
Figura 3. Decréscimo observado na contagem de RC no sinal TELESCOPE de CARPET, índice Dst e Kp, associado a um
decréscimo Forbush, ocasionada por um CME.
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Estimating Atmospheric Turbulence (Cn²) at
Astronomical Sites Using Meteorological Data and

Machine Learning 

The quality of ground-based astronomical observations is affected by atmospheric turbulence, which
induces spatial and temporal fluctuations in the Cn², degrading the optical resolution of telescopes.
The intensity of this turbulence is commonly quantified by the refractive index structure parameter,
Cn², which characterizes the vertical distribution of refractive fluctuations everywhere the
atmospheric column (Tatarskii, 1971; Fried, 1966).
Traditional instruments for measuring  Cn², such as DIMM and the MASS-DIMM, provide reliable
data but require specialized infrastructure, continuous operation, and high operational costs. These
restrictions  limit their deployment across multiple astronomical sites (Sarazin & Roddier, 1990;
Tokovinin, 2002).
In this context, machine learning (ML) techniques are being explored as alternatives for estimating  
Cn² from meteorological parameters derived from reanalysis datasets ERA5(ECMWF) (Hersbach et
al., 2020). ML models are particularly effective in capturing nonlinear patterns between atmospheric
variables and turbulence behavior, offering potential for near real-time operational use at reduced
costs (Masciadri et al., 2017; Osborn et al., 2018).
This study aims to analyze the performance of three ML approaches, Multilayer Perceptron (MLP),
Long Short-Term Memory (LSTM) networks, and the Extreme Gradient Boosting (XGBoost)
algorithm, trained with data from the Paranal Observatory (Chile) to estimate  Cn²  based on ERA5
atmospheric profiles. The trained models were subsequently applied to the LNA, to assess their
generalization capabilities and applicability to new astronomical sites.

 ERA5 reanalysis combined with machine learning provides an able and cost-effective
means to estimate Cn² at astronomical sites. Among the tested models, XGBoost
demonstrated the best balance of accuracy, robustness, and operational applicability.
This methodology complements optical instruments, improves turbulence monitoring,
and supports adaptive optics planning.

ABSTRACT
Accurate estimation of the refractive index structure parameter (Cₙ²) is fundamental for optimizing astronomical observations and adaptive optics performance. In this study, we explore the application of machine learning
models to predict Cₙ² based on Differential Image Motion Monitor (DIMM) measurements using ERA5 reanalysis data provided by the European Centre for Medium-Range Weather Forecasts (ECMWF). Three machine
learning approaches were evaluated: a Multilayer Perceptron (MLP), a Long Short-Term Memory (LSTM) recurrent neural network, and the Extreme Gradient Boosting (XGBoost) algorithm. Data preprocessing was
performed to temporally align the different time series and handle missing data. Model training and validation were conducted using data from Paranal Observatory, Chile. In the future, the trained models will be applied
to estimate Cₙ² at the Laboratório Nacional de Astrofísica (LNA) Observatory located at Pico dos Dias, Brazil. The input-output relationship was modeled using time-synchronized datasets, where the features included
ERA5-derived atmospheric parameters (temperature, pressure, relative humidity, and wind profiles), while the target variable was the DIMM-measured Cₙ². This study highlight the potential of  combining reanalysis data
with machine learning techniques for turbulence monitoring and prediction at astronomical sites, offering a cost-effective alternative to continuous in-situ measurements.
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Figure 2. Monthly vertical profiles of Cn² at OPD, comparing observations (MASS-DIMM) with predictions from MLP, LSTM, and
XGBoost. The models capture the seasonal variability, with XGBoost showing the closest agreement to observations across most months.

Figure1. Scatter plots of predicted vs. observed Cn² across atmospheric layers using MLP, LSTM, and XGBoost models. Metrics (R, R²,
MAE, MSE) show that XGBoost achieves the closest agreement with observations, particularly in the free atmosphere.

The schematic illustrates the methodology for forecasting the refractive index structure
parameter Cn² using ERA5 meteorological time series. The data are processed and fed into
three distinct models: MLP, LSTM, and XGBoost. Each model produces Cn² predictions

at seven specific altitudes, ranging from 0 m to 16,000 m

ERA5 + MLP + LSTM + XGBoost  for Cn²

Estimation

Using ERA5 reanalysis data with machine learning models, we explored a cost-effective
alternative for estimating turbulence profiles

ERA5 pressure level

Models
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