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ABSTRACT

Modelling and forecasting the effects of atmospheric turbulence on the propagation of optical waves is crucial
for the development of future free-space optical communication systems. This work explores the use of au-
toregressive models to provide short-term predictions (i.e., minutes to hours) of optical turbulence integrated
parameters, such as the Fried parameter, isoplanatic angle and scintillation index. It exploits measurements
from a Shack-Hartmann Image Motion Monitor (SHIMM) instrument at Paranal Observatory, as well as recent
data collected in Barcelona during the TURBulence mOnitoring (TURBO) campaign. The study demonstrates
that combining long-term forecasts from numerical weather prediction models with on-site measurements using
autoregressive models significantly improve short-term predictions. Additionally, autoregressive models based
solely on measurements also show good prediction performance. This work motivates future measurement cam-
paigns at optical communication sites to enhance site characterization and optical turbulence modelling, while
enabling more accurate short-term forecasts.
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1. INTRODUCTION

Atmospheric turbulence is a major challenge for free-space optical communications between satellites and the
Earth’s surface. It introduces wavefront distortion and scintillation to the received optical signals, known as
optical turbulence (OT). Despite extensive research on this topic for astronomical sites, much work remains to
be done in the context of optical communications.1

With the recent deployment of optical ground stations (OGS) and the development of compact monitoring
instruments,2,3 various measurement campaigns are underway at potential OGS sites.4,5 As preliminary data
become available, collaborative efforts are focused on refining OT models for optical communication applications.

Modelling and forecasting OT are critical for astronomy, enabling site characterization and flexible scheduling
of astronomical observations.6 Similarly, they play a key role in the characterization of optical communication
sites and for the scheduling of optical communication links. Long-term OT forecasts, ranging from hours to
days, are typically achieved using numerical weather prediction (NWP) models (i.e., weather forecast models),
which are extended to include OT parameters.6–8 However, with the increasing availability of data, there is a
growing interest in short-term forecasts, spanning minutes to hours, that incorporate recent measurements into
the predictions. These short-term forecasts are often accomplished using autoregressive (AR) models or machine
learning-based approaches.9,10

This study explores the use of AR models based on direct measurements, as well as AR models that combine
NWP outputs with past measurements. These models are applied to OT integrated parameters (Fried parameter,
isoplanatic angle, and scintillation index) collected by a Shack-Hartmann Image Motion Monitor11 (SHIMM)
instrument at Paranal Observatory2 and in Barcelona.4 The measurements, taken continuously during daytime
and nighttime, enable to characterize OT at both locations. Moreover, the analysis conducted in this work
provides valuable insights for designing AR models for short-term forecasting of OT integrated parameters at
both astronomical and OGS sites.



Section 2 briefly presents the state-of-the-art in OT short-term forecasting approaches, while Section 3 de-
scribes the AR models used and the available measurements. The design of AR models is studied in Section 4
using SHIMM measurements at Paranal, and the models’ performance is evaluated and discussed in Sections 5
and 6.

2. SHORT-TERM FORECAST OF OPTICAL TURBULENCE

The application of autoregressive models for seeing prediction was proposed in 1994 during the construction of
the Very Large Telescope (VLT) at Paranal, Chile.12 Since then, AR models have been increasingly applied to
OT measurements at various astronomical13,14 and optical communication sites.15,16

Rather than applying AR models directly to the OT time series, they can be used in conjunction with
long-term forecasts from NWP models to correct potential biases.9,17,18 In this approach, AR models are
applied to the modelling error, defined as the difference between long-term forecasts and past observations. This
method has been successfully implemented for predicting meteorological parameters and seeing conditions at the
Large Binocular Telescope9 and has been extended to other OT quantities at the VLT.18 It led to significant
improvements in the short-term prediction capabilities of the NWP models.

Additionally, recent studies have demonstrated the potential of machine learning (ML) models for short-term
OT forecasting.19 These models often incorporate external inputs, such as meteorological data, to enhance the
prediction of OT quantities.10,14 Another possible approach is the use of regression models that rely on forecast
meteorological quantities to then predict OT parameters.20,21

This work further explores the application of AR models at astronomical and optical communication sites,
in combination with NWP long-term forecasts. The considered AR models are described in the next section.

3. AUTOREGRESSIVE MODELS AND AVAILABLE MEASUREMENTS

Autoregressive models provide a linear framework for describing the temporal evolution of a process, assuming
that future values exclusively depend on a linear combination of previous values and on a stochastic term (e.g.,
noise or model imperfection).22 The different models used in this work are described below, for a generic scalar
quantity y representing any of the OT integrated parameter. This quantity is measured at discrete time instants
tk, yielding a series of measurements yk = y(tk), where k ∈ N denotes the temporal index of the series. The use of
AR models enables to predict the value of yk, denoted ŷk, based on the observed time series y0:k−1 for all previous
time instants (one-step ahead predictions). Multistep ahead predictions are also possible, i.e., estimating yk+n

knowing y0:k−1 (n+ 1-step ahead predictions), for n ∈ N.

Persistence model This simple model is used as a benchmark for the evaluation of the other models. Its
prediction of the next value in the time series is equal to its most recent measurement, i.e.,

ŷk = yk−1. (1)

For multistep ahead predictions, the last available observation is used, i.e., ŷk+n = yk−1.

Autoregression on measurements In this model, the predicted ŷk comes from a linear combination of
previous measurements, weighted by coefficients αi. The time horizon of this combination is set to N , i.e.,

ŷk = α0 +

N∑
i=1

αi yk−i. (2)

The coefficients αi for i ∈ {0, . . . , N} must be determined and “learned” based on a set of measurements. The
coefficient α0 is a constant in the AR model. Equation (2) behaves as a sliding window of width N on the



time series, in which measured values of y are weighted and summed to give ŷk. Multistep predictions are made
recursively, using

ŷk+n = α0 +

n∑
i=1

αi ŷk+n−i +

N−n∑
i=1

αi+n yk−i (3)

for a n + 1-step prediction, knowing y0:k−1. It shows that the available observations in y0:k−1 appear weighted
by corresponding AR coefficients, while the other variables yk:k+n−1 are substituted by their estimations since
they have not been observed yet.

Autoregression on the modelling error In scenarios where a forecast sequence y(mod.) from another model
is available, such as from NWP models, the autoregression can be performed on the modelling error,9,18 defined

by xk = yk − y
(mod.)
k . The one-step ahead predicted value ŷk from the autoregression is given by

ŷk = y
(mod.)
k + xk with xk = α0 +

N∑
i=1

αi

(
yk−i − y

(mod.)
k−i

)
︸ ︷︷ ︸

=xk−i

, (4)

where the coefficients αi for i ∈ {0, . . . , N} must also be determined from a set of available measurements.
Multistep ahead predictions are performed using a similar expression as (3).

In this study, the AR model coefficients are estimated using the statsmodels Python package.23

Available measurements and illustration Short-term forecasts using AR models are applied to measure-
ments of OT integrated parameters collected by the SHIMM (24hSHIMM) instrument11 at Paranal Observatory
(24.62615◦S, 70.40387◦W, altitude 2625 m), Chile, and at Universitat Politècnica de Catalunya (41.38922◦N,
2.11205◦E, altitude 115 m), Barcelona, Spain.

The Paranal campaign consists of six days of nearly continuous measurements, from February 28th to March
5th, 2023.2 Results of the campaign have been previously used to validate Fried parameter r0 predictions from
NWP models8 and are extended here to the isoplanatic angle θ0 and the scintillation index σ2

I . The measured
time series by the SHIMM instrument and the predicted time series using NWP models are given in Figure 6 in
Appendix A. Measurements (blue dots) have been averaged over 5-minute bins, and their uncertainty is depicted
by the vertical bars. Plain lines are associated to two different parametrizations of the NWP models, one relying
on the turbulent kinetic energy (TKE) and another based on the Tatarskii equation with a boundary layer (BL)
extension using Monin-Obukhov similarity theory.8,24 The NWP software used is the Weather Research and
Forecasting (WRF) software.25

OT measurement in Barcelona have been acquired during the TURBulence mOnitoring (TURBO) campaign,
in November 2023 and May 2024.4 The time series are given in Figures 7 and 8 of Appendix A, corresponding
respectively to two and three days of nearly continuous data. The modelled time series come from the same
NWP models as for the observations at Paranal. Significant discrepancies are observed between the measured
and modelled isoplanatic angles, for both NWP models. The TKE model performs better for modelling the Fried
parameter during the day, while the Tatarskii+BL model is more effective at night.

As an example, Figure 1 illustrates the application of the three models in (1) to (4) for short-term forecasting
of the Fried parameter at Paranal. The autoregressive models on measurements and modelling errors (each with
ten coefficients, N = 10) were fitted using a four-hour window of data (8:00 to 12:00 UTC on March 4) and used
to predict the next hour using multistep ahead predictions. Only the TKE model is considered for obtaining
y(mod.). The persistence model, as expected, provides a constant forecast based on the last measurement, while
the AR models predict a slight decrease in the Fried parameter. The actual measurements during the prediction
period (depicted by light blue squares) indicate that the AR models offer more accurate predictions compared
to the persistence model in this studied case.



Figure 1: Illustration of AR models applied to measurements at Paranal.
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Figure 2: Data used for designing the AR models, and definitions of training and prediction windows.

4. DESIGN OF AUTOREGRESSIVE MODELS

The application to practical scenarios of the AR models given in (2) and (4) requires the determination of the
number of coefficients N in the autoregression, the training window duration (used to fit the AR coefficients),
and the prediction window duration (i.e., the time horizon for the forecast). These parameters are analysed using
data collected at Paranal during the last three days and four nights of continuous measurements, as illustrated
in Figure 2 for the Fried parameter. The training and prediction windows, defined in the figure, are progressively
shifted with a 5-minute time step to evaluate the performance metrics, by comparing forecasts to measurements
within the prediction window. In cases of isolated missing data, gaps in the time series are filled with the previous
measured values, which may artificially increase the performance of the persistence model.
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Figure 3: Evolution of RMSE on the integrated parameters by varying the training window duration and the
number of coefficients in the AR models.

4.1 Training window duration

Figure 3a shows the relationship between the root-mean-square error (RMSE), defined below in (5), and the
training window duration for different AR models with varying numbers of coefficients (N = 2, 5, 10, and 20).
The RMSE is calculated for one-step ahead predictions using the AR model on the measurements in (2) and
averaged over the entire 84-hour sliding window process (as depicted in Figure 2). The results indicate that
increasing the number of autoregressive coefficients requires a longer training window to reduce prediction errors
effectively. However, the RMSE reaches an asymptotic limit, beyond which further increasing the number of
coefficients or extending the training window does not significantly reduce the error. The convergence to this
limit is faster for the isoplanatic angle and scintillation index compared to the Fried parameter.
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4.2 Number of coefficients in the autoregression

The evolution of the one-step ahead prediction RMSE is presented in Figure 3b for the different AR models,
using a 24-hour training window. The RMSE associated to the persistence model are also depicted, for reference.

Interestingly, as the number of coefficients in the AR models increases, the RMSE tends to rise, indicating
a degradation in prediction accuracy. This effect is relatively marginal but more pronounced for the Fried
parameter, for which it is partially explained by the limited duration of the training window (observed in
Figure 3a). Both AR models based on measurements and NWP modelling errors exhibit similar trends.

Regarding the comparison with the persistence model, it appears that AR models with small numbers of
coefficients offer better performance for the one-step ahead prediction of isoplanatic angle and scintillation index.
However, this is not the case for the Fried parameter, where the persistence model has the smallest RMSE. The
autoregression on the measurements also provides improved short-term forecasts than the autoregressions on the
TKE or the Tatarskii+BL modelling errors.

A possible explanation of the small influence of the number of coefficients on the performance metrics can
be seen in Figure 4. It depicts the averages and standard deviations of all AR coefficients computed with the
sliding training window, for the AR model on the Fried parameter measurements. The coefficient index is given
on the x-axis, where the coefficient 0 is the constant α0 added to the autoregression (fitted close to 0). The
dominance of the first coefficient α1 is clearly visible, and also explains the good performance of the persistence
model (i.e., AR model with α1 = 1 and other coefficients equal to zero). The diminishing importance of large
coefficients is visible, as their averages get closer to zero. They tend to alternate between opposite positive and
negative values, thus partially cancelling each other in the autoregression. Similar behaviours are observed for
autoregressions on the isoplanatic angle and the scintillation index.

4.3 Forecast time-horizon

The performance for multistep predictions using AR models with N = 4 coefficients and an 8-hour training
window is evaluated in Figure 5.

As the prediction window extends from 5 to 60 minutes, RMSE increases for all short-term prediction methods.
The short-term approaches consistently outperform NWP long-term forecasts (RMSE shown by the dashed lines),



Figure 5: Influence of time-horizon on AR short-term forecasts.

highlighting the benefit of combining NWP forecasts with recent measurements through autoregressions. While
AR models generally yield lower RMSE than the persistence model for the isoplanatic angle and scintillation
index, the persistence model remains superior for predicting the Fried parameter over short time horizons.

The observations presented in this section are based on a limited dataset and will need further validation as
additional data are collected. However, they support the use of AR models with a small number of coefficients,
such that short training windows can be used. This is particularly relevant for practical applications where a
limited number of measurements may be available before forecasting.

5. APPLICATION AND EVALUATION OF SHORT-TERM FORECAST

This section presents the evaluation of short-term forecast methods applied to the Paranal and Barcelona
datasets. For each dataset, the AR models utilize N = 4 coefficients (plus a constant), estimated over 4-hour
training windows. Performance metrics, including RMSE, mean relative error (MRE), and Pearson correlation



coefficient ρy, are monitored for the OT integrated parameters and averaged over the entire dataset duration.
Both one-step ahead predictions (with a 5-minute time horizon) and multistep ahead predictions (spanning three
steps with a 15-minute time horizon) are analysed. The definitions of the RMSE and MRE are

RMSE =

√√√√ 1

Nobs

Nobs∑
i=1

(ŷi − yi)
2

and MRE =
1

Nobs

Nobs∑
i=1

∣∣∣∣ ŷi − yi
yi

∣∣∣∣ , (5)

with Nobs the total number of observations in each dataset when using 4-hour training windows.

Tables 1 to 3, in Appendix A, present the error metrics for the short-term forecasts at Paranal and Barcelona
(November 2023 and May 2024). Numbers in parentheses are associated to the multistep ahead predictions
(15 minutes), while other numbers correspond to the one-step ahead predictions (5 minutes). Based on their
analysis, the following conclusions are drawn:

• RMSE: the RMSE values obtained for the integrated parameters, particularly for the Fried parameter,
are consistent with those reported in the literature.10,15 However, it is important to note that different
datasets were used in these studies, and that the current analysis includes both nighttime and daytime
data.

• RMSE gains on NWP models: incorporating recent measurements with an autoregression on the mod-
elling error significantly enhances the performance of both NWP models (TKE and Tatarskii+BL models).
The RMSE gain, defined as the ratio of RMSE from NWP-only models (NWP TKE and NWP Tat. models)
to that from NWP combined with measurements (AR TKE and AR Tat. models), ranges from 3 to 5.7 for
the Fried parameter, depending on the dataset. For the isoplanatic angle, gains vary between 2.6 and 7.3,
while for the scintillation index, they range from 1.5 to 4. Similar RMSE gains for seeing are reported in
the literature.9 These RMSE gains are influenced by both the accurate parameterization of AR models
and the initial accuracy of the NWP predictions.

• MRE: MRE values for the persistence and AR models are between 10 to 20%, depending on the integrated
quantity and dataset. This is significantly lower than the MRE observed for NWP models, which can exceed
100%.

• Correlation coefficients: maximal values of the correlation coefficients are achieved by the persistence
model.

• Best performance: considering all metrics, integrated quantities and datasets, the persistence model
generally offers the best performance for both 5 and 15-minute predictions. This contrasts slightly with
the results observed in Section 4 where AR models sometimes outperform the persistence model. This
difference is largely due to the smaller training window used in the current evaluation (4-hour). The AR
model on the measurements ranks second in terms of performance.

• NWP models: the TKEmodel provides lower RMSE for the Fried parameter compared to the Tatarskii+BL
model. Conversely, the Tatarskii+BL model yields better estimates of θ0. These conclusions remain valid
even after applying AR models, although the differences between the NWP models diminish, particularly
for the isoplanatic angle.

• Time horizon: as expected, increasing the prediction time horizon reduces the accuracy on the predicted
quantities, for all datasets.

Hence, integrating recent measurements with NWP models is essential for significantly improving short-term
predictions. However, when such measurements are available, simpler approaches like persistence models or
autoregressions on the measurements may provide the best forecasts without the need for long-term predictions.
Nevertheless, these conclusions should be further validated due to the limited size of the datasets used. Addition-
ally, the findings depend on the quality of the NWP forecasts, and NWP models that are specifically designed
and calibrated for particular locations may enhance long-term forecasts, potentially adding value to short-term
predictions.9



6. DISCUSSION

The AR models introduced in this work are linear short-term forecast methods that rely exclusively on the time
series of the specific OT parameter of interest. Incorporating external inputs, such as meteorological surface
measurements, or using non-linear machine learning approaches, as discussed in Section 2, could further enhance
their performance.

Furthermore, the parameterization of the AR models was determined through a parameter study conducted
solely on Paranal data. Results may vary when using different datasets, recommending further validation. For
example, the selection of the number of coefficients N can be made data-dependent.15 Introducing seasonality
into the AR models is another possibility, given that large correlations between measurements separated by
24 hours have been observed in all datasets. Decomposing the time series into various modes for autoregression
is another potential approach.16,19

Finally, improvements of NWP long-term predictions, specifically for their application to OGS sites, are
required,1 and will benefit both long-term and short-term forecasts.

7. CONCLUSION

The application of AR models for OT short-term forecasting shows significant improvements in the accuracy of
NWP model predictions, thanks to the incorporation of on-site measurements. AR models that rely solely on
these measurements or simple persistence models also demonstrate strong predictive capabilities.

While the conclusions obtained depend on the AR model parametrization, the datasets used, and the specific
NWP models applied, they offer valuable insights into the design of AR models. In particular, they advocate for
few coefficients in the autoregressions, allowing for shorter training sequences.

This work highlights the importance of collecting on-site measurements at optical communication sites, for
improving long-term predictions from NWP models and for developing short-term forecast approaches.
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APPENDIX A. TIME SERIES OF INTEGRATED PARAMETERS AND ERROR
METRICS FOR SHORT-TERM FORECASTS

A.1 Paranal campaign

[UTC]

Figure 6: Time series of measured and modelled integrated parameters at Paranal.

Table 1: Error metrics on integrated parameter short-term forecasts for Paranal campaign.

Models
r0 [cm] θ0 [arcsec] σ2

I

RMSE MRE [%] ρy RMSE MRE [%] ρy RMSE MRE [%] ρy

Persistence
1.11 12.21 0.97 0.28 11.71 0.90 0.059 17.78 0.80
(1.69) (17.04) (0.93) (0.43) (17.70) (0.76) (0.066) (27.27) (0.75)

AR meas.
1.21 13.19 0.96 0.29 12.59 0.88 0.062 21.12 0.79
(2.00) (18.76) (0.91) (0.45) (18.88) (0.72) (0.073) (31.11) (0.74)

AR TKE model
1.47 14.45 0.94 0.29 12.69 0.89 0.061 20.19 0.79
(2.82) (23.83) (0.82) (0.44) (18.95) (0.73) (0.071) (29.97) (0.73)

AR Tat. model
1.60 16.61 0.93 0.29 12.60 0.88 0.061 21.08 0.79
(3.03) (30.78) (0.80) (0.45) (18.90) (0.72) (0.071) (30.97) (0.74)

NWP TKE model 5.10 61.03 0.60 1.36 77.38 0.38 0.097 49.80 0.56
NWP Tat. model 6.71 110.35 0.46 0.76 43.08 0.23 0.093 34.60 0.47



A.2 Barcelona campaign (November 2023)

[UTC]

Figure 7: Time series of measured and modelled integrated parameters at Barcelona, in November 2023.

Table 2: Error metrics on integrated parameter short-term forecasts for Barcelona campaign (November 2023).

Models
r0 [cm] θ0 [arcsec] σ2

I

RMSE MRE [%] ρy RMSE MRE [%] ρy RMSE MRE [%] ρy

Persistence
0.64 7.47 0.90 0.16 10.75 0.96 0.144 16.43 0.91
(0.95) (12.09) (0.78) (0.25) (16.96) (0.89) (0.212) (28.02) (0.80)

AR meas.
0.68 8.50 0.89 0.18 11.51 0.95 0.156 22.13 0.89
(1.02) (13.23) (0.74) (0.27) (18.36) (0.87) (0.229) (40.21) (0.75)

AR TKE model
0.79 10.19 0.85 0.20 12.82 0.93 0.163 22.08 0.88
(1.49) (19.68) (0.55) (0.30) (23.51) (0.85) (0.266) (40.86) (0.70)

AR Tat. model
1.08 11.44 0.75 0.19 11.97 0.93 0.160 23.48 0.88
(2.01) (20.38) (0.44) (0.29) (18.99) (0.85) (0.239) (42.20) (0.73)

NWP TKE model 3.04 36.45 0.32 0.96 111.53 0.54 0.346 49.13 0.62
NWP Tat. model 6.14 96.77 -0.07 0.84 128.27 0.54 0.470 50.86 0.22



A.3 Barcelona campaign (May 2024)
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Figure 8: Time series of measured and modelled integrated parameters at Barcelona, in May 2024.

Table 3: Error metrics on integrated parameter short-term forecasts for Barcelona campaign (May 2024).

Models
r0 [cm] θ0 [arcsec] σ2

I

RMSE MRE [%] ρy RMSE MRE [%] ρy RMSE MRE [%] ρy

Persistence
0.58 6.39 0.95 0.18 9.95 0.88 0.112 15.67 0.83
(0.89) (10.11) (0.89) (0.27) (16.76) (0.73) (0.150) (26.06) (0.70)

AR meas.
0.62 7.27 0.95 0.19 11.84 0.86 0.117 21.74 0.80
(0.97) (12.00) (0.87) (0.29) (20.12) (0.66) (0.164) (35.91) (0.60)

AR TKE model
1.17 11.19 0.85 0.20 12.54 0.84 0.119 22.09 0.79
(3.67) (27.17) (0.47) (0.31) (22.04) (0.63) (0.189) (37.12) (0.52)

AR Tat. model
1.71 12.41 0.72 0.20 11.94 0.84 0.117 22.00 0.80
(2.03) (22.82) (0.56) (0.30) (20.44) (0.64) (0.169) (36.97) (0.60)

NWP TKE model 6.57 87.89 0.56 1.45 152.33 0.14 0.264 65.75 0.18
NWP Tat. model 5.12 88.04 -0.01 0.75 82.55 0.23 0.244 37.13 -0.01
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