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Abstract
Obtaining diffraction limited astronomical images using ground-based telescopes and sensors operating
at optical wavelengths is currently not possible due to the effects of atmospheric turbulence. Adaptive
optics is a mature technology that attempts to minimise the effects of atmospheric turbulence through
wavefront detection and optical path correction in real-time. Our work involves the acquisition and
preprocessing of sequential astronomical data and the application of machine learning algorithms to
obtain consistently, high-resolution images called lucky frames. This paper will outline the design of a
framework used to capture and preprocess sequential data in real-time, and explore machine learning
extensions to accurately predict lucky frames.
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1 Introduction

A framework of software tools is required for re-
search in the prediction of image distortion in real-
time. Images of astronomical objects experience
distortion due the movement of air in the atmo-
sphere [11]. While adaptive optics (AO) aims to
correct image distortion in real-time by controlling
the optical path of an instrument, our approach
is to predict and separate high- and low-distortion
images for concurrent processing.

Frame separation, based on image distortion,
serves two purposes. Firstly, a series of high-
resolution real-time images can be produced by
capturing image frames during periods of low
turbulence. Secondly, images that have been
distorted by atmospheric turbulence can be used
independently to detect and correct for wavefront
abberations.

In turbulent atmosphere, highly resolved image
frames can be captured if exposure times are
reduced to a minimum. This is essentially due
to freezing the image during brief periods when
the image wavefront is planar with the image
sensor. The term we use to describe such a highly
fortunate event is a lucky frame.

Image frames, distorted by atmospheric
turbulence, can be used to determine wavefront
abberations. We term such images, AO frames.
An adaptive optics system will typically process
every frame, including lucky frames. Since
lucky frames contain minimum information on
wavefront abberations, efficiencies, in terms of

data processing, could be gained if lucky frames
were removed from the data stream, prior to
processing.

A background on atmospheric turbulence and
adaptive optics is given in the following section.
The architecture of lucky frames is discussed in
Section 3. Section 4 provides a system overview.
The problem space is outlined in Section 5 and
this is followed by an brief discussion on our
requirements for machine learning in Section 6.
To conclude, a summary of our work and future
considerations is given in Section 7.

2 Background

Atmospheric turbulence severely limits the perfor-
mance of ground-based telescopes. Adaptive optics
[16] is used on ground-based telescopes to ulti-
mately achieve diffraction limited images. Em-
ployment of AO technology provides a significant
improvement in image resolution, however, this is
currently limited to infrared wavelengths due to at-
mospheric absorbtion [2]. The Hubble Space Tele-
scope (HST) is capable of providing near diffrac-
tion limited images over a wide electromagnetic
spectrum, including optical and ultraviolet wave-
lengths.

In spite of current limitations within the visual
spectrum, the refinement of AO systems has
continued to improve [11]. In specialised
fields, such as spectroscopy, infrared and visual
performance of ground based telescopes using
extreme adaptive optics has exceeded the Hubble
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Figure 1: Prediction of Lucky Frames

Space Telescope (HST) [2]. Advances, in terms
of sensor technology [13], improved control
algorithms [1], and more recently, wavefront
prediction using machine learning [11], are
demonstrations of further enhancements to AO
systems. New fields in adaptive optics, such
as multi-conjugate adaptive optics (MCAO) [4]
and wide-field adaptive optics (WFAO) [3], that
utilises the tomography of atmospheric turbulence
[14], will further enhance the performance of AO
over the next decade.

3 Lucky Frames Architecture

A lucky frame is a single, high-resolution, mini-
mally distorted (blurred) image, the occurrence of
which is predicted by the analysis of preprocessed
data, comprising of temporal and spatial informa-
tion, representing astronomical science objects.

Given a fixed frame buffer representing
preprocessed image data, our aim is to accurately
predict the period between frame captures, when
atmospheric turbulence is at a minimum.

During periods of low turbulence, image resolution
will be optimal. High resolution images will be
captured during such periods and form a series of
lucky frames. It is proposed that by separating
high- and low-resolution images, using wavefront
prediction [11], a reduction in processing time may
be achieved.

Three stages are required to accurately predict
lucky frames. Firstly, a series of images is
captured, preprocessed and stored within a frame
buffer. Secondly, a machine learning algorithm
is used to classify the preprocessed data and will
determine if the next image will be either a lucky

or AO frame. The process required to accurately
predict the next n-frame types is more complex
than determining local minima and maxima. The
effects of turbulence, based on three or more
astronomical objects within a wide field-of-view,
and employing a priori classification data, will be
used as an improved method of prediction.

Image data from lucky frames can be used to
provide high resolution imaging. Image data from
AO frames can be used to extract information
for wavefront reconstruction in real-time. Results
from frame classifications are used to calibrate
camera settings for optimum capture of the
next frame. By employing two cameras, imaged
through a 50/50 beam-splitter, individual camera
setting could be optimised for recording high-
resolution i.e., lucky, and distorted i.e., AO
frames, using dedicated cameras. Camera settings
that can be optimised in real-time would include
frame rate, exposure time, and image gain.

Figure 1 shows our approach in predicting lucky
frames. At time t(n), prediction of the next frame
t(n+1) is based on a classification of the previously
detected lucky frame, t(n−2) and AO frames, t(n),
t(n−1), and, t(n−3). Frame preprocessing of the
most recently acquired frame, and classification us-
ing preprocessed data within the frame buffer, will
allow t(n+1) to be accurately predicted as a lucky
frame.

To demonstrate the application of lucky frames,
two hundred continuous images of Alpha Centauri
were captured at the prime focus of a 20 cm, Cata-
dioptric telescope. Due to a combination of low
viewing angle (60 Degrees from Zenith), and a tur-
bulent atmosphere, the seeing conditions over the



science object varied between an estimated 2, to
20 arcseconds.

From the images captured, two images were man-
ually selected, four fames, or 133 ms apart. The
first of these images, Figure 2, shows Alpha Cen-
tauri as a binary star with a separation of 13 arc-
seconds; each pixel within the image represents 1.5
arcseconds. This image was recorded with mini-
mum distortion due to low atmospheric turbulence
between the science object and the imaging device,
throughout the duration of the exposure period.
An image such as this would be classified as a lucky
frame and is labelled in Figure 1 as LF.1.

Figure 2: A Lucky Frame (LF.1 ) of α Cen

A second frame, taken 133 ms after the first, is
shown in Figure 3. Distortion, primarily due to
atmospheric turbulence during image capture, is
clearly evident. Using our terminology, this image
would be classified as an AO frame. A correspond-
ing AO frame is shown in Figure 1 and labelled
AOF.2.

Figure 3: A AO Frame (AOF.2 ) of α Cen

4 System Overview

A frame buffer was required to capture and prepro-
cess a series of images in real-time. The function of

the preprocessor is to decompose each image into
a series of primitive data objects. A framework,
comprised of functions and data objects, will be
required. To provide accurate prediction of high-
resolution images from sequential data, a machine
learning module will be employed. A control mod-
ule is required to synchronise camera functions and
coordinate the selection and storage of image data.
An overview of our proposed system is shown in
Figure 4.

Data pre-
processing

&
Abstraction

ML

Camera
Control

Results

Images

Figure 4: System Overview

Source data from the capture of a astronomical
image will be processed at an initial frame rate
of 30 frames-per-second (FPS). The data objects
requiring analysis, comprise the science object and
three or more guide stars. A tomographic approach
[14], over a wide field-of-view (FOV) will be em-
ployed to predict the occurrence of high-resolution
images.

Hickson [6] used a single-pupil curvature sensor,
on slightly defocused images, to retrieve wavefront
maps. Ragazzoni used tomography to increase the
corrected FOV over a science object and four guide
stars using images from a single-pupil curvature
sensor. By employing Fourier transforms, the Pois-
son propagation equation can be solved for wave-
front reconstruction [14]. Such methods are com-
putationally intensive and as a result have yet to be
implemented in real-time on a closed loop system.



To adopt a tomographic approach over a wide
FOV, computational demands need to be reduced
[5]. Our method will employ machine learning
to predict images at the focal plain that have
undergone minimum distortion and separate them
into two, concurrent processing streams. Signal
processing techniques, such as double or ping-pong
buffering, will be used to maximise processing
efficiency.

A description of the program, and core routines
required to implement frame prediction is provided
in Listing 1. System initialisation fills the frame
buffer with MaxFrames image data while prepro-
cessing each frame into a series of data objects.
These core routines are also used in the main loop
to maintain the image buffer. The function Pre-
dictLuckyFrame, will call control routines that will
subsequently be used to synchronise camera prim-
itives. The frame buffer will load and preprocess
a new frame for each iteration of the loop, dis-
carding data from the oldest preprocessed image
frame. This process is commonly referred to as
circular buffering [7], and is used extensively in
digital signal processing.

\\ initialisation
for i ← 1 to MaxFrames do

CaptureFrame(); \\ get frame data
PreprocessFrame(); \\ preprocess frame
StoreDataBuffer(); \\ & store data

end

\\ process frame buffer
do

ProcessBufferData(); \\ Buffer process
PredictLuckyFrame(); \\ ML routines
CaptureFrame() \\ get next frame
PreprocessFrame(); \\ preprocess &
StoreDataBuffer(); \\ store frame data

while

Listing 1: Proposed System Structure

An API framework is used to control two Micropix
Firewire cameras. Two cameras will allow
higher frame rates to be achieved and provide
independent streaming of data, based on their
frame type. Independent triggering of both
cameras will be controlled by a ML module.
Optimum exposure times and frame capture
periods between cameras will be determined
by the ML module. A similar equipment
configuration is currently in use for SCIDAR
research at Mt John observatory [10], [12].

5 The Problem Space

Creating an effective problem space establishes a
platform to refine our model, given the availability
of reusable data objects. Mapping the problem
space to a solutions space allows developers to eval-
uate results based on the application of alternative
design methods. Abstraction from implementation
detail, such as storage capacity, data collection,
parsing, indexing and encoding of data objects for
example, will establish the environment for appli-
cation of a predictive algorithm.

5.1 The Data Preprocessor

The data preprocessor module, outlined in Sections
3 and 4, must be capable of acquiring up to n image
frames from M cameras and process data within
period P . Period P is bound by the minimum
frame rate FP , supported by the slowest camera.
The minimum acquisition and processing period,
P , is given by,

P =
1

M.FP
10−3 ms (1)

The maximum number of cameras, M , that can
be used in this system is related to the exposure
period, E. For example, if we assume M = 2
and FP = 33.3 ms, then the minimum processing
period is, P = 15 ms.

Data reduction is performed by firstly determin-
ing the centroids of all data objects within the
field of view, and secondly clipping the image of
all astronomical data objects, such as guide stars,
and the science object. In order to meet real-time
processing requirements, a VLSI preprocessor is
proposed. CCD image sensor preprocessors have
been developed specifically for adaptive optics [13],
however by combining both centroid and clipping
functions, a significant reduction in preprocessing
would be achieved. The data preprocessor module,
outlined in Figure 4, is shown in Figure 5.

5.2 Specialised Functions

In addition to the system requirements outlined in
Section 4, the implementation of several specialised
functions will be required. These functions include:

1. Encoding and decoding routines to support
data compression.

2. Track and report methods for dropped frames.

3. Random access to centroid & scintillation
data.
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Figure 5: The Data Preprocessor

4. Image enhancement and interpolation
routines.

Currently, Items 2 & 3 have been implemented.
The employment of specialised, VLSI encoding al-
gorithms, discussed in Section 5.1, is under devel-
opment. Several approaches, including the appli-
cation of the K-Maximum Sum algorithm [15] are
being considered.

6 ML Requirements

Machine learning has been used to predict atmo-
spheric turbulence [11], however, few classification
models based on discriminative learning have been
reported.

Bayesian maximum a posterior (MAP) estimation
has been used in the blind restoration of adaptive
optics telescope images [3], and provides a formal
approach for manipulating non-deterministic,
complex models by describing or extending a
probability density function, over the variables
in question [8]. Within this probability density
function, partial knowledge can be specified a
priori and a coarse model can be refined using
empirical observations and data. This can be
described using Bayesian methods as,

Posterior =
Likelihood

Evidence
× Prior (2)

Given the intuitive definition of Bayes’ rule in

Equation 2, a major problem with generative
based systems is that aspects of this prior
knowledge may be inconsistent or incorrect [9].

In contrast to generative learning that use
prior models as the basis for probabilistic learning,
discriminative learning, used for example in
artificial neural networks (ANNs) and support
vector machines (SVMs) [8], adopts a mechanism
that maps all input variables directly to system
outputs. In the case of SVMs, data is mapped
to a higher dimensional space by using the kernel
method, and computing the largest possible
margin separating the hyperplane [8]. Such direct
mapping methods, however, are computationally
intensive.

A predictive algorithm that can accurately select
high resolution images from a continuous series of
distorted images will need to be highly efficient in
performance, and simple in terms of implemen-
tation. Current research in the classification of
astronomical images, using ANNs and SVMs for
reinforcement learning, is underway. A ML frame-
work has been constructed [17] and will be used to
further this requirement.

7 Conclusion and Future Work

This research was motivated by the design and
realisation of an image processing framework that
could support the application of a machine learning
algorithm to predict the quality of images, and se-
lectively process images in real-time. In this paper
we have discussed the first stage of this project,
data preprocessing on sequential data.

The second stage of this project will require the
selection and implementation of a machine learning
algorithm for the determination of lucky frames. In
addition, preprocessing of image data in hardware
will be required to reduce data processing demands
on a real-time system.

Lastly, further research is required to reduce the
computational complexity of reconstructing wave-
front maps in real-time using tomography. It is
our intention to extend this work in frame predic-
tion, to the prediction of wavefronts using machine
learning for application in wide-field adaptive op-
tics.
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