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ABSTRACT

We present an analysis of the long-term performance of the W. M. Keck Observatory Laser Guide Star Adaptive
Optics (LGS-AO) system and explore factors that influence the overall AO performance most strongly. Astro-
nomical surveys can take years or decades to finish, so it is worthwhile to characterize the AO performance on
such timescales in order to better understand future results. Keck Observatory has two of the longest-running
LGS-AO systems in use today and represents an excellent test-bed for investigating large amounts of AO data.
Here, we use LGS-AO observations of the Galactic Center (GC) from 2005 to 2019, all taken with the NIRC2
instrument on the Keck-II telescope, for our analysis. We combine image metrics with AO telemetry files,
MASS/DIMM turbulence profiles, seeing information, and weather data in one cohesive dataset to highlight ar-
eas of potential performance improvement and train a simple machine learning algorithm to predict the delivered
image quality given current atmospheric conditions. The complete dataset will be released to the public as a
resource for testing new predictive control and PSF-reconstruction algorithms.

Keywords: Adaptive optics, machine learning, predictive modeling

1. INTRODUCTION

Since its inception, the use of LGS-AO in astronomy has vastly improved scientific image quality, but it has not
yet matched the performance of space telescopes, which are limited only by the instrument performance and
the diffraction of their primary apertures. A new wave of ground-based telescopes is currently being planned
for the near future (6, 14, 17), but further research must be done on the performance of current adaptive optics
systems in order to both avoid known pitfalls and improve upon current performance levels. Once put into
practice, such research could improve the long-term stability of AO Systems in general, which is crucial for
fields or applications that require observations to take place over the span of years or decades. Any long-term
astronomical survey making use of AO could benefit greatly from improved stability, with specific applications
including microlensing (16), exoplanet imaging (18), observations of low-mass binary stars (13), and Galactic
Center research (7). Though the precise results of this analysis will be specific to the Keck-II telescope at the
W. M. Keck Observatory, broader trends in our findings could potentially apply to any AO system in use today.

Similar analyses of AO performance have been done on the Gemini Planet Imager (see Tallis et al. 2018,
Tallis et al. 2020) specifically looking at the effects of certain variables on the resulting image quality, and in
another study (see Savransky et al. 2018), Machine Learning (ML) techniques are used to predict Gemini image
quality given environmental and observational factors. Though exact results are specific to each telescope, these
papers provide a jumping-off point for the analysis in this research. As in Savransky et al. (20), our strategy is
to first find correlations between parameters in our data and the delivered image quality, and then use the most
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strongly correlated data to train and test prediction algorithms. We further investigate instrumental issues /
potential performance improvements without the use of ML for more easily interpretable results.

The Keck-II telescope is one of the largest ground-based telescopes currently in operation, and it also has one
of the longest-running astronomical applications of a Laser Guide Star Adaptive Optics (LGS-AO) system in the
world (25, 27), in operation since 2004, which presents a good opportunity to study the performance of an AO
system on a long timescale and under a multitude of different weather and seeing conditions. The goals of this
project are twofold: the first is to analyze the performance of the Keck-II LGS-AO system to determine potential
problems or improvements, and the second is to develop a preliminary predictive tool for the AO corrected image
quality given real-time weather and seeing conditions. To accomplish these goals, we use LGS-AO observations
of the Galactic Center (GC) taken with Keck II’s Near Infrared Camera (NIRC2), along with the corresponding
weather, telemetry, and seeing information to characterize current AO performance and to prototype various
performance prediction algorithms using weather and seeing data alone.

Though there have been other in-depth studies of AO performance (4, 12, 26), at the time of this paper, and
to the authors’ knowledge, there has been no tool developed to predict the quality of an LGS-AO observation in
real-time for the Keck-II telescope. If successfully implemented, such a tool would be very useful for observation
planning, allowing the prioritization of targets with higher predicted image quality on a given night over those
which might yield poorer scientific results.

Table 1: Parameters used in analysis of the Keck AO system.

Variable name Source Units Description

strehl NIRC2 Image n/a Ratio of peak intensity of a point source to peak intensity of
a diffraction-limited point source of the same magnitude

fwhm NIRC2 Image mas
rms err NIRC2 Header μm
itime NIRC2 sec Integration time per coadd
coadds NIRC2 count Number of coadds per image
az NIRC2 degrees Telescope azimuth
airmass NIRC2 Integrated air density along the line of sight
aolbfwhm NIRC2 AO LBWFS avg fwhm
lsamppwr NIRC2 watts Laser power
lgrmswf NIRC2 LGSAO RMS WF Residual
MASS MKWC arcsec Integrated MASS seeing

MASSPRO MKWC m1/3 Average C2
n profile

MASSPRO half,
1, 2, 4, 8, 16

MKWC m1/3 C2
n profile at 1

2 , 1, 2, 4, 8, and 16 km above the telescope pupil

DIMM MKWC arcsec DIMM seeing
wind speed CFHT m/s Mean wind speed
wind direction CFHT degrees The direction from which the prevailing wind is blowing
temperature CFHT ◦C Reading from the MKWC thermometer
relative humidity CFHT % Humidity as a fraction of total moisture capacity of the air
pressure CFHT millibar Mean atmospheric pressure
AOAOAMED NIRC2 ADN AO WFC AOA camera median light
TUBETEMP NIRC2 ◦C Average of 15 temperate sensors placed around the telescope

dome
mjd NIRC2 days Modified Julian Date of the NIRC2 observation
MASS mjd MKWC days Modified Julian Date of the closest MASS measurement
MASSPRO mjd MKWC days Modified Julian Date of the closest MASSPRO measurement
DIMM mjd MKWC days Modified Julian Date of the closest DIMM measurement
cfht mjd CFHT days Modified Julian Date of the closest weather measurement
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2. OBSERVATIONS

Table 2: Description of data samples used for analysis and prediction.
Sample # Sample name Description Rows

1 Raw sample Unfiltered data combined
from weather, seeing, and
NIRC2 observations as
described in Section 2.5.
For each NIRC2 image, we
record the closest secondary
observation (weather, seeing,
telemetry) available, filtering
out any observations taken
more than 100 minutes
from the primary (tighter
filters are used in subsequent
samples).

5949

2 Analysis sample Data filtered for invalid val-
ues in weather (CFHT) and
NIRC2 fields. CFHT read-
ings more than 5 minutes
from the NIRC2 image, neg-
ative wind speed values, or
NaN values in any weather
or image column are removed.
Lines with a negative Strehl
ratio or a FWHM < 30 or
> 150 mas are also considered
invalid.

5609

3 Prediction sample Data filtered for invalid val-
ues in weather, seeing, and
NIRC2 fields. Rows with see-
ing data taken more than 5
minutes from the NIRC2 im-
age or NaN values in any row
of the feature data are re-
moved (a list of feature vari-
ables can be found in Table
3). All other filters present in
sample 2 also apply.

2229

4 Telemetry sample Data filtered for invalid
telemetry and NIRC2 fields.
Telemetry files must have
the same naming conven-
tions and be started within
∼100 seconds of the relevant
NIRC2 observations to be
considered valid.

1196

Our data for this project consists
of Keck-II images of the GC ob-
tained using the LGS-AO system
and the NIRC2 camera (PI: K.
Matthews). The observations are
part of a long-running survey to
measure the orbits of stars around
the GC over a period of roughly
14 years (2005-2019) (11). These
include science images and asso-
ciated AO telemetry files, which
record the performance of the AO
system throughout the science ob-
servation. More information about
the observational parameters for
the NIRC2 images can be found in
references 9, 10, 15, 21, 25, 27, 28,
29, 30, and 5.

To this data, we add me-
teorological readings from the
Canada-France-Hawaii Telescope
(CFHT’s) weather tower and MASS
/ DIMM seeing information from
the Mauna Kea Weather Center
(MKWC) (3) from roughly the
same times as the primary NIRC2
observations. The NIRC2 sci-
ence observations are described in
§2.1, the AO telemetry is described
in §2.2, details of the CFHT
weather data are in §2.3, and the
MASS/DIMM seeing data are de-
scribed in §2.4.

The four data sets are com-
piled together and parameters are
extracted to produce time-series
as described in §2.5. This in-
cludes image quality metrics such
as Strehl ratio and FWHM, AO
performance metrics such as RMS
wavefront error (WFE) and loop
gains, weather data such as hu-
midity and temperature, and at-
mospheric seeing at different alti-
tudes. Each of the parameters used
for analysis is described in Table 1,
and the different filtering methods
used to investigate the data are described in Table 2.
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2.1 NIRC2 data

All observations used in this research are of the central 10” region of the Galactic center, approximately centered
on Saggitarius A*, the supermassive black hole at the center of the Milky Way (7, 11, 30) (ICRS Coordinates:
RA 17 45 40.03599 DEC -29 00 28.1699). NIRC2 is a near-infrared camera on the Keck II telescope that was
specifically designed for use with adaptive optics. All images are taken in the Kp-band and in the narrow-field
mode of NIRC2. With these settings, NIRC2 had a field of view (FOV) of ∼10”x10” and a plate scale of 9.952
mas/pixel (21) until 2014, after which the AO system and NIRC2 camera were realigned, changing the plate scale
to 9.971 mas/pixel (21). The data is processed through the standard NIRC2 reduction pipeline, which corrects
for geometric distortion and differential atmospheric refraction. The Strehl ratio and FWHM are calculated with
Keck Observatory’s LGSAO data reduction and analysis software (1). These values measure the overall image
quality and are used as target variables in both our analysis of the full dataset and in our predictive algorithm.
The Strehl ratio refers to the ratio of the peak intensity of a point source to the peak intensity of the same point
source if it was observed in the diffraction-limited regime (i.e. without any atmospheric distortion), and the
FWHM is simply the width of the Point Spread Function (PSF) of a point source at half its maximum intensity.

2.2 AO Telemetry data

AO Telemetry files are written during each NIRC2 science observation and contain output from the real-time
control computer (RTC), which records data on the AO system status and on individual sub-apertures in the
wavefront sensor (WFS) and STRAP (System for Tip-tilt Removal with Avalanche Photodiodes) systems. Data
is stored in IDL save files (.sav) in two data structures: one for the wavefront sensor data and one for the
STRAP tip/tilt data at millisecond time intervals, along with time-independent data on the full AO system.
Each of these data structures contains measurements from a collection of sub-apertures at each timestamp. Of
these measurements, we make use of the residual wavefront readings from each sub-aperture and their offset
centroids, which measure the distance from the focal point to the physical center of the sub-aperture at any
given timestamp. Certain telemetry data, such as the low-bandwidth FWHM and RMS Wavefront Error, are
also recorded in the corresponding NIRC2 headers.

2.3 CFHT data

The meteorological data for this study comes from the weather tower at the Canada-France-Hawaii Telescope
(CFHT) and can be found on the Mauna Kea Weather Center (MKWC) website (3), with samples taken every
five minutes. We gather metrics such as pressure, temperature, wind speed and direction, and relative humidity,
and use these in both our analysis of current system performance and in designing our predictive algorithm.

2.4 Seeing data

Our seeing data also comes from the Mauna Kea Weather Center archives (3). This seeing information includes
both MASS (Multi-Aperture Scintillation Sensor) and DIMM (Differential Imaging Motion Monitor) readings,
which both measure the atmospheric seeing, or turbulence strength, in different ways. The seeing is recorded as
the atmospheric induced image blurring, in arcseconds of angular resolution, at a wavelength of 500 nm and at
zenith (24). The MASS instrument makes measurements based on the principle that the spatial scale of intensity
fluctuations is related to the height of the atmospheric layer that produces them. It uses four concentric apertures
to measure the intensity fluctuations for a star near zenith and fits a 6-layer atmospheric profile, C2

n(z), to the
data by assuming a Kolmogorov turbulence model (24) and the assumption that the scale of the turbulence is
small. A zenith correction is then applied to the results. It should be noted that the MASS instrument does not
report C2

n(z) directly, but instead the integrated turbulence in each layer in the free atmosphere (>0.5 km):

MASSi =

∫ zi,max

zi,min

C2
n(z)w(z)dz (1)

Where i is the layer measured and w(z) is the weight function, an idealized response function of the MASS
instrument. Turbulence measurements for each layer are reported in units of m−1/3, and an aggregate MASS
statistic is reported in arcseconds.
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Figure 1: Histograms of feature data before and after filtering. The raw dataset, Sample 1, is shown in gray,
while the filtered datasets, Samples 2, 3, and 4, are shown in blue, pink, and red, respectively. The names of

the samples and their contents are listed in Table 2.

The DIMM instrument makes a much more straightforward measurement of the seeing, producing one value
for the entire integrated atmosphere (up to ≈30 km). It measures the overall fluctuation of a single star (not at
zenith) and makes a correction for the zenith seeing. Results are reported as the FWHM of a point source for an
arbitrarily large telescope at a wavelength of 500 nm (in arcseconds). When the MASS and DIMM instruments
are in use, measurements are recorded every few minutes.

2.5 Compiled data

As the weather and seeing data are not taken concurrently with the NIRC2 observations and telemetry files, we
must cross-match these files based on their timestamps. The science observations from NIRC2 are used as the
primary files, and are linked to the weather and seeing observations with the closest timestamps to their own.
The relevant data from each observation type is then extracted to a separate file, as summarized in Table 1, and
the data is cleaned in various stages described in Table 2. As the NIRC2 headers themselves include telemetry
measurements, we analyze the telemetry files separately from the NIRC2 images until §4.1, in which we compare
the NIRC2 header values of telemetry data with calculations from the corresponding telemetry files.

To clean the data, we first remove values which are considered invalid for each sample, as described in Table
2. Some NIRC2 observations are unable to be paired with secondary readings (e.g. observations that predate the
MASS and DIMM instruments, had problems with the weather tower, or have no associated telemetry), and this
results in null values in weather, seeing, or telemetry fields that must be removed. Observations with negative
Strehl ratios and with FWHM below 50 mas or above 150 mas are removed from consideration in all cases as
these are nonphysical for NIRC2 images at Kp (2.2 μm). Observations with missing seeing or telemetry data are
sometimes considered in our analysis of system performance (Section 3.1), but due to the nature of our chosen
ML models, any entries with missing values in weather or seeing columns must be taken out before training
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Figure 2: Image quality on each observing night over the full GC survey (sample 2). Boxes indicate the first
and third quartiles, with green points showing outliers and medians marked in blue. The variance in image

quality increases significantly between 2013 and 2014, with more outliers in later years.

the predictive algorithm. A plot of all Strehl ratios and FWHM values over time, indicating which observations
compose which samples, is shown in Figure 1.

3. METHODS

3.1 Performance Analysis

We first perform a visual investigation of the data by plotting relevant seeing and weather parameters against
their corresponding image quality metrics, the Strehl ratio and FWHM. We show the Strehl Ratio and FWHM
for each observation night over the full GC survey in Figure 2 as a box-and-whisker plot. The plot shows that
there have been more outliers in image quality and that the image quality has become more variable in recent
years compared to previous observations. After late 2013 or early 2014, there is a higher data spread for each
night and higher median FWHM values (lower median Strehl ratios), indicating that the performance of the
system has degraded in some way since the survey was started in 2006. This has yet to be confirmed with other
instruments on Keck-II or using data from other surveys, however, so the nature of this phenomenon is as yet
unknown.

In Figures 3, 4, and 5, we plot seeing statistics, relevant weather statistics, and statistics related to the
telescope / observation angle, respectively. The seeing measurements show a visible correlation with their image
quality in Figure 3, as expected. However, one odd feature of these plots is that the outdoor and indoor (tube)
temperatures (Figure 4) seem to be positively correlated with the Strehl ratio and negatively correlate with the
FWHM. This is unexpected, as the LGS-AO system should be able to correct for turbulence at any temperature.
We search for other correlations in Figure 6, which shows the Pearson correlation coefficient (Equation 2) of each
pair of variables.
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Figure 3: Plot of Sample 3 variables related to seeing and AO correction. As expected, most seeing variables
correlate with image quality, but the RMS Wavefront Residual does not, contrary to expectations.

Figure 4: Plot of Sample 2 variables relating to the weather conditions atop Mauna Kea during sample
observations. The image quality shows a weak linear dependence on both the outdoor and indoor (tube)

temperatures (r ∼ +0.3 for Strehl, −0.3 for FWHM).

rxy =

∑n
i=1(xi − x̄)(yi − ȳ)√∑n

i=1(xi − x̄)2
√∑n

i=1(yi − ȳ)2
(2)

This confirms a correlation between the outdoor temperature and the image quality, which appears to be
nearly as strong as the correlation between the image quality and the DIMM seeing. The tubetemp, which is
an average of several indoor temperature sensors on the telescope and around the dome, is likewise positively
correlated with the Strehl ratio and negatively correlated with the FWHM. A 2018 study of Gemini Planet
Imager (GPI) data found a similar dependence of image quality on temperature (22), which will be explored
further in Sections 4.1 and 5.

3.2 Predictive Algorithm

The data we use for our analysis of the Keck II AO system (§3.1) is necessarily different from the data we
use for our predictive algorithm (§3.2), as the predictive algorithm can only be trained on data that one
would have before an observation is made (with the exception of the targets - the Strehl ratio and FWHM).
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Figure 5: Plot of Sample 2 variables relating to the telescope settings and angle of observation. None of these
seem to correlate with image quality.

Features Targets

Wind speed Strehl ratio
Wind direction FWHM
Temperature
Humidity
Pressure
Azimuth
Airmass

MASS seeing
DIMM seeing

Table 3: Feature and target variables
for prediction.

For example, if we used the RMS Wavefront error to train an algorithm
to predict the image quality, we would need to have the RMSWavefront
error every time we wanted to make a prediction, and we would only
be able to get that value after an observation, when a prediction would
no longer be useful. As the NIRC2 and telemetry data only become
available after an observation has taken place, we are limited to data
from the CFHT and MASS/DIMM files in building and training our
ML model, since these can be obtained in real time.

From the weather and seeing data, we extract only those variables
that are expected to have a high impact on overall image quality, shown
in Table 3. These variables then become the inputs to our machine
learning algorithm, also known as a feature matrix. We continue to
use Strehl ratio and FWHM as metrics for the image quality, which
become our target variables, or the variables to be predicted by the algorithm. The chosen feature and target
variables are listed in Table 3, for reference.

3.2.1 Data Transformation

We first standardize the data, which sets the mean of each feature to zero and the standard deviation to one.
This is a way to save processing time in models that use a method known as gradient descent in training, and
it is an essential step before a Principal Component Analysis (PCA) (8). The PCA algorithm returns a set of
orthogonal components, found by taking the eigenvalues of the correlation matrix of the features. Components
are listed by their explained variance, or how spread out the data is along the given component, and the explained
variance ratio refers to the explained variance of one component divided by the sum total of explained variances
among all the components. While this cannot predict anything from the data on its own, as it does not use the
target variables, it has the potential to condense the feature matrix into only a few of its components without
losing a significant amount of data variance. Certain machine learning algorithms also require features to be
uncorrelated in their underlying assumptions, which can also be achieved through PCA.

We start with a linear PCA - using the feature data as-is, rather than transforming it into a higher-dimensional
space first. In order to eliminate a component, we need its explained variance ratio to be below a threshold -
1%, in our case. As shown in Figure 7 (left), none of the components has an explained variance ratio below
this threshold, as removing the last component would still eliminate more than 1% of the information contained
in our data. This implies that the data is already fairly uncorrelated in the linear regime, but higher-order
dependencies are still possible.
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Figure 6: Correlation plot for NIRC2 and weather variables (sample 3). Strong positive correlations are shown
in red while strong negative correlations are shown in blue. The strongest correlators with Strehl ratio and

FWHM are the temperature, pressure, humidity, and seeing metrics.
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Figure 7: Explained variance ratios (left) and composition of components (right) for a linear PCA on feature
variables (Sample 3). No component explains less than 1% or more than 25% of the feature variance, making it
difficult to remove any from consideration. The composition of the components reveals that temperature, wind
speed / direction, and MASS / DIMM seeing are all large factors in the principal component (component 0),

meaning they account for the most significant variation in feature data.

The composition of the components in terms of the original feature data is shown in the right-hand panel
of Figure 7. The principal component (component 0) shows that the temperature, wind speed / direction, and
MASS / DIMM seeing all play large roles in the feature variance, which confirms the correlations found in Section
3.1. Based on the PCA, we do not eliminate any features from our data in this iteration of the project, although
we do use the resulting components in the training of ML models, according to the standard protocol. More
advanced methods of feature selection are possible, however, which will be explored in future work.

3.2.2 Models Tested

As we do not know what form the final algorithm should take, we test several machine learning models, largely
chosen for their simplicity and/or adaptability to our problem, as well as their value as proofs-of-concept. We
have ∼ 6000 data points to start with, which reduce to ∼ 2000 after the data is cleaned (Table 2). The amount
of data is much greater than the number of features, so overfitting is not as much of a problem, and we are less
limited in our choice of models as a result. We select three algorithms to start with: Random Forest Regression,
Support Vector Regression, and an Artificial Neural Network.

Random Forest Regression is particularly suited to our problem, as it is able to model nonlinear relationships
between feature and target data with relative ease. It relies on a simple decision tree as its most basic predictor,
and each decision tree is trained on a slightly different subset of the data in order to predict the image quality.
The individual results from each decision tree are then averaged to give the final target value. This is a method
that is generally very accurate, while also being robust to outliers and overfitting, so it serves as a good test case
for our research goals.

Support Vector Regression is an adaptation of a simple Linear Regression, but it makes use of a mathematical
technique to maximize the “margins” between the fitted function and the spread of the data. This makes it more
robust than a simple linear regression, although both are simple to implement with the sklearn package. This
model is potentially useful because of a mathematical construct known as the kernel trick, which allows it to fit
nonlinear functions with a relatively short computation time. One potential drawback to this method, however,
is that, in order to use the kernel trick, one must know the approximate shape the solution should take in order
to get the best results (e.g. a sine wave, a 4th-order polynomial, etc.).

Artificial Neural Networks (ANN) are a very powerful tool in Machine Learning. They use a series of layers
to reduce data, with each layer containing individual ”neurons”. Each layer has a series of weights, which are
learned in the training process, and a propagation function to transmit data between neurons. Once the desired
performance has been reached, the weights are fixed and the network is used only for prediction. This method
is intended to solve problems the way a human brain does, and is thus one of the more complicated machine
learning models available. Though it is very powerful, it has the potential to overfit the data or to pick up on
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Algorithm Parameter Values Step

Random Forest
n estimators 5-500 10
max depth 5-100 5
max features 1-#features 1

SVR
degree 1-10 1

C 0.1-5 0.1
ANN hidden layer sizes (1)-(10), (1,1)-(20,20) 1

Table 4: Grid search parameters for each algorithm.

correlations that are not present in reality, and great care must be taken in the training and testing process in
order to avoid overfitting and get an algorithm that will generalize well to real-world problems.

3.2.3 Model Selection and Validation

In order to compare and evaluate these algorithms, we test the accuracy of each one on data that was not used
in the training process. We first split the data into training and test sets and train each model using the training
set only. The model is then used to predict the targets for the test set, and the results are compared to the
true values to get an estimate of the test error, also known as the out-of-sample error or the generalization
error, an approximation of how the model will perform in reality. We can take this one step further by using
the cross-validation error, which involves splitting the data into a number of equal sections (typically 5) and
training/testing the algorithm on each resulting train/test split. The results of each test run are then averaged
to get the final cross-validation error. This is generally a more robust validation method than simply using the
test error, as it is less susceptible to random chance and can provide estimate of the variability of the algorithm’s
performance. However, all validation methods generally tend to overestimate the true error slightly, as they
rely on artificially limiting the size of the training set, which tends to make the algorithm less accurate. This
introduces a trade-off in computation time vs. precision of results, as using more splits in a cross-validation is
statistically more informative but exponentially more complex.

To compare between models, we start by reporting the results of a simple 80%/20% train/test split, though
more complex validation methods are planned for future iterations of the project. Comparing performance within
models, however, can be done using the GridSearchCV function from the sklearn package (19), which internally
implements k-fold cross-validation. Each model has a set of hyperparameters which determine different things
about the fit depending on the model type. For example, a Random Forest algorithm includes such hyperparam-
eters as the number of decision trees used, the maximum depth of each decision tree, and the maximum number
of features that can be considered by any individual tree. Choosing the correct hyperparameters is crucial to
the machine learning process, and using a grid search method, such as the one mentioned above, is used to test
a grid of possible hyperparameter values to find the ones that work best for a given algorithm. A list of the
hyperparameter values searched for each algorithm can be found in Table 4. The Grid Search algorithm returns
the algorithm with the lowest cross-validation error after it has searched all parameters.

4. RESULTS

4.1 Trends in Weather and Seeing

With Figure 6, we confirm our findings from Figures 3-5 that the Strehl ratio and FWHM correlate with the
MASS and DIMM seeing, and we can see that the other weather parameters are very slightly correlated with
the image quality as well, even in the linear regime, although we expect the higher-order correlations to be
stronger overall. We again see a visible correlation between the outdoor temperature and image quality (Figure
4), which is unexpected given that the telescope and AO system should, in theory, be able to perform well
at all temperatures. We see a similar correlation in the tube temperature readings, which reflect an average
of several temperature sensors from around the telescope dome. Taking the Pearson correlation (Equation 2)
of both temperature measurements with the image quality reveals that both have a correlation coefficient of
r ∼ +0.3 with Strehl ratio and r ∼ −0.3 with FWHM. This indicates that the system performance worsens
as the outdoor temperature becomes colder. Results from the Gemini Planet Imager (4, 22, 23) have revealed
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Table 5: Mean Absolute Errors (top of each row) and Mean Absolute Percentage Errors (bottom of each row)
for each ML Algorithm tested.

Algorithm
Best Training Error Best Testing Error
Strehl FWHM Strehl FWHM

Random Forest
0.01 1.96 mas 0.03 5.42 mas
4.55% 2.49% 17.48% 6.69%

SVR
0.04 6.8 mas 0.04 7.33 mas

19.27% 8.48% 25.29% 8.71%

ANN
0.04 6.38 mas 0.04 7.15 mas
17.7% 8.22% 27.83% 8.89%

that temperature can be a major factor in the delivered image quality, and that, in that case, the dependence
is linked to a temperature difference between the primary mirror and the outside air. Temperature differences
anywhere in the telescope’s beam path can lead to turbulence, which can be difficult to correct with a standard
AO system, as it is calibrated for an atmospheric turbulence profile and not a man-made one, and it is possible
that this is exactly what is occurring at Keck-II. However, the additional correlation of the image quality with
the dome temperature (tubetemp) indicates that a temperature differential may be occurring somewhere else in
the system, instead of in the dome or across the primary mirror, as one feature of the GPI study was a large
difference between the dome temperature and the outdoor temperature, which does not seem to be the case with
Keck-II.

Further investigation into all potential sources of turbulence would be needed to draw any firm conclusions,
but the direction of the temperature correlation (positive with image quality) may also offer some clues as to
what is occurring. Since the correlation is consistently positive with image quality, it is likely that the issue is
coming from a source that is routinely warmer than the outdoors. At Keck-II, the LGS-AO hardware is housed
in an enclosure next to a heated room, with a hatch in the wall leading to the outdoors. Theoretically, heat could
be leaking into the enclosure, which would then be exposed to the outdoor air through the AO hatch, allowing
cold and warm air to mix and cause turbulence in the enclosure itself. Again, however, more research is needed
in order to confirm this theory, which will occur in future iterations of this project.

Figure 8: Histogram of Random Forest Strehl and FWHM error values. Errors are distributed roughly evenly
about zero, with heavier tails in one direction.

4.2 Predictive Algorithm

After performing a grid search over each algorithm’s hyperparameters as described in Table 4, we list the results
of the best-performing functions in each category in Table 5. We find that the algorithm with the best overall
performance is the Random Forest Regressor. This is logical for our naive approach, as it is the most adaptable
of the algorithms tested given the relatively simple feature set and model-selection method. The distribution
of errors for both Strehl ratio and FWHM are shown in Figure 8, and Figure 9 contains a plot of the Strehl
and FWHM predicted values and percent errors against the true values. We see a sharp increase in Strehl
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Figure 9: Random Forest Strehl and FWHM predicted values (bottom) and percentage errors (top) plotted
against the true values. The predicted Strehl ratio and FWHM are less accurate at smaller values when

accuracy is considered as a percentage of the true value.

percentage error as the Strehl ratio itself gets lower, as seen in Figure 9. This could be due to the fact that
Strehl calculations themselves become less accurate at lower Strehl (2), which could interfere with the accuracy
of our predictive algorithm in that range. These preliminary results are encouraging, however, in that predictions
of image quality are accurate to more than 90% on the test FWHM data (80% for Strehl), indicating that a
more complex processing scheme, or one that includes more features, has the potential to improve upon this
performance.

5. DISCUSSION AND FUTURE WORK

From our analysis, we have found several areas for further investigation and potential improvement of the Keck-II
LGS-AO system. The median image quality of the NIRC2 camera (Figure 2) has gotten worse over time, with a
significant change in quality occurring just before 2014. Although the causes of this are as yet unknown, the fact
that the image quality seems to decline sharply rather than gradually indicates that instrumentation problems
are at least partially to blame. Keck Observatory keeps detailed logs of changes to AO instrumentation, so there
is a good chance that these will bring us closer to finding the culprit once they are reviewed in light of these
findings. It is unclear whether these problems stem from the NIRC2 instrument itself, the AO system overall, or
the Keck-II telescope, but a similar analysis of data using other Keck-II instruments or other survey data could
clarify this point.

In addition, we have found that the image quality tends to degrade at lower temperatures. Studies of
the Gemini Planet Imager, or GPI (see 20, 22, 23), have found that one of the major factors impacting system
performance is the temperature difference between the primary mirror and the atmosphere, as it causes turbulence
within the telescope dome itself. However, in this case, we see the same correlation with image quality for both
the external temperature, measured by the CFHT weather station, and the tubetemp variable, which is measured
from 15 sensors inside the telescope dome, whereas in the GPI study, it is the temperature difference between the
dome and the outdoors that is found to have the largest impact on AO performance. Though the dome or mirror
seeing could still be a factor in this case, the direction of the correlations between temperature variables indicates
that these are likely not the only factors affecting the image quality. One possible source of the temperature
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change could be occurring in the AO enclosure, as it is partially open to the outdoors. In any case, the Keck
telescopes could benefit from a more in-depth study of temperature conditions to determine the exact causes of
turbulence and the effects on the system.

With the data collected, we were able to train a Random Forest ML model to predict the Strehl ratio to
within 0.03 and the FWHM to within 5.4 mas, which is a good starting point for future iterations of this project.
Our algorithm performs worse at lower Strehl ratios and higher FWHM values, however, so this is something
to address before creating a formal observing tool with this strategy. Other potential improvements include
gathering more data as inputs, such as turbulence parameters (r0, τ0, θ0), guide star brightness, etc., or training
the algorithm on a larger data set, including observations of other targets and other regions of the sky. In Bailey
et al. (4), MASS and DIMM seeing are shown to have significant predictive power on the image quality, as is the
case in this study, but the variable with the largest predictive power is found to be the Fried parameter r0, which
can be estimated from the seeing. Future work could significantly benefit from the inclusion of this parameter in
the training of our predictive algorithm, as it may improve the final accuracy. A higher level of accuracy for this
algorithm, and the eventual development of an observing tool, would mean higher-quality imaging data from
Keck-II in the future, as it would enable better target selection during each observing run, particularly for larger
surveys which have a greater number of targets to choose from on each night.
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