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Macro-meteorological models predict optical turbulence as a function of weather data.  Existing models often 
struggle to accurately predict the rapid fluctuations in  in near-maritime environments.  Seven months of  field 
measurements were collected along an 890 m scintillometer link over the Severn River in Annapolis, Maryland.  
This time series was augmented with local meteorological measurements to capture bulk-atmospheric weather 
measurements.  The prediction accuracy of existing macro-meteorological models was analyzed in a range of 
conditions.  Next, machine-learning techniques were applied to train new macro-meteorological models using the 
measured  and measured environmental parameters.  Finally, the  predictions generated by the existing 
macro-meteorological models and new machine-learning informed models were compared for four representative 
days from the data set. These new models, under most conditions, demonstrated a higher overall  prediction 
accuracy, and were better able to track optical turbulence.  Further tuning and machine learning architectural 
changes could further improve model performance. 

http://dx.doi.org/10.1364/AO.99.099999 

1. INTRODUCTION 
Turbulent mixing within the atmosphere causes rapid fluctuations in the local index of 
refraction resulting in optical turbulence. The intensity of this phenomenon is 
quantified by the index of refraction structure parameter, . The magnitude of  is 
directly related to the turbulent structure of the atmosphere which depends on both 
large-scale atmospheric forcing and on local environmental conditions. When a laser 
beam propagates along a path, the fluctuations in the local refractive index results in 
beam perturbations.  These atmospheric effects can lower the energy received at a 
target or cause information loss in laser communication [1-3]. The degradation in 
laser beam quality and the resulting degradation in system performance can be 
estimated directly from predicted  values.    
 
At low altitudes, optical turbulence is caused predominantly by temperature 
gradients within the air [1-3].  Existing macro-meteorological models leverage local 
measurements of weather parameters to generate a  prediction [4-7]. Air 
temperature, pressure, and humidity are of demonstrated importance in predicting 
optical turbulence [1-3,7].  Additionally, the wind speed and temporal hour weight 
are often included in explicit macro-meteorological models such as the Sadot macro-
meteorological (Model 1), the Offshore-updated model in Wang (Model 2), and the 
ANOVA macro-meteorological model in Raj et. al (Model 3) [8-10].  These models 
have been applied in our near-maritime environment with mixed success [8-11].   
 
In order to better understand the accuracy of these existing models, a new data set 
containing measurements of optical turbulence and the corresponding 
environmental parameters was collected over a near-maritime propagation path 
over the Severn River, Annapolis, MD. Prior investigations into using environmental 
parameters to predict the extent of optical turbulence suggests that machine learning 
and polynomial regression could be used to improve prediction accuracy [7,12].  To 
this end, the macro-meteorological Models 1 – 3 were evaluated on near-maritime 
data collected between January 1st 2020 and July 17th 2020.  Additionally, this paper 

presents three new models developed on this data set and compares them to these 
existing models.  Polynomial regression was applied, in addition to two machine-
learning approaches which were suggested to be appropriate in [7].  The two 
machine learning models were the random forest model, and boosted regression 
tree model, whose structure is described further in [7,13-15].  The newly-trained and 
existing models were compared with measured  using seven months of data 
gathered in the near-maritime environment of the Severn River, with four full days 
between June 16th 2020 and July 17th 2020 explored in detail.   

 2. THEORY 
Random fluctuations in the atmosphere’s index of refraction distort the wavefront of 
beams propagating through the medium.  Temperature differences between pockets 
in the atmosphere called eddies contribute to these random fluctuations at optical 
frequencies.  Pressure and humidity have also been shown to be important factors 
affecting optical turbulence [1, 2, 4, 7,12].   At low altitudes, especially in near-
maritime environments, the refractive index of air can change rapidly in space and 
time, resulting in greater turbulent effects in the local atmosphere. 
   
In order to predict the effect of atmospheric turbulence on beam propagation, the 
refractive index of the atmosphere can be expressed using Eq. (1) [1, 2]: ( ̂ , ) = + ( ̂ , )     (1) 
where the local refractive index of the atmosphere  is defined to be the mean index 
of refraction for the non-turbulent atmosphere  with the added turbulent 
fluctuations given by , which is a function of both the position along the 
propagation path ̂ and time .  By applying the assumptions of temporal 
homogeneity and normalizing the mean index of refraction  to 1, the relationship 
in Eq. (1) no longer has time dependance.  The resulting Eq. (2) is an approximation of 
the local refractive index of the atmosphere [1,2,4]: ( ̂) = 1 + ( ̂)     (2) 
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3  
weather station and a data buoy maintained by the National Data Buoy Center 
(NDBC), provided weather measurements for the data set [19,20].  
 
The Davis weather station is situated next to the receiver of the scintillometer link, no 
more than 5 [ ] away, at roughly the same elevation over the water line.  This data 
source recorded measurements of air temperature, dew point temperature, 
pressure, humidity, wind speed, wind direction, gust wind speed, gust wind direction, 
solar radiation, UV index, and air density from January 1st 2020 until July 17th 2020.   
 
There were few missing values in the set of meteorological measurements from the 
local weather station.  While the study initially attempted to record rainfall, the 
weather station failed to accurately measure the amount of rain over each 10-minute 
time interval.  In late February, the sensor used to measure the UV index was re-
centered to ensure accurate measurement.  A diagram of the USNA weather station 
configuration, with labeled sensors, is provided in Fig. (2). 

 Fig. 2. USNA weather station and scintillometer receiver configuration.  
The weather station in Fig. (2) and the scintillometer link in Fig. (1) provided the core 
of the data set.  The atmospheric parameters were collected approximately 1 [m] 
below the scintillometer measurements.  In addition to the meteorological 
parameters collected locally, measurements taken from a National Data Buoy Center 
(NDBC) station were used to measure water temperature. The NDBC station at 
Thomas Point Light, in the vicinity of the scintillometer link, was used to collect 10-
minute measurements of water temperature between January 1st 2020 and July 17th 
2020 [20]. 
 
Two additional temporal parameters were added to the data set before final 
standardization and analysis. In an attempt to capture the potential relationship 
between optical turbulence and sunlight, the temporal hour was calculated for each 
observation of  [7, 12, 21].  Temporal hour weight is obtained by dividing the 
difference between the time of each observation and local sunrise time by 1/12 the 
time between local sunrise and sunset, as in Eq. (9) [8]: ℎ = ( )  .    (9)

The recorded time of each observation was determined using the scintillometer 
internal clock, while local sunrise and sunset were recorded by the USNA 
Oceanography Department sunrise data set [7, 12, 21]. Additionally, the daylight 
duration was measured as the time between sunrise and sunset for each day using 
Eq. (10): = −      (10) 
where S represents the time duration between sunrise and sunset for each day.  The 
parameter S was included in an attempt to capture seasonal dependence within the 
dataset.   

B. Dataset Preparation 

The dataset served both to evaluate the efficacy of existing macro-meteorological 
models for predicting optical turbulence in the near-maritime environment as well as 
to train new models.  The first step in synthesizing a complete data set containing , 
meteorological, and oceanographic measurements was time-series standardization.  
The data set contained 23,409 observations between January 1st 2020 and June 15th 
2020, and 4,590 observations between June 15th 2020 and July 17th 2020.  The data 
from June 15th 2020 to July 17th 2020 was used as a validation set to compare the 
relative prediction accuracy of existing macro-meteorological models and the new 
models trained specifically for the near-maritime environment.  The data from 
January 1st 2020 to June 15th 2020 was divided into a training set of 80% of 
observations, and a test set of 20% of observations using random selection.  The 
training and test sets were used primarily to develop machine-learning informed 
macro-meteorological models. They were also used to evaluate current explicit 
macro-meteorological models.  More information in the data set preparation 
considerations is available in [12].  Summary statistics for 7 of the environmental 
parameters collected in the data set are given in Table 1. 

Table  1. Data Set Summary 
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In Table 1, the mean measurement, standard deviation of measurements, minimum, 
maximum, and interquartile ranges for observations are reported for each 
environmental parameter column.  These summary statistics were used to validate 
the measurements collected for the dataset.  Notably, the air-water temperature 
difference was typically between −2 [℃] and 2 [℃], but had a large standard 
deviation relative to the range of the middle 50% of observations.  The maximum 
and minimum values are also notable, as they corresponded to rapid changes in air 
temperature.  The full set of raw measurements collected from the scintillometer and 
local weather station are publicly available at the repository in ref. [22] 

C. Measurement Distribution Analysis 
Following dataset preparation, cleaning, and time standardization, the 
measurements of each parameter of interest were analyzed and compared with 
existing literature.  The first parameter of interest was optical turbulence as measured 
by .  The distribution and central tendency of  measurements from each month 
between January 2020 and July 17th 2020 are reported as histograms in Fig. (3). 
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Further investigation into the relationships between environmental parameters and 

 in maritime environments will allow for higher prediction accuracy for new 
machine-learning informed models. Although the six environmental parameters 
selected for training were suggested by prior literature to be appropriate [7], the 
scope of appropriate predictor variables will be investigated further.  Additionally, 
applying these new models to other propagation environments will yield insight into 
their wider applicability.  Studying the effect of propagation environment on 
prediction accuracy will be important in determining where and how these models 
can be successfully applied. 
 
A wider variety of machine-learning based model architectures will be applied to the 
data set, in order to further improve prediction accuracy in the near-maritime 
environment.  Additionally, by expanding the duration of the data set, the temporal 
and seasonal dependencies in machine-learning model training and prediction 
accuracy could be investigated.  These models will be investigated further once a full 
year of data is available. 
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