 
ssume no biases between the instruments and we consider only the
ispersion due to the statistical uncertainty. The ACC values for the
our astroclimatic parameters are therefore imposed as equal to the 
D obs reported in Table 2 . What we show here is that, with the AR
ethod, we can obtain POD i that are, in most cases, well abo v e

0 per cent for realistic levels of ACC in the case of forecasts at 1
nd 2 h. 

Tables 6 –9 report results of POD i , PC, and EBD obtained for each
stroclimatic parameter at short time-scales with the AR method i.e. 
t (a) 1 h and (b) 2 h. 

The best performance is achieved, as expected, in case (a), where
ll POD i are of the order of 99 per cent for all four astroclimatic
arameters. 
Performance decreases only slightly at a 2-h time-scale, i.e. in case

b). In most cases, it remains abo v e 90 per cent . We highlight that
his is true in particular in the most interesting categories from an
stronomical point of view, i.e. the first tertile (POD 1 ) for the seeing
nd POD 3 for τ 0 and θ0 . Indeed, for the longest period of 2 h we
ave POD 1 = 92 per cent for the seeing, POD 3 = 90 per cent for
0 , and POD 3 = 91 per cent for θ0 . 
For the GLF we have very good performance at 1 h (all POD i well

bo v e 98 per cent); forecast performance decreases but still remains
atisfactory at 2 h, with POD 1 and POD 2 abo v e 90 per cent and POD 3 

lightly smaller (83.53 per cent). 
It is worth adding a few comments on the latter parameter.

he GLF is sensitive to the boundary layer as well as the total
urbulence developed in the atmosphere, therefore uncertainties in the 
umerator and denominator both increase the total uncertainty. The 
hreshold separating the boundary from the free atmosphere ( W inf ;
MNRAS 523, 3487–3502 (2023) 
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M

Figure 7. Cumulative distribution of the RMSE calculated between observations and forecasts related to the astroclimatic parameters ( ε, τ 0 , θ0 , and GLF) 
obtained following the ‘individual nights’ approach on a sample of 1 solar year. Seeing is calculated with the condition that observed values are ≤ 1.5 arcsec; see 
Section 4 . First column: AR forecasts at 1 h. Second column: AR forecasts at 2 h. See Table 4 for the quantitative estimates of median, first, and third quartiles. 
The scale on the x -axis has been selected to optimize the dynamic of each figure. 
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ee Fig. 4 ) falls more or less in the region where the sensitivity of the
tmospheric model to the OT parametrization changes, therefore this
akes things more difficult. Moreo v er, we also observ e that the GLF

s the sole parameter for which there is still a non-negligible bias
etween Stereo-SCIDAR and MASS-DIMM (see Table 2 ), with a
arger GLF seen by MASS-DIMM. Such an effect has already been
bserved in different contexts/studies. There is not a unanimous
NRAS 523, 3487–3502 (2023) 
onsensus on the origin of this discrepancy. Some authors think
hat it is due to uneven conditions extending on the Cerro Paranal
lateau close to the surface that determine inhomogeneous GLF
stimates made by instruments located at a certain distance with
espect to one another on the plateau (Haguenauer, Giuesalaga &
utterley 2020 ). Ho we ver it might also be possible that residual

ystematic biases in the instrumentation are still present, or perhaps
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Table 4. Median, first, and third quartiles of the RMSE calculated for 
different astroclimatic parameters on individual nights: seeing ( ε), wavefront 
coherence time ( τ 0 ), isoplanatic angle ( θ0 ), and ground-layer fraction GLF 
(see associated cumulative distribution in Fig. 7 ). Seeing is calculated taking 
all observed values ≤ 1.5 arcsec. Sub/superscripts refer to the first and third 
quartiles. 

RMSE ε τ 0 θ0 GLF 
(arcsec) (ms) (arcsec) (%) 

@ 1 h 0 . 08 0 . 10 
0 . 06 0 . 44 0 . 65 

0 . 25 0 . 14 0 . 19 
0 . 11 6 . 00 7 . 50 

4 . 65 

@ 2 h 0.19 0 . 26 
0 . 14 1.01 1 . 65 

0 . 60 0.32 0 . 44 
0 . 24 13.72 17 . 00 

11 . 20 

Table 5. Median, first, and second tertiles of the distribution of the four 
astroclimatic parameters ( ε, τ 0 , θ0 , and GLF) calculated for a sample of 
observations related to one full solar year (al w ays the same [2018 August 
1–2019 July 31]). Measurements of the seeing have been obtained with 
DIMM, those of the other astroclimatic parameters with MASS-DIMM (see 
Section 4 ). 

Parameter Median value First tertile Second tertile 

ε (arcsec) 0.68 0.59 0.80 
τ 0 (ms) 4.46 5.79 3.37 
θ0 (arcsec) 1.92 2.22 1.65 
GLF ( × 100 %) 0.64 0.56 0.71 

Table 6. Probability of detection (POD i ) with percentage of correct detection 
(PC) and extremely bad detection (EBD) as retrieved from the contingency 
tables (see Appendix B ) calculated for the seeing ( ε) in two different 
conditions: (a) forecast at 1-h time-scale with AR and (b) forecast at 2-h 
time-scale with AR. Thresholds of the 3 × 3 tables are the first and second 
tertiles calculated using a sample of measurements taken o v er one solar year 
(see Table 5 ). Values of POD, PC, and EDB are calculated assuming an 
accuracy ACC = SD obs = 0.24 arcsec (see T able 2 ). W e considered seeing < 

1.5 arcsec. 

Seeing ( ε) 
Param. Forecast with AR 

at 1 h (%) at 2 h (%) 

POD 1 99 .80 94 .29 
POD 2 99 .42 91 .43 
POD 3 99 .35 89 .33 
PC 99 .62 93 .19 
EBD 0 .19 3 .95 
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Table 7. As Table 6 for the wavefront coherence time ( τ 0 ), but the thresholds 
are the second and first tertiles (see Table 5 ). Values calculated assuming an 
accuracy ACC = SD obs = 1.22 ms (see Table 2 ). 

Wavefront coherence time ( τ 0 ) 
Param. Forecast with AR 

at 1 h (%) at 2 h (%) 

POD 1 99 .86 97 .16 
POD 2 99 .51 94 .30 
POD 3 98 .86 89 .76 
PC 99 .60 95 .32 
EBD 0 .20 1 .96 

Table 8. As Table 6 but for the isoplanatic angle ( θ0 ), but the thresholds are 
the second and first tertiles of the distribution (see Table 5 ). Values calculated 
assuming an accuracy ACC = SD obs = 0.42 arcsec (see Table 2 ). 

Isoplanatic angle ( θ0 ) 
Param. Forecast with AR 

at 1 h (%) at 2 h (%) 

POD 1 99 .84 96 .41 
POD 2 99 .88 95 .24 
POD 3 99 .27 91 .34 
PC 99 .78 99 .15 
EBD 0 .12 1 .81 

Table 9. As Table 6 but for the ground-layer fraction GLF (see Table 5 ). 
Values are calculated assuming an accuracy ACC = SD obs = 14% (see 
Table 2 ). 

Ground-layer fraction (GLF) 
Param. Forecast with AR 

at 1 h (%) at 2 h (%) 

POD 1 99 .13 92 .05 
POD 2 98 .91 91 .44 
POD 3 98 .77 83 .53 
PC 99 .14 91 .34 
EBD 0 .44 5 .47 
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12 As described in Section 3 , we are considering steps of one hour. 
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oth of them play a role. In conclusion, the estimate of the GLF
ith instruments is not yet a closed problem. Even if there is

till space for further impro v ements on the side of modelling,
iscrepancies in observed GLF from different instruments tell us 
hat this parameter, as it is measured at the present time, deserves
urther investigation for use as a robust figure of merit, even if
he portion of turbulence close to the ground with respect to the
otal turbulence is in principle very useful to quantify atmospheric 
onditions more or less fa v ourable for observations supported by 
FAO. We do not comment further, to a v oid going outside the

cope of this w ork, but w ork is in progress to impro v e GLF
redictions. 
Anyway, in cases (a) and (b) the EBD values are extremely low

or all astroclimatic parameters, with a maximum of ∼ 5 per cent, 
nd this guarantees us a very low probability of failing the forecasts.
 M AC H I N E  L E A R N I N G  VERSUS  A R  

n this section we present an analysis with the goal of quantifying the
erformance obtained in predicting the astroclimatic parameters de- 
cribed in the previous sections at short time-scale with the random-
orest (RF) machine-learning approach using only observations. The 
dea behind the machine-learning approach is to make use of past
bservations of N parameters to estimate the parameter X (depending 
n the other N parameters) in the very close future (1 and 2h). The
F approach has been previously applied to the seeing by Milli
t al. ( 2019 ). That work showed performance of the predictions in
he close future that is no better than the prediction by persistence

ethod. The goal of our e x ercise is to reproduce the experiment and
xtend such a calculation to all other astroclimatic parameters. Even 
ore importantly, we need to treat the outputs in a homogenous
ay 12 with respect to AR and the persistence method to be able to

ompare the three approaches. 
The RF (and in general whatever ML algorithm we consider) 

mplies a twofold step to forecast the parameter X : a ‘training’ of
he algorithm performed on a rich statistical sample of observations 
f several parameters related to X (in our case meteorological and
MNRAS 523, 3487–3502 (2023) 
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stroclimatic parameters) and a ‘test’ of the system that consists of
pplying the trained algorithm on an independent data set to provide
he forecast parameter X without any previous knowledge of the
arameter to be predicted. 
We do not enter into details of the RF configuration, as a dedicated

orthcoming article focused on this topic is in preparation. The article
ill also treat other machine-learning and deep-learning approaches.
e report here just the results of the RF for the four astroclimatic

arameters and discuss them with respect to AR and prediction by
ersistence. We mention only that we used the same conditions used
y Milli et al. ( 2019 ) and the RF as implemented in the PYTHON

ackages scikit-learn (Pedregosa et al. 2011 ). 
As done by Milli et al. ( 2019 ), we used as inputs of the ML algo-

ithm seeing, τ 0 , GLF, wind speed (WS) at 200 mb, PWV, pressure at
he ground ( P ), temperature ( T ), WS, and relative humidity (RH) at
0 m. To take into account the seasonal and daily variability trends of
he values of the parameters, we included in the data set the following
ariables: cos(day/365), sin(day/365), cos(hour/24), sin(hour/24).
e estimated the optimal length of the training data set by varying the

elected sample length and observing at which point the performance
f the algorithm no longer increases on adding more data (saturation
evel). This is in general between 1 and 1.5 years. The ‘test’ has been
btained with an independent data set relative to a 0.5-year range.
he input data have been resampled to have one data point every
 min. We expressly used the same conditions used by Milli et al.
 2019 ). We simply remember that the prediction of the parameter X
n a 1-h time-scale can be performed if there are observations of the
arameter X (and the N related parameters) during the previous 1 h,
nd likewise for the prediction at a 2 h time-scale. Fig. 8 shows the
utputs (blue dots) related to the RF approach obtained at 1 and 2 h,
ompared with the AR and prediction by persistence approaches.
rom Fig. 8 we conclude that, in all cases, performance obtained
ith the RF machine-learning technique provides worse results than
oth the AR approach and the prediction by persistence method. RF
herefore seems non-competitive even with respect to prediction by
ersistence. We limit the analysis to the first short periods of 1 and
 h, which are the most rele v ant and interesting ones. We performed
ome tests on these calculations to quantify (1) how the period of
raining being taken at different times in the past impacts on the
stimates and (2) what is the impact of the length of the ‘test’ sample
n results. For case (1), we observed a variability of the order of
 / − 10 per cent. Treating case (2), we observed that, on using ‘test’

amples from 6 months up to 2 years, the RMSE increases by up
o + 10 per cent in the 1 h case and + 15 per cent in the 2 h cases.
or the reason we have just explained, in case (2) the RMSE can
ecome larger if we consider longer ‘test’ samples. We conclude
herefore that the values reported in Fig. 8 are quite conserv ati ve,
nd therefore the comparison of the ML, prediction by persistence,
nd AR methods is very robust. 

Our next step is to study the use of other ML algorithms and/or
L algorithms joint to the numerical prediction provided by atmo-

pheric models to investigate whether it is possible to obtain further
mpro v ements with respect to the AR approach that we consider, at
he present time, as our benchmark threshold. 

 C O N C L U S I O N S  

n this work we demonstrate that, with the Astro-Meso-NH model,
onfigured as described in this work, using the techniques of
utoregression (AR) proposed in Masciadri et al. ( 2020 ), we can
rovide forecasts at short time-scales (i.e. up to 1 and 2 h) of the
our main astroclimatic parameters ( ε, τ 0 , θ0 , GLF) with an RMSE
NRAS 523, 3487–3502 (2023) 
hat is consistently smaller than or equal to the instrument accuracy.
erspectives are therefore very satisfactory to support the service
ode of the Very Large Telescope, even more if we consider that

ur operational forecast system is just a beta version and that a set of
odifications that will probably lead to an impro v ement of results is

et to be implemented in the system (see Section 1 ). 
Quantitative estimates of the model performance are obtained

ollowing three different approaches. First we provide the BIAS,
MSE, and SD calculated following two different methods: (1) by
onsidering the whole data set e xtended o v er one solar year as a
nique sample; (2) by calculating the statistical operators (BIAS,
MSE, SD) on the individual nights and then retrieving the statistics
f these results (median and quantiles) for a sample of one solar year.
e then provide (3) the probability of detection (POD i ), percentage

f detection (PC), and probability of extremely bad detection (EBD)
s retrieved from the contingency tables. Quantitative estimates have
een performed on a sample of one solar year of independent nights.

Following method (2) we obtain the best RMSE, as expected. On
 time-scale of 1 h we have the following median values for the
MSE: 0.08 arcsec for the seeing, 0.44 ms for τ 0 , 0.14 arcsec for
0 , and 6 per cent for the GLF. On a time-scale of 2 h, the median
MSE is 0.19 arcsec for the seeing, 1.01 ms for τ 0 , 0.32 arcsec for
0 , and 13.72 per cent for GLF. By comparing the RMSE between
orecasts and observations obtained in our analysis with the accuracy
TD obs related to observations from different instruments (currently
sed by ESO abo v e Cerro P aranal), we concluded that RMSE ≤
TD obs for all four astroclimatic parameters up to a time-scale of 2 h.
his guarantees us robust performance of the forecast system for the
ervice mode. 

In this study we also demonstrate that, for all four astroclimatic
arameters (seeing, wavefront coherence time, isoplanatic angle, and
LF) the forecasts at 1 and 2 h obtained using the AR method (at-
ospheric model plus real-time observations) provide a substantial

maller RMSE with respect to the simple use of an atmospheric
odel, i.e. the ‘standard configuration’. The gain of AR with respect

o the standard configuration is of the order of ∼ [2.6–3.8], depending
n the parameter, on time-scales of 1 h. The gain of AR decreases
hen the FTS increases and disappears at different � T i depending on

he astroclimatic parameter (see Fig. 5 ). The shortest � T at which the
ain disappears is around 2 h for the seeing; for all other astroclimatic
arameters the gain persists for longer time-scales. 
We demonstrate also that the AR technique provides better

erformance than prediction by persistence for all four astroclimatic
arameters, with gains that depend on the parameter: they are
ncluded in the range [1.7–2.2] (corresponding to [67–119 per cent]
see Table 3 ) on a time-scale of 1 h. 
Concerning the contingency tables and the probability of detection

POD i ), we calculated, for the four astroclimatic parameters, that,
aking into account the intrinsic uncertainty related to the turbulence
stimates, on a time-scale of 1 h all POD i are of the order of
9 per cent. Performance decreases only slightly on a time-scale
f 2 h, but in most cases remains abo v e 90 per cent. This is true in
articular for the most interesting categories from an astronomical
oint of view, i.e the probability to detect a value below the first
ertile (POD 1 ) for the seeing and the probability to detect a value
bo v e the third tertile (POD 3 ) for τ 0 and θ0 . On a 2-h time-scale, we
ave POD 1 = 94.29 per cent for the seeing, POD 3 = 89.76 per cent
or τ 0 , and POD 3 = 91.34 per cent for θ0 . We observe a slightly
maller value POD 3 = 83.53 per cent for GLF at 2 h. As discussed
n this work, this slightly poorer performance is probably due to a
et of reasons, not necessarily related to the forecast method (see
ection 4.2 ). 
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Figure 8. As Fig. 5 but with the addition of machine learning (Random Forest) outputs (blue dots). Black line: AR method. Red line: prediction by persistence. 
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Further analyses are planned in the future. For example, we might 
alculate the POD i for smaller values of ACC. We estimated that, 
ith ACC = SD obs = 0.1 arcsec (instead of 0.24 arcsec), all the
OD i for the seeing at 1 h are in any case larger than or equal to
5 per cent . This tells us that, even in the case of a smaller SD obs ,
orecast performance at short time-scales is very promising. 

Finally, we compared our results with a ‘random forest’ (RF) 
achine-learning algorithm. We observe that, on time-scales of 1 

nd 2 h, the AR method provides better results with respect to the
F. The latter appears, in most cases, even worse than prediction by
ersistence. 
We definitely think that we are entering into a new era of

ybrid techniques made up of numerical techniques (i.e. atmospheric 
odels) plus statistical techniques that aim to impro v e forecast 

erformance. The latter include a set of various approaches such 
s the autoregression method, Kalman filter, machine learning, deep 
earning, artificial neural networking (ANN), etc. We showed that 
achine learning alone, performed with just observations without the 

upport of an atmospheric model, is not as good as hybrid techniques,
herefore atmospheric models still play a crucial role. 

In terms of perspectives, we intend to push the use of machine
earning and deep learning further, with the goal of improving the 
erformance of the operational forecast system that we developed. 
his can be done by testing different and more complex algorithms 
r using more complex configuration models/ML. Studies are in 
rogress. An automatic operational version of the system presented 
n this work will be implemented soon at the VLT (FATE project). 
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PPENDI X  A :  O N  T X 

A N D  FTS  

e report here a few notes related to a few T X to a v oid misun-
erstandings. In Section 1 it has been said that the computation
ime required to perform the forecast has to be ≤ ( T disp − T start ).
his does not means that the end of the computation time T comp 

ecessarily matches with T disp . The computation time is related to
he hardware characteristics and the model configuration. In our
perational systems, for example, at present we can run a forecast
ith � T comp = ( T comp − T start ) of the order of 3 hours to forecast

he coming night for a sub-kilometric horizontal resolution (500 m)
nd a model configuration as described in Section 3 with relatively
ight hardware (not superclusters). T disp is the time in which the
bservatory requires that forecasts are delivered and can be different

or dif ferent observ atories. As a first approximation, we have an
nterest in moving towards short � T comp . However, it is not said that
ystem A is preferable to system B just because � T comp is shorter,
s claimed by some authors (Osborn & Sarazin 2018 ). This has been
 xplained e xtensiv ely and illustrated with e xamples in Masciadri
t al. ( 2019 ). 

Also, the fact that the shorter ( T ini − T fc ) is, the better the model
erformance is only a qualitative statement. Other factors play a role
n the forecast process, such as the quality of the initialization data,
hich is not the same at all synoptic hours (00:00, 06:00, 12:00,
8:00) UT. Initialization data calculated at 06:00 UT and 18:00 UT
re worse than those calculated at 00:00 UT and 12:00 UT. Therefore,
n Fig. 1 for example, a shorter ( T ini − T fc ) does not necessarily lead
o better model performance. At the same time, given two sites A and
, with ( T ini − T fc ) A > ( T ini − T fc ) B , it does not necessarily follow

hat model performance abo v e B is better than that abo v e A, as the
ocal characteristics play a role in the forecast process. 

PPENDI X  B:  DEFI NI TI ONS  O F  

O N T I N G E N C Y  TA BLES,  PC,  P O D ,  A N D  EBD  

able B1 is an example of a generic 3 × 3 contingency table where
he observations and simulations are divided into three categories
elimited by two thresholds. PC, POD i , and EBD can be defined
sing a , b , c , d , e , f , g , h , i (number of times at which an observation
nd a simulation fall inside each category) and N (total events). The
ercentage of correct detection PC is defined in equation ( B1 ), where
C = 100 per cent is the best score; the probability of detecting the
alue of a parameter inside a specific range of values (POD i ) is
iven by equations ( B2 )–( B4 ), where POD i = 100 per cent is the
est score. The extremely bad detection (EBD) probability is given
y equation ( B5 ), where EBD = 0 per cent is the best score. For a
otal random prediction and in the case of a 3 × 3 contingency table
e have a = b = ... = i = N/9 and PC = POD i = 33 per cent and
BD = 22.2 per cent. 

 C = 

a + e + i 

N 

× 100; 0 per cent ≤ P C ≤ 100 per cent , (B1) 

 OD( event 1 ) = 

a 

a + d + g 
× 100; 0 per cent ≤ P OD ≤ 100 per cent , (B2) 

 OD( event 2 ) = 

e 

b + e + h 
× 100; 0 per cent ≤ P OD ≤ 100 per cent , (B3) 

 OD( event 3 ) = 

i 

c + f + i 
× 100; 0 per cent ≤ P OD ≤ 100 per cent , (B4) 

 BD = 

c + g 

N 

× 100; 0 per cent ≤ E BD ≤ 100 per cent . (B5) 
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Table B1. Generic 3 × 3 contingency table. 

Intervals OBSERVATIONS 
1 2 3 Total 

MODEL 

1 a b c a + b + c 
(hit 1) 1 (Model) 

2 d e f d + e + f 
(hit 2) 2 (Model) 

3 g h i g + h + i 
(hit 3) 3 (Model) 

Total a + d + g b + e + h c + f + i N = a + b + c + d + e + f + g + h + i 
1 (OBS) 2 (OBS) 3 (OBS) Total of events 
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PPEN D IX  C :  O RO G R A P H Y  

able C1 and Fig. C1 report the extension, resolution, and total 
urface of the three domains forming the model orography in grid-
esting configuration (see Section 3 ). 

able C1. Meso-NH model grid-nesting configuration. The second column 
hows the number of horizontal grid points, the third column the domain
xtension, and the fourth column the horizontal resolution � X . 

omain Grid Domain size � X 

points (km) (km) 

omain 1 80 × 80 800 × 800 � X = 10 
omain 2 64 × 64 160 × 160 � X = 2.5 
omain 3 120 × 100 60 × 50 � X = 0.5 
igure C1. Orography of the Cerro Paranal summit. Top left: domain 1; top right: 
aranal position. See Table C1 . 
PPENDI X  D :  MEASURED  A N D  FORECAST  

ARAMETERS:  DENSI TY  F U N C T I O N  MAPS  

ig. D1 shows the density function maps associated with the 
cattering plots reported in Fig. 3 . We highlight the fact that the role
f the density function map is only to put in evidence the peak of the
istribution to retrieve potential bias effects that are not clearly visible 
n Fig. 3 . Also it helps to put in evidence the density of values that are

ore or less correlated. Such a function is built with an interpolation
f the colour levels assuming an arbitrary minimum threshold and a
efined frequency of isolines. Such a figure of merit is therefore less
fficient than scattering plots (see Fig. 3 ) to provide evidence for the
f fecti ve dispersion of data (i.e. the dispersion of the individual pairs
f points). Indeed, by selecting a suitable minimum threshold, the dis-
ersion of values might appear much thinner than it is in reality. This
s the reason why we prefer to report both figures (Figs 3 and D1 ). 
MNRAS 523, 3487–3502 (2023) 

domain 2; bottom: domain 3. The black dot in each panel indicates the Cerro 
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Figure D1. Density function map related to Fig. 3 . 
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