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Abstract: Seeing is a key factor affecting the image quality of astronomical observations
and can be quantitatively described by the Fried parameter ry. The larger the ry value (in
unit of cm), the better the seeing conditions. Currently, daytime seeing measurements are
primarily conducted using the Solar Differential Image Motion Monitor (SDIMM) or the
spectral ratio method. In this work, we propose a neural network model for estimating
daytime ry. The experimental results of the training set and the test set show that this model
can currently estimate ry with an accuracy exceeding 99%. Using this model, we estimate
the ¢ of the Huairou Solar Observing Station (HSOS) in 22 consecutive years from 1989 to
2010. The median ry of HSOS in 22 consecutive years was around 2.5 cm, and the best
seeing condition was in April and September of one year. This result confirmed the long-
term stability of seeing conditions. In addition, we conducted an error analysis comparing
the seeing measured by SDIMM and the results obtained by the spectral ratio method
both under domeless and domed conditions. The results indicate a significant correlation
between the SDIMM results and the spectral ratio method results, with first-order fitting
coefficients of 2.2 and 2.9, respectively.

Keywords: day-time seeing; neural network; estimation; error analysis

1. Introduction

Seeing refers to the effect of atmospheric turbulence on the quality of astronomical
imaging. The better the seeing, the higher the imaging quality. It is typically defined by
the Full Width at Half Maximum (FWHM, in units of arcseconds) of the image of a point
source. The smaller the FWHM, the better the seeing. The Fried parameter o (in units
of centimeters) is an important parameter for quantifying seeing [1]. It represents the
coherence length of wavefront distortion caused by atmospheric turbulence and reflects
the typical scale over which the wavefront remains coherent under the influence of turbu-
lence. According to Fried’s theory, seeing is positively correlated with the Fried parameter
ro. A larger ry value indicates the lesser impact of turbulence on wavefront distortion,
resulting in better imaging quality [1,2]. Accurate and long-term observation records of
1o are crucial for astronomical site selection and high-resolution imaging. For instance,
during the site selection process at Lenghu, the extensive long-term monitoring of seeing
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conditions was conducted at an average wavelength of 550 nm, which confirmed the site’s
excellent suitability for astronomical observations with a median seeing of 0.75 arcseconds
at this wavelength [3]. In the site selection process for the Chinese Giant Solar Telescope
(CGST) [4-6], the extensive monitoring of seeing was conducted at Mount Wumingshan, lo-
cated in Daocheng County, providing crucial data for assessing the atmospheric conditions
at these potential observatory locations [7]. The number of Shack-Hartmann wavefront
sensor microlens arrays in adaptive optics is also determined by seeing [8]. The level of
atmospheric turbulence affects both the functionality and the associated costs of a system.
Poor seeing requires a higher number of microlenses to realize adequate sampling and the
correction of wavefront distortions, which in turn increases the complexity and expenses
related to the telescope’s design, operation, and maintenance. The Differential Image
Motion Monitor (DIMM) is used to measure nighttime seeing by capturing the differential
motion of star images [9]. The Solar Differential Image Motion Monitor (SDIMM) [10]
serves a similar purpose but is tailored for solar seeing measurements, focusing on the
extended source. At present, there are several main methods for estimating seeing. One is
to use instruments to obtain day-time seeing parameters, such as using the SDIMM [10,11].
The other is to measure the constant of atmospheric temperature structure at different
altitudes using an air probe or acoustic radar and to calculate seeing using interference
fringes disturbed by the atmosphere in the interferometer [12]. Another method is to
estimate the degree of seeing through algorithms, such as estimating the speckle pattern of
short-exposure images captured during telescope observation [13]. For extended targets
such as the sun, the spectral ratio method is often used to determine the day-time degree
of seeing through the ratio curve of the long-exposure power spectrum to short-exposure
power spectrum [14]. There are shortcomings in these methods; for instance, because the
SDIMM is on a different telescope, there is a discrepancy between them. This discrepancy
prevents the SDIMM from accurately reflecting the actual seeing conditions at the time
of data acquisition. Additionally, the spectral ratio method, which requires processing a
large amount of short-exposure data, results in significant computational costs. Methods
employing an air probe or acoustic radar to measure seeing cannot accurately assess their
impact on observational data. Moreover, these methods are unable to estimate historical
seeing. Deriving seeing data from historical observations is essential for providing a basis
to guide future equipment upgrades.

In order to solve the above problems, this paper proposes a method for estimating the
seeing of long-period historical daytime based on neural networks under machine learning.
Machine learning is a method of implementing artificial intelligence that can learn implicit
patterns from data and establish models, and it is mainly used for solving problems that are
difficult to describe with ordinary rules. In recent years, machine learning has developed
rapidly and has had many applications in solving engineering problems. John Hopfield
invented an associative memory network capable of storing and reconstructing images and
other types of data information [15], while Geoffrey Hinton developed a type of Boltzmann
machine that could learn to recognize feature elements in specific types of data [16]. Their
research laid the foundation for the large artificial neural networks used today, enabling
machines to mimic functions such as memory and learning, and they were awarded the
Nobel Prize in physics in 2024. in the field of astronomy. For example, machine learning
is used to calibrate the observed solar spectral lines of a band filter magnetograph [17],
predict solar activity [18,19], detect the operational status of the telescope [20], and measure
the solar magnetic field [21].

This article first uses the spectral ratio method to calculate daytime seeing and then
performs principal component analysis (PCA) on the image, proposing an effective prepro-
cessing scheme. Finally, by utilizing the powerful non-linear fitting ability of the BP (back
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propagation) neural network under machine learning [22-24], a regression relationship
between observed images and daytime seeing was established. This article evaluates a
machine learning method using training and validation sets and estimates daytime seeing
based on historical long-term solar photospheric observation data to assess the long-term
stability of seeing in HSOS.

In Section 2, we introduce the sources of data and the methods of preprocessing. In
Section 3, we introduce a neural-network-based method for estimating seeing. In Section 4,
we present the experimental results and discuss them. In Section 5, we present the summary
and discussion.

2. Data and Preprocessing
2.1. Data

In this work, we use data collected by the Solar Magnetic Field Telescope (SMFT)
at the HSOS, which is also known as Huairou Solar Observatory. SMFT is located on
an island on the north bank of the Huairou Reservoir in Beijing [25], China (116°30’ E,
40°20" N), 24 m above the ground. It was put into use in 1985 and has been operating in two
main ways: (i) observations for solar activity research topics; (ii) long-term accumulation
of routine observational data. SMFT has made important contributions to the development
of solar physics both domestically and internationally [26]; it also provides basic solar
magnetic field observation data for space weather forecasting in China. The SMFT
instrument is capable of obtaining vector magnetic field and line-of-sight velocity data
from the photosphere at the FeI5324 A wavelength, as well as line-of-sight magnetic field
and velocity data from the chromosphere at the HB4861 A wavelength. Each FITS file
consists of an intensity image and Stokes parameters, expressed as 0.5(I £ S), where I
represents the intensity image (also referred to as a monochromatic image) and S denotes
the Stokes parameters of polarization. For the purposes of this study, we have employed
monochromatic image data at the FeI5324 A wavelength for our analysis. We selected
data from 2021 to 2023 and 1989 to 2010. The data for 2021-2023 include monochromatic
images and corresponding short-exposure images. Data from 1989 to 2010 include only
monochromatic images. The pixel resolution and single-frame exposure time of these
data are shown in Table 1.

Table 1. Image resolution and its exposure time in different time periods.

DATA

(YYYYMMDD) Pixel Resolution Exposure Time
19890101-20010825 0.61"” x 0.43" 30 ms—60 ms
20010825-20011130 0.48"” % 0.32" 30 ms—60 ms
20011201-20101231 0.35” x 0.35” 30 ms—60 ms
20200101-20211212 0.242" x 0.242" 30 ms—60 ms

2021-2023 spectral ratio method data 0.242" x 0.242" 10 ms

2.2. Obtaining ro by Spectral Ratio Method

The spectral ratio method, proposed by O. von der Liihe in 1984 [27], obtains ry by
comparing the actual spectral ratio of a set of images with its theoretical values. The spectral

2> 1)

ratio formula can be defined as follows:
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where tilde “~" represents the Fourier transform of a physical quantity I, “()” represents the
average of a sequence over a certain sampling time,

I(,,) stands for the energy intensity of the image after Fourier transform, and u stands for

N
the frequency-domain coordinate variable. ‘ <I (1) > ‘ in the formula is the long-exposure

“ ||Il

stands for the modulo operation,

power spectrum, for which its value quickly ends at 5/ A. Up to the limit resolution of the
telescope, the spectral ratio curve will have a sudden drop at ry. As long as this point is
found on the spectral ratio curve, the value of ry can be obtained [14].

2.3. Adjustment of the Resolution of Historical Data

In this study, we have standardized the image resolution to ensure the accuracy of
the correlation analysis between image quality and the seeing parameter ry. Recognizing
the direct impact of the pixel resolution on image clarity and detail, we have uniformly
adjusted the pixel resolution of the image data to 0.484” x 0.484”. This adjustment is crucial
not only for enhancing the consistency and comparability of image quality but also for the
precise measurement of seeing conditions. We have already applied this standard to all
image data in Table 1 to ensure more reliable and consistent results in subsequent analyses.

2.4. PCA Dimensionality Reduction

In the present study, we processed the data with principal component analysis (PCA).
PCA is an unsupervised learning algorithm that transforms the original data into a set
of linearly independent data for each dimension, using PCA to extract the main feature
components of the data. On the one hand, it can eliminate the interference of small signals.
On the other hand, it also makes the trained network lightweight, thereby accelerating
convergence. This article integrated all data and conducted principal component analysis
to transform the image into a one-dimensional array (which is the principal component
mapped by the PCA dimensionality reduction in the image). The PCA dimensionality
reduction order selected in this article was 200. The contribution rates of different orders to
the image are shown in Figure 1, and the images before and after reconstruction are shown
in Figure 2.

95.0%1

Order=200
Contribution=96.31%

Cumulative Explained Variance
~ ~ [e0] [er] (e}
o v o o o
L 8 8 g B8
R R R X X

65.0%1

0 25 50 75 100 125 150 175 200
Principal Component
Figure 1. Cumulative explained variance by principal component analysis (PCA) across different
orders. The x-axis represents the principal component index, while the y-axis shows the cumulative
explained variance percentage. A red dot highlights the contribution rate at order 200, achieving
96.31% cumulative variance explanation.
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Before PCA ..

Figure 2. Visual comparison of image reconstruction before and after principal component analysis
(PCA). The left panel labeled “Before PCA” shows the original image, while the right panel labeled
“After PCA” displays the reconstructed image using PCA. Both images are visually similar, indicating
effective dimensionality reduction and reconstruction.

3. Method for Estimating ry Based on BP Neural Network

The concept of the BP network was proposed by Rinehart and McClelland et al. in
1986 [28]. Its topological structure includes an input layer, multiple hidden layers, and
an output layer. The training process of the BP network consists of two parts: forward
propagation and backward propagation. During forward propagation, the input signal
passes through the hidden layer to the output nodes and undergoes non-linear transforma-
tions to generate the output signal. The error between the calculated forward propagation
output and the given signal is then transferred to the backward propagation process. In
this process, the error is recursively transmitted from the output nodes through the hidden
layers, and the error is distributed to all units in each layer. The units obtain the error
signal, which serves as the basis for weight adjustment. Through repeated learning and
training, the network parameters corresponding to the minimum error are determined, and
network training is completed.

The training process of BP neural network essentially adopts a global approximation
method, which has good generalization ability and can be used as a general nonlinear
input-output mapping model.

3.1. Design of Vision Estimation Algorithm Based on BP Neural Network

The correspondence between image and visual acuity is difficult to characterize using
an analytical function. This multiple non-linear regression relationship can be established
using the non-linear fitting ability of the BP neural network model. The input of the pro-
posed BP-based visual acuity estimation network is a one-dimensional vector of size [1, 60]
(preprocessed data), with a total of 8 hidden layers, and the output is a one-dimensional
array of size [1, 1] (r9). The network uses the mean squared error (MSE) as the loss function,
and the calculation formula is as follows:

18 2
MSE = Y (yi — ) @
i=1
In the hidden layer, ReLU (Rectified Linear Units) is used as the activation function [29].
In general, this function refers to the slope function in mathematics, which is given by
the following:
x, x>0

f(x) = max(0,x) = 0, x <0 (©)
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The ReLU function is used as the activation function of a neuron, defining the non-
linear output of the neuron after linear transformation w' + b. After using the activation
function ReLU, for an input vector x from the previous neural network layer, its output is
max(0,w" + b), which is then passed to the next layer of neurons or serves as the output
of the entire network. Using the ReLU activation function has faster training speed, and
networks with ReLU have performed better in some cases compared to those using other
activation functions.

The initialization of network parameters uses random initialization. The learning rate
is set as follows, with the initial learning rate of Ir set to

Ir = 0.001 (4)

During the training process, as long as the loss continues to decrease, the current
learning rate remains unchanged. All data completed during training are recorded as one
epoch. When the loss between two epochs decreases by less than 107 or the validation
score increases by less than 107, the learning rate is updated using the following equation:

Ir* = 0.2Ir 5)

Here, Ir” is the new learning rate. If the verification score in consecutive 10 epochs increases
by less than 1077, terminate training. To prevent the program from continuously training,
the maximum number of iterations for training is set to 5000.

3.2. Algorithm Implementation Platform

The software environment of this algorithm is built using Python (Version 3.6.3) based
on the Scikit-learn framework on Windows system. Scikit-learn (Version 0.24.2) is an open
source, concise and efficient data mining and data analysis tool [30]. It includes commonly
used modules for machine learning, making it easy to build your own network. The main
information involved in the hardware environment of the algorithm is shown in Table 2:

Table 2. Experimental environment.

Hardware Environment Specifications
CPU Intel Core i9-9900KF @ 3.60 GHz 8-Core
RAM 64 GB
GPU NVIDIA GeForce RTX 2070 (8 GB)
MainBoard ASUS TUF Z390-PLUS GAMING

4. Experimental Results and Discussion

When presenting the results of method testing, a 1:1 correlation line between predicted
and actual values is used to present the training results of the network for evaluation. Take
Figure 3 as an example, the horizontal axis represents the actual value, and the vertical axis
represents the predicted value, with the mean square error of the training set and test set
presented. This experiment mainly includes two parts: method testing and seeing change
estimation for 22 consecutive years.
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Figure 3. Correlation diagram of training set and test set. The x-axis represents the actual ry values in
centimeters, and the y-axis shows the predicted r( values. The training set plot, marked with green
dots, has a mean squared error (MSE) of 0.035 and a correlation coefficient (cc) of 0.9973, indicating a
high degree of accuracy and correlation. The test set plot, marked with red dots, has an MSE of 0.034
and a cc of 0.9975, also demonstrating a high level of accuracy and correlation.

4.1. Method Testing

The data obtained using the spectral ratio method were tested using this approach.
Seventy percent (70%) of the data were selected as the training set, and thirty percent (30%)
as the testing set. The experimental results are shown in Figure 3, where the horizontal
and vertical axes represent the actual and predicted ry values, respectively (in units of
cm). The mean square error of the training set and testing set is calculated using the

following formula:
Ems = 1 Y (6 —ei)? (6)
iz
where é; represents the label value, and e; represents the predicted label value. From the
experimental results, the mean square errors were 0.343 and 0.243, indicating that the data
errors above 95% were less than 0.68 cm and 0.48 cm, respectively. The correlation between
the predicted and actual values was calculated using the following equation:

o T - X))
VI (i = X)2 [T (3 — V)2

(7)

where X and Y are the mean values of x; and y;, The correlation coefficients are 0.9973 and
0.9975. This result indicates that within a certain error range, this method can be used to
estimate the r( of observed images. In the experiment, the error statistics of the test set were
smaller than those of the training set, which may be due to the limited number of datasets.

4.2. Actual Estimation of ro from 1989 to 2010

Using the 22-year continuous solar photosphere image data accumulated at the HSOS
from 1989 to 2010, we estimated the ry condition and calculated the median ry value for
each year. The long-term seeing variation over the 22-year period is shown in Figure 4:
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Figure 4. Annual median change curve of ry value from 1989 to 2010. The x-axis represents the

years, while the y-axis shows the median r values in centimeters. Error bars indicate the maximum
(0max = 0.45) and minimum (0,,,;, = 0.19) standard deviations.

The horizontal axis is the year, and the vertical axis is the value of ry. From the graph,
the change in seeing is basically distributed between 2.5 and 3 cm, indicating that the seeing
at the HSOS is stable within two solar activity cycles.

Take the median value of g for each month of all years, and the curve of seeing
variation from January to December is shown in Figure 5:

3.50

Median ry with Error Bars
3.25 % Omax: 0.43 Omin: 0.23 B
2.58
3.00 2.54

275 p

250 b

ro(cm

sl 0
Yt ge® el et ey Wt W' 8 ceP ot pov pec

Month

Figure 5. Seeing change curve from January to December. The x-axis is months, and the y-axis is g in
cm. April and September have higher median ry values than adjacent months, as indicated by the
green line and red error bars for standard deviations (0yax = 0.43 cm; 0,5, = 0.23 cm).

The horizontal axis represents the months, ranging from January to December, while
the vertical axis indicates the r( value in cm, ranging from 2.2 to 2.9 cm. The curve shows
a general trend in seeing quality over the year. Here are the key observations from the
graph: (i) rg starts at approximately 2.4 cm in January. (ii) There is an upward trend
in seeing from January through April, reaching a peak around April. (iii) From May to
August, seeing remains relatively stable with minor fluctuations. (iv) September sees the
highest ry value of the year, marked at 2.58 cm. (v) A gradual decline in seeing is observed
from September through December. Overall, the graph indicates the seasonal changes in
seeing quality, with the best seeing occurring in September and the poorest in January
and December. This pattern is consistent with practical observational experience, where
atmospheric conditions often lead to variations in seeing quality throughout the year. The
results reflect the typical influence of seasonal changes on atmospheric turbulence, which
in turn affects astronomical seeing.
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In Figure 6, we show the percentage of data where the seeing parameter r( is greater
than 3 cm across all datasets.

Seeing Conditions with ro >3 cm
0.251

22.7%

0.201 19.0%

15.3%

o
=
w

12.7%

11.1%

Percentage

11.7%11.7%
10.8%

o
=
o

8.7% 8.9%
7.7% 7.7%

620 6.7% 6.9%
2%

5.5%

| 9
0.05 45% 439 o 0%
6% 329

2.0%

0.00

1990 1995 2000 2005 2010

Year
Figure 6. Percentage of ry greater than 3 cm from 1989 to 2010. The x-axis represents the years,
ranging from 1989 to 2010, and the y-axis shows the percentage values. Each bar corresponds to a
specific year and illustrates the proportion of ry exceeding 3 cm. Notable fluctuations are observed,
with a significant peak in 2005, where the percentage reaches 22.7%.

The horizontal axis represents the year, and the vertical axis represents the ry percent-
age of rg > 3 cm. As can be seen from the figure, from 1989 year to 2010 year, almost every
year, more than 2% of the data were observed with an r( of greater than 3 cm. At most,
22% of the data were observed with an rg greater than 3 cm. The results indicate that the
seeing conditions were stable for a considerable proportion of the observation time period
at the HSOS. The proportion of different sizes of ry in all data is shown in Figure 7. The
majority of observations (99.8%) were conducted under conditions where 7y > 2 cm, with
a significant decrease in percentage as rg increases. We can draw the following scientific
conclusions: Firstly, atmospheric seeing at the observation site is generally favorable, with
the vast majority of observations (99.8%) completed under conditions where ) exceeded
2 cm. Secondly, while the majority of observations were conducted under relatively good
conditions with ry greater than 2.5 cm, a significant proportion were also taken under ex-
tremely favorable atmospheric conditions. This suggests that the observing site occasionally
experiences periods of very stable atmospheric conditions.

1ol 99.8% |

o
0
s
|

o
o
T
|
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o
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o
N
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9.78%
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Seeing Condition (ro/cm)

0.0

Figure 7. Proportion of different sizes of rg. The x-axis represents the ry ranges (rg > 2 cm, rg > 2.5 cm,
ro >3 cm, rg > 4 cm, g > 5 cm), and the y-axis displays the corresponding percentage values. The
majority of rg fall within the 7y > 2 cm range, accounting for 99.8%.
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4.3. Systematic Error Estimation Experiment

The variations in seeing are consistent with the observational experience of our ob-
servers, as well as our conventional experience in data usage and interpretation. To further
verify the effectiveness of the seeing estimation method proposed in this paper, we con-
ducted actual tests at the HSOS. We compared the ry obtained from SDIMM and the spectral
ratio method. SDIMM is an instrument specifically designed for measuring atmospheric
1o, which calculates ry by observing the minute displacements at the edge of the Sun. The
instrument uses a telescope with two sub-apertures, separated by an optical wedge prism
on the focal plane to create two images of the solar edge, and it projects these images onto
a CCD detector. By comparing the relative motion of these two images, the wavefront
distortion caused by atmospheric turbulence can be calculated, thus obtaining the seeing
parameter rg. SDIMM has the advantages of high-precision measurement, strong adaptabil-
ity, high automation, and rich data, making it suitable for daytime observation, especially
for measuring solar seeing.

This part of the experiment was conducted in cooperation with Southwest Jiaotong
University and Yunnan Observatory, using the SDIMM they used for the CGST site selection
at Wumingshan Mountain. This SDIMM is based on the previous research of Yunnan
Observatory’s SDIMM. It is also equipped with independently developed r( calculation

software, as shown in Figure 8.

Figure 8. Image observed by SDIMM System Software. The red and green lines represent the solar
edges detected using the SDIMM software.

Through the tests conducted at Wuming Mountain, the effectiveness and reliability
of the SDIMM in actual observation have been verified, providing important seeing data
support for the CGST site selection. These test results not only verify the applicability
of the SDIMM under different conditions but also provide actual observational data for
comparison and reference for the seeing estimation method proposed in this paper. The
specific parameters of the SDIMM are shown in Table 3:
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Table 3. Main parameters of SDIMM.

Parameter Name Description
Aperture diameter D 6 cm
Aperture separation d 22 cm
Solar filter BAADER FIm
Software Self-made

We conducted tests with and without a dome. The SDIMM is situated on a tripod
approximately 2 m below the SMFT, as is shown in Figure 9.

Figure 9. Comparative setup of the SDIMM under different observational conditions. The SMFT,
represented by the larger white structure, is positioned above the SDIMM. (a) SDIMM deployed
without a dome, showcasing the unobstructed exposure to the atmosphere, which is conducive to
low-wind-speed and optimal seeing conditions. (b) SDIMM installed within the dome structure of
the SMFT, designed to mitigate high-wind-speed and poor seeing conditions.

The r( calculation method of the SDIMM is as follows:

1. The position of the solar limb is extracted using phase congruency algorithm, and the
angle-of-arrival (AA) is calculated for a set of images. This part of the algorithm is
detailed in the paper by Song et al. [7] and will not be repeated here;

2. rgis calculated using the following formula:

K)\Z %
ro = ( : ) . ®)
02D3

where d represents the distance between the two sub-apertures, D denotes the diameter of
the sub-aperture, and K is a constant related to the ratio of d to D [31]:

K = 0364(1 - 0532P~1/3 — 0.024P~7/?) ©)

with P =d/D.
The results are shown in Figure 10.
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Figure 10. The modulating effect of domes on seeing measurements under wind speed influence:
(a) Dome observation results: shows the measurements taken during high wind speeds and poor
seeing conditions. (b) Domeless observation results: presents the measurements taken during low
wind speeds and good seeing conditions.

In this experiment, we compared the ry measured by the SDIMM and the spectral
ratio method by averaging the results every minute, as shown in Figure 10. We also
fitted the first-order coefficients of the SDIMM and spectral ratio method under conditions
with and without a dome, and we calculated their mean square error (MSE). In domeless
observation, the slope of the fitting line is 2.227, and the mean square error (MSE) is
0.437. In observation with a dome, the slope of the fitting line is 2.901, higher than in
domeless observation, indicating that the relationship between the spectral ratio method
and r( is more significant under dome conditions. The mean square error (MSE) is 0.538,
slightly higher than in domeless observation, which may be due to increased atmospheric
turbulence under high wind speeds. Although the MSE of dome observation is slightly
higher, the steeper slope under high wind speeds indicates that the dome alleviates the
negative impact of wind on ry measurement to some extent. This may be because the
dome provides additional protection, reducing the direct impact of wind on atmospheric
turbulence and thus stabilizing ry measurement.

If we consider the data obtained by SDIMM as the benchmark, the correlation between
the 7o measurements from SDIMM and the spectral ratio method, especially under domed
conditions, demonstrates the consistently favorable seeing conditions at HSOS. The high
fitting coefficients and low mean square errors (MSEs) further indicate that HSOS has
excellent observational conditions, which are conducive to high-precision astronomical
observations. This suggests that the site is exceptionally well suited for high-precision
astronomical observations. Additionally, the ry results from other observation sites are
shown in Table 4 [7,32]. Table 4 presents the median ry values for HOSO obtained by two
different methods: one calculated using a neural network, and the other derived from
spectral ratio analysis and SDIMM systematic error analysis. In the table, HSOS (neural
network) indicates the r( results estimated from historical seeing data using the neural
network proposed in this paper. HSOS (SDIMM) represents the ry values calculated by
multiplying the HSOS (neural network) results by the slope shown in Figure 10b. As can
be observed in the tabulated data, there are significant differences in the median r( values
across different sites and periods, further highlighting the superior seeing conditions at
HSOS among all the observation sites.
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Table 4. Comparison of median r( (cm) from several sites.

Site/Period April-June  July-September October-December
Big Bear 6.21 6.45 5.93
Haleakala 3.03 3.33 3.57
La Palma 3.65 3.73 2.96
Panguitch Lake 3.77 3.59 2.77
Sacramento Peak 2.40 3.13 2.72

San Pedro Martir 3.00 2.73 -

TUG 4.89 3.56 6.12
Mt. WMS 7.14 - 7.33
HSOS(Neural Network) 2.53 2.55 2.53
HSOS(SDIMM) 5.56 5.61 5.56

The analysis results of HSOS are based on a limited number of days with excellent seeing conditions. This table
provides partial reference for the research in this paper and is not intended to represent the long-term statistics
of SDIMM.

5. Summary and Outlook

This study addresses the challenge of assessing historical seeing data from available
image data. It utilizes image data captured by existing observational instruments to train a
neural network model. Furthermore, the paper introduces a novel neural-network-based
approach for estimating long-term variations in seeing quality at astronomical observatories.
Initially, we employ existing observational instruments to procure both single-frame and
multi-frame short-exposure images. Subsequently, seeing parameter rg is derived for the
composite images through the application of spectral ratio techniques. Ultimately, these
data are amalgamated to form the dataset necessary for our analysis. We used PCA for
dimensionality reduction during data preprocessing. Furthermore, a machine learning
scheme based on the BP regression network is proposed. Then, the scheme was verified,
and the results of seeing for 22 consecutive years were estimated. The method was fast
and effective.

In the experiment of method testing, the dataset is randomly allocated 70% as the
training set and 30% as the test set. From the experimental results, there is a strong
correlation between the prediction results and label values of the training and testing
sets. This method is effective for estimating the seeing using existing image data. The
estimated results of the seeing stability for the 22 years from 1989 to 2010 show that the
1o of the HSOS has been stable at around 2.5-3 cm for a long time. During all observation
periods, the rj exceeded 3 cm for at least 2% of the time, and at its peak, it reached 22%.
The correlation plot comparing SDIMM and spectral ratio methods shows that a dome
significantly enhances the accuracy and stability of seeing measurements, especially under
high wind speeds. Future research should delve deeper into the impact of dome design
on seeing measurements and investigate how dome design can be optimized to adapt to a
range of wind speed conditions.

This paper establishes a direct correspondence between images and seeing in a new
way and machine learning methods, it and estimates the long-term seeing variations at
astronomical observatories. This method can be used to estimate historical seeing at other
sites in future applications.
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