
Robotic Scheduling of Time-Critical
Observations

Sebastian Buntin

A thesis submitted in partial fulfillment for the
degree of Doctor of Philosophy

April 2026

http://www.buntin.de/


Publications

In the course of completeing the work presented in this thesis, the content of Chapter 3

has been submitted and accepted for publication in a refereed journal:

Buntin, S., Copperwheat, C. & Jermak, H., 2025, ‘Nighttime Cloud Detection, Track-

ing and Prediction with All-Sky Cameras’, Royal Astronomical Society Techniques and

Instruments, Volume 4/2025

Sebastian Buntin May 2026

ii



Declaration of Authorship

I, Sebastian Buntin, declare that this thesis titled, ‘Robotic Scheduling of Time Critical

Observations’ and the work presented in it are my own. I confirm that:

■ This work was done wholly or mainly while in candidature for a research degree at

this University.

■ Where any part of this thesis has previously been submitted for a degree or any

other qualification at this University or any other institution, this has been clearly

stated.

■ Where I have consulted the published work of others, this is always clearly at-

tributed.

■ Where I have quoted from the work of others, the source is always given. With the

exception of such quotations, this thesis is entirely my own work.

■ I have acknowledged all main sources of help.

■ Where the thesis is based on work done by myself jointly with others, I have made

clear exactly what was done by others and what I have contributed myself.

Signed:

Date:

iii



“The fact that you know something about the sky doesn’t change its magic.”

Prof. Dr. Harald Lesch



Liverpool John Moores University

Abstract
Faculty of Engineering and Technology

Astrophysics Research Institute

Doctor of Philosophy

by Sebastian Buntin

http://ljmu.ac.uk
http://ljmu.ac.uk/scs
http://www.astro.ljmu.ac.uk
http://www.buntin.de/


Astronomy has entered the era of time-domain surveys, in which fast and rare astrophys-

ical transients are discovered on a nightly basis. The most informative phases of such

events, including fast blue optical transients, kilonovae, the earliest stages of supernova

explosions, and gamma-ray burst afterglows, unfold on timescales of minutes to hours.

Capturing these fleeting signals requires robotic telescopes that can not only react rapidly

but also make intelligent, fully autonomous scheduling decisions. Static queue schedulers

and human-in-the-loop sequence preparation are fundamentally too slow for this purpose,

creating a bottleneck that prevents telescopes from realising their full scientific potential.

This thesis develops and evaluates an integrated framework for atmospheric-aware robotic

scheduling, designed and tested using the Liverpool Telescope (LT) as a platform and

with direct application to the forthcoming New Robotic Telescope (NRT). Four key

components are addressed. First, a real-time cloud detection and prediction system based

on all-sky imaging provides actionable forecasts on ten- to twenty-minute timescales.

Second, an automated extinction measurement pipeline using auxiliary Skycam imagers

enables continuous, differential monitoring of atmospheric transparency. Third, empirical

and machine-learning models of sky brightness are constructed, incorporating lunar and

geometric parameters to deliver predictive estimates of background light levels. Finally,

these data products are integrated into a signal-to-noise ratio (SNR) based exposure-

time system, replacing fixed exposure assumptions with dynamic, condition-dependent

calculations.

Together, these developments demonstrate that robotic telescopes can achieve environ-

mental awareness and adaptive response, optimising efficiency and ensuring data quality

even under variable atmospheric conditions. The results lay the foundation for a new

generation of schedulers capable of autonomously deciding not only which target to ob-

serve, but also how to observe it. By eliminating the human bottleneck and integrating

real-time environmental intelligence, the framework presented here positions the NRT -

and robotic observatories more broadly - to meet the demands of modern time-domain

astronomy.
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Chapter 1

Introduction

The universe is an imposing reality,
and an answer to all questions.

Maria Montessori

1.1 Background and Context

Modern astrophysics has entered an era defined by time-domain astronomy. Large-

scale surveys such as the Zwicky Transient Facility (ZTF) and, in the near future, the

Vera C. Rubin Observatory’s Legacy Survey of Space and Time (LSST), are delivering

unprecedented volumes of transient alerts. These discoveries demand rapid and efficient

spectroscopic and photometric follow-up by ground-based facilities in order to classify

events, constrain their physics, and capture short-lived phenomena. The scientific value

of such discoveries is often maximised only if observations can be made within minutes

to hours, and under conditions that guarantee usable data quality.

Robotic telescopes occupy a unique role in this landscape. Unlike classical observatories

that rely on human observers to judge conditions and adjust observing strategies, robotic

telescopes must operate fully autonomously. They must therefore be capable of respond-

ing instantly to new targets, assessing atmospheric conditions in real time, and adapting

schedules without direct human intervention. This autonomy allows them to achieve high

scientific throughput and to respond rapidly to transient alerts, but it also exposes them

to significant vulnerabilities. Chief among these are the dynamic and often unpredictable

effects of the Earth’s atmosphere: cloud coverage, variable atmospheric extinction, and

fluctuations in sky brightness.

1
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At the Observatorio del Roque de los Muchachos (ORM) on La Palma, where the Liv-

erpool Telescope (LT) is located, and its successor, the New Robotic Telescope (NRT)

will be located, the atmosphere presents a continuously changing environment for as-

tronomical observations. While robotic telescopes are highly efficient in principle, their

performance ultimately depends on the scheduler’s ability to respond to these changes.

The LT’s existing scheduler, first implemented in 2004, was pioneering in its day but

reflects the design philosophy of its time: pre-defined observation groups are ranked and

the best ranking group is executed, with little or no adaptation to evolving conditions.

After a group is finished, the ranking algorithm is repeated. What is needed for the com-

ing decade is a new generation of dynamic schedulers that move beyond static ranking.

Such systems must incorporate environmental awareness and be capable of making fully

autonomous decisions about not only which target to observe but also how to observe

it: including whether conditions are suitable, what exposure time is required to achieve

a given signal-to-noise ratio, and how best to allocate limited observing resources across

competing scientific programmes.

1.2 Motivation

The central motivation of this thesis is to address these limitations by developing methods

that allow robotic telescopes to become more environment-aware. The overall vision

is to support next-generation robotic scheduling systems that can integrate real-time

environmental monitoring with predictive models and adaptive exposure strategies. By

closing the loop between environmental sensing, predictive modelling, and the scheduler

itself, robotic telescopes will be able to make decisions that maximise both efficiency and

data quality.

This problem is timely and of high practical importance. The NRT, currently in design

and planning, is expected to be the largest robotic telescope in the world. It will in-

herit both the opportunities and the challenges of robotic operation in a time-domain

astronomy era. Among the most compelling opportunities are the discovery and char-

acterisation of fast and rare astrophysical events: fast blue optical transients (FBOTs,

e.g. Ho et al., 2020), kilonovae associated with neutron-star mergers (e.g. Smartt et al.,

2017), the earliest phases of supernova explosions (e.g. Groh, 2014), and rapidly fading

gamma-ray burst afterglows (e.g. Kann et al., 2010). In each of these cases, the most

informative signatures, whether spectroscopic, polarimetric, or photometric, emerge on

timescales of minutes to hours after the event is first detected, and may fade or change

irreversibly within a single night. Capturing these fleeting signals requires not only rapid
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telescope response but also a scheduler that can autonomously evaluate feasibility, deter-

mine the required exposure strategy to achieve a target signal-to-noise ratio, and allocate

resources in real time. Without such capabilities, robotic telescopes risk missing the very

phenomena they are best placed to study, or producing data of insufficient quality to

address the underlying science questions. Capturing these fleeting signals requires not

only rapid telescope response but also a scheduler that can autonomously evaluate feasi-

bility, determine the required exposure time to achieve a target signal-to-noise ratio, and

allocate resources in real time. In this context, there is no time for humans to configure

or adjust observation groups in response to a new alert: the delays inherent in human

decision-making and manual intervention constitute a bottleneck that is fundamentally

incompatible with the demands of modern time-domain astronomy. Ensuring that the

scheduler itself can act intelligently in response to both scientific priorities and evolving

environmental conditions is therefore essential if the facility is to meet its goals. The re-

search presented here, developed and tested using the Liverpool Telescope as a platform,

provides a foundation for this capability.

1.3 Research Focus and Scope

This thesis explores four interconnected lines of research, each addressing a critical gap in

the atmospheric awareness of robotic telescopes. The first is the detection, tracking, and

prediction of clouds. Using all-sky cameras, inexpensive and robust monitoring of cloud

coverage can be achieved. In this work, algorithms are developed to detect clouds in real

time, track their evolution, and predict their short-term trajectories, providing actionable

forecasts on ten- to twenty-minute timescales that can help avoid wasted exposures.

The second line of research concerns atmospheric extinction. Accurate photometry re-

quires continuous knowledge of atmospheric transparency, yet traditional extinction mea-

surements rely on standard-star observations, which are sparse and unsuited to fully

robotic systems. Here, new methods are developed to extract extinction coefficients au-

tomatically and continuously from auxiliary wide- and narrow-field imagers (Skycams),

enabling near-real-time calibration and distinguishing photometric from non-photometric

conditions.

The third component investigates sky brightness modelling. Background light levels are a

crucial factor for exposure time calculation, particularly for faint targets. This thesis de-

velops both empirical and machine-learning-based models of sky brightness at the ORM,

correlating observations with lunar altitude, angular separation, airmass, and other envi-

ronmental parameters. The resulting models not only provide real-time corrections but

also support long-term exposure forecasts and planning tools.
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Finally, the fourth strand of this research addresses signal-to-noise ratio based exposure

optimisation. Traditionally, astronomers specify fixed exposure times, relying on as-

sumptions about average conditions. This approach is inherently inefficient in a variable

environment. In this thesis, an adaptive exposure model is implemented that calculates

exposure times dynamically according to the desired signal-to-noise ratio, the target’s

altitude and the prevailing atmospheric conditions. By integrating real-time extinction

and sky brightness data, the system ensures that exposure times are neither unneces-

sarily long nor insufficient to reach scientific goals, thereby improving both data quality

and telescope efficiency.

Taken together, these four components form the building blocks of a comprehensive

atmospheric-aware scheduling framework. Each is investigated as a standalone method,

but the overarching goal is to demonstrate how they can be integrated into a unified

system that can support the operation of both the Liverpool Telescope and the New

Robotic Telescope.

1.4 Thesis Structure

The chapters of this thesis follow a logical progression, beginning with the development

of real-time monitoring methods and culminating in their integration into a scheduling

framework. The first scientific chapter introduces the cloud detection and prediction sys-

tem, based on all-sky imaging. The following chapter turns to atmospheric extinction,

presenting the methodology for extracting real-time extinction coefficients from Skycams

T and Z (co-pointing cameras installed at the Liverpool telescope) and validating them

against catalogue photometry and IO:O standard-star observations. The next chapter fo-

cuses on modelling sky brightness, where empirical corrections are developed and tested

against independent datasets. Building upon these components, the final technical chap-

ter integrates the results into a signal-to-noise ratio based exposure time system, tested

under real-world observing conditions on the Liverpool Telescope, including case studies

of standard stars, a science proposal, and transient follow-up with the SPRAT spec-

trograph. The concluding chapter summarises the findings, discusses limitations, and

outlines how the methods developed here can be integrated into the scheduling system

of the New Robotic Telescope.

1.5 Aims and Significance

The aim of this thesis is to demonstrate the feasibility of integrating atmospheric aware-

ness directly into robotic scheduling. More specifically, it seeks to determine whether
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real-time cloud detection can reduce wasted observing time, whether automated extinc-

tion measurements can provide stable and continuous calibration data, whether pre-

dictive models of sky brightness can enhance exposure planning, and whether adaptive

signal-to-noise based exposure calculations can optimise telescope usage. The signifi-

cance of this work lies in showing that these elements, when combined, form the basis of

a new operational paradigm for robotic observatories.

By developing and testing these methods on the Liverpool Telescope, this research pro-

vides a prototype for how the New Robotic Telescope can operate in the 2030s. The

outcomes are not limited to these two facilities: any robotic observatory working in the

era of large transient surveys faces the same challenges, and the approaches presented

here can serve as a model for enhancing efficiency and data quality in a dynamically

changing atmospheric environment.



Chapter 2

Background

Any sufficiently advanced technology
is indistinguishable from magic.

Arthur C. Clarke

2.1 Introduction

The landscape of observational astronomy has undergone a transformation with the ad-

vent of robotic telescopes. These automated systems have redefined how astronomical

data is collected, enabling rapid-response observations and significantly enhancing the ef-

ficiency of astronomical research. This shift from traditional, human-operated telescopes

to autonomous systems has been particularly impactful in the study of transient astro-

nomical phenomena - events that are often too short or unpredictable for conventional

observatories to capture in time. Robotic telescopes have played an important role in

observing gamma-ray bursts, gravitational wave counterparts, and supernovae. Events

that demand immediate attention to unravel their underlying physics.

Within this evolving context, the Liverpool Telescope (LT, Steele et al., 2004) stands

as a distinguished pioneer, demonstrating the power of fully autonomous operations

and pushing the boundaries of robotic observational capabilities. The upcoming New

Robotic Telescope (NRT, Copperwheat et al., 2015) promises to build upon the LT’s

legacy, ushering in a new era of advanced robotic astronomical research.

The Liverpool Telescope, located at the Observatorio del Roque de los Muchachos on La

Palma in the Canary Islands, Spain, at an altitude of 2363 metres, is a prime example

of a fully robotic astronomical observatory. This 2-meter aperture telescope utilises a

6
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Ritchey-Chrétien optical design, known for producing high-quality images over a wide

field of view. First light occurred in 2003, with routine science operations commencing

in 2004. The telescope employs an alt-azimuth mount and can host up to five scientific

instruments simultaneously on its Acquisition and Guidance box (one straight-through

port, currently occupied by the IO:O imager, Smith et al., 2017). This configuration

allows for rapid switching between observing modes, enhancing responsiveness to a wide

range of scientific requirements.

A distinctive feature of the LT is its clamshell enclosure, which opens in two halves from

the top down, providing an unobstructed view of the entire sky and allowing for rapid

slewing to new targets. Weighing approximately 24 metric tonnes and measuring 8.5

metres in height and 6.5 metres in width, the LT is designed for autonomous operation

even under challenging environmental conditions, including wind speeds up to 60 km/h.

The entire structure rests on a concrete pier levelled to within 20 microns, ensuring

stability and minimising vibrations.

The design and operational features of the Liverpool Telescope prioritise robotic func-

tionality. The combination of rapid slewing, multi-instrument support, and autonomous

decision-making marks a significant departure from traditional telescope operations. The

LT was purpose-built for autonomous, fast-response observing, enabling effective moni-

toring of variable objects and prompt reaction to unpredictable phenomena.

Unlike traditional telescopes, which typically require on-site human operators and adhere

to static, pre-determined schedules, the LT is fully autonomous. Observations are sched-

uled by a software scheduler that considers target visibility, basic weather conditions,

and scientific priorities. The system can automatically interrupt its regular programme

to observe high-priority transient events (Targets of Opportunity, ToO), such as gamma-

ray bursts, when triggered by external alerts. Observation requests can be submitted

via a Java client or through RTML (Remote Telescope Markup Language, Pennypacker

et al., 2002), an XML-based standard for defining target details, exposure requirements,

and constraints in a machine-readable format.

This operational flexibility allows the LT to maximise observing time and adapt in real

time to evolving scientific goals. Its Robotic Control System (RCS, Fraser et al., 2004)

dynamically reprioritises observations based on alerts, weather, or updated science ob-

jectives. While robotic telescopes reduce the need for on-site personnel and enable cost-

effective operations, they are not without limitations: maintenance, upgrades, and crit-

ical interventions still require human oversight. Additionally, while automation acceler-

ates response time, it may lack the serendipity of human observers reacting intuitively to

unexpected phenomena, though machine learning and alert systems increasingly mitigate

this.
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To further increase scientific efficiency, robotic telescopes must continuously monitor

and adapt to atmospheric conditions. Parameters such as cloud cover, sky brightness,

and atmospheric extinction directly affect image quality and the feasibility of executing

queued observations. Understanding and managing these parameters is especially impor-

tant when observations must meet specific photometric requirements, such as achieving

a defined signal-to-noise ratio (SNR) within limited time constraints.

This chapter provides an overview of the technologies and strategies used to monitor these

atmospheric conditions and their integration into robotic scheduling. It reviews current

and historical systems for cloud detection, extinction monitoring, and sky brightness

modelling, and introduces the concept of SNR-driven exposure planning as a pathway

toward more intelligent, efficiency-maximising robotic observatories. These topics form

the conceptual foundation for the contributions developed in the following chapters.

2.2 Time-Domain Science with Robotic Telescopes

Robotic telescopes can deliver science by ‘converting’ discovery alerts and monitoring

campaigns into timely, usable data. For the Liverpool Telescope (LT) and the New

Robotic Telescope (NRT) the dominant drivers are: fast follow-up of rapidly evolving

transients (GRB afterglows, Fast Blue Optical Transients (FBOT), kilonovae), high-

throughput spectroscopic classification of survey alerts, and long-baseline monitoring

programmes at nightly or near-nightly cadence (e.g. AGN reverberation mapping). Each

driver imposes specific operational requirements which a static, elevation-weighted queue

cannot meet alone. The methods developed in this thesis target some of these require-

ments.

2.2.1 The Transient Phase Space

To place the science drivers in context, it is useful to consider the transient phase space:

a schematic representation of characteristic timescales against peak luminosities for dif-

ferent classes of astrophysical transients. This view illustrates both the historical focus

of the Liverpool Telescope and the new regimes opened by the New Robotic Telescope.

Figure 2.1 shows an adapted version of such a diagram (Copperwheat et al., 2015).

The horizontal axis represents the typical duration of the event, expressed as a logarith-

mic timescale in days, while the vertical axis gives the peak absolute magnitude, with

brighter sources appearing higher. Each class therefore occupies a characteristic region

of the diagram.
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Figure 2.1: Illustrative phase space of astrophysical transients: characteristic
timescale (log days) versus peak absolute magnitude (axis inverted; brighter upward).
Classical novae and supernovae occupy the week-scale regime; FBOTs, kilonovae, and
GRB afterglows evolve on day to hour timescales. The fast, high-throughput spectro-
scopic regime motivates NRT’s design and the methods in Chapters 3–6. Adapted from

Copperwheat et al. (2015).

Classical novae and supernovae, which motivated much of the early LT follow-up, evolve

on timescales of weeks. In this regime, scheduling flexibility is less critical, since obser-

vations can be deferred without immediate loss of scientific value. By contrast, modern

“fast” transients such as FBOTs (e.g. Perley et al., 2021), kilonovae (e.g. Tanvir et al.,

2013), and gamma-ray burst afterglows (e.g. Dai et al., 1998) evolve an order of magni-

tude more quickly, in hours to days, and often fade below detectability on the timescale of

a few nights. Spectroscopy in these early phases captures unique diagnostics, colour evo-

lution in kilonovae, jet geometry and redshift for GRBs, or unusual spectral signatures

in FBOTs. Features that cannot be recovered later. For these classes, latency rather

than aperture is the limiting factor, and rapid, automated response becomes essential.

The diagram also illustrates the breadth of variability phenomena that fall between these

extremes. Superluminous supernovae and luminous red novae evolve over many months,

while active galactic nuclei vary stochastically on timescales of weeks to years. Such

long-lived sources motivate stable monitoring programmes at regular cadence. Together,

these regimes show that modern time-domain astronomy spans more than four orders

of magnitude in both timescale and luminosity. No single observational strategy can

address all of them; instead, facilities must be designed around the regions of phase

space that align with their scientific priorities.
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The NRT explicitly targets the fast, faint, and under-sampled part of this diagram. Its

emphasis on sub-30 s response and high-throughput, low-resolution spectroscopy is in-

tended to secure early classifications of large numbers of rapidly evolving transients,

while still supporting longer-term monitoring through efficient scheduling. In this sense,

the transient phase space not only contextualises past and current science, but also

demonstrates why the methods developed in this thesis — cloud prediction, extinction

monitoring, sky-brightness modelling, and SNR-based exposure calculation — are essen-

tial to exploit the NRT’s capabilities in the fast-transient regime.

2.2.2 Fast transients (seconds to hours)

GRB afterglows fade on minute timescales (Groh, 2014), and the early spectral evolution

of FBOTs and kilonovae unfolds over mere hours. These events define the fast end of

the transient landscape and pose a clear challenge for robotic follow-up: the scientific

leverage is highest in the first moments, yet traditional scheduling often introduces delays

that are comparable to or longer than the timescales of interest. The NRT is therefore

designed for sub-30 s response from trigger to exposure, with a focus on spectroscopic

classification. Achieving this demands a scheduler that operates with minimal latency,

computes exposures based on real-time conditions, and functions even when acquisition

images are shallow or unavailable. This motivates the feasibility study in Chapter 4,

which demonstrated that real-time extinction monitoring is possible using the co-pointing

Skycams, provided suitable modifications are applied. Alongside this, the on-the-fly

SNR-based exposure computation developed in Chapter 6 offers a practical system to

integrating such environmental factors directly into scheduling decisions.

Among the fast transients, gamma-ray burst (GRB) afterglows remain a cornerstone:

relativistic jets from compact-object explosions produce rapidly fading optical and near-

infrared emission, often disappearing within minutes. Capturing early-time spectra,

and, when available, fast polarimetry, reveals jet geometry, magnetic field structure,

and redshift. In such cases, low-latency acquisition is as important as aperture. The

NRT’s response architecture continues the LT’s legacy of rapid GRB follow-up, but with

improved sensitivity and speed.

Kilonovae, arising from neutron-star mergers, exhibit their most informative colour and

spectral evolution during the first 12 hours. Observations in this window can distinguish

blue and red components, improving classification and association within the broad sky

localisations of gravitational-wave events. For this reason, the NRT emphasises rapid-

response spectroscopy.
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Fast Blue Optical Transients, along with other recently uncovered faint-and-fast classes

such as the rapidly evolving transients identified in Pan-STARRS1 (Drout et al., 2014)

and in the Dark Energy Survey (Pursiainen et al., 2018), occupy a poorly explored

regime of the transient phase space (see Figure 2.1). Their physical interpretation relies

on capturing early spectra, ideally within hours of detection. However, manual setup

or static queue scheduling often fails to meet this timescale. The NRT addresses this

gap directly through its dedicated SPEC classification stream, designed to overcome the

optical spectroscopy bottleneck identified by the transient community (Kulkarni, 2020).

Other phenomena, such as shock breakout and very early supernova phases, offer ob-

servational windows of less than an hour. Spectra taken during this time can reveal

flash-ionisation features and circumstellar material, but these signatures fade rapidly.

Any delay in execution forfeits key diagnostics, underscoring the need for scheduler-level

observation setup and response.

Finally, the number of optical transients without detected γ-ray emissions, so-called

orphaned afterglows, is expected to increase as wide-field surveys and X-ray missions

expand their reach. In the Rubin-LSST era, alert streams will grow too large for human

screening. Scientific return will depend not only on automation, but on how rapidly and

intelligently the system can prioritise and respond.

Class Timescale Peak M Primary diag-
nostic

Latency need

GRB afterglow min–hrs very bright redshift, jet, po-
larimetry

<30 s to minutes

Kilonova hrs–days modest early colour and
spectra

< 12 h (earliest
best)

FBOT /
faint&fast

hrs–days bright stectra for classifi-
cation

minutes - hours

Shock breakout /
early SN

hrs–day bright flash features
(CSM)

hours

Table 2.1: Fast transient classes and scheduling implications.

2.2.3 Large-scale spectroscopic classification

Modern time-domain surveys such as ZTF, and soon LSST/VRO, generate hundreds

of viable transient candidates per night, far more than can be followed up manually.

Turning these alert streams into scientifically usable data at scale requires that classifi-

cation spectra be both uniform and efficient: signal-to-noise ratios around 15 to 20 per

resolution element in the continuum at low spectral resolution must be achieved reliably,

despite ongoing changes in lunar background, airmass, and atmospheric extinction. This

demands more than a static exposure strategy or per-target hand-tuning. Instead, a
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dynamic system is needed that responds in real time to the current state of the sky. This

thesis addresses this requirement with an empirical sky-brightness model for the site

(Chapter 5) and an adaptive exposure engine that computes SNR-matched integration

times on a per-target basis (Chapter 6).

Within this context, the New Robotic Telescope formalises a high-throughput spectro-

scopic classification stream - SPEC-Time, as one of its key science modes. SPEC-Time

is designed as a semi-autonomous programme that transforms alerts into uniform, low-

resolution spectra. The operational concept assumes short exposures and aims to deliver

up to 120 spectra per clear night at R ≈ 360. The annual target is on the order of 10,000

classifications, which means that exposure times cannot be static or manually optimised;

they must instead be determined at execution time using live sky data.

To enable this, the spectrograph is designed around a small-field integral-field unit (IFU),

eliminating the ∼2-minute slit-placement loop that would otherwise dominate overhead.

This supports the sub-30 s on-source latency goal, while maintaining high throughput

across the 3750–7500 Å range. In addition, the IFU design is advantageous for classifying

bright transients in crowded or high-background fields, since it allows local background

subtraction and stabilises classification quality at low SNR.

Maintaining uniform classification quality across varying sky conditions is only possible

if lunar brightness, airmass, and extinction are incorporated into the exposure decision.

This thesis provides the necessary tools or feasibility analysis: a calibrated sky-brightness

model (Chapter 5) and a real-time extinction signal from external, co-pointing Skycams

(Chapter 4), decoupled from user science frames. Together, they ensure that the classi-

fication SNR remains predictable at run time, regardless of when a target is observed.

Throughput and overhead efficiency are equally critical. With exposures on the order of

three minutes and short imaging setup sequences, the SPEC programme must minimise

wasted time. The IFU acquisition model, paired with a scheduler that scores targets by

expected science return per unit time, enables high nightly yield. Chapter 6 presents the

SNR-driven exposure logic that replaces conservative padding, ensuring time is not lost

to worst-case assumptions.

To fully automate this process, the SPEC programme must integrate directly with brokers

such as Lasair (Smith, 2019), ALeRCE (Förster et al., 2021), or the Transient Name

Server (Gal-Yam, 2021). Ingestion, exposure calculation, and execution must occur

without human intervention, with spectra reduced within minutes for same-night follow-

up. The exposure-time inversion logic developed in this thesis enables this pipeline:

combining broker magnitudes with current sky diagnostics to generate an executable,

condition-aware plan.



13

Finally, many scientifically valuable transients lie on bright host galaxies or in crowded

fields. Achieving reliable classification in such environments depends not only on in-

strumental design, but also on accurate estimation of the local sky background and

extinction. The IFU format helps mitigate host contamination, but exposure must still

be matched to the real conditions. This again underscores the need for robust, real-time

inputs to the SNR model—precisely the capability provided by the tools developed in

this work.

To clarify how the methodological developments in this thesis map onto the operational

requirements of large-scale transient classification at NRT, Table ?? summarises the

key observational parameters of the proposed SPEC mode and links them directly to

the enabling capabilities developed in Chapters 4–6. The table is not a performance

validation, but an architectural mapping: it shows how each scientific or operational

constraint (spectral resolution, cadence, classification depth, alert volume, and annual

yield) depends on specific real-time environmental inputs and adaptive exposure control

mechanisms introduced in this work.

Parameter / Con-
straint

Typical value / goal Capability from this
thesis

Spectral setup R ≈ 360, 3750–7500 Å,
IFU 12×12 arcsec

Condition-agnostic
SNR targeting (Chap-
ter 6)

Exposure cadence ∼180 s per spectrum;
∼120/night

Dynamic exposure per
target (Chapter 6)

Classification depth SNR≈10–20 at low R Real-time extinction +
sky model (Chapters 4,
5)

Alert volume Hundreds/night
(ZTF→LSST)

Broker-to-scheduler
path; auto inversion to
SNR (Chapter 6)

Annual yield ∼10k classifications (to
r≈20.5mag)

Efficiency from elim-
inating worst-case
padding (Chapter 6)

Table 2.2: SPEC classification at NRT: illustrative parameters and required capabil-
ities.

In short, large-scale classification is not just “more targets”; it is a regime where uniform

data utility and overhead discipline determine scientific output. The SPEC concept sets

the science bar (SNR at low R, high nightly yield); the methods in this thesis - real-time

extinction, an empirical sky model, and a dynamic SNR engine - are what make that bar

reliably achievable under real sky variability at the cadences and volumes envisioned for

NRT.
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2.2.4 Monitoring programmes (cadence, short visits)

Active galactic nuclei (AGN) and tidal disruption event (TDE) programmes require a

regular cadence over many weeks or months (up to several years) with relatively short

visits (photometry, one to two images per filter). Variable extinction and Moon back-

ground can produce uneven SNR and hence uneven data utility if left unaccounted for.

This motivates predictive sky models and extinction integration so visits are placed when

efficiency is highest, or exposure is adapted to maintain the requested SNR (Chapters 4,

5, 6).

AGN reverberation mapping (e.g. Cackett et al., 2018) typically requires nightly or every-

other-night cadence, where stable SNR is preferred over fixed exposure time to reduce

flux-calibration scatter in light curves and improve line-to-continuum lag measurements.

TDE follow-up spans weeks to months of spectro-photometric monitoring; early spectra

evolve on day-to-week timescales, while photometry benefits from consistent SNR to

track colour and temperature evolution. Other variable sources, including cataclysmic

variables, compact binaries, and nuclear transients, likewise rely on short visits over long

baselines, often constrained to windows near meridian passage and at minimal airmass.

Across a lunation the lunar background varies by orders of magnitude, and extinction

can change on hour-timescales (e.g. caused by Calima). This thesis provides a site-

specific sky-brightness model (Chapter 5) and a real-time, user-agnostic extinction signal

(Chapter 4) to keep visit SNR close to the requested target. Many programmes allow

a tolerance window, within this window the scheduler should either keep the exposure

fixed and choose the most efficient time, or keep the time fixed and adapt the exposure

to hit the SNR. A dispatcher selects whichever option minimises cost while meeting the

SNR requirement. For very short integrations, overheads dominate; SNR targeting still

prevents severe under- or over-exposure on bright or dark nights, but absolute efficiency

gains are bounded by the overhead. This policy is applied in the scheduling strategy

below.

In the case of AGN reverberation mapping, which typically requires nightly or every-

other-night cadence with short photometric visits of one or two images per filter, the

optimal strategy is to schedule the observation within the cadence window at the time

of lowest predicted exposure based on sky brightness (and extinction). If the cadence

window is tight (e.g. for low-altitude targets), the visit can still be executed at the

planned time but with the exposure adapted to maintain the requested SNR using the

live zero point and sky model.

For TDE monitoring (e.g. Bricman et al., 2020), which usually follows a cadence of two to

three days and combines short spectra with photometric observations, the spectroscopic
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exposures are best calculated with the SNR engine using real-time extinction, while

the photometry is placed away from peaks in lunar background or airmass whenever

possible. If the monitoring window is restricted, the visit can still proceed by adjusting

the exposure length to recover the target SNR.

For other repeating transients, where nightly short visits of only a few minutes are

common, the limiting factor is often overhead rather than integration time. In this case,

scheduling should prioritise the most efficient time within the cadence window, while for

slightly longer exposures the time may be fixed and the exposure adapted to preserve the

target SNR under variable conditions. Monitoring programmes therefore benefit directly

from the same real-time environmental inputs and adaptive exposure logic that support

fast transients and classification, ensuring stable data quality across extended campaigns.

Together, these science cases define the performance envelope that the NRT is built

to meet: fast response to rapidly evolving transients, high-throughput spectroscopic

classification of large alert streams, and stable monitoring of variable sources at nightly

or near-nightly cadence. This thesis investigates and develops the enabling technologies

required to make such a regime viable in practice. These include short-horizon cloud

prediction (Chapter 3), real-time extinction monitoring independent of science frames

(Chapter 4), an empirical sky-brightness model (Chapter 5), and a dynamic SNR engine

that computes exposures at execution time (Chapter 6). Because acquisition images may

be shallow, narrow, or omitted entirely, extinction must be determined independently of

user frames and delivered continuously from auxiliary imagers. Exposure times are then

calculated dynamically from these inputs so that the scheduler can execute with uniform

SNR, efficient throughput, and principled trade-offs between immediate and deferred

execution under variable conditions.

2.3 The Atmosphere over La Palma

The Liverpool Telescope is located on the island of La Palma, the westernmost island of

the Canary Islands. The telescope is part of the Observatorio del Roque de los Mucha-

chos (ORM) which is is close to the highest elevation of the island, located on the rim

of a large volcanic caldera (Caldera de Taburiente) at an altitude of 2369m above sea

level. The geographic coordinates of the ORM are 28◦45′35′′N , 17◦53′24′′W . According

to night logs of the Liverpool Telescope, over 70% of the nights at the ORM provide

conditions for astronomic observations. This number can reach up to 95% in summer

nights. Up to 80% of those nights provide photometric conditions. The atmosphere

and the meteorology of the site has been extensively monitored and analysed over the

past 50 years (Kiepenheuer, 1972, Murdin, 1985, Pedani, 2004, Lombardi et al., 2006,
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Lombardi et al., 2007, Lombardi et al., 2008, Varela et al., 2008, Muñoz-Tuñón et al.,

2015, Gaug et al., 2024). Assuming an average of ∼4300 hours of astronomical night per

year, based on the previously named publications, at the ORM, a usable-night fraction

of 70% corresponds to approximately 3000 hours of potential observing time annually.

If up to 80% of those nights are photometric, this implies roughly 2400 hours per year

under fully transparent conditions. These values place the ORM among the leading mid-

latitude optical observatory sites, with long-term usability broadly comparable to other

premier facilities in Chile and Hawaii, although exact fractions depend on the adopted

definition of “usable” and “photometric” conditions. The ORM holds a position as a pre-

mier astronomical site globally. This reputation is largely attributed to the exceptional

observing conditions caused by a combination of geographical and meteorological factors.

The atmosphere around La Palma is characterised by a maritime mixing layer (MML),

extending from sea-level to about 1500m. This layer contains mostly moist air and a

stratocumulus cloud layer at the top. The MML is well-mixed due to trade winds which

usually blow from the North-East direction (the Azores), solar heating and the island’s

geography. Above the MML is a temperature inversion layer (called “sea of clouds”),

confining the clouds underneath. The temperature inversion layer is very stable and

quasi-permanent throughout the year. It is thinner and higher (residing between 1400m

and 1850m a.s.l. with a thickness of 350m) during the winter and thicker but lower in

summer months (between 750m and 1400m above sea level (a.s.l.) with a thickness of

about 550m; Font Tullot, 1956, Torres et al., 2001, Carrillo et al., 2016) and is mainly

caused by the trade winds and the descending branch of the Hadley cell (Longo et al.,

2019). Above the temperature inversion layer, the atmosphere is usually dry and behaves

very stable, resulting in the high number of nights with photometric conditions and good

seeing values.

2.3.1 Clouds

Although the ORM provides an exceptional high number of nights with photometric

conditions, interruptions of observations due to bad weather are not uncommon. As

shown in Figure 2.2, wind blowing from southern or western directions cause relatively

more rain (and thus clouds) than wind coming from the eastern directions. The data is

based on the accumulated measurements at the Liverpool Telescope from 2007 to 2025.

The percentages shown in Figure 2.2 are grouped by prevailing wind direction sector (E,

NE, N, NW, W, SW, S, SE) as recorded in the LT weather database. An “observation”

in this context refers to a completed scheduled exposure sequence (including associated

overheads such as readout and slewing), rather than a fixed time bin. Observations at

the LT typically lasts between 1 to 10 minutes but this metric is highly instrument- and
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(a) Rain Frequency per Wind Direction

(b) Total Observations per Wind Direction

Figure 2.2: Relationship between wind direction and rain occurrence
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programme dependent. It is also noted that East-wind usually carries a lot of Sahara

dust (the phenomena is called “Calima”). A similar pattern is caused by “high humidity”

events (see Figure 2.3). These are humidity levels above 70% where it is unsafe to operate

the telescope as condensation will affect the optical and electronical parts of the system.

Figure 2.3: Humidity events with Humidity > 70% at the LT and Wind Direction

Both plots show that wind blowing from eastern directions causes dry conditions - in

accordance with the literature mentioned before. The relatively low total number of

events from eastern and south-eastern directions can be explained with the local geog-

raphy. The Mercator Telescope and the Isaac Newton Telescope are located in eastern

directions of the LT site. Also, the incline of the caldera is to the south-east of the LT

site, both causing a “wind shadow”. The relevant cloud levels for the system described in

this thesis are clouds above 3000m a.s.l, so called high-level clouds. Clouds below 3000m

usually cause high humidity at the ORM and thus no observations will be made in the

first place.

High-level clouds can occur throughout the year. According to recent studies (e.g. Fromm

et al., 2016), high-level Calima can trigger cloud formations at the Canary Islands.

Calima is a wind blowing from eastern directions transporting huge amounts of Saharan

dust to the Canary Islands. It is usually found in the lower levels but can reach heights

similar to the ORM and beyond, causing astronomic observations to stop to protect the

equipment or - if in even higher levels - increasing the atmospheric extinction. As Calima

events occur more frequently during the summer months (Barreto et al., 2022), the

fraction of nights affected by high-level dust layers and associated thin cloud structures

is correspondingly higher than during winter times.
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Operational statistics from the Liverpool Telescope night logs indicate that approxi-

mately 70 to 80% of nights at the ORM provide conditions suitable for astronomical

observations, with seasonal variations reaching up to ∼95% during the summer months.

When expressed in operational terms, this corresponds to the successful execution of the

large majority of scheduled observations, with interruptions primarily caused by high

humidity and related ice covering in winter, strong winds, or Calima-related dust events.

2.4 Cloud Detection in Astronomical Observatories

2.4.1 All-sky Camera Systems

Cloud detection plays a central role in robotic telescope operations, particularly for

safeguarding instruments and optimising science return. One of the most widely adopted

approaches to local sky monitoring is the use of all-sky cameras: imaging systems with

wide-angle or fisheye lenses that capture the entire visible sky dome at regular intervals.

Several major observatories have implemented such systems. The SkyProbe system

(Cuillandre et al., 2002) at the Canada-France-Hawaii Telescope (CFHT) was one of

the earliest continuous optical all-sky monitors used for cloud detection and extinction

measurements. The CONCAM project (Continuous Camera, Pereira, 2003) pioneered

all-sky monitoring at multiple observatory sites simultaneously. These systems provided

early examples of real-time monitoring, though they required manual interpretation to

identify clouds.

In contrast, many smaller observatories rely on simpler cloud sensors based on infrared

sky temperature measurements rather than full-sky imaging. These instruments measure

the difference between ambient temperature and the effective radiative temperature of

the sky; the presence of clouds typically raises the measured sky temperature due to

increased infrared emission from water droplets. While such sensors provide a robust

and inexpensive indicator of overall cloudiness, they do not offer good spatial informa-

tion about the sky and therefore cannot identify clear regions within partially cloudy

conditions.

More recently, instruments such as the Night Sky Live project (Pérez-Ramírez et al.,

2004) and the MASCARA Project for finding exoplanets using all-sky cameras (Talens

et al., 2017), have advanced the concept by incorporating real-time data pipelines and

integrated alert systems.
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2.4.2 Existing Methods for Night-Time Cloud Detection

The problem of automatic cloud detection from ground-based observatories is an active

area of research, with diverse approaches proposed in recent years, particularly for night-

time conditions relevant to astronomical operations. Most existing methods fall into

three broad categories: star-counting techniques, image segmentation approaches, and

machine-learning-based classifiers.

One widely used approach is to identify clouds by comparing the number of detected

stars against a reference star catalogue. Adam et al. (2017), for example, detect clouds

in all-sky images by identifying areas with a significant drop in the number of visible

stars relative to expectations. This method performs well under dark-sky conditions

and has the advantage of leveraging well-understood catalogues. However, it struggles

during gibbous or full moon phases when overexposure and lens flare effects obscure

large portions of the star field. Furthermore, this technique is sensitive to the limiting

magnitude of the camera system and can misclassify regions where only bright stars

remain detectable.

Alternative methods have focused on pixel-level or region-level segmentation of the sky

image. Dev et al. (2017) propose a superpixel-based approach, in which the image is first

partitioned into spatially coherent clusters of neighbouring pixels with similar colour

and intensity properties. These “superpixels” are then classified as cloud or clear sky

based on local statistical features. The method assumes that cloud structures exhibit

distinct local contrast or texture relative to the background sky. However, under non-

uniform illumination — particularly in the presence of the Moon or bright stars — strong

radial intensity gradients are introduced across the image. These smooth gradients can

artificially increase local contrast within superpixels, causing illumination variations to

be misinterpreted as cloud boundaries. As a result, purely local segmentation approaches

may incorrectly fragment clear sky regions or falsely identify bright gradient transitions

as cloud structures.

More recently, machine learning techniques have been explored for cloud detection from

all-sky images. Mommert (2020) evaluated two approaches: a convolutional ResNet

model, and a feature-based gradient-boosted decision tree model (LightGBM). Their

preferred solution, LightGBM achieves 95% accuracy on binary cloud detection per-

formed on fixed spatial subregions of the image. Here, “subregions” denote predefined

spatial tiles obtained by partitioning the all-sky image into a circular grid. Each tile,

typically spanning several hundreds of pixels, is classified independently as cloud or clear

sky. Their system uses a training set of approximately 1,000 manually labelled images.
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However, the labelling process proved to be both labour-intensive and inconsistent, par-

ticularly under full-moon conditions, where overexposed sections with reduced contrast

and faint sky features such as the Milky Way are easily mistaken for clouds. Mommert

found that human annotators often struggled to interpret ambiguous regions reliably, and

emphasised the need for explicit training of “labelers” to ensure high-quality annotations.

These observations are consistent with the results of a student annotation experiment

conducted during the author’s MSc thesis, which laid the groundwork for the cloud de-

tection approach developed in this PhD project. Even with a brief training session,

participants frequently misclassified low-contrast regions and bright astronomical fea-

tures. This highlights the practical challenges of generating consistent labels, especially

in scenarios involving rapid deployment or where annotators have limited domain exper-

tise.

Additionally, the classifier in Mommert (2020) operates on a fixed spatial grid of 33

predefined image sectors aligned with the camera’s orientation. For each sector, a set

of hand-engineered statistical features — including colour ratios, mean intensity, and

local contrast measures — is computed and provided as input to a LightGBM classi-

fier, which outputs a binary label (cloud or clear sky) for that sector. The method

therefore measures sector-level photometric and colour statistics rather than perform-

ing pixel-wise segmentation or modelling physical cloud properties. Because the sector

geometry is hard-coded, any change in the imaging setup, such as camera rotation, re-

placement, or lens adjustment, alters the mapping between sky coordinates and sector

indices, requiring re-annotation and retraining. Although the computational demands

of LightGBM are relatively modest, these structural constraints limit portability and

long-term maintainability in autonomous observatory environments.

Ye et al. (2022) introduced a self-training approach for daytime cloud detection using

superpixel segmentation and semi-supervised learning. Although this reduces the need

for full manual annotation, the algorithm relies heavily on colour features in visible light

and thus is not applicable under night-time conditions with monochrome or low-contrast

imaging.

Usually, existing methods either require strict lighting conditions (e.g., darkness), sub-

stantial calibration or training effort, or fail under the varying illumination introduced

by moonlight. Furthermore, some are not designed for real-time execution at high ca-

dence, as needed for robotic observatories. These limitations motivate the development

of the method presented in this thesis, which leverages difference imaging and classical

image processing to achieve robust, calibration-light, and computationally efficient cloud

detection even under bright moonlit conditions.
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In the context of this work, an all-sky camera system is used to derive both cloud masks

and cloud motion vectors, enabling short-term forecasting of sky conditions. Unlike

many traditional systems that rely on external calibration or auxillary infrared data,

the system developed here operates in a purely optical domain with minimal calibration

requirements, and forms a foundation for automated weather-aware scheduling. The

technical implementation is detailed in Chapter 3.

2.4.3 Motion-based Prediction

Cloud tracking is also an active area of research with diverse applications across weather

forecasting, the energy sector (e.g., photovoltaic energy prediction in smart grids), cli-

mate science, and astronomy. In the context of astronomical observatories, real-time

cloud motion prediction is particularly valuable for short-term scheduling decisions and

condition-aware observation planning.

One common approach to cloud tracking is based on optical flow, a computer vision tech-

nique that estimates the apparent two-dimensional velocity field of brightness patterns

between consecutive image frames under the assumption of local intensity conservation.

In its dense formulation, a motion vector is computed for nearly every pixel in the im-

age, producing a spatially continuous flow field. This technique has been applied in both

daytime and nighttime imaging. For instance, Zhang et al. (2019) use dense optical flow

on high-cadence all-sky image sequences. However, this method requires a frame rate

of at least 20 all-sky images per minute to yield physically meaningful results. How-

ever, this method requires a frame rate of at least 10 to 20 all-sky images per minute

to yield physically meaningful results. This high cadence is necessary because optical

flow assumes that image structures change only minimally between frames. In practice,

cloud morphology evolves continuously; if the time interval between frames is too large,

structural changes in the clouds violate the brightness-conservation assumption and lead

to artefacts or physically implausible motion vectors.

Alternative methods use multiple cameras distributed across a large baseline to recon-

struct cloud structures in three dimensions. Peng et al. (2015), for example, describe a

system that combines several wide-angle cameras to produce a volumetric cloud model,

including estimates of cloud base height. This approach enables highly accurate spatial

tracking but is not applicable at high-altitude observatory sites such as the ORM, where

physical constraints make it impractical to deploy and maintain a wide-area camera

network.

Several studies have attempted to categorise and evaluate the wide range of cloud track-

ing techniques available. Zaher et al. (2017) conducted a comparative analysis of classical
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motion estimation methods, including block matching, gradient-based optical flow (e.g.,

Horn-Schunck), phase correlation, and statistical correlation techniques. Their study

found that no single method universally outperforms the others; instead, the effective-

ness of a given algorithm depends heavily on the temporal and spatial resolution of the

input data, the variability of cloud structures, and the intended application. In general,

methods like phase correlation and optical flow perform well under continuous illumina-

tion and smooth motion but degrade rapidly when applied to sparse (i.e. low-cadence),

intermittent, or structurally evolving inputs - such as those common in nighttime all-sky

imaging.

Building on this, Arrais et al. (2022) provide a systematic literature review focused

specifically on short-term cloud motion forecasting using ground-based sensors. They

classify the available methods into three broad categories: model-based approaches (e.g.,

based on cloud advection models), learning-based approaches (e.g., using neural networks

or support vector machines), and hybrid methods that combine physical modeling with

data-driven techniques. Their review highlights a common trade-off between accuracy

and generalisability: learning-based methods can perform well in controlled or data-rich

environments, but they often require extensive retraining when camera configurations

or environmental conditions change. Furthermore, many of the reviewed systems are

designed for daytime operation and rely on colour or thermal features not available in

monochrome, low-light, or moonlit night-time imagery.

Taken together, these studies highlight the challenges of applying traditional motion esti-

mation or forecasting methods to nighttime all-sky cloud tracking. Real-time deployment

at observatory sites requires techniques that are robust to changing illumination, tolerant

of sparse temporal sampling due to long exposure times, and capable of operating with

minimal calibration.

To address these constraints, the approach developed in this thesis adopts a geometry-

based tracking method applied to deprojected cloud features extracted from low-cadence

all-sky images. Motion is estimated from the trajectories of detected cloud structures

and smoothed using a Kalman filter to produce short-term forecasts. The details of this

implementation are described in section 3.4.

2.4.4 Infrared and Satellite Data Comparison

In addition to localised optical imaging, many observatories utilise infrared (IR) cloud

sensors (Maghrabi et al., 2009) and satellite-derived cloud products (McNally et al.,

2003) as complementary sources for assessing sky conditions. Ground-based IR cloud

sensors operate by measuring the apparent radiative temperature of the sky: under
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clear conditions the sky appears extremely cold in the infrared, whereas the presence of

clouds increases the measured temperature due to thermal emission from cloud layers.

Satellite-based systems apply similar radiometric principles but observe the atmosphere

from above, where high cloud tops appear colder than the underlying surface and lower

atmosphere.

Geostationary satellites such as EUMETSAT’s Meteosat and NOAA’s GOES series rou-

tinely produce full-disk thermal IR imagery with cadences of 5–15 minutes and spatial

resolutions of approximately 1–5 km per pixel. These data are widely used for weather

forecasting and have also been incorporated into observatory monitoring systems. For

example, satellite-derived cloud products are used as part of the operational weather

monitoring at facilities such as the Liverpool Telescope and the Las Cumbres Observa-

tory network, where they complement local sensors in determining whether observing

conditions are safe or scientifically usable.

However, satellite IR data come with notable limitations. The spatial resolution is gen-

erally too coarse to resolve local cloud structures above a specific telescope, particularly

in mountainous terrain where cloud layers may form or dissipate rapidly. Furthermore,

low-altitude warm clouds or fog may remain undetected due to their weaker tempera-

ture contrast with the ground or ocean below. Additionally, satellite images provide a

top-down view that may not align well with a telescope’s actual field of view.

In practice, robotic observatories like the Liverpool Telescope have historically relied

on satellite overlays for cloud detection and weather safety. However, during periods

without a working satellite feed, alternative ground-based solutions - such as the all-sky

system described in Chapter 3 - become essential. These systems offer higher spatial

and temporal resolution, and can detect transient or partial cloud cover that would go

unnoticed in coarser IR data.

2.5 Atmospheric Extinction Monitoring

2.5.1 Overview

Atmospheric extinction, the reduction in the apparent brightness of celestial objects as

their light traverses the Earth’s atmosphere, stands as a fundamental consideration for

ground-based astronomical observations. This phenomenon arises from the interplay of

absorption and scattering processes in the atmosphere that change the flux of photons

reaching the observer. Accurate quantification and correction for atmospheric extinction
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are important in achieving good photometric measurements, enabling meaningful com-

parisons of astronomical data acquired at different times and from various locations. The

degree to which the atmosphere dims starlight directly impacts the precision of measure-

ments aimed at determining the properties of celestial objects, such as their luminosity

and distance.

The Earth’s atmosphere, a complex mixture of gases, aerosols, and water vapour, inter-

acts with incoming electromagnetic radiation from space through absorption and scat-

tering. Absorption involves the conversion of light energy into other forms of energy,

often heat, by atmospheric constituents such as ozone in the ultraviolet spectrum and

water vapour in the infrared. Scattering, on the other hand, redirects photons from their

original path. Rayleigh scattering, caused by air molecules, exhibits a strong wavelength

dependence, preferentially scattering shorter (blue) wavelengths, which explains the blue

colour of the daytime sky. Aerosols, including dust, pollutants, and other particulate

matter, can both absorb and scatter light across a broader range of wavelengths, and

their concentration in the atmosphere is subject to significant temporal and spatial vari-

ations (Mie-Scattering, see Tüg et al., 1977). The interplay of these processes dictates

the overall transparency of the atmosphere at any given time.

The Airmass (X) provides a convenient measure of the relative atmospheric path length

encountered by light from a celestial source. It is defined relative to the optical path at

the zenith, where X = 1. For a celestial object at zenith angle z, the airmass can be

approximated by the secant of the zenith angle, X ≈ sec(z). This approximation holds

reasonably well for zenith angles up to approximately 60◦. At larger zenith angles, the

curvature of the Earth and the vertical structure of the atmosphere require more accurate

formulations to describe the effective optical path. Examples of such formulations are

given by Young et al. (1967), Kasten et al. (1989), and Pickering (2002).

In observational astronomy, airmass is primarily used as a convenient parameterisation

of atmospheric extinction, allowing the attenuation of starlight to be expressed as a

function of viewing geometry.

Atmospheric extinction exhibits a strong dependence on the wavelength of light. Shorter

wavelengths generally experience greater extinction due to the nature of Rayleigh scat-

tering and absorption by various atmospheric molecules. Consequently, the atmospheric

extinction coefficient (k), which quantifies the amount of extinction per unit airmass, is

a function of wavelength, k(λ). When employing a monochrome camera without filters,

the measured instrumental magnitude represents an integrated response across the cam-

era’s sensitivity range. The effective wavelength of this integrated response is influenced
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by both the spectral sensitivity of the camera’s sensor and the spectral energy distribu-

tion of the observed star. This implies that the effective wavelength might vary slightly

depending on the colour of the star being observed.

The basic photometric equation establishes a linear relationship between a star’s cat-

alogue magnitude (mcatalogue), its instrumental magnitude (minstrumental), the atmo-

spheric extinction coefficient (k), the airmass (X), and the photometric zero point (ZP ):

mcatalogue = minstrumental + k ∗X + ZP (2.1)

Equation 2.1 serves as the foundation for determining the atmospheric extinction co-

efficient from photometric observations of standard stars at varying airmasses. The

photometric zero point (ZP ) is an important parameter that accounts for the overall

sensitivity of the observer’s specific telescope and camera system, effectively calibrating

the instrumental magnitude scale to the standard magnitude system for a given obser-

vation night (Chromey, 2010).

A variety of techniques have been developed to monitor extinction, ranging from classi-

cal standard-star observations to modern real-time sensors and data-driven calibration

methods, each with its own advantages and limitations.

2.5.2 Classical Photometric Extinction

The traditional approach to determining atmospheric extinction is through photometry

of standard stars at different airmass. By observing one or more standard stars (with

known intrinsic magnitudes) over a range of altitudes, a fit of the observed magnitude as a

linear function of air mass is used to derive the first-order extinction coefficient (Landolt,

1983 and Landolt, 1992). This so-called Bouguer or Beer’s law method yields a nightly

zero-point and extinction value for each filter. Classical extinction determination assumes

that atmospheric transmission is uniform across the sky and stable over the night, so that

the magnitude-airmass relation holds true. While robust on clear photometric nights,

this method can be less reliable if conditions are variable or if spatial variations (e.g.

patchy clouds or aerosols) are present. However, dedicating observing time to multiple

standard stars incurs a cost to science time. Nevertheless, the standard-star technique has

been the foundation of photometric calibration for decades and is implemented at most

observatories (see Stubbs et al., 2006 for a review of photometric calibration methods).



27

2.5.3 Real-time Extinction Measurements

Modern observatories increasingly rely on dedicated monitors to measure atmospheric

conditions in real time, including transparency. For example, combined MASS-DIMM

units (Multi-Aperture Scintillation Sensor + Differential Image Motion Monitor) contin-

uously observe bright stars to measure atmospheric seeing and can also track the flux

attenuation, providing an estimate of the extinction throughout the night (Kornilov et

al., 2010). The RoboDIMM system (Augusteijn, 2001) similarly offers automated seeing

measurements at frequent intervals and can flag transparency dips when clouds or haze

reduce a star’s intensity. Another example is the calibration telescope for the Vera C. Ru-

bin Observatory (VRO/LSST, Ivezić et al., 2019), a 1.2m telescope (AuxTel, Ingraham

et al., 2020) with a spectrophotometric instrument (LATISS) dedicated to measuring the

atmospheric transmission on the same site in parallel with the main survey. These real-

time data streams allow observers or automated pipelines to apply extinction corrections

on the fly and to identify non-photometric periods immediately. By comparing simulta-

neous extinction readings from multiple instruments or sites, cross-calibration techniques

can be used to maintain a consistent photometric scale across several telescopes.

2.5.4 Catalogue-Based Matching

An alternative strategy for extinction determination is to use external all-sky photomet-

ric catalogues as a reference for zero-point calibration. Large star catalogues such as

Tycho-2 (Høg et al., 2000), APASS (Henden et al., 2018a), and more recently the Gaia

catalogue (Gaia Collaboration et al., 2016), provide accurately calibrated magnitudes for

millions of stars across the sky. By matching stars observed in a science exposure to their

catalogued magnitudes, it is possible to infer the photometric zero-point offset and thus

deduce the total extinction along that line of sight at the time of observation. In practice,

if a field contains a sufficient number of catalogue stars of known brightness and colour,

a simple fitting of the difference between instrumental magnitudes and catalogue mag-

nitudes (as a function of air mass or colour) yields both the atmospheric extinction and

the instrumental zero-point (Sterken et al., 1992). This catalogue-matching approach is

widely used in automated survey pipelines to correct photometry on a frame-by-frame or

nightly basis. It has the advantage of requiring no dedicated standard-star observations,

since the calibration references are present in the science images themselves. However,

its accuracy depends on the quality of the reference catalogue and the assumption that

any systematic differences (such as colour term mismatches between the instrumental

filter and the catalogue’s passband) are either small or can be corrected separately. Still,

with modern all-sky surveys providing dense grids of calibrator stars (for example, Gaia’s
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G-band photometry is internally calibrated to the millimagnitude level, see Gaia Collab-

oration et al., 2021), catalogue-based zero-point derivation has become a powerful tool

for real-time extinction and zero-point monitoring in observational astronomy.

2.5.5 Differential Extinction Estimation

Beyond absolute calibration against standard catalogs or stars, one can also estimate

extinction differentially by analyzing the observed magnitude residuals of many stars

as a function of airmass. In this approach, the difference between an observed star’s

instrumental magnitude and its expected magnitude (from a catalog or from an assumed

baseline) is tracked, and the trend of these residuals versus air mass is used to solve for

the extinction coefficient. Essentially, if multiple stars are observed in the same frame

or at close times but at slightly different air masses, their relative dimming can reveal

the incremental effect of atmospheric path length. Plotting magnitude residuals against

air mass and fitting a line yields an extinction slope without strictly requiring a prior

absolute calibration for each star. This differential method can be applied on a single

wide-field image that contains stars over a range of elevations, or across a set of images

taken as a field traverses different air masses. The advantage of using wide-field cameras

is that they capture numerous stars simultaneously, providing a large sample to average

out measurement noise and temporal fluctuations. Wide-field observations may even

cover enough sky area to include stars at notably different zenith angles in one shot, en-

hancing the leverage for an extinction fit. Meanwhile, employing a “near-field” reference

- i.e. calibration stars observed in nearly the same direction and at the same time as

the science target - ensures that local atmospheric effects (clouds or gradients in extinc-

tion across the sky) are nearly identical for both target and reference. By combining

the breadth of wide-field measurements with the locality of near-field comparisons, this

differential extinction estimation can yield robust, real-time extinction values tailored to

the specific observation. This leverages the internal consistency of star brightness within

each exposure (or set of exposures) to continuously solve for atmospheric transparency

variations. This approach is conceptually similar to the self-calibration used in large

surveys, which fit for zero-point and extinction across many overlapping fields (Padman-

abhan et al., 2008), but here it can be implemented on a more immediate timescale and

even on individual frames. The result is an ability to correct for atmospheric extinction

dynamically, improving photometric accuracy without exclusively relying on traditional

standard star observations.
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2.5.6 Atmospheric Extinction at the ORM

The atmospheric extinction at the ORM has been analysed for several decades (for a

general overview see Munoz-Tunón et al., 2007). Especially the Carlsberg Meridian

Telescope (CMT), which was operated between 1984 and 2013, provided a database of

20 years of photometric measurements (Garcia-Gil et al., 2010) in the V band and r′ band

which is by today still the most comprehensive analysis of the atmospheric extinction

over the ORM.

The analysis by Garcia-Gil et al. (2010) reveals a stable extinction coefficient over the

20-year period, with a median kV = 0.130mag airmass−1 and no statistically significant

long-term trend. Seasonal variations are clearly identifiable, with increased mean extinc-

tion values during the summer months (June-September) due to a higher frequency of

Saharan dust intrusions. While the median extinction remains nearly constant across

seasons, the mean v-Band extinction rises from 0.144mag airmass−1 in the rest of the

year to 0.183mag airmass−1 in summer. The fraction of nights affected by dust or cirrus

was estimated through log-normal fits to the extinction distributions, yielding 29% in

summer and 13% in the remainder of the year. The CMT data also captured significant

extinction increases following the eruptions of El Chichón (1982) and Mount Pinatubo

(1991), demonstrating the influence of global-scale atmospheric events.

2.6 Sky Brightness Monitoring and Modelling

The brightness of the night sky is a fundamental limitation in ground-based astronomical

observations. Even in the absence of moonlight and artificial light pollution, the night

sky exhibits a persistent glow arising from a combination of natural atmospheric and

astrophysical sources. This glow, often referred to as the night sky background, forms

the baseline flux against which astronomical signals must be detected, and as such, it

plays an important role in determining the achievable signal-to-noise ratio (SNR) in

photometric and spectroscopic measurements.

Sky brightness is commonly expressed in units of astronomical magnitudes per square

arcsecond (mag arcsec−2), a logarithmic surface brightness scale that facilitates com-

parison across different observing conditions and instruments. Under pristine dark-sky

conditions, the zenith brightness in the V band typically lies in the range of 21.5-

22.0 mag arcsec−2. Brighter sky conditions, whether due to atmospheric phenomena

or anthropogenic light, degrade the contrast between astronomical sources and the back-

ground, requiring longer exposures to achieve a given SNR, or resulting in reduced pho-

tometric precision for fixed exposure times.
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This section reviews the principal contributors to sky brightness, summarises common

measurement techniques, and highlights key models used to predict sky background.

2.6.1 Natural and Artificial Contributions

Natural night sky brightness arises from several diffuse sources. The dominant contribu-

tor on a moonless night is airglow, originating from excited atoms and molecules. Airglow

can account for up to 60% of zenith sky brightness, increasing toward the horizon due

to increased atmospheric path length. Zodiacal light, caused by sunlight scattered by

interplanetary dust, can account for up to 50%, especially near the ecliptic. Other con-

tributors include diffuse starlight and galactic dust, as well as a negligible extragalactic

background.

The Moon is the brightest natural source at night. A full Moon increases the sky bright-

ness by up to 4 magnitudes in the optical bands; even a quarter Moon causes significant

enhancement. The moon’s effect is wavelength dependent, with a greater impact in bluer

bands.

Twilight is caused by scattering of sunlight in the upper atmosphere (at dusk). Astro-

nomical twilight ends when the Sun is 18◦ below the horizon. Before this, sky brightness

decreases rapidly across civil (<6◦) and nautical (<12◦) twilight.

Sky brightness varies with time due to the solar cycle and seasonal effects. Airglow is

stronger during solar maximum. For example, Mauna Kea shows V-band brightness

ranging from 21.9 to 21.3 mag/arcsec2 between solar minimum and maximum (Krisciu-

nas, 1997).

Artificial light pollution elevates sky brightness due to scattered upward light from human

settlements. The effect can extend tens to hundreds of kilometres. Pristine sites like

Cerro Paranal or Mauna Kea have minimal artificial contributions due to remote locations

and protective lighting laws. La Palma benefits from similar protections. Sky brightness

in such sites reaches B≈22.7, V≈21.9 mag/arcsec2 (Garstang, 1989).

2.6.2 Measurement Approaches

Quantifying night sky brightness is essential for assessing observational conditions and

characterizing the impact of natural and artificial light sources. Several measurement

techniques have been developed, each with specific advantages and limitations, depending

on the required precision, spatial coverage, and practical constraints. A recent overview

is given in Hänel et al., 2018.
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Photoelectric photometers represent one of the earliest methods used in astronomy

to measure sky brightness. These instruments use narrowband filters and photomulti-

plier tubes or photodiodes to obtain calibrated flux measurements in specific passbands,

typically in the Johnson-Cousins system. Because they measure a small field of view,

careful pointing to star-free sky regions is required. Long-term monitoring campaigns us-

ing photoelectric photometers have provided valuable historical records, but the method

is labor-intensive and sensitive to calibration drifts (Sterken et al., 1992).

CCD imaging has become the standard approach in modern observatories (e.g. Aceituno

et al., 2011). Sky background levels can be extracted from science images by measuring

the mean or median pixel values in star-free regions or by masking stars algorithmi-

cally. This method allows spatially resolved measurements over large fields of view and

enables correlation with other observational parameters (e.g. airmass, Moon phase).

However, accurate background estimation requires proper flat-fielding and awareness of

instrumental artifacts such as scattered light or residual bias structure.

All-sky cameras and DSLR-based systems (e.g. Smith et al., 2004 or Rabaza et al.,

2010) with fisheye lenses enable wide-angle or full-sky monitoring. These instruments

provide contextual information about the spatial distribution of sky brightness and cloud

coverage. While relatively low cost and easy to deploy, such systems face challenges in

calibration, particularly in correcting for vignetting and lens distortion. Nevertheless,

they are used at observatories for qualitative monitoring and, when carefully calibrated,

can yield quantitative sky brightness maps.

Sky Quality Meters (SQMs) (Sánchez de Miguel et al., 2017) are compact, com-

mercially available devices based on photodiodes that report sky brightness in units of

mag/arcsec2. They offer a cost-effective solution for continuous monitoring and are pop-

ular among both professional astronomers and the amateur community. Although their

spectral response is relatively broad and not strictly matched to standard filters, they are

useful for tracking long-term trends, light pollution levels, and nightly variations when

deployed in fixed, dark-sky locations.

Regardless of the instrument, accurate sky brightness measurements require careful cal-

ibration. This typically involves comparison with known standard stars or previously

established zero points. Reported brightness values depend strongly on the filter system

used; most professional data are presented in Johnson-Cousins UBVRI passbands or in a

broadband visual-equivalent band. Variations between instruments and passbands must

be considered when comparing data from different sources.
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2.6.3 Empirical and Analytical Models

Predicting night sky brightness under varying conditions is important for observational

planning and scheduling. Over the years, both empirical and physically motivated models

have been developed to estimate sky brightness as a function of key parameters, such as

lunar phase and atmospheric conditions.

One of the most widely adopted empirical models is the moonlight brightness model

developed by Krisciunas et al. (1991). This model estimates the increase in sky brightness

due to scattered moonlight based on a few easily accessible variables: the lunar phase,

the altitude of the Moon, the altitude of the target, and the angular separation between

the Moon and the target. It provides practical predictions that are sufficiently accurate

for most scheduling and exposure time estimation purposes.

More advanced models aim to simulate sky brightness with greater physical fidelity

by incorporating the underlying physics of atmospheric scattering and lunar reflection.

Notably, the ESO Sky Model (Noll et al., 2013) provides a comprehensive framework that

includes detailed radiative transfer calculations for both Rayleigh and aerosol scattering.

This model accounts for the Moon’s position, phase, and altitude, as well as the observer’s

location and atmospheric conditions. It has been successfully applied to estimate sky

brightness at the Very Large Telescope (VLT) in Chile.

Other natural contributors to sky brightness are also modelled using empirical or semi-

empirical approaches. Zodiacal light, which arises from sunlight scattered by interplane-

tary dust, is typically estimated using maps derived from satellite observations and pho-

tometric surveys, with brightness depending on solar elongation and the ecliptic latitude

of the observed field (Leinert et al., 1998). In contrast, airglow, a complex phenomenon

resulting from chemical reactions in the upper atmosphere, remains difficult to predict

accurately. Nevertheless, its intensity is known to correlate with solar activity, increasing

during solar maximum.

Artificial sky brightness due to light pollution has also been modelled extensively. One

of the foundational works in this domain is by Garstang (1989), who combined atmo-

spheric scattering models with empirical data on urban light emissions to estimate sky

brightness gradients around populated areas. Subsequent models, such as those pre-

sented by Duriscoe et al. (2018), have refined these predictions using satellite-derived

measurements of upward light emission, particularly from instruments such as the Visi-

ble Infrared Imaging Radiometer Suite (VIIRS, Cao et al., 2014) aboard the Suomi NPP

satellite. These models enable global-scale mapping of light pollution and have become

important tools for site characterisation and dark sky preservation efforts.
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2.6.4 Integration into Robotic Scheduling

Accurate knowledge of sky brightness plays an important role in the scheduling of obser-

vations on robotic telescopes. Unlike classical observing, where a human observer may

assess sky conditions in real time, robotic systems must rely on predictive models and

real-time environmental data to make autonomous decisions. As such, sky brightness can

be incorporated into multiple layers of the scheduling process to ensure optimal scientific

return.

At the proposal stage, astronomers typically specify constraints related to acceptable sky

brightness levels for their observations. These may take the form of categorical conditions

such as “dark,” “grey,” or “bright” time, or they may define quantitative thresholds in units

of mag/arcsec2. Such constraints directly influence time allocation decisions, determining

when a given target is eligible to be observed within the operational schedule.

During night-time operations, dynamic schedulers evaluate candidate observations by

predicting sky brightness for each target at the current time and sky position. This real-

time evaluation is important for robotic surveys such as the Zwicky Transient Facility

(ZTF, Bellm et al., 2019) and the Vera C. Rubin Observatory (LSST, Ivezić et al., 2019),

where rapid cadence and automated decision-making require fast yet accurate estima-

tion of observing conditions. By computing expected sky brightness using empirical or

analytical models, schedulers can prioritise targets that match the current sky conditions

and defer those that do not.

Sky brightness also enters directly into exposure time calculators, particularly through

its influence on the signal-to-noise ratio (SNR). As sky background increases, the SNR

for a given target decreases, necessitating longer exposures to achieve the same photo-

metric precision. Exposure calculators therefore incorporate sky brightness predictions

or measurements to adjust exposure times dynamically, or to reject targets outright if

the conditions are deemed unsuitable for the desired data quality.

Environmental monitoring systems provide real-time measurements of sky brightness,

often using instruments such as Sky Quality Meters (SQMs) or calibrated all-sky cameras.

These devices supply live data that can be fed into the scheduling system to update or

override model-based predictions. By continually re-evaluating sky conditions, robotic

systems can adapt to transient changes, such as the onset of moonlight or artificial light

interference, and adjust the observing plan accordingly.

Through this multi-level integration of sky brightness, ranging from proposal constraints

to real-time scheduling decisions, robotic observatories are able to maximise efficiency,

protect sensitive programs, and allocate bright conditions to more tolerant observations.
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This strategic coordination ensures that the telescope is utilised to its full potential under

varying sky conditions.

2.6.5 Sky Brightness on La Palma

In recent decades, light pollution is a significant and growing contributor to sky bright-

ness, especially in the proximity of urban areas. The upward scattering of artificial light

by aerosols and molecules in the lower atmosphere creates a diffuse glow (referred to as

skyglow) that can elevate the background by several magnitudes, particularly at low ele-

vations and near the horizon. The spectral characteristics of this light pollution depend

on the types of lighting in use, with modern white-light-emitting diodes (LEDs) posing

new challenges due to their broad emission and strong blue component, which scatters

efficiently in the atmosphere.

To prevent increased light pollution, the Spanish government introduced the “Ley del

Cielo” (“The Sky Law”) for the Island of La Palma (Ley 31/1988, Ley del Cielo 1988).

The Sky Law represents one of the earliest and most comprehensive national efforts

to legally protect astronomical infrastructure from environmental degradation. Admin-

istered in collaboration with the Instituto de Astrofísica de Canarias (IAC), the law

applies specifically to the islands of La Palma and is enforced across multiple sectors

that affect observational quality. It regulates four primary domains: light pollution,

radio frequency interference, aerial traffic, and atmospheric pollution. The most visible

and impactful component of the Sky Law concerns the control of artificial lighting, which

poses a significant threat to the quality of optical and near-infrared observations through

the enhancement of night sky brightness.

The enforcement of the Sky Law has demonstrable benefits. A spectroscopic survey con-

ducted at the ORM before and after midnight (Pedani, 2004) revealed an approximately

50% reduction in mercury emission lines following the mandated light curfew, and a

long-term decrease in total artificial sky brightness of < 0.1 at zenith in V and R bands.

2.7 Scheduling for Robotic Telescopes

2.7.1 Robotic Scheduling in Time-Domain Astronomy

2.7.1.1 From Nightly Scripts to Reactive Systems (1990–2010)

The earliest robotic telescope scheduling systems emerged in the 1990s, when automa-

tion was first applied to small-aperture observatories to improve efficiency and reduce
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the need for on-site personnel. These systems relied heavily on static scripts and prede-

fined observing plans, typically generated during the day and executed without further

decision-making.

Pioneering efforts included the RoboScope system (Honeycutt et al., 1992), which au-

tonomously executed photometric observations of variable stars using a nightly target list

and weather-based abort conditions. Similarly, the Global Oscillations Network Group

(GONG, Harvey et al., 1996) and CONCAM (the Continuous Camera, Pereira, 2003)

systems demonstrated how all-sky imaging and solar observations could be run in a fully

unattended fashion. However, none of these systems featured real-time target selection

based on scientific urgency or environmental feedback.

A major shift occurred with the development of dynamic queue schedulers: systems

that could evaluate observation requests in real time, using current conditions, target

visibility, and scientific priority. One of the earliest and most influential systems in this

class was RAPTOR (Vestrand et al., 2002), which integrated transient detection and

follow-up by automatically reacting to its own real-time alert stream.

Also, the MASTER network began implementing rapid response strategies for gamma-

ray bursts and other transients (Lipunov et al., 2012), using custom schedulers that

selected targets based on pre-assigned priority scores and sky location. These systems

often used proprietary rules and hard-coded logic but laid the groundwork for later

general-purpose robotic observatories.

The RoboNet-1.0 (Mottram et al., 2008) initiative marked another important step. Built

around the Liverpool Telescope and the two Faulkes Telescopes, it offered a shared

scheduling platform for science users across the UK and beyond. Although initially driven

by human-curated scripts, it eventually incorporated a dynamic dispatch algorithm based

on feasibility filtering and priority scoring. This structure - first filter out infeasible

targets, then score and select the best one - became a defining feature of many robotic

schedulers in the following decade.

2.7.1.2 Mature Queue Scheduling and Science Success (2010–2020)

By the early 2010s, dynamic queue-based scheduling had become a standard feature

of many robotic telescope systems. The key architecture, a feasibility filter followed

by a multi-factor scoring function, was adopted by diverse observatories ranging from

small-aperture survey instruments to large robotic facilities.

The Liverpool Telescope’s scheduler, described in Fraser et al. (2004), became one of the

most widely referenced implementations. It provided real-time decision-making based



36

on elevation, scientific priority, seeing constraints, and target cadence. Other facilities,

including LCOGT (Brown et al., 2013) and the Faulkes Telescopes, built similar systems

that allowed geographically distributed users to submit proposals and receive data with

minimal human intervention. These systems were characterised by modularity, robust-

ness, and operational simplicity.

Scientific output during this period highlighted the power of such systems. Robotic

telescopes made critical contributions to the study of gamma-ray bursts (e.g., via Target-

of-opportunity overrides), novae and recurrent novae (e.g., Darnley et al. 2014), and

early-phase supernovae. Observations could be executed within minutes to hours of a

trigger, and long-term campaigns (including AGN monitoring and microlensing) were

reliably scheduled over months.

Despite differences in hardware and institutional context, most schedulers converged on a

shared philosophy: score available targets using a weighted sum of heuristic features, then

select the highest scorer. Flexibility was achieved by adjusting score weights or adding

constraints (e.g., weather, moon avoidance). These systems worked well for observatories

with moderate target volumes and relatively homogeneous science goals, as was typical

before the rise of high-cadence transient surveys.

2.7.1.3 The New Frontier: Transient Floods and AI-Guided Scheduling

The past decade has brought a dramatic shift in the demands placed on robotic scheduling

systems. High-cadence, wide-field surveys such as Pan-STARRS (Kaiser et al., 2002),

ATLAS (Tonry et al., 2018), the Zwicky Transient Facility (ZTF; Bellm et al., 2019),

and the Vera C. Rubin Observatory’s Legacy Survey of Space and Time (LSST; Ivezić et

al. 2019) have transformed transient astronomy into a data-rich regime. These facilities

together produce millions of alerts per night, many of which are only visible for brief

intervals or evolve rapidly over hours or days.

To cope with this deluge, dedicated alert brokers have been developed to process, enrich,

and classify transient alerts in real time. Notable among these are:

• Lasair (Smith, 2019), a broker optimised for UK-based follow-up, built and tested

around the ZTF and ready for LSST streams.

• ANTARES (Matheson et al., 2021), developed in the US with strong integration

into LSST operations planning.

• ALeRCE (Förster et al., 2021), a Chilean-led broker with particular focus on

machine-learning-based real-time classification.
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All three brokers implement automated classification pipelines using supervised machine

learning trained on archival and simulated light curves. The typical goal is to assign

transient candidates to probabilistic classes such as Type Ia or core-collapse supernovae,

cataclysmic variables, AGN flares, or stellar variables. These brokers use decision trees,

random forests, or neural networks depending on the use case and latency constraints.

Features used include light curve shape descriptors, contextual catalogue matches, colour

evolution, and variability metrics.

The classifications are not deterministic but probabilistic. For example, ALeRCE em-

ploys a two-stage classifier: a Real-Bogus filter to discard artefacts, followed by a Hierar-

chical Light Curve Classifier that assigns class probabilities from a taxonomy of known

transient types. Lasair uses a similar two-step pipeline that includes a Gaia match and

star-galaxy separation to inform its classification. ANTARES includes features such as

the Mahalanobis distance of a light curve from known class templates.

These automated pipelines allow brokers to triage alerts into scientifically valuable cat-

egories. However, schedulers must still make complex decisions:

• Uncertainty-aware execution: Classifiers return probabilities, schedulers must

decide how to act under ambiguity.

• Science-prioritised scoring: Should a high-probability Type Ia supernova be

prioritised over a 50% chance of a rare transient?

• Timing and evolution: Some targets must be observed immediately (e.g. early

spectra), others may benefit from delayed follow-up.

• Exposure optimisation: Based on transient brightness, required SNR, and real-

time observing conditions.

Several telescope networks have begun adapting to this new landscape. The ZTF Bright

Transient Survey (BTS) implemented a broker-to-telescope pipeline to prioritise Type

Ia supernovae (Fremling et al., 2020a), while the GROWTH Marshal (Kasliwal et al.,

2019) supports distributed manual and semi-automated follow-up planning. Experimen-

tal frameworks such as ALTSched (Rothchild et al., 2019) proposed goal-driven sched-

ulers that integrate target utility functions.

These developments signal a fundamental shift: robotic scheduling is no longer about

optimising a queue, but about making autonomous scientific decisions in real time. The

scheduler becomes a reasoning engine that must integrate astrophysical classification, ur-

gency, visibility, weather, and instrumentation constraints, often within seconds. Meet-

ing these challenges requires new algorithmic approaches, including predictive scheduling

and dynamic exposure planning.
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It is in this context that the limitations of legacy systems such as the Liverpool Tele-

scope’s static scoring architecture, become increasingly apparent. The following sections

explore these limitations and present possible pathways forward.

2.7.2 The Liverpool Telescope Scheduler

The Liverpool Telescope (LT), located at the Observatorio del Roque de los Muchachos

(ORM) on La Palma, is one of the world’s largest fully robotic telescopes. Since its first

light in 2004, it has played a key role in time-domain astrophysics, particularly in the

follow-up of gamma-ray bursts, novae, and supernovae. At the core of its autonomous

operations lies a dynamic queue-based scheduler, which selects observations in real time

based on a scoring algorithm and a set of feasibility checks (Fraser et al., 2004).

The LT’s scheduler evaluates and executes observing groups (user-defined sequences of

exposures) using a two-stage decision process. First, a feasibility model filters out

groups that cannot be executed under current constraints (e.g. unavailable instrument,

timing conflict, conditions, etc.). Then, a scoring algorithm assigns a numeric value

to each candidate group, selecting the one with the highest score for execution.

Candidate groups are first placed into one of three categories:

• Fixed Group Candidates: groups with strict timing constraints,

• Primary Candidates: standard groups without priority Z,

• Background Candidates: low-priority fallback groups (priority Z).

The scheduler selects the best available list in that order of preference (Fixed > Primary

> Background), and computes a score for each group in the list.

score = 0.5× SE + 0.5× SP + 0.15× SSM + 0.05× N (2.2)

Elevation Score SE: This component favours targets currently near their maximum

altitude. For each target within a group, the ratio of its current altitude to its predicted

nightly maximum is computed. These ratios are then averaged across all targets in

the group. This averaging reflects the fact that a group typically represents multiple

observations of the same object (e.g. multi-filter or multi-instrument exposures) or of

spatially co-located targets, which therefore share nearly identical visibility constraints.

Using the mean ensures that the group is evaluated as a coherent observing unit rather

than being dominated by a single component.



39

Because the score is normalised to each target’s own nightly maximum altitude, targets

with intrinsically low culminations are not penalised at transit. However, the metric still

favours observations close to culmination, which may systematically deprioritise objects

that are already descending in altitude, particularly when competing with rising targets

that have not yet reached peak elevation.

The score naturally increases for rising targets and decreases for setting targets. As a re-

sult, targets in the eastern sky often receive a higher elevation score than western targets

at comparable absolute altitudes. In time-critical campaigns, this temporal asymmetry

may cause setting targets—despite being scientifically urgent—to be deferred in favour

of objects that will remain visible for longer.

Priority Score SP : Each group inherits the scientific priority (A, B, C, or Z) from its

proposal and may be flagged as “urgent”. The score is increased by:

• +4 for priority A, +2 for B, 0 for C, -100 for Z,

• +2 if marked urgent,

• +1 if the group is a monitor or minimum-interval observation.

Here, a monitor observation refers to a repeated observation of the same target as part

of a time-series or long-term monitoring programme. A minimum-interval observation

is one for which a specified minimum time separation between consecutive executions is

enforced by the scheduler, ensuring controlled cadence and temporal spacing.

This value is then adjusted by the proposal’s “priority offset” (-7 to +7) and scaled.

Seeing Match Score SSM : Groups may specify a seeing constraint (e.g. max 1.2").

The scheduler compares this to the current seeing estimate and computes a match score:

smscore =
1

1 + (maxSeeing − predictedSeeing)
(2.3)

Here, predictedSeeing denotes the current estimate of atmospheric image quality pro-

vided to the scheduler. At the Liverpool Telescope, this value is derived automatically

from recent science exposures through the Quicklook processing system, which extracts

image-quality metrics from stellar profiles. The scheduler uses this rolling estimate as

a real-time proxy for prevailing seeing conditions. Default seeing is assumed to be 1.5

arcsec if no constraint is set.

It should be noted that this formulation does not behave as a simple reward function

for better seeing. Instead, it reflects the historical design of the LT scheduling system,

where individual scoring components act as modifiers within a larger composite priority
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Figure 2.4: Number of publications related to the Liverpool Telescope in the years
2004 to 2023 (see https://telescope.livjm.ac.uk/Pubs/)

calculation. In practice, the scheduler combines multiple terms (priority class, elevation

score, urgency, and constraint matches), and the final ranking is determined by the

combined score rather than by the behaviour of any single component in isolation.

Random Noise N : A small random term ensures non-deterministic tie-breaking and

avoids starvation of similar-scoring groups.

This scoring system is both light- weight and effective. It has served the LT well for

nearly two decades, enabling significant science output with minimal human oversight

(see Figure 2.4). However, as the demands of time-domain astronomy have evolved, this

architecture shows signs of limitations, which will be explored in the following section.

2.7.3 Limitations of the Current Approach

The Liverpool Telescope’s current scheduler, while effective for its original science goals,

faces several limitations in the context of modern time-domain astronomy. These lim-

itations are not due to technical failures, but rather reflect a change in the scientific

landscape: new types of targets, faster timescales, and higher volumes of alerts demand

a level of responsiveness and flexibility that the current system was not designed to

provide.

Delayed response to fast transients: The scheduler is designed to favour targets near

their meridian crossing, using elevation as a major component of the scoring function.

While this maximises data quality by favouring observations near transit, it can delay

follow-up of newly detected transients that are still at low elevation. In rapidly evolv-

ing events, waiting for improved altitude may result in missed early-time science. For

https://telescope.livjm.ac.uk/Pubs/
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fast-evolving transients such as Fast Blue Optical Transients (FBOTs, e.g., AT2018cow;

Perley et al., 2019), gamma-ray bursts (GRB, i.e. 221009a “The BOAT”, Laskar et al.,

2023), kilonovae, or early-phase novae (e.g., M31N 2012-10a; Darnley et al., 2014), this

delay can result in missed scientific opportunities. Although the LT provides a dedicated

override mode (Target of Opportunity) for gamma-ray bursts and other extreme events,

most targets must still pass through the queue-based system, which may not prioritise

them optimally.

Inadequate support for monitoring campaigns: Many long-term programs such as

reverberation mapping of Active Galactic Nuclei (AGN), require regular, evenly spaced

observations across weeks or months, sometimes regardless of weather or lunar phase.

While the LT scheduler can repeat observations with specified intervals, the Phase II

system (the interface through which accepted proposals are translated into detailed ob-

serving requests including targets, exposure times, constraints, and monitoring intervals)

offers limited control over tolerances, priorities, or fallback behaviour under suboptimal

conditions. As a result, programs like those described in Goicoechea et al. (2024) and

McHardy et al. (2023) do require regular manual adjustment of exposure times and

constraints or acceptance of an uneven cadence.

Bias against low-altitude and southern targets: As discussed in the previous

section, the elevation scoring metric strongly favours high-altitude targets. This system-

atically devalues targets that transit low on the sky, typically southern objects from La

Palma, or those visible only near the horizon. Scientifically important targets may be

repeatedly outscored by better-placed alternatives, and eventually fall off the schedule

altogether. While technically feasible to observe, such targets require active intervention

(changing priority or priority offsets by the LT support staff) or relaxed constraints to

be executed.

Human-in-the-loop classification bottleneck: The era of wide-field surveys has

brought a deluge of transient alerts: ZTF, ATLAS, and now LSST at the Vera C. Rubin

Observatory, generate thousands of candidate events per night. With LSST expected

to produce up to 10,000 alerts per second, the volume of transients requiring follow-

up will definitely exceed the capacity of traditional human-driven scheduling systems.

However, only a small fraction of these alerts currently receive spectroscopic classification

(Kulkarni, 2020), leaving a significant gap in our ability to characterise the transient sky.

The Liverpool Telescope’s Phase II interface requires manual preparation of observations,

and the existing scheduler is not optimised for high-throughput classification work. This

manual overhead creates a bottleneck in processing large alert streams. In contrast, the

next-generation New Robotic Telescope (NRT, see ??) is being designed with large-scale

transient classification as a core goal. To achieve this, the follow-up loop must be closed:



42

from alert ingestion, to exposure time calculation, to immediate execution, all without

human intervention.

This new operational paradigm requires a scheduler that not only reacts quickly, but

also intelligently. For example, when an alert is received from brokers such as Lasair

(Smith, 2019) or the Transient Name Server (TNS), it often includes a machine-learned

pre-classification (e.g. Broccia, 2021; Williams et al., 2024) and an estimated magnitude

in one or more bands (typically r or g). A modern scheduler must be capable of taking

this input, computing the necessary exposure time to achieve a user-defined signal-to-

noise ratio, and selecting the optimal execution window along the target’s sky path. In

some cases such as fast-evolving or rare transients, the observation must be triggered im-

mediately, regardless of suboptimal conditions. In others, a more flexible window allows

the scheduler to delay the observation for better sky placement and shorter exposure

time.

Scientific motivation for a new paradigm: The limitations described above point

toward a need for more responsive, predictive, and context-aware scheduling strategies.

Rather than relying on static constraints and elevation-based scoring, future systems

must integrate real-time atmospheric conditions, transient urgency, and science-driven

priorities. This is particularly important for observations where speed matters more than

quality, or where constraints are flexible but scientifically significant.

This kind of adaptive decision-making, where scientific urgency and exposure strategy

are computed dynamically, forms the basis of the signal-to-noise ratio based scheduling

system described later in this thesis.

2.8 Automated Transient Classification

In the modern era of time-domain astronomy, the rate at which new astrophysical tran-

sients are discovered has far surpassed the capacity to classify them spectroscopically.

The combination of high-cadence optical surveys and multi-messenger alerts has trans-

formed the field from one in which discoveries were rare and highly sought after, to

one in which the nightly influx of candidates threatens to overwhelm available follow-up

resources (Kulkarni, 2020). Facilities such as the Zwicky Transient Facility (ZTF) rou-

tinely generate between 105 and 106 alerts per clear night (Bellm et al., 2019), while the

Vera C. Rubin Observatory’s Legacy Survey of Space and Time (LSST) will produce an

anticipated 107 alerts per night (Ivezić et al., 2019). This represents a step change not

only in data volume but also in operational philosophy: traditional workflows, in which
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human astronomers filter candidates and schedule observations, are no longer viable at

these scales.

The so-called classification bottleneck has become a central challenge in this new land-

scape. While photometric filtering can eliminate obvious false positives and recover likely

variables or moving objects, definitive classification of extragalactic transients almost al-

ways requires spectroscopy. In 2019, the ratio of reported optical transients to those

receiving a spectroscopic classification was approximately ten to one (Kulkarni, 2020).

With LSST-scale discovery rates, even maintaining this ratio would demand an unsus-

tainable increase in spectroscopic throughput, and the inevitable consequence is that

many rare or unusual phenomena will remain unidentified.

Efforts to automate classification have their origins in the late 2000s, when the Palomar

Transient Factory (PTF; Law et al. 2009) integrated real-time candidate vetting, robotic

scheduling, and immediate photometric and spectroscopic follow-up. PTF demonstrated

that an end-to-end automated system could operate productively, with the Palomar 48-

inch telescope providing discovery imaging and the robotic 60-inch telescope delivering

rapid follow-up. Its successor, the intermediate Palomar Transient Factory (iPTF), im-

proved the classification rate through more sophisticated filtering and scheduling, and

ZTF extended this model to an order-of-magnitude higher alert rate by deploying a

47 deg2 camera and a modernised alert-distribution infrastructure. Within ZTF, the

Bright Transient Survey (BTS) exemplified the efficiency gains possible with a dedicated

spectroscopic facility: using the low-resolution, high-throughput Spectral Energy Distri-

bution Machine (SEDM) on the Palomar 60-inch, the BTS classified nearly every bright

transient in its footprint, and in 2019 alone the SEDM was responsible for roughly 40%

of all new supernova classifications worldwide (Fremling et al., 2020a).

As alert rates increased, it became evident that intermediate software layers would be

essential to bridge the gap between survey discovery and telescope follow-up. Event

brokers such as Lasair (Smith, 2019), ANTARES (Matheson et al., 2021), and ALeRCE

(Förster et al., 2021) emerged to ingest the full survey alert stream, enrich each alert

with contextual information, and apply machine-learned classification algorithms. These

brokers typically cross-match transients with archival catalogues to identify likely hosts,

separate Galactic from extragalactic sources, and flag known variables. Machine-learning

components then analyse available photometry and colour information to assign proba-

bilistic classifications, identifying, for example, a transient as a likely Type Ia supernova,

cataclysmic variable, or tidal disruption event. The probabilistic nature of these classifi-

cations reflects the fact that alerts may contain only a few data points initially; brokers

update their classifications dynamically as additional observations accumulate. In this
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way, candidate lists are continually reprioritised, with the most scientifically valuable

events, however that value is defined, surfaced for rapid follow-up.

Automated classification is most effective when coupled directly to robotic telescopes.

The Liverpool Telescope (LT) has demonstrated this through its low-latency queue in-

jection for gravitational-wave and gamma-ray burst triggers (Copperwheat et al., 2016),

in which alerts meeting predefined criteria can bypass manual proposal processes and

enter the observing queue within seconds. Similar concepts are implemented in other

domains, such as the H.E.S.S. gamma-ray observatory, whose transient follow-up system

automatically filters incoming alerts according to science-case criteria, assesses visibility

and conditions, and schedules observations accordingly (Hoischen et al., 2022). These

systems are designed to operate as part of a closed loop: discovery leads to automatic

classification and prioritisation, which in turn drives immediate observation requests;

the resulting data are reduced in real time and fed back into the classification stage,

potentially triggering further observations or community alerts.

Science-case-based scheduling forms a natural extension of this paradigm. A possible

kilonova candidate from a gravitational-wave localisation might trigger a pre-scripted se-

quence of wide-field imaging followed by rapid spectroscopy if the object meets colour or

brightness criteria. A bright, rising supernova could be queued for classification within

24 hours, prioritised according to host galaxy properties or redshift. A gamma-ray burst

afterglow might prompt initial short exposures to track its rapid fading, followed immedi-

ately by a spectrum if it remains above a given magnitude threshold. By encoding such

logic into the scheduler, robotic telescopes can adapt their behaviour to the transient

type, ensuring that limited follow-up resources are used to maximum scientific effect.

The upcoming New Robotic Telescope (NRT) has been conceived with this fully inte-

grated approach in mind. Its design calls for a 4-metre aperture with sub-30-second

reaction times, optimised for both the rapid characterisation of fast-fading transients

and the high-throughput classification of survey discoveries (Copperwheat et al., 2015).

Operating in tandem with the existing LT, equipped with a wide-field imager to capture

candidate fields, the NRT’s main spectrograph would execute large numbers of classifi-

cation observations per night, driven directly by brokered alert streams. Similar devel-

opments are underway or already deployed elsewhere: the GOTO (Dyer et al., 2018) and

BlackGEM (Groot et al., 2024) arrays for gravitational-wave counterpart searches, the

SOXS spectrograph (Schipani et al., 2018) for rapid classification on the ESO NTT 3.6-

metre telescope, and network-level coordination efforts such as the Astronomical Event

Observatory Network (AEON) (Street et al., 2020), which enables automated distribu-

tion of follow-up requests to the most appropriate telescope based on location, conditions,

and capabilities.
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In combination, these survey, broker, and robotic follow-up systems are converging on an

operational model in which the latency from transient discovery to scientific exploitation

is measured in minutes. By removing the human from the immediate decision-making

loop, automated transient classification ensures that rare, short-lived, and scientifically

valuable events are recognised and acted upon before they fade, addressing one of the

most pressing challenges of time-domain astronomy in the 2020s.

2.9 Signal-to-Noise Ratio Based Scheduling

2.9.1 Overview

In ground-based optical and near-infrared (NIR) astronomy, the signal-to-noise ratio

(SNR) is a fundamental metric that governs the quality and interpretability of observa-

tional data. The SNR quantifies the clarity with which an astronomical signal can be

distinguished from various sources of noise and is thus important in both photometric

and spectroscopic applications (Howell, 2006).

The signal in astronomical imaging and spectroscopy is defined as the number of photo-

electrons generated by photons from the target source. Its value depends on the source

brightness, the telescope aperture, the detector quantum efficiency, and the exposure

time as well as the observational conditions such as atmospheric extinction, clouds, see-

ing and sky background. The noise encompasses all uncertainty contributors, and the

total noise is typically the quadrature sum of several independent components: photon

shot noise from both the source and sky background, dark current noise, and readout

noise (Howell, 2006).

Photon shot noise arises due to the Poisson nature of photon arrival rates. For a detected

flux of N electrons, the associated noise is
√
N . Sky background, a dominant noise source

in faint object detection, contributes proportionally to the number of pixels over which

the source is spread, and is heavily affected by atmospheric conditions and filter choice

(Newberry, 1991). In the NIR, sky brightness can be orders of magnitude higher than in

the optical, necessitating short exposures and rigorous background subtraction (Howell,

2006).

Detector dark current and readout noise add fixed noise components. While modern

CCDs exhibit low dark currents when cooled, NIR detectors may still contribute signifi-

cantly depending on the operational temperature. Readout noise, typically 3–10 electrons

RMS per pixel, becomes significant in low-light or high-resolution observations, where

signal levels are low or distributed over many pixels (Howell, 2006).
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Atmospheric seeing, which broadens the point-spread function, degrades SNR by increas-

ing the aperture area required to capture a majority of the source light, thus incorporating

more background noise. In contrast, adaptive optics (AO) can counteract this effect by

concentrating light into fewer pixels, improving SNR under suitable conditions.

Mathematically, the SNR can be approximated using the CCD equation:

SNR =
S√

S +B +D +N2
read

where S is the source signal, and the noise terms correspond to sky background (B), dark

current (D), and readout contributions(Nread). Depending on observational parameters,

SNR may be dominated by any one of these terms. For instance, faint-source observations

under dark skies tend to be background-limited, while narrowband imaging or short

exposures may be readout-noise dominated (Newberry, 1991; Howell, 2006).

SNR is directly linked to the precision of photometric and spectroscopic measurements.

In photometry, the magnitude uncertainty σmag scales inversely with SNR: σmag ≈
1.0857/SNR. In spectroscopy, sufficient SNR is required to resolve weak spectral fea-

tures, measure redshifts, and derive stellar parameters accurately. Optimal extraction

techniques, such as those introduced by Horne (1986), further enhance SNR by weighting

pixel contributions based on expected signal profiles.

2.9.2 Traditional Scheduling Approaches

In traditional observing, exposure lengths are typically fixed or planned in advance based

on time (e.g. a certain number of seconds or minutes per target). This time-based

scheduling assumes nominal conditions and does not adjust for real-time changes in

sky quality. Classic scheduling methods like queue scheduling or fixed nightly plans

treat observing time as static, which makes them vulnerable to variations in conditions

(Granzer et al., 2010).

If the sky gets brighter (moonrise, twilight) or seeing worsens, a fixed exposure may

fall short of the desired signal-to-noise ratio (SNR); conversely, if conditions improve,

the exposure might collect more SNR than needed, effectively wasting telescope time.

Time-based exposure scheduling lacks flexibility under varying conditions, leading to

suboptimal data quality or efficiency when weather, sky background, or seeing deviate

from the plan.
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A major limitation of fixed schedules is that unpredictable environmental changes can

"break" an optimal schedule, requiring on-the-fly adjustments. For example, a carefully

optimised sequence of observations can be derailed by unforeseen clouds or poor seeing,

since the original exposure times assumed better conditions. Ground-based observatories

have long recognised that a rigid observing plan is difficult to maintain in practice due to

weather variability. Traditional approaches often build in conservative exposure margins

or simply accept the risk of variable SNR outcomes.

Other domains of astronomy have started to see the benefits of moving beyond purely

time-based scheduling. For instance, in radio astronomy with very long baseline inter-

ferometry (VLBI), recent tests with the VLBI Global Observing System (VGOS, Petra-

chenko et al., 2013) replaced fixed scan durations with an SNR-based scheduling strategy.

By scheduling each observation until a predefined SNR threshold was reached rather than

allocating a fixed scan duration, the system reduced both under- and over-integration. In

this context, “observing efficiency” refers to the number of successfully completed scans

meeting the required SNR per unit telescope time. Under variable conditions, fixed-

duration scans either fail to reach sufficient sensitivity (in poor conditions) or overshoot

the requirement (in good conditions), wasting valuable time. The SNR-based strategy

therefore increased the fraction of telescope time contributing directly to scientifically

usable data (Schartner et al., 2025). This example underscores the potential gains of

SNR-driven scheduling: improved data quality and optimised telescope time under vari-

able conditions.

Schartner et al., 2025 propose and evaluate an SNR-based scheduling approach for the

VGOS (a network of radio telescopes dedicated to geodetic and astrometric measure-

ments). Traditional scheduling strategies for VGOS prioritise geometrical configurations

to optimise Earth orientation parameters and station positions, often neglecting real-

time observational conditions such as system sensitivity and source flux. The authors

introduce a novel framework that integrates a predictive model for SNR estimation di-

rectly into the scheduling algorithm, allowing the selection of scans with higher expected

SNRs without significantly compromising the geodetic performance of the network.

Through simulations and empirical data from VGOS sessions, their study demonstrated

that incorporating SNR predictions improves the robustness of scheduled scans, particu-

larly under sub-optimal observing conditions. The approach reduces the number of failed

observations and increases the average SNR across the session. The paper highlights the

trade-offs between purely geometric optimisation (where scan selection is driven pri-

marily by array geometry, source position, and visibility constraints) and quality-aware

scheduling (in which predicted signal-to-noise ratio is explicitly incorporated into scan

duration and ordering decisions), and suggests that hybrid models—blending geometry
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and SNR considerations—could offer a superior balance for real-time operations. This

work illustrates the potential of SNR-aware scheduling and reinforces the general princi-

ple that integrating sensitivity models into robotic scheduling frameworks can enhance

the scientific return of observational campaigns.

2.9.3 Adaptive Exposure Systems

Modern robotic observatories are increasingly incorporating adaptive exposure systems

to overcome the limitations of static scheduling. These systems adjust exposure times

dynamically in response to actual conditions or data, rather than adhering to a fixed plan.

Notable examples include the STELLA robotic observatory (Granzer et al., 2010) and

the Las Cumbres Observatory Global Telescope (LCOGT, Brown et al., 2013) network.

Granzer et al., 2010 report on three years of fully autonomous operations of the STELLA

robotic observatory, which consists of two 1.2-meter telescopes located at the Izaña ob-

servatory in Tenerife. STELLA is a fully autonomous observatory that reacts to real-

time conditions. In operation, it continuously evaluates weather and seeing and chooses

targets dynamically based on a dispatch-style scheduling system, in which the next ob-

servation is selected in real time from the set of currently feasible targets by evaluating

a weighted merit function, rather than constructing a fixed schedule for the entire night

in advance. This approach uses weighted merit functions to select observations in real

time, balancing short-term constraints (e.g., airmass, moon avoidance) with long-term

priorities (e.g., phase coverage, revisit intervals).

Although signal-to-noise ratio (SNR) is briefly mentioned in the context of guider ex-

posure tuning (aiming for SNR 5), it is not used as a scheduling criterion. Instead,

STELLA focuses on robust dynamic scheduling logic capable of handling diverse scien-

tific campaigns and changing environmental conditions. The paper provides operational

insights into robotic observatories and illustrates the flexibility and effectiveness of real-

time merit-based scheduling in a production setting.

The LCOGT network employs a different adaptive strategy. It operates a distributed

set of telescopes and uses a global adaptive scheduler to optimise target assignment.

If one site becomes unavailable, the scheduler can reassign the observation to another

telescope. This adaptivity lies in site selection and timing, rather than active adjustment

of exposure durations. Exposure times are generally set in advance by users, with the

help of calculators and guidelines.

A useful distinction can be made between forecasting and reactive adaptation. Fore-

casting approaches use predicted conditions (e.g., weather forecasts, expected seeing) to
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inform scheduling. Reactive systems, on the other hand, respond to real-time measure-

ments. STELLA is a prime example of reactive control.

Schlekat et al., 2025 describe a major software and systems overhaul of the Skynet

Robotic Telescope Network, a global network of 20 autonomous, queue-based optical

telescopes. The upgraded infrastructure introduces new observing modes, scheduling

capabilities, and a public API to facilitate flexible, scriptable access for time-domain

astronomy. One of the key future capabilities under development is the ability to submit

observation requests based on a desired signal-to-noise ratio (SNR).

2.9.4 SNR-Driven Models

The foundation of SNR-based scheduling is a formal model of the signal-to-noise ratio,

which accounts for signal and noise contributions in an exposure:

SNR =
S√

S +B +D +N2
read

(2.4)

where S is the source signal, B the background sky signal, D the dark current, and Nread

the total readout noise.

These terms can be expanded in terms of exposure time t, number of pixels npix, and

noise rates. For instance,

S = s · t

B = npix · bsky · t

D = npix · d · t

N2
read = npix ·N · σ2

read

Combining these, the SNR becomes:

SNR =
st√

st+ npix(bskyt+ dt) + npixNσ2
read

(2.5)

This formulation reveals the dependencies:

• Target Magnitude: Fainter objects require longer exposure times to reach the

same SNR.

• Sky Background: Bright conditions (e.g., moonlight) reduce SNR due to in-

creased B.
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• Extinction and Airmass: Higher airmass reduces S due to atmospheric attenu-

ation.

• Seeing: Poor seeing spreads signal over more pixels, increasing npix and thus noise.

• Detector Noise: Read noise and dark current matter especially in low-background

or short-exposure regimes.

These dependencies allow schedulers to compute the required exposure time for a given

SNR, or conversely, estimate the SNR achieved for a given exposure.

2.9.5 Application in Robotic Telescopes

Robotic observatories benefit greatly from dynamic SNR-based scheduling. The Auto-

mated Planet Finder (APF, Vogt et al., 2014), for instance, now uses adaptive exposure

control to determine the appropriate duration in real time. It can terminate exposures

early or extend them to meet a target SNR, leading to more uniform data quality.

The Skynet network is developing similar functionality, allowing users to specify an SNR

target rather than exposure time (Schlekat et al., 2025). The system evaluates incoming

images and determines whether additional exposures are needed to meet the requirement.

Currently such a system is developed for the New Robotic Telescope (NRT), where the

scheduler and SNR engine work in tandem. Based on catalogued target brightness,

measured sky brightness, current seeing, and airmass, the system calculates the required

exposure time to achieve the requested SNR. If clouds or transparency variations occur,

the exposure is adjusted or repeated until the goal is met.

This approach can standardise data quality, improve observing efficiency, and make the

system resilient to variable conditions. Exposure times become dynamic outputs, not

static inputs, making sure the telescope autonomously delivers optimal data in any ob-

serving situation.

2.10 Small Telescopes installed at the Liverpool Telescope

(STILT)

The Small Telescopes Installed at the Liverpool Telescope (STILT, Mawson et al., 2013)

comprise a network of dedicated imaging systems designed to provide continuous and

detailed monitoring of sky conditions at the Observatorio del Roque de los Muchachos

(ORM), specifically the Liverpool Telescope. This network consists of Skycam A, an
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all-sky camera offering 180◦ sky coverage; Skycams T and Z, co-pointing wide-field and

narrow-field cameras, aligned with the telescope’s observing direction; and Skycam O,

an additional external all-sky camera positioned outside the telescope enclosure.

These instruments support the operational efficiency and scientific output of the Liv-

erpool Telescope by providing real-time environmental images which can be used for

atmospheric condition measurements as well as cloud monitoring and prediction capa-

bilities. The STILT system is specifically investigated as part of this thesis to determine

whether the data produced by these skycams can meaningfully influence and improve

scheduler decisions. By aiding the scheduler through adaptive exposure timing based

on atmospheric parameters, cloud coverage detection and tracking, and accurate cali-

bration of observational data via extinction measurements, STILT can enable dynamic

decision-making processes.

2.10.1 Skycam A

Skycam A is an all-sky imaging instrument providing comprehensive, horizon-to-horizon

coverage of sky conditions at the Observatorio del Roque de los Muchachos (ORM).

Initially equipped with a different camera system, Skycam A was upgraded in the summer

of 2014 from a previous configuration to a Starlight Xpress Oculus camera. This camera

features a high-quality 1.55 mm, F/2.0, 180° fish-eye lens, significantly improving its

sensitivity and field of view.

Skycam A effectively monitors atmospheric transparency, detecting cloud coverage down

to approximately 6th magnitude stars, making it particularly suitable for identifying

reasonably thin cirrus clouds. Its sensitivity and broad coverage make it an essential

tool for continuously assessing atmospheric conditions. Consequently, Skycam A’s data

will be used for informing telescope scheduler decisions, particularly for adaptive planning

of observations to ensure optimal exploitation of clear sky conditions.

Number of Images 2,665,044
Size of DB Table 777MB
Size of Files on Disk 6.5TB
First Image 2009-02-27 20:24:13

Table 2.3: Skycam A Data
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2.10.2 Skycam T

Skycam T is a medium-field imaging system mounted on the top-end of the Liverpool

Telescope, designed to co-point with the main telescope during observations. The current

configuration utilizes a Starlight Xpress Trius SX-35 camera equipped with a Zeiss Planar

T 85mm f/1.4 ZF2 lens, which provides a pixel scale of 44 arcseconds and a field of view

of approximately 24 × 16◦. With a detection limit reaching down to approx. 12 mag

(V-Band), Skycam T offers a good balance between resolution and sensitivity.

This camera has undergone multiple iterations over time, with different optical and detec-

tor configurations, always maintaining a field of view between 10° and 20°. The current

system was installed in February 2019. Skycam T supports the cloud transparency mea-

surement as well as the measurement of atmospheric extinction by providing real-time

data. The system generates one ten-second exposure per minute when the telescope is

operating.

Number of Images 2,416,499
Number of Images (current Hardware) 840,683
Size of DB Table 965MB
Size of Files on Disk 7.2TB
First Image 2009-03-04 20:19:13
First Image (current Hardware) 2019-02-06 22:20:04
Extracted Stars (since Feb ’19) 9.8 · 109

Matched Stars 8.2 · 109

Table 2.4: Skycam T Data

Once images from Skycam T become available on the Liverpool Telescope archive, they

are instantly downloaded. This approach was used to avoid interfering with the primary

data pipeline while ensuring timely access. The files are saved in the FITS file format

(Wells et al., 1981). The first processing step involves extracting the World Coordinate

System (WCS, Greisen et al., 2002) information from the FITS header. If no WCS data

is found in the file header, the image is deemed unusable — likely taken during telescope

slewing, under bright conditions (i.e. just after sunset or just before sunrise), or when

clouds obscured the field of view.

Each downloaded image is stored on disk, and an entry is created in the PostgreSQL

database, containing metadata such as the timestamp, right ascension (RA), declination

(DEC), and various image quality parameters. A flag is set to indicate whether the image

is usable.
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For images with a valid WCS solution, Source Extractor (SExtractor, Bertin et al.,

1996) is used to detect and extract all visible stars. The extracted sources are then cross-

matched against the APASS and Tycho-2 star catalogues to obtain photometric reference

data. The detected sources and their corresponding catalogue matches are stored in

the database, linked via foreign keys to maintain relational integrity. This systematic

approach ensures that Skycam T’s data can be utilised for atmospheric transparency

measurements and extinction analysis.

2.10.3 Skycam Z

Skycam Z is a narrow-field imaging system mounted next to Skycam T on the Liverpool

Telescope. Like Skycam T, it co-points with the main telescope, providing complemen-

tary high-resolution imaging. The current system, installed in September 2024, consists

of a ZWO ASI174MM monochrome uncooled CMOS camera mounted on an Orion Op-

tics AG8 telescope. This setup provides a field of view of approximately 0.84 × 0.55◦

with a plate scale of 1.62 arcseconds per pixel. Skycam Z was not operating between

October 2019 and September 2024 due to a hardware failure which could not be fixed

due to Covid travel restrictions.

With a detection limit reaching down to approximately 17th magnitude and completeness

to around 16.5 (R-Band), Skycam Z is particularly useful for capturing high-resolution

images of faint celestial objects, including galaxies and nebulae. The system is capable

of producing scientifically valuable images and is an important tool for studying atmo-

spheric conditions and extinction effects. Given its finer resolution, Skycam Z provides

complementary data to Skycam T, enabling a more detailed characterisation of atmo-

spheric extinction and local sky conditions.

Number of Images 1,121,734
Size of DB Table 950MB
Size on Disk 2.3TB
First Image 2013-01-01 18:22:14
First Image (current Hardware) 2024-09-10 23:26:10.13
Extracted Stars (since 2024) 24,571,297
Matched Stars 24,571,297

Table 2.5: Skycam Z Data
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2.10.4 Skycam O

In addition to the astrophysical instruments Skycam-A, Skycam-T, and Skycam-Z, the

Liverpool Telescope also utilizes Skycam O, a Raspberry Pi-based HD camera system

installed outside the telescope enclosure. Designed and built by the author, Skycam-O

delivers high-resolution images of the sky and surrounding environment for real-time

weather and situational monitoring.

Unlike its counterparts, Skycam-O is not used for photometric measurements but instead

provides contextual, ground-level observations of local conditions such as cloud cover,

haze, and weather fronts. This external visual system serves as a valuable complement

to the Skycam array, enhancing operational decision-making and enabling more informed

human oversight during robotic operations.

A detailed technical description and performance analysis of SkyCam-O is presented in

Chapter 3, Section 3.7.

2.11 Chapter Summary and Transition

This chapter has reviewed the operational and environmental context of robotic time-

domain astronomy. The discussion covered the atmospheric conditions at the Observa-

torio del Roque de los Muchachos, existing techniques for cloud detection and extinction

monitoring, models of sky brightness, and the scheduling architectures used by robotic

telescopes such as the Liverpool Telescope. Together, these elements define the observa-

tional constraints under which autonomous telescopes must operate.

A recurring theme throughout this chapter is that many key parameters affecting obser-

vational efficiency (including cloud cover, atmospheric extinction, and sky background)

vary on timescales comparable to individual observations. Traditional scheduling systems

often treat these quantities as static constraints or rely on coarse external estimates, lim-

iting their ability to respond optimally to rapidly changing conditions.

The remaining chapters of this thesis investigate how real-time environmental informa-

tion can be incorporated directly into robotic telescope operations. In particular, the

following chapters develop methods for deriving actionable atmospheric diagnostics from

auxiliary instruments installed at the Liverpool Telescope and integrating these measure-

ments into adaptive scheduling decisions.

The next chapter begins this methodological work by presenting an all-sky cloud detec-

tion system based on optical imaging. The chapter describes the design of the system,
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the image-processing techniques used to identify cloud structures, and the methods used

to track cloud motion and generate short-term forecasts of sky conditions.



Chapter 3

Real-Time Cloud Detection and

Prediction Using All-Sky Cameras

The sky and the sun are always there.
It’s the clouds that come and go.

Rachel Joyce

3.1 Motivation and Role in Robotic Scheduling

Ground-based robotic telescopes must operate autonomously under changing atmospheric

conditions, without the benefit of real-time human intervention. While this autonomy

enables efficient execution of queued observations, it also introduces vulnerability to en-

vironmental variability - particularly cloud cover. At sites such as the Observatorio del

Roque de los Muchachos (ORM), cloud coverage conditions can vary on short timescales,

and even short-lived clouds can render science exposures unusable. In such cases, the

telescope will not only lose valuable observation time but may also miss the opportunity

to redirect efforts to clearer regions of the sky. Often, when one part of the sky is ob-

scured, other regions remain usable. A scheduler equipped with real-time awareness of

cloud positions could dynamically prioritise observations in those areas - potentially exe-

cuting lower-ranked observations that would otherwise remain unscheduled. Similarly, in

the presence of passing clouds, it may be preferable to perform many short observations,

each with a reasonable chance of completion, rather than initiating a longer exposure

likely to be interrupted. These adaptive strategies require knowledge not only of the

current cloud distribution but also of its near-term evolution.

56
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Conventional robotic schedulers, such as the dispatch system used by the Liverpool

Telescope (LT), typically operate reactively: they select the next highest-priority ob-

servation once the current one concludes, without anticipating future conditions. This

strategy can be suboptimal when atmospheric conditions degrade unexpectedly or when

targets are only temporarily accessible. To address these limitations, the New Robotic

Telescope (NRT) is being developed with a forward-planning, look-ahead scheduler ca-

pable of evaluating multiple candidate observations several steps in advance. However,

such a scheduler requires reliable short-term forecasts of sky conditions in order to make

effective decisions.

Large-scale weather prediction models are unsuitable for this task due to their coarse

spatial and temporal resolution. Satellite imagery, while useful for large cloud systems,

lacks the cadence and local sensitivity required for high-altitude observatory conditions.

Instead, local all-sky cameras provide a promising alternative: they continuously monitor

the visible sky dome from the observatory’s location, offering high temporal resolution

and local relevance.

The goal of this chapter is to present a system that uses all-sky fisheye imagery to

detect, track, and predict cloud cover in real time. The developed system aims to deliver

binary cloud maps and short-term (5–30 minute) forecasts with sufficient accuracy to

support adaptive, condition-aware scheduling. This includes prioritising observations in

temporarily clear regions, delaying or aborting exposures at risk of interruption, and

reallocating resources when cloud movement can be anticipated.

The cloud forecasting capability developed in this chapter is not a scheduler in itself,

but rather an important input to any future scheduling system capable of adaptive

behaviour. It acts as the “eyes” of such a system, providing real-time and short-term

predictive awareness of cloud conditions with spatial and temporal resolution far beyond

that of conventional weather forecasts. The implementation presented here processes

all-sky image sequences from the Skycam A instrument at the Liverpool Telescope to

detect, track, and forecast cloud cover. Although developed and tested at a single site,

the approach is broadly applicable to other observatories, provided a continuous time

series of images is available and a World Coordinate System (WCS) solution can be

derived using tools such as Astrometry.net (Lang et al., 2010).

The remainder of this chapter details the system in four stages: Section 3.2 provides

the general system overview, section 3.3 describes the image processing pipeline used to

generate binary cloud masks; Section 3.4 presents the tracking and motion prediction

framework based on geometric deprojection and Kalman filtering; and Section 3.5.2 eval-

uates the system’s detection performance, prediction accuracy, and real-time processing
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capabilities. These components together provide the situational awareness needed to

enable informed and dynamic scheduling decisions at robotic telescope facilities.

3.2 System Overview

3.2.1 Skycam Hardware

The cloud detection and tracking system presented in this chapter is based on images

acquired by Skycam A, the north-aligned all-sky camera mounted in the enclosure of the

Liverpool Telescope. This instrument provides continuous imaging of the whole night

sky, primarily for monitoring weather and observing conditions. A detailed description of

the Skycam hardware, including field of view and image acquisition cadence, is provided

in Section 2.10.1.

Skycam A is equipped with a fisheye lens that captures nearly the entire sky dome in a

single exposure. The system records unfiltered, grayscale images with a cadence of one

frame per minute and stores them in a rolling archive for processing. These images form

the primary input to the real-time cloud detection and prediction pipeline described in

the following sections.

3.2.2 Cloud Detection Pipeline

The core of the cloud detection system is a real-time image processing pipeline that oper-

ates on a continuous stream of all-sky images acquired by Skycam A. Due to the camera’s

static mounting and lack of a mechanical shutter, traditional calibration techniques such

as dark-frame subtraction and flat-fielding are impractical. Instead, the pipeline oper-

ates directly on raw FITS images, relying on robust relative techniques to extract cloud

structures.

Each new FITS image is downloaded from the Skycam archive to a dedicated analysis

server and converted into a floating-point array. A difference image is then computed by

subtracting a reference frame, typically the immediately preceding image in the time se-

ries. This suppresses the static star field and instrumental signatures, isolating temporal

changes attributable to cloud motion.

To reduce the influence of bright outliers such as the Moon or optical artefacts near the

camera housing, pixel intensities in the difference image are clipped at a configurable

maximum value (referred to as the MAX parameter). This threshold is tuned to suppress

saturation while preserving contrast and depends on the specific camera hardware. The
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clipped image is then normalised and thresholded using Otsu’s method (Otsu, 1979),

which partitions the histogram into two classes by maximising between-class variance.

To mitigate instability in threshold selection, particularly when bright sources like the

Moon move across the field, the computed threshold is compared against recent historical

values. If it deviates significantly, a clipped or smoothed fallback value is used to avoid

erratic segmentation behaviour.

The resulting binary image is stored as a cloud mask that encodes the presence or absence

of cloud cover on a per-pixel basis. Each mask is stored together with its original FITS

WCS solution, either on the filesystem or in a database. These masks, along with their

timestamps and projection metadata, serve as input to the cloud tracking and forecasting

system described in the next sections. They are also made available to downstream

applications via a lightweight Web API.

3.2.3 Imaging Characteristics and Limitations

Skycam A captures nearly the entire sky in a single frame using a fixed-position fisheye

lens. While this provides full-sky coverage at a cadence of one image per minute, it comes

with several optical and photometric limitations. Due to the lack of a mechanical shutter,

dark and bias frames cannot be acquired, and the wide-angle lens geometry makes flat-

fielding impractical. As a result, the images exhibit residual background structure and

spatially varying sensitivity, particularly near the periphery.

The effective photometric range of the system is limited. On clear, moonless nights,

stars down to approximately 6th magnitude can be reliably detected. A cross-match

with the Tycho2 catalogue reveals that most matches with fainter stars represent noise

peaks or spurious detections. While SExtractor applies significance thresholds during

source detection, near the limiting magnitude statistical fluctuations in the background,

optical artefacts, and residual gradients can produce low-significance peaks that pass the

detection criteria. Catalogue cross-matching therefore provides an additional astrophys-

ical validation layer, confirming that many faint detections do not correspond to genuine

stellar sources.

To estimate the instrumental zeropoint, a subset of matched stars with VT < 4.5mag

and a instrumental magnitude smaller than −8mag were used to fit a linear model. The

resulting fit, shown in Figure 3.1, yields a slope of −1.83 and a zeropoint of −16.76.

While the slope has no real physical meaning due to uncorrected airmass variation and

lack of photometric calibration, the intercept provides a rough estimate of the system’s

zeropoint under ideal conditions. The relatively small number of matched calibrators
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Figure 3.1: Instrumental magnitude MAG_ISO versus Tycho2 VT magnitude for se-
lected stars with VT < 4.5mag. A linear fit (dashed line) yields an estimated zeropoint

of −16.76.

and the absence of flat-field correction contribute to the observed scatter. These limita-

tions restrict Skycam A’s use for precise photometry but are acceptable for the system’s

primary role in cloud detection and brightness-based masking.

3.3 Image-Based Cloud Detection

3.3.1 Preprocessing and Difference Imaging

The first stage of the cloud detection pipeline isolates temporal variations in the sky by

computing the difference (see Figure 3.2) between consecutive all-sky images (see Figure

3.3). This technique leverages the stability of the celestial background relative to the

rapid motion of clouds. Stars remain effectively fixed in the image due to the camera’s

fixed mounting, while cloud features appear as broad, evolving structures that vary

between frames. By subtracting consecutive images, static elements such as stars and

reflections are suppressed, highlighting transient features indicative of cloud presence.

This entire operation is executed on the graphics processing unit (GPU) using a single-

pass GLSL shader. In this context, “single-pass” denotes that the pixel-wise computation

is carried out in one rendering step, with each pixel processed independently and in

parallel, allowing the full image difference to be computed in real time. The shader takes

as input two floating-point textures, each representing a one-channel float32 version
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of a FITS image - namely, the current image and the one acquired one minute earlier.

The shader applies the FITS scaling parameters BSCALE and BZERO to both images using

uniform variables bscale1, bzero1, bscale2, and bzero2. The shader computes the

absolute difference between corresponding pixel values in the current and previous image,

effectively measuring the magnitude of local variation while discarding the direction of

change. The GLSL (OpenGL Shading Language) shader-code is presented in listing 3.1.

To reduce the influence of saturated regions caused by bright sources such as the Moon

or optical artefacts, the difference image is clipped at a configurable threshold passed

as a uniform (clip_value). This removes extreme outliers while preserving meaningful

variations across the sky. The result is a detection-ready difference image in which

clouds appear as coherent regions of nonzero intensity, suitable for thresholding and

segmentation.

Figure 3.2: Difference image obtained by subtracting the image shown in Figure 3.3
from an image taken one minute earlier. Most of the structure visible in this image
arises from the motion of cloud features between the two exposures. In the limiting case
of completely stationary and non-evolving clouds the difference image would approach
zero. In practice, however, some motion is always present due to atmospheric winds. If
cloud motion is very slow, the effective time baseline between frames can be increased
by skipping intermediate images. Apparent star trails caused by longer time gaps are
removed during the morphological and heuristic filtering steps described later in this

section.

1 uniform sampler2D image_now ;
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Figure 3.3: All-sky image taken using the Skycam A Camera at the Liverpool Tele-
scope site at 22:45 UT on 2020 Jan 01. Some stars are visible as well as bands of clouds,

with the cloud illuminated by the Moon at the top of the image

2 uniform sampler2D image_prev ;

3 uniform float bsca le1 , bzero1 ;

4 uniform float bsca le2 , bzero2 ;

5 uniform float c l ip_va lue ;

6

7 in vec2 texCoord ;

8 out f loat out_di f f ;

9

10 void main ( ) {

11 f loat val1 = texture ( image_now , texCoord ) . r ∗ b s ca l e1 + bzero1 ;

12 f loat val2 = texture ( image_prev , texCoord ) . r ∗ b s ca l e2 + bzero2 ;

13 f loat d i f f = abs ( va l1 − val2 ) ;

14

15 // Cl ip to con f i gu r ed thre sho ld

16 d i f f = clamp( d i f f , −cl ip_value , c l ip_va lue ) ;

17

18 }

Listing 3.1: GLSL fragment shader used for real-time difference imaging and clipping
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3.3.2 Otsu Thresholding

Following the construction of a normalised difference image, the next stage involves seg-

mentation of the sky into regions of significant temporal change (potential clouds) and

relatively static areas (clear sky). This is achieved through Otsu’s method (Otsu, 1979), a

non-parametric global thresholding algorithm. The method first computes the histogram

of pixel intensities in the difference image and assumes that it contains two underlying

classes: low-variation pixels (clear sky) and high-variation pixels (cloud motion). For

every possible threshold value, the histogram is divided into these two classes, and the

between-class variance is computed. The optimal threshold is defined as the value that

maximises this between-class variance, thereby producing the strongest statistical sepa-

ration between static and dynamic regions.

The algorithm assumes a bimodal distribution of pixel intensities within the difference

image: one peak associated with low variation (clear regions), and another corresponding

to significant changes (clouds, artefacts, or bright scattering sources). Let the normalised

intensity range be divided into L histogram bins indexed by i = 1, . . . , L, and let pi denote

the probability of a pixel falling into bin i. A threshold value k partitions the histogram

into two classes:

• C0 = {1, . . . , k}: low-change regions,

• C1 = {k + 1, . . . , L}: high-change regions.

The cumulative class probabilities and class means are given by:

ω0(k) =
k∑

i=1

pi, ω1(k) =
L∑

i=k+1

pi = 1− ω0(k),

µ0(k) =
1

ω0(k)

k∑
i=1

i · pi, µ1(k) =
1

ω1(k)

L∑
i=k+1

i · pi.

The between-class variance is then defined as:

σ2
B(k) = ω0(k)ω1(k) [µ0(k)− µ1(k)]

2 . (3.1)

The optimal threshold k∗ maximises σ2
B(k) and is used to classify the difference image

into cloud and non-cloud regions. All pixels with values above this threshold are marked

as cloud-pixels.
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To increase the robustness of the segmentation under variable sky conditions - such as

rapid illumination changes due to the telescope moving in the line-of-sight between the

Skycam A and the Moon or scattered light - the selected threshold is compared against

a temporal history of recent threshold values. If a strong deviation is detected, a clipped

or damped threshold may be substituted to reduce the impact of transient artefacts and

to suppress segmentation instability.

This step is implemented on the CPU, as histogram analysis and variance optimisation

are not efficiently parallelised for single-frame operations on the GPU. There are OTSU

implementations on the GPU (e.g. Zhu et al. (2020)) but in the case presented here,

there would be no speed benefit compared to a CPU based version due to multiple data

copy operations and costly shader program switches. For colour images and images with

much higher resolution than the ones provided by Skycam A, a GPU implementation

might become feasible.

The resulting binary mask is then passed to the morphological filtering stage.

3.3.3 Morphological Processing and Component Filtering

The binary mask resulting from thresholding often contains noise artefacts, isolated

pixels, bright (and thus large) stars, and incomplete cloud structures due to residual

detector effects or faint stellar sources.To improve the spatial coherence and reliability

of the detected regions, morphological image operations are applied. These operations,

which modify binary images using structured neighbourhood transformations such as

erosion and dilation, are designed to suppress small-scale features unlikely to correspond

to cloud structures while enhancing connected regions consistent with cloud morphology.

Two classical operations are employed: erosion and dilation. Erosion removes isolated

white pixels by requiring that all pixels within a defined neighbourhood satisfy the mask

condition. Dilation, by contrast, expands the boundaries of detected regions. When

applied in sequence (dilation followed by erosion, see equation 3.2), this process is known

as closing and serves to fill small holes and connect nearby regions. Conversely, an erosion

followed by dilation (opening, 3.3) can be used to remove small objects entirely. In this

work, an opening operation is used to eliminating small-scale noise.

Let B be a structuring element (typically a square or disk of fixed radius), and let I

denote the binary input image. The morphological dilation δB(I) and erosion εB(I) are
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defined as:

δB(I)(x, y) = max
(u,v)∈B

I(x− u, y − v),

εB(I)(x, y) = min
(u,v)∈B

I(x− u, y − v).

The closing operation is then expressed as:

Iclosed = εB(δB(I)). (3.2)

And the respective opening operation as:

Iopened = δB(εB(I)). (3.3)

These operations are implemented on the GPU using fragment shaders for real-time per-

formance. A fragment shader is a program executed once per pixel during the rendering

process, allowing the morphological transformation to be applied independently and in

parallel across the entire image.

Two discrete square kernels are used as structuring elements in the GPU implementation:

a 3× 3 (see Figure 3.4) and a 5× 5 binary matrix. These define the local neighbourhood

over which erosion and dilation are computed. Their structure is shown below:

3× 3 Kernel 5× 5 Kernel


1 1 1

1 1 1

1 1 1




1 1 1 1 1

1 1 1 1 1

1 1 1 1 1

1 1 1 1 1

1 1 1 1 1


Both kernels operate in pixel space and are isotropic in nature. The 3 × 3 kernel is

preferred when fine detail preservation is critical, whereas the 5 × 5 kernel offers more

aggressive smoothing and noise rejection. The choice of kernel size is configurable and

depends on the expected spatial scale of cloud structures in the input image.

1 uniform sampler2D input_mask ;

2 uniform ivec2 ke rne l_s i z e ; // e . g . , i v e c2 (1 , 1 ) f o r 3x3 , i v e c2 (2 , 2 ) f o r

5x5

3 uniform int mode ; // 0 = eros ion , 1 = d i l a t i o n

4 uniform vec2 t e x e l_s i z e ; // 1 .0 / image r e s o l u t i o n

5
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Figure 3.4: Binary image obtained after the application of the morphology methods
erosion and dilation with a 3 × 3 filter kernel. The number of star pixels is reduced
whilst the cloud structure remains intact. Larger filter kernels (e.g. 5× 5 or 7× 7 will
remove all stars but also small cloud structures like the ones present in the middle of

the image

6 in vec2 texCoord ;

7 out f loat r e s u l t ;

8

9 void main ( ) {

10 f loat extreme = (mode == 0) ? 1 .0 : 0 . 0 ;

11

12 for ( int dx = −kerne l_s i z e . x ; dx <= kerne l_s i z e . x ; ++dx ) {

13 for ( int dy = −kerne l_s i z e . y ; dy <= kerne l_s i z e . y ; ++dy ) {

14 vec2 o f f s e t = vec2 (dx , dy ) ∗ t ex e l_s i z e ;

15 f loat value = texture ( input_mask , texCoord + o f f s e t ) . r ;

16

17 i f (mode == 0) {

18 extreme = min( extreme , va lue ) ; // e r o s i on

19 } else {

20 extreme = max( extreme , va lue ) ; // d i l a t i o n

21 }

22 }

23 }

24

25 r e s u l t = extreme ;
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26 }

Listing 3.2: GLSL fragment shader for morphological erosion or dilation using a
square kernel.

3.3.4 Binary Cloud Mask Output

After morphological processing, the resulting binary mask typically contains significantly

fewer star-like artefacts. However, small residual detections originating from bright stars

or image noise may still remain. While the use of larger structuring elements (e.g.,

5 × 5 or 7 × 7 pixel kernels) can further suppress these detections, such an approach

risks degrading the fidelity of the actual cloud structures and increases computational

complexity.

To maintain processing speed and retain compatibility with GPU-based execution, a

lightweight heuristic filtering step is applied. Here, “heuristic” denotes that the filtering

rule is based on simple, empirically chosen logical criteria rather than on a formally opti-

mal segmentation algorithm. This method examines the local connectivity and isolation

of each foreground region using only simple logic operations over a small window.

For each foreground pixel (pixels with value = 1), a 21×21 pixel neighbourhood centred

on that pixel is extracted. The purpose of this window is to determine whether the

detected structure forms a small, isolated component or is part of a larger, extended

feature. Rather than performing a full connected-component analysis, the algorithm in-

spects continuity in the horizontal and vertical directions. Rows and columns containing

foreground pixels are identified, and gaps of entirely background pixels between such

rows or columns are interpreted as evidence for multiple separate components within the

window. In that case, the structure is left unchanged.

If the window contains only a single contiguous component, and that component does not

touch the window boundary (indicating that it is fully contained within the local region),

its total area is measured. If this area falls below a configurable threshold (typically 20

pixels), the component is removed from the mask. This effectively suppresses small,

isolated stellar detections while preserving extended cloud structures.

While this method does not guarantee the removal of all stellar detections, particularly

those with non-convex or elongated shapes, it has proven highly effective in practice.

The vast majority of remaining star-like features are eliminated with minimal impact

on cloud morphology. In contrast, recursive flood-filling or global connected-component

labelling algorithms identify all contiguous pixel regions in the entire image by itera-

tively propagating connectivity through neighbouring pixels. While more rigorous, such
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methods require additional memory and control flow operations that are less suitable for

efficient GPU-based implementation. (see Figure 3.5).

Figure 3.5: Binary image obtained after an additional star removal step, a simple
heuristic is applied to a 21 × 21 pixel window moved over the whole image, again

leveraging fast GPU hardware, to test for small star-shaped pixel areas

3.3.5 Storage and Query

Each binary cloud mask generated by the detection pipeline is stored as a float32

FITS image, with pixel values of either 0.0 (clear) or 1.0 (cloud-covered). The original

World Coordinate System (WCS) solution derived from the corresponding all-sky image

is retained and embedded in the FITS header, allowing pixel-based cloud data to be

projected onto the celestial sphere for subsequent analysis or visualisation.

Cloud masks and their associated difference images are saved to disk following a timestamp-

based directory hierarchy. For quick inspection and web-based visualisation, correspond-

ing PNG versions are generated in parallel.

Metadata for each cloud image is stored in a structured PostgreSQL database. The main

table AllskyImage records the original FITS and JPEG filenames, storage paths, and ac-

quisition timestamps. Each cloud mask is linked to its source image via the Cloudpattern
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Figure 3.6: Principle work of the algorithm: The right column shows the input images
at t and t+1min, the resulting difference image is shown on the bottom left and finally,

the binarised cloud map is shown in the top left

table, which stores the Otsu threshold value used for segmentation (OTSUThreshold), the

cloud mask filename and path, and a reference to the parent AllskyImageId.

In addition to raw filenames and thresholds, a derived parameter called total cloudiness

is computed and stored. This value represents the ratio of cloud pixels (value 1.0) to

total pixels within a predefined area of interest. In the case of the Liverpool Telescope

installation, this area is defined as a circular region centred on the image with a radius

corresponding to an altitude of 20◦. This measure serves as a compact summary of overall

sky coverage and is used to support scheduling decisions and cloud forecast scoring.

Cloud masks and associated metadata can be accessed programmatically via a RESTful

Web API, allowing external systems (e.g. schedulers or visual dashboards) to retrieve

cloud maps by timestamp or image ID. The API is exposed under the route /api/pattern

and supports filtering based on Right Ascension and Declination, observation time, and

coverage radius.

This architecture supports both archival access and real-time integration, providing a

robust interface for downstream applications requiring cloud-state awareness. The whole

principle of the presented algorithm can be seen in Figure 3.6.
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3.4 Cloud Tracking and Forecasting

The cloud masks produced in the detection stage represent individual, time-stamped

snapshots of sky coverage. In order to support short-term planning and adaptive schedul-

ing, these masks must be transformed into a temporal sequence that captures cloud

motion across the sky. This section describes the tracking system developed for this

purpose.

The primary goal is to identify individual cloud structures and track their motion over

time in order to predict their future positions. While static cloud detection provides a

binary indication of sky visibility at a given moment, cloud tracking enables forward-

looking scheduling decisions by estimating whether a given sky region will remain clear

during the execution of an upcoming observation. Most observing groups at the Liverpool

Telescope require approximately 10 to 15 minutes of execution time (including slewing,

setup, and readout). As such, the system was designed to produce forecasts with a

baseline horizon of 15 minutes. This enables the scheduler to make informed decisions

about whether a group should be observed immediately or deferred in favour of a target

that will remain cloud-free for longer.

The tracking system consists of three key stages: (1) projection of detected cloud regions

from fisheye image space into a deprojected (“defisheyed”) space, (2) identification and

temporal linking of coherent cloud structures across successive frames, and (3) motion

estimation and short-term forecasting using a Kalman filter (Kalman, 1960). The output

is a time series of labelled cloud features with predicted positions.

Meteorological observations support the underlying assumption of relatively stable cloud

motion over short timescales. Wind direction and speed in the relevant atmospheric layers

- particularly within the boundary layer, where clouds typically form - are generally

governed by large-scale pressure gradients and topographic influences. These factors

evolve slowly under stable conditions and do not exhibit abrupt directional changes

unless disturbed by passing fronts or convective activity.

Empirical analysis of all-sky image sequences from the Skycam A system at the Liver-

pool Telescope, as well as independent recordings from an all-sky camera in Emleben

(Thuringia, Germany), showed that the shortest interval during which the prevailing

cloud direction changed by more than 60◦ was between two and three hours. This mag-

nitude of directional change corresponds to an average rotation rate of only 0.3◦ per

minute, which is consistent with the slow and steady drift of stratiform cloud types such

as stratocumulus or altostratus under operationally safe weather conditions.
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The assumption of constant cloud velocity vectors over short forecast intervals is further

supported by work in the field of solar energy forecasting. Bosch et al. (2013) showed that

cloud tracking models based on constant motion assumptions remain valid for prediction

horizons of at least 15 minutes. Based on these considerations, it is deemed reasonable

to adopt a similar assumption for astronomical cloud forecasting over timescales of 15 to

45 minutes.

To support real-time operation, the system includes a GPU-accelerated deprojection

stage that transforms all-sky images into an undistorted representation of the sky. The

transformation is performed in a fragment shader using empirically calibrated param-

eters, enabling each labelled pixel to be expressed in an unprojected coordinate space.

The remainder of this section describes the projection, tracking, and prediction stages

in detail.

3.4.1 Fisheye De-Projection

The deprojection step is implemented as a GPU fragment shader for real-time perfor-

mance. The shader removes radial distortion by mapping each pixel of the fisheye image

onto a corrected plane using an inverse projection model based on the arctangent func-

tion. The relevant GLSL implementation is shown in Listing 3.3.

All parameters, such as the optical centre, scale factor, and pixel scaling, were determined

empirically through visual calibration. This involved aligning bright sources (e.g., the

Moon, known stars) and adjusting the parameters to minimise residual geometric error.

A more rigorous calibration could, in principle, be achieved through a geometric ap-

proach using a known fiducial pattern such as a chessboard. In this method, the camera

would be pointed at a planar calibration target taking images from multiple angles and

distances. The intrinsic lens parameters (including distortion coefficients) would then be

recovered using standard photogrammetric techniques (e.g., OpenCV’s calibration rou-

tines1). However, this procedure requires daytime exposures under controlled conditions.

Such an approach was deemed infeasible for the Skycam A system, which is permanently

mounted at the Liverpool Telescope in a weatherproof housing. Performing chessboard

calibration in situ would have required deployment of a calibrated pattern at known

positions and distances relative to the camera, likely involving scaffolding or elevated

platforms. Additionally, remote reconfiguration of the acquisition system would have
1https://docs.opencv.org/4.x/dc/dbb/tutorial_py_calibration.html

https://docs.opencv.org/4.x/dc/dbb/tutorial_py_calibration.html
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been necessary to enable short daytime exposures, followed by restoration of the orig-

inal nighttime settings. These operational and logistical constraints rendered physical

calibration impractical in this context.

Nevertheless, the empirical method applied here yielded sufficiently accurate deprojection

results for the intended application. Visual alignment of celestial sources indicates that

geometric errors in the corrected coordinate map remain below roughly 0.5˘1◦ across the

central field of view. Given that cloud structures typically extend over several degrees,

this level of geometric uncertainty does not significantly affect the subsequent cloud

detection or motion estimation.

The resulting coordinate transformation enables accurate reprojection of cloud-labelled

pixels into horizontal coordinates, which is a prerequisite for consistent motion tracking

across frames.

As the all-sky image covers a 180◦ field of view, the physical area represented by each

pixel varies dramatically across the field. Pixels near the zenith correspond to relatively

small regions of the atmosphere, whereas pixels near the horizon project to much larger

areas on the ground or lower sky, often exceeding several hundred square metres per

pixel. This distortion arises from the projection geometry: while angular resolution

in square degrees remains approximately uniform across the image, the corresponding

physical footprint increases sharply toward lower altitudes.

The defisheye transformation therefore introduces non-uniform scaling in the unprojected

image, leading to over- or under-representation of cloud features depending on their

location. To mitigate these effects and reduce edge-related artefacts, cloud identification

and tracking are restricted to the region above 20◦ altitude. Pixels below this threshold

are excluded from further processing.
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1 #version 330 core

2

3 in vec2 fUv ; // Normalised fragment coo rd ina t e s ( 0 . 0 . . 1 . 0 )

4 out vec4 FragColor ;

5

6 uniform sampler2D tex0 ; // Input f i s h e y e t ex ture

7 uniform float p i x e l s c a l e ; // P ix e l s per angular un i t

8 uniform float s c a l e ; // Global s c a l i n g f a c t o r ( emp i r i c a l l y

c a l i b r a t e d )

9

10 const vec2 cent r e = vec2 ( 696 . 0 , 520 . 0 ) ; // Opt ica l c en t e r in p i x e l s

11 const vec2 r e s o l u t i o n = vec2 ( 1392 . 0 , 1040 .0 ) ;

12 const f loat PI = 3.1415926538 ;

13

14 void main ( ) {

15 // Convert UV to p i x e l c oo rd ina t e s

16 vec2 imgPos = fUv ∗ r e s o l u t i o n ;

17 vec2 de l t a = imgPos − cent r e ;

18

19 // Radial d i s t ance from image cent r e

20 f loat r = length ( d e l t a ) ;

21 f loat r t = r / p i x e l s c a l e ;

22

23 // Inve r s e f i s h e y e p r o j e c t i o n ( arctangent model )

24 f loat theta = atan ( r t ) / r t ;

25

26 // Apply r a d i a l c o r r e c t i o n and r e s c a l e

27 vec2 co r r e c t ed = cent r e + de l t a ∗ theta ∗ s c a l e ;

28

29 // Back to UV coo rd ina t e s

30 vec2 sampleUv = co r r e c t ed / r e s o l u t i o n ;

31

32 // Sample co r r e c t ed p i x e l

33 FragColor = texture ( tex0 , sampleUv ) ;

34 }

Listing 3.3: GLSL fragment shader for fisheye deprojection to remove radial
distortion.

3.4.2 Labeling and Feature Identification

Once the binary cloud masks have been deprojected, each individual cloud feature must

be isolated and uniquely identified. This is accomplished using a connected-component

labelling (CCL) algorithm, which assigns a distinct label to each contiguous region of

foreground pixels. In this work, the so-called Spaghetti Labelling algorithm, based on
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directed acyclic graphs and introduced by Bolelli et al. (2020), is employed. Although

GPU-based variants of this method have been proposed (Bolelli et al., 2021), the CPU

implementation was found to be sufficiently fast given the moderate image sizes, the

image cadence and short processing times.

The CCL algorithm scans the binary mask and assigns labels to connected regions that

represent individual cloud patches. For each labelled region, its centroid, bounding box,

and pixel area are computed. These features are stored for each cloud map in the sequence

and form the basis for motion tracking and prediction.

To eliminate noise and reduce computational load in subsequent stages, a minimum area

filter is applied. Cloud components with fewer than 40 connected pixels are discarded,

under the assumption that such regions are either residual stars or fragmented artefacts

of the thresholding process. Future work may explore adaptive merging strategies to

combine nearby small components with larger structures.

In practice, the segmentation process occasionally produces spurious detections caused

by non-atmospheric features. Two recurrent issues were identified: (1) contamination

from the telescope structure, especially during slews, and (2) overexposure or scattered

light from the full Moon. Both effects can result in large, rapidly appearing “cloud-

like” structures that are not consistent with the motion or morphology of real clouds.

Figure 3.7 illustrates an example where the telescope structure was erroneously labelled

as a cloud due to bright moonlight and rapid motion.

To mitigate these effects, detections in regions known to be affected by the telescope

structure or the Moon are excluded from tracking. The Moon’s position and phase are

computed using standard ephemerides (Meeus, 1998), and used to define a dynamic

exclusion zone in each frame. The region occupied by the telescope is estimated using

WCS information derived from images recorded by Skycam T, a piggy-back instrument

rigidly attached to the Liverpool Telescope structure (Mawson et al., 2013). Any cloud

centroid falling within the Moon or telescope exclusion zones is flagged and excluded

from further analysis.

Figure 3.8 shows an example cloud mask with labelled patches and their bounding boxes

overlaid, illustrating the output of the component labelling process and subsequent fil-

tering.

3.4.3 Temporal Matching of Cloud Patches

Before applying motion estimation, cloud patches must be associated across successive

frames to establish temporal continuity. This association step matches labelled cloud
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Figure 3.7: The fast slewing of the telescope and the full moon on the telescope
structure caused the algorithm to detect the structure as a quite large cloud. The
resulting cloud map can not be used for large parts of the sky. To detect this issue,

large, sudden appearances of “cloud-like structures” will be discarded

components from the current frame to those detected in the previous one, enabling the

construction of individual cloud trajectories over time.

For each patch in frame t, its centroid coordinates are compared to those of patches

in frame t−1 using Euclidean distance. A nearest-neighbour approach is used, with a

configurable maximum displacement threshold to avoid implausible associations. This

threshold is based on expected wind speeds and frame cadence, and typically limits

matching to displacements of less than 150 pixels per minute.

If multiple candidates fall within this threshold, the match with the smallest spatial

distance is selected. This nearest-centroid assumption is justified by the relatively short

temporal separation between frames (typically of order one minute), during which cloud

structures are expected to undergo only limited displacement relative to their spatial

extent. In cases where no suitable match is found (i.e. due to occlusion, segmentation

error, or new cloud formation), a new track is initialized. Conversely, unmatched patches

from the previous frame are assumed to have either dissipated or become temporarily
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Figure 3.8: Detected cloud-like structures and their motion tracks in a deprojected
(fish-eye corrected) cloud map. Yellow rectangles indicate the bounding boxes of con-
nected cloud components detected in the current frame. Red curves represent the esti-
mated motion tracks of these components, obtained by linking centroid positions across
consecutive previous frames. Individual historical centroid positions are not marked
explicitly; rather, the red line traces their temporal sequence. The large structure sur-
rounding the Moon, caused by dust scattering and over-exposure, is also detected as
a cloud-like region. However, its derived motion vector differs significantly from the

dominant cloud flow and is therefore rejected during the filtering stage.

undetected; their trajectories are extrapolated by the Kalman filter for a limited number

of frames before being removed.

This temporal matching ensures that each Kalman filter instance corresponds to a unique

physical cloud feature with a consistent identity across time, allowing for stable velocity

estimation and accurate short-term forecasting.

3.4.4 Track Smoothing

Before feeding cloud tracks into the Kalman filter, an optional geometric smoothing step

can be applied to improve trajectory stability. This step leverages the assumption that

clouds typically move in a consistent direction over short timescales, and erratic motion

between frames is likely due to segmentation noise or partial occlusion.
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Each track, composed of a sequence of centroid positions (p⃗1, p⃗2, . . . , p⃗n), is evaluated for

directional consistency by examining the angular deviation between successive motion

vectors:

v⃗i = p⃗i+1 − p⃗i.

The angle θi between vectors v⃗i and v⃗i+1 is calculated using the inner product:

θi = arccos

(
v⃗i · v⃗i+1

|v⃗i||v⃗i+1|

)
.

Tracks that contain angles exceeding a specified threshold (typically 10◦) are flagged as

noisy and excluded from prediction. This helps suppress false tracks caused by transient

artefacts or ambiguous segmentation.

For the remaining tracks, a smoothing kernel is applied to reduce high-frequency jitter.

A simple Gaussian filter is used to interpolate centroid positions over time:

p⃗ismoothed =

k∑
j=−k

wj · p⃗i+j ,

where wj are the Gaussian weights and k defines the window size (typically k = 2).

This produces a refined trajectory (see Figure 3.9) that better reflects the true physical

motion of the cloud and improves the robustness of subsequent velocity estimation.

This smoothing is particularly useful in marginal conditions or for partially obscured

clouds near the horizon, where segmentation is less reliable. While not strictly required, it

offers a practical trade-off between accuracy and complexity and improves the robustness

of subsequent velocity estimation.

3.4.5 Kalman-Based Motion Tracking

To estimate the future positions of individual cloud patches and enable short-term fore-

casting, each labelled component is tracked across successive frames using a discrete

Kalman filter. The Kalman filter provides a computationally efficient and statistically

optimal method (under Gaussian noise assumptions) to estimate the evolving state of a

dynamic system from noisy measurements.

Each cloud patch is modelled as a point object moving with approximately constant

velocity in the deprojected coordinate system (altitude h, azimuth A). The state vector

for a given patch at time t is defined as:



78

Figure 3.9: Image showing resulting cloud paths (magenta) with their predictions
over 15 minutes (yellow). The obtained cloud paths are filtered to get smooth paths
and then analysed to filter paths belonging to other structures (e.g. Moon, telescope
structure) The remaining paths are shown here and used for the movement prediction

xt =


At

ht

vA,t

vh,t

 ,

where (At, ht) are the measured coordinates of the patch centroid in degrees, and (vA,t, vh,t)

are the respective velocity components in pixels/step. Observations are derived directly

from the labelled binary cloud masks as described in the previous subsection.

The filter operates in two stages: prediction and correction. In the prediction step, the

state is propagated forward using a constant-velocity model:

x−
t+1 = F · xt +wt, F =


1 0 ∆t 0

0 1 0 ∆t

0 0 1 0

0 0 0 1

 ,
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where ∆t is the time between frames and wt is zero-mean process noise with covariance Q.

The matrix F encodes the physical assumption of linear motion with constant velocity.

When a new observation zt = [Aobs
t , hobs

t ]T is available from the current frame, the

predicted state x−
t+1 is updated:

xt+1 = x−
t+1 +Kt · (zt −H · x−

t+1),

where H is the observation model:

H =

[
1 0 0 0

0 1 0 0

]
,

and Kt is the Kalman gain, computed from the predicted error covariance and the

observation noise covariance R. This step adjusts the prediction based on the observed

position of the patch centroid.

If no matching patch is found in a subsequent frame (e.g., due to partial occlusion

or segmentation noise), the Kalman filter continues to propagate the cloud’s position

forward based on its internal velocity estimate, up to a configurable number of missed

frames. This allows for temporally robust tracking even in the presence of incomplete

observations.

The filter is initialized when a new cloud patch appears and matched to previously

tracked patches using nearest-neighbour distance, constrained by motion consistency.

Once initialized, the filter provides both a smoothed estimate of the cloud position and

a forecast of its future location. These forecasts form the basis for the spatial prediction

masks described in the following subsection.

3.4.6 Future Cloud Position Estimation

Once individual cloud patches have been matched and tracked across frames using the

Kalman filter, their estimated state vectors provide not only smoothed positions but also

velocity components. These can be used to predict the future location of each patch at

arbitrary time horizons, typically 10 to 30 minutes ahead.

The predicted position xt+∆t of each cloud patch is computed by propagating the esti-

mated state forward using the motion model:

xt+∆t = Fn · xt, where n = ∆t/δt,
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δt being the time between observations, and F the constant-velocity transition matrix

defined previously. Since the Kalman filter maintains an internal uncertainty estimate

(error covariance), each prediction can also be accompanied by a confidence region.

To visualise the predicted sky conditions, each forecasted centroid is converted back into

fisheye image coordinates via the inverse of the defisheye projection described earlier.

This allows the construction of a future binary cloud map consistent with the original

image format and spatial layout. Predicted masks are rendered for forecast horizons

ranging from 1 to 30 minutes in 1-minute increments.

During this reprojection, predicted patches are drawn into the forecast map using the

last known size and shape of the corresponding cloud patch, optionally dilated to account

for positional uncertainty. These future masks enable downstream applications - such as

robotic scheduling systems - to query not only the current but also the expected cloud

cover at specific coordinates and times.

While the system does not attempt to model cloud growth, dissipation, or complex

deformation, the linear motion assumption has proven sufficient over short time intervals

under stable conditions.

To account for varying prediction quality, a basic confidence filter can be applied to

discard low-certainty forecasts. This includes rejecting predictions based on short or

inconsistent tracks, as well as extrapolations beyond a configurable horizon (e.g. 20

minutes).

3.4.7 Prediction Confidence Filtering and Uncertainty Handling

While the presented prediction algorithm achieves reliable forecasts up to 15–20 minutes

into the future, not all predicted cloud maps are equally trustworthy. To account for

varying prediction quality, a basic confidence filtering mechanism is applied. This filter

discards (or flags) predictions originating from insufficiently long or inconsistent cloud

tracks, particularly those that span fewer than 4–5 frames or exhibit angular deviations

above the tracking smoothness threshold (typically 10◦). Additionally, tracks that ter-

minate near the image edge are deprioritized, as their extrapolated motion may rely on

distorted or incomplete data due to the fisheye projection’s increased distortion near the

horizon.

A configurable prediction horizon (e.g. 20 minutes) is enforced to prevent extrapolations

beyond the validated temporal range of the Kalman filter’s tracking model. Beyond this

horizon, the prediction accuracy deteriorates significantly due to compounding errors

and the inability to sense incoming clouds from off-frame regions.
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For future versions, a probabilistic extension is envisioned: Instead of treating predicted

cloud positions deterministically, the full error covariance matrix Pk of the Kalman

state vector can be propagated forward in time. This would enable the construction of

spatial uncertainty envelopes around each predicted cloud patch. By thresholding this

covariance-derived uncertainty, one could generate a “confidence mask” for each pixel in

the predicted cloud map.

Such an approach would allow the scheduler to distinguish between high-certainty and

low-certainty predictions, facilitating probabilistic cloud cover assessments under marginal

conditions. This aligns with recent developments in uncertainty-aware forecasting in both

meteorology and computer vision domains.

3.5 Evaluation and Performance

The effectiveness of the proposed system is assessed by evaluating both its cloud de-

tection capabilities and its short-term forecasting accuracy using real-world data from

the Skycam A and Skycam T instruments at the Liverpool Telescope, located at the

Observatorio del Roque de los Muchachos (ORM) on La Palma. The evaluation focuses

on the reliability of cloud identification in individual frames and the quality of predicted

cloud motion over forecast horizons of up to 30 minutes.

3.5.1 Evaluation Dataset and Operational Context

The performance of the cloud detection system was assessed using historical datasets

acquired by Skycam A at the Liverpool Telescope. Two representative samples were

selected for evaluation. The first covers the period from February 20th, 2019 to December

31st, 2022 and comprises a total of 619,421 all-sky images. The second spans from

January 1st, 2024 to January 30th, 2024, and includes 16,937 images. Together, these

samples reflect a broad range of atmospheric conditions, including photometric nights,

nights with intermittent cloud cover, and nights dominated by full overcast.

The second sample is particularly noteworthy: during this period, the Liverpool Tele-

scope operated without an external satellite-based cloud sensor due to a change in data

provider. As a result, observations were conducted under conditions that would typically

have triggered an automatic shutdown. This operational gap provided a valuable test bed

for the autonomous all-sky cloud detection system, allowing for a real-world assessment

of its robustness and accuracy under uncontrolled and often marginal conditions.
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The Liverpool Telescope normally relies on an automated satellite-based cloud moni-

toring service as part of its weather safety system. This service periodically retrieves

near-real-time cloud mask products derived from satellite imagery covering the Canary

Islands region. The system queries the latest satellite data via automated scripts and

evaluates the cloud probability values for the pixels corresponding to the observatory

location and its immediate surroundings. If the retrieved cloud map indicates signifi-

cant cloud coverage above predefined thresholds, the telescope enclosure is automatically

closed to protect the instrument and prevent observations under unsuitable conditions.

The evaluation dataset was therefore intentionally chosen to stress-test the system and

validate its capability to detect clouds under both nominal and adverse observing sce-

narios. This approach ensures that the reported performance metrics are representative

of practical use cases in robotic telescope operations.

3.5.2 Cloud Detection Accuracy

The cloud detection algorithm was tested against the algorithm presented in Adam et

al., 2017 (see section 2.4.2) who generously provided their code on Github2, as well as a

method using the Skycam T at the Liverpool Telescope.

The comparison of Adam et al., 2017 against the algorithm presented in this thesis, both

using the Skycam A, could only be performed in dark nights when there was no visible

moon. During times with visible moon, especially with a moon disk of 30% or more,

their algorithm was unable to perform photometry in large areas of the sky. With the full

moon up, the method did not provide any useful results at all. This is caused by hardware

limitations of the all-sky camera equipment at the Liverpool Telescope (Starlight Xpress

Oculus). However, the problem of over-exposed areas around the visible moon is a

common problem on most typical all-sky cameras

In dark nights both algorithms matched against each other by around 92% of detected

cloud area, depending on the density of catalogue stars in the area of the sky. A limitation

of the algorithm presented in Adam et al., 2017 is the fact that it can only outline clouds

based on visible and non-visible stars in a provided catalogue whilst the method presented

in this paper is able to accurately detect the shape of the cloud which is the main cause

for the average match of ‘only’ 92%.

In bright nights (moon disk > 30%), whilst their algorithm failed to provide a cloud

map (using the images recorded with the equipment at the Liverpool Telescope), the

method presented in this thesis was able to accurately detect clouds around the actual
2https://github.com/tudo-astroparticlephysics/starry_night

https://github.com/tudo-astroparticlephysics/starry_night
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moon disk. In Figure 3.6, the right side represents two all-sky images taken one minute

apart. The bottom left side is the difference image and the top left picture contains the

extracted cloud pattern. The cloud pattern contains various small white patches falsely

identified as clouds. These are the result of moonlight scattering on dust accumulated

on the camera protection over time. With an exposure time of 30s, the moon disk

itself saturates the CCD completely and the ADU values in the pixel regions around

the moon disk are also close to saturation levels resulting in visible noise. This noise is

falsely labelled as a cloud but it has little to no influence on the observations itself as

observations this close to the moon are very rare.

The next test was conducted with the help of our Skycam T. Skycam T takes a 10 second

exposure every minute, at the same time as Skycam A takes its image) and stores it in

a publicly available database on the website of the Liverpool Telescope. All Skycam T

images are plate-solved using the Astromentry.net software suite (Lang et al., 2010) and

a world coordinate system (WCS) is added to the FITS file.

Figure 3.10: Example of a cloud detection result (typical case). Left: Binary cloud
mask (white = cloud, black = clear sky) derived from the all-sky image using morpho-
logical and intensity-based filtering. The red circle marks the region of interest (ROI)
centered on a scheduled observation target, with a radius corresponding to 20 pixels in
the deprojected image. The detected cloud fraction within the ROI is 50.71%. Cen-
ter: Original all-sky reference image taken by the main all-sky camera at 2024-01-24
23:04:07 UTC, showing significant cloud cover and partial moon illumination. Right:
Simultaneous Skycam T image showing the corresponding sky segment near the zenith,
where patchy clouds obscure several stars. The visual agreement with the all-sky de-
tection validates the segmentation result in this case. The ROI in the left image is the
area that corresponds to the Skycam T image (which is basically a zoomed in version

of the ROI)

To validate the cloud detection system, a comparison was performed using images from

Skycam T, a medium-field monitoring camera mounted on the Liverpool Telescope. Sky-

cam T acquires a 10 s exposure every minute, synchronised with the acquisition of images

from the all-sky camera (Skycam A), and stores the data in a publicly accessible archive

on the Liverpool Telescope website. All Skycam T images are plate-solved using the
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Astrometry.net software suite (Lang et al., 2010), which provides a World Coordinate

System (WCS) solution for each image.

The validation procedure compares two independent indicators of cloud presence: (i) the

cloud classification produced by the all-sky detection system (Skycam A), and (ii) the

reduction in the number or brightness of stars detected in the corresponding Skycam T

image.

First, a set of nights containing visible cloud structures was randomly selected from

the Skycam T archive. For each Skycam T image, the sky coordinates of the image

centre were obtained from the WCS solution. This position was then projected into

the corresponding all-sky cloud map derived from Skycam A. A circular region with a

radius of 20 pixels centred on this position was extracted from the cloud map. Within

this region, a “cloudiness” parameter was computed, defined as the fraction of pixels

classified as cloud by the detection algorithm (see Figure 3.10).

Independently, the Skycam T image was analysed photometrically using SExtractor

(Bertin et al., 1996). The APASS catalogue (Henden et al., 2018a) was queried for

the same sky region, retrieving all stars brighter than 10mag. The catalogue query pro-

vides the expected number of detectable stars in the Skycam T field of view. This value

was then compared to the number of stars actually detected in the image by SExtractor.

An image was labelled as “cloud covered” if the number of detected stars was below 75%

of the expected catalogue count. The relatively high threshold accounts for the optical

and photometric limitations of Skycam T. Because of its wide field of view and the use

of aperture photometry, SExtractor may fail to detect some stars in crowded regions

without employing more advanced techniques such as PSF photometry.

To account for thin clouds that dim stars without fully obscuring them, an additional

check was performed for cases where more than 75% of the expected stars were detected.

In these situations, the measured instrumental magnitudes were compared with catalogue

magnitudes derived from calibration on a clear night. If the mean magnitude offset

exceeded 3 mag, the image was also classified as cloud affected.

Finally, the classification obtained from the Skycam T analysis was compared with the

cloudiness parameter derived from the all-sky cloud map. A region in the all-sky map

was considered cloud-covered if more than 75% of the pixels within the corresponding

region were labelled as cloud.

Cloud detection performance is evaluated based on a set of verified cases sampled across

a variety of conditions, including moonless nights, moderate moon illumination, and
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challenging bright moonlight scenarios. For the purposes of analysis, the test cases are

grouped into three categories:

• Dark background: Moon below horizon or new moon phase.

• Bright, Moon far: Moon above horizon, phase > 10%, and angular separation

from the region of interest (ROI) greater than 25◦.

• Bright, Moon close: Moon above horizon, phase > 10%, and angular separation

from ROI less than 25◦.

For the cloud detection evaluation, 47 nights from 2019 to 2023 were selected to represent

a wide range of observing conditions, including bright nights with and without the Moon,

as well as dark nights. These nights were identified via entries in the night log3 and visual

inspection of the nightly all-sky video sequences4. From a total of 32,307 all-sky images

across these nights, the first and last 60 minutes of each night were excluded to remove

twilight effects. From the remaining images, one 100-image set and two 1000-image sets

were randomly selected:

• Dark background: 1000 images from dark nights (Moon altitude < −5◦ and

Moon disk < 10%).

• Bright, Moon far: 1000 images from bright nights with Moon–target angular

separation greater than 25◦.

• Bright, Moon close: 100 images from bright nights (Moon altitude > −5◦, Moon

disk > 10%) where the angular separation between the target and the Moon was

less than 25◦. This configuration is relatively rare.

Testing the cloud detection system using the Skycam T method, the following results

were obtained:

For bright nights, a false negative rate (the sky area in the cloud map is labelled “clear”

whilst is is actually cloud covered) of less than 1% of the analysed images and a false

positive rate also of 1% outside a radius of 25◦ of the moon disk was found. Inside this

area, the false positive rate can climb up to 10 − 15% (especially with a visible moon

disk of more than 50%) due to moonlight scattering on dirt and dust on the sensor cover

as well as lens-flare effects. As astronomical observations are rarely performed so close

to the moon, this relatively high false positive rate is thus of no concern. The rate could
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Bright > 25◦ Bright < 25◦ Dark Nights

Actual / Predicted C O C O C O

C 0.46 0.01 0.41 0.13 0.41 0.01

O 0.01 0.52 0.00 0.46 0.14 0.44

Accuracy 0.98 0.87 0.85

Precision 0.97 0.76 0.97

Table 3.1: Confusion matrices for cloud detection under three illumination regimes:
bright nights more than 25◦ from the Moon, bright nights within 25◦, and dark nights.
Rows correspond to the true class (C = cloud, O = open sky), columns to the predicted

class. Values represent normalised fractions of classified sky regions.

be improved by frequently cleaning the camera’s protective elements and using a sensor

with a higher dynamic range.

A confusion matrix (see Table 3.1) was compiled to quantify the rates of true and false

cloud detection under these conditions. High accuracy was observed under dark and

moderately bright skies. Performance declines modestly in close proximity to the Moon

due to residual artefacts and overexposure, although such conditions remain rare and

have been addressed in earlier sections through filtering and predictive handling.

3.5.3 Tracking and Forecasting Accuracy

Short-term forecast accuracy is evaluated using 100 sequences from Skycam A, covering

a range of observing conditions. For each sequence, the predicted cloud mask at various

time steps is compared to the actual observed cloud mask using a spatial overlap metric

in the defined ROI. Six representative examples are shown in Figure 3.11, with agreement

curves and residuals plotted against time.

3https://telescope.ljmu.ac.uk/Reports/
4https://telescope.livjm.ac.uk/data/webfiles/Skycam/browse2025.html

https://telescope.ljmu.ac.uk/Reports/
https://telescope.livjm.ac.uk/data/webfiles/Skycam/browse2025.html
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Figure 3.11
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Figure 3.11: The plots show the accuracy for 6 different predictions: Plot 1 (top left)

starting at 03:27 on 2020, April 9th, Plot 2 (top right) starting at 02:22 on 2020, April

8th, Plot 3 (middle left) starting at 20:15 on 2023, November 25th, Plot 4 (middle right)

starting at 22:50 on 2021, April 26th, Plot 5 (bottom left) starting at 23:51 on 2020,

December 31st, Plot 6 (bottom right) starting at 06:16 on 2020, October 18th, . The

graphs in the upper panels show the predicted cloudiness (in percent) over the next

x minutes. Here, cloudiness refers to the fraction of cloud-classified pixels within the

observable sky region, defined as all-sky pixels from zenith down to an altitude of 20◦,

excluding the horizon region where distortions dominate. The cloudiness is a measure

for the amount of cloud-pixels in the area of a scheduled observation (a circular region

with a radius of 20 pixels around the target) over the total amount of pixels in this area.

The green graph (baseline) represents a persistence forecast, in which the cloud map

from the most recent all-sky image is assumed to remain unchanged over the prediction

horizon. Consequently, the baseline curve is constant in time for each plot, reflecting the

cloudiness measured in the last observed frame without incorporating any motion model.

The red graph (prediction) shows the cloudiness obtained using the prediction method

presented in this thesis. The blue graph (ground truth) shows the actual cloudiness

measured at that point in time. This is put in as a reference, as this data would not be

available in a real-time scenario. The residuals show the difference between the baseline

and the prediction (orange) as well as the baseline and the ground truth (red), again,

put in as a reference. The predictions in plots 3, 4, and 5 do not have the full prediction

dataset, because the observations were made in the area of the sky where the wind was

coming from, thus there is not enough cloud data for a longer prediction. Plot 5 shows

passing clouds. Plot 6 ends after 22 minutes as the weather control system shut the

telescope enclosure because of incoming severe conditions.

To generalise the tracking quality, the prediction agreement is averaged across all se-

quences and plotted as a function of forecast time (Figure 3.12). Agreement is defined as

the fraction of matching cloud-labeled pixels in the ROI. Results show that agreement

remains above 80% for up to 10–15 minutes and slowly declines thereafter, justifying the

system’s design horizon of 15–20 minutes.

Performance was found to be best for stable stratiform cloud patterns and degraded for

fragmented or fast-evolving clouds, particularly near the horizon or under partial occlu-

sion. These limitations are partially mitigated through prediction confidence filtering

(see Section 3.4.7).
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Figure 3.12: Agreement between predicted and actual cloud maps over time, averaged
across 100 sequences. The red line shows the average agreement, while the shaded area
spans the minimum and maximum values observed at each time step. Agreement is

defined as the fraction of correctly matched cloud pixels in the region of interest.

3.5.4 Computational Efficiency and Real-Time Suitability

In addition to detection and prediction accuracy, the system’s suitability for real-time

operation was assessed. Although many algorithmic stages are implemented using GPU

shaders to exploit parallelism, the overall processing pipeline remains lightweight and

compatible with CPU-only deployments.

The core image processing chain, consisting of FITS normalization, difference imaging,

morphological operations, and cloud masking, was designed to operate on all-sky images

at a cadence of one frame per minute and a resolution of 1392 × 1040 pixels. Binary

morphological operations, including erosion and dilation, are executed using OpenGL-

based pixel shaders with a kernel size of 3 × 3 pixels. These operations were found

to be effective in removing small-scale noise while preserving the structural integrity of

cloud patterns. Larger kernels can be applied for more aggressive filtering, but this may

attenuate finer cloud details and reduce detection granularity.

The motion prediction module, based on per-track Kalman filters, generates forecasts

by shifting cloud pixels according to a smoothed average motion vector derived from

recent cloud tracks. This forward-propagation is repeated in 1-minute increments for

the full prediction horizon (typically up to 20 minutes). All shifting operations are
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carried out using GPU fragment shaders to ensure minimal computational overhead.

Despite this use of GPU acceleration, benchmarks indicate that all processing stages

can be executed comfortably in real time on modern multi-core CPUs, without requiring

specialized hardware.

This efficient runtime behaviour ensures that the system can be deployed on modest

observatory infrastructure, including systems without discrete GPUs. On the current

implementation, processing a single all-sky frame (including image differencing, morpho-

logical filtering, segmentation, and object tracking) requires approximately ∼1 s on a

standard GPU-based system. Given the one-minute acquisition cadence of the all-sky

camera, this corresponds to less than ∼5% of the available processing interval, leav-

ing ample margin for data transfer, logging, and prediction updates while maintaining

real-time operation.

The computational cost of the algorithm scales approximately linearly with the number

of pixels in the input image, as most operations consist of local filtering and segmen-

tation steps. Consequently, doubling the image resolution approximately doubles the

processing time. Similarly, increasing the frame cadence would primarily increase the to-

tal processing load proportionally to the number of frames processed per unit time, while

the per-frame runtime remains unchanged. This behaviour allows the system to accom-

modate higher-resolution sensors or moderately increased frame rates without requiring

specialised hardware.

3.5.5 Prediction Accuracy and Time Horizon

To assess the temporal reliability of the tracking and prediction pipeline, a large-scale

benchmark was conducted using 100 cloud track sequences from Skycam A. For each

sequence, the predicted cloud maps were compared against ground-truth maps at 1-

minute intervals, up to a forecast horizon of 25 minutes.

Prediction accuracy was quantified using pixel-wise agreement in the binary cloud masks

within the region of interest (altitude > 20◦). As shown in Figure 3.12, the average

agreement remains above 80% for the first 5 minutes and gradually declines to around

60% by minute 20, with most of the degradation attributable to untracked or newly

formed clouds entering the frame.

For robotic scheduling purposes, the relevant quantity is not pixel-perfect structural

agreement, but whether the predicted cloud coverage within a target’s field of view crosses

a decision threshold (e.g., clear pixels versus obstructed pixels). An average pixel-wise
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agreement above 80% over the first 5 minutes implies that the vast majority of target-

area classifications remain unchanged relative to ground truth over typical exposure

cadences (2 to 5 minutes). Even at 60% agreement after 20 minutes, most discrepancies

arise from cloud boundaries entering or leaving the frame, rather than from large-scale

misclassification of clear sky regions.

Typical operations consist of 1 to 5 exposures per group, with individual exposure times

usually below 5 minutes, resulting in an average group execution time of approximately

10 to 15 minutes. Only a small fraction of programmes require uninterrupted execu-

tions approaching longer times. The prediction horizon therefore comfortably covers

the decision-relevant timescale for the majority of scheduling scenarios, with agreement

remaining above 70 to 80% during the interval most critical for execution.

3.5.6 Known Limitations

Despite its overall robustness, the cloud monitoring system has several limitations:

• Moonlight contamination: During full Moon phases, lens flare and sensor

blooming can lead to spurious cloud detections. These are mitigated via region

masking and component filtering but are not always fully suppressible.

• Telescope contamination: Bright reflections from the telescope structure (es-

pecially during slews) can be misclassified as clouds. These can not be masked

with the current system as the camera system does not have real-time access to

the telescope RCS and thus is unable to determine the live pointing coordinates.

• Incoming clouds at horizon: Due to optical distortion and undersampling near

the horizon, clouds entering the field of view from below 20◦ altitude are hard to

detect early. This imposes a natural limit on look-ahead capability.

• Thin slow-moving clouds: In very thin cirrus conditions, especially during dark

time, low-contrast cloud features may not register significantly in the difference

image and thus escape detection. This problem can be partially solved with better

camera hardware.

These issues are inherent to the limitations of ground-based, wide-angle imaging systems

without active calibration. However, their impact is mitigated by filtering, regional

masking, and short forecast horizons aligned with operational decision timescales.
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3.6 Integration with Scheduler and Use Cases

The cloud detection and forecasting system currently operates as a stand-alone moni-

toring tool that produces cloud maps, quantitative “cloudiness” metrics for user-defined

regions, and plots of predicted future sky conditions. At present, these outputs are gener-

ated in real time and can be accessed via a lightweight web interface. While the Liverpool

Telescope scheduler does not yet consume this information directly, the system provides

valuable situational awareness for operators and forms the basis for future integration.

In the short term, the cloud monitor is intended to complement the existing satellite-

based decision system that governs the operational state of the telescope enclosure. The

satellite feed primarily serves a safety function, providing large-scale weather aware-

ness relevant to precipitation and severe atmospheric conditions. However, it does not

resolve local, transient cloud structures at the spatial and temporal scales relevant for

observation planning. The all-sky cloud monitor therefore does not replace safety-critical

weather systems, but augments them by providing high-resolution, site-specific awareness

of passing cloud structures. This additional layer of information can support operational

decisions such as delaying enclosure opening during transient cloud cover or suspending

observations when localised cloud bands approach, without altering the primary safety

safeguards.

In the longer term, the predictive cloud maps generated here are designed to be com-

patible with adaptive schedulers, such as the system under development for the New

Robotic Telescope (NRT). In that context, short-horizon forecasts (5 to 10 minutes) can

be queried programmatically as part of the scheduling loop, allowing the system to an-

ticipate imminent cloud motion and adjust observation selection accordingly. Given the

demonstrated forecast accuracy, such integration would not eliminate uncertainty, but

could reduce avoidable failed observations and improve short-term decision robustness

compared to purely reactive strategies. Rather than replacing reactive scheduling, the

predictive layer is intended to provide incremental gains in efficiency under variable sky

conditions.

In summary, while the present implementation primarily delivers real-time monitoring

outputs, its architecture is designed to support integration into operational awareness

systems and, in the longer term, into adaptive robotic schedulers operating on short

prediction horizons.
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Figure 3.13: Skycam O installed on the weather mast at the Liverpool Telescope.
The camera is housed in a weatherproof enclosure and connected to the observatory

network for real-time data transmission.

3.7 Skycam O

To complement the upward-facing SkyCam instruments (A, T, and Z), a new camera

system was developed and deployed by the author to provide real-time visual context of

the surrounding sky and local environment. This system, named Skycam O (for “Out-

side”, see Figure 3.13), is designed for robustness, energy independence, and continuous

operation in the harsh outdoor conditions of the Observatorio del Roque de los Mucha-

chos.

3.7.1 Hardware Design and Installation

At its core, Skycam O is built around a Raspberry Pi 4 Model B, chosen for its low power

consumption, strong community support, and GPIO flexibility. To further increase the

system’s resilience against power disruptions and voltage fluctuations, a StromPi 3 HAT
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(Hardware Attached on Top expansion board) is integrated. A HAT is an add-on

circuit board designed to plug directly onto the Raspberry Pi’s GPIO header, extending

its functionality. In this case, the StromPi 3 enables seamless switching between multiple

power sources and includes a real-time clock for accurate timekeeping. It also supports

an optional LiFePO4 battery backup, allowing the system to survive short-term outages

without data loss or corruption.

The imaging component is a Raspberry Pi High-Quality Camera Module equipped with

a fisheye lens providing an approximately 180◦ diagonal field of view, corresponding to

near-hemispherical sky coverage. The lens specification refers to the nominal optical

field of view of the fisheye system; the effective usable sky region is slightly smaller

due to mechanical constraints of the housing and dome. The camera is mounted within

a custom-built enclosure consisting of a standard white UV-resistant DN100 pipe (a

100 mm drainage pipe), repurposed as a weatherproof cylindrical casing. Internally, a

3D-printed mounting structure (see Figure 3.14) securely supports the Raspberry Pi and

camera, with a circular base that fits precisely into the pipe to prevent movement. The

upper end of the housing is sealed with a clear acrylic dome, providing an unobstructed

field of view while protecting the optics from environmental exposure.

Skycam O is physically installed on the outdoor weather mast near the Liverpool Tele-

scope. It is mounted on the original base plate of a decommissioned pyranometer, en-

suring structural stability and optimal exposure to the sky. The system is connected

via a dedicated LAN cable and powered through a regulated 24V power supply routed

through the mast infrastructure.

3.7.2 Software and Operation

Skycam O runs Raspberry Pi OS, a Debian Linux-based distribution optimized for head-

less operation. The camera control is managed via the open-source allsky software

suite5, which supports timelapse imaging, automatic exposure control, and dynamic

overlays.

To integrate the data into the observatory workflow, a set of custom Python and shell

scripts has been developed. These scripts:

• Convert JPEG frames into FITS format for archival and scientific compatibility.

• Copy both JPEG and FITS files to the Liverpool Telescope backend servers via

scheduled secure transfer.
5https://github.com/AllskyTeam/allsky

https://github.com/AllskyTeam/allsky
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Figure 3.14: 3D-printed mounting structure for the Raspberry Pi and camera inside
the Skycam O enclosure. The design ensures secure placement and optimal alignment

of the camera lens with the acrylic dome.

• Perform regular housekeeping, such as rotating log files, cleaning up temporary

data, and monitoring system health metrics.

The entire system is designed to operate with minimal human intervention. Reboots,

service restarts, and updates can be issued remotely via SSH, and uptime is continuously

monitored.

3.7.3 Role in the Observing Workflow

Skycam O provides an external view of the sky and horizon (see Figure 3.15), capturing

clouds, haze, Calima, fog banks, and approaching weather fronts. At present, these

images primarily support situational awareness for operators under uncertain weather

conditions. However, the system architecture allows for automated extraction of cloud

and visibility metrics, enabling future integration into decision-support or enclosure-

control logic without requiring continuous human supervision.

Though not used for photometry, the system adds valuable qualitative data, and unlike

many commercial all-sky systems, it is fully open, maintainable, and reproducible.
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Figure 3.15: Example all-sky image captured by Skycam O, showing the sky and
horizon at the Liverpool Telescope site. The image captures clouds, haze, and atmo-

spheric conditions in real time.

3.8 Discussion

The results presented in this chapter demonstrate that real-time cloud monitoring with

all-sky cameras can provide reliable, actionable input for robotic telescope scheduling.

By combining difference imaging, adaptive thresholding, and morphological filtering,

the system successfully reduces stellar contamination and produces robust binary cloud

masks across a wide range of observing conditions. The GPU-based implementation

ensures that these steps can be executed at the native one-minute cadence of Skycam A,

even on modest hardware, which is essential for operational integration.

The tracking and prediction framework, based on deprojection, connected-component

labeling, and Kalman filtering, extends this capability beyond static detection. Forecast

horizons of 10 to 20 minutes show agreement rates exceeding 70-80% under stable con-

ditions, validating the constant-velocity assumption for short-term predictions. These

results are particularly relevant given the timescales of typical Liverpool Telescope obser-

vations, where setup and execution of groups often span similar intervals. The evaluation

also highlights the system’s ability to outperform simple persistence baselines, offering

genuine predictive value rather than merely describing current sky conditions.

At the same time, several limitations remain. Prediction quality degrades for fragmented

or fast-evolving clouds, especially near the horizon where geometric distortion and un-

dersampling reduce sensitivity. Moonlight contamination and telescope reflections occa-

sionally produce spurious detections, though these can be partially mitigated through



97

exclusion zones and heuristic filters. The system is also inherently constrained by its

reliance on a single upward-facing fisheye camera: incoming clouds remain undetectable

until they enter the field of view, limiting the maximum achievable forecast horizon.

Despite these limitations, the system demonstrates that local, high-cadence imaging

provides a practical and effective approach to real-time sky condition awareness. The

integration of cloud masks and short-term forecasts into robotic scheduling workflows has

the potential to reduce wasted exposures, prioritize targets in temporarily clear regions,

and increase overall efficiency. In this sense, the cloud detection pipeline can be regarded

as a foundational capability for the next generation of adaptive robotic observatories,

complementing extinction monitoring and sky brightness modeling to form a complete

situational awareness framework.

3.9 Future Cloud Sensor Design

While the current cloud monitoring system based on the Skycam A infrastructure has

demonstrated robust performance, it is inherently limited by legacy hardware, fixed

exposure configurations, and the lack of onboard computational capabilities. To enhance

long-term maintainability and allow for future algorithmic expansion, a new cloud sensing

system is proposed.

The core of the redesigned system is a high-quality CMOS or CCD all-sky imaging camera

equipped with a fisheye lens, offering high sensitivity and dynamic range under a wide

range of illumination conditions (from new Moon to full Moon). Modern sensor modules,

such as the ZWO ASI series (e.g. ASI715MM) or industrial-grade USB3.0 cameras with

global shutter capabilities, provide significantly improved signal-to-noise ratio and frame

rate performance compared to the current hardware.

Image acquisition, real-time processing, and data transmission are managed by a low-

power embedded compute platform, such as a Raspberry Pi 5 or an industrial fanless

mini-PC. This unit performs local preprocessing, including bias and flatfield correction,

difference image generation, and binary cloud mask extraction. The existing detection

and tracking pipeline described in this chapter can be directly ported to this embedded

platform, utilising GPU acceleration (e.g. via OpenGL ES or Vulkan) for real-time

defishing and cloud displacement estimation.

Each processed frame is timestamped and annotated with metadata including threshold-

ing parameters, cloud fraction, and system diagnostics. The resulting cloud mask and

associated metadata are transmitted over a local network or to a central backend server.

This server hosts a relational database and object storage service for long-term archiving,
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as well as a web-facing API to enable programmatic access by other observatory systems

and external users.

The modular architecture ensures that additional sensors—such as a pyrometer, sky

temperature sensor, or lightning detector; can be integrated via the same edge compute

unit. Moreover, redundant deployment at multiple telescope sites would enable cross-

validation and facilitate distributed sky condition monitoring across a larger observing

region.

This upgraded platform would not only improve image quality and processing flexi-

bility but also reduce maintenance overhead and eliminate the reliance on monolithic

legacy systems. It opens the door for future features such as uncertainty quantification,

machine-learning-based cloud classification, and direct coupling with robotic telescope

schedulers via forecast-aware observation planning APIs.



Chapter 4

Real-time Atmospheric Extinction

Measurements

For my part I know nothing with any
certainty, but the sight of the stars
makes me dream.

Vincent van Gogh

4.1 Introduction

While the previous chapter focused on detecting, tracking, and predicting cloud cover -

enabling the identification of unsuitable observing conditions in parts of the sky—this

chapter addresses the continuous attenuation of starlight under clear skies: atmospheric

extinction. Together, cloud detection and extinction monitoring provide a comprehensive

assessment of sky transparency, forming the foundation for adaptive scheduling in robotic

telescope operations.

Atmospheric extinction is caused by the absorption and scattering of incoming starlight

as it passes through the Earth’s atmosphere. The amount of attenuation increases with

airmass—the optical path length through the atmosphere—and varies with wavelength,

atmospheric composition, and local conditions. Quantifying this effect is essential for

photometric calibration and for ensuring the scientific reliability of ground-based obser-

vations.

At the Observatorio del Roque de los Muchachos (ORM), precision atmospheric mon-

itoring has long played a crucial role in supporting astronomical observations. The

99
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Carlsberg Meridian Telescope (CMT), operated from 1984 to 2013, was instrumental

in characterising long-term atmospheric extinction in the Johnson V band. Its nightly

extinction measurements, derived from standard stars crossing the meridian, form the

most comprehensive dataset of its kind for the site (Garcia-Gil et al., 2010). Although

the CMT has been decommissioned, its legacy endures. Notably, the New Robotic Tele-

scope (NRT) is set to be built at the very site where the CMT once stood—symbolically

linking the future of robotic astronomy to the past of precision atmospheric monitoring.

For the LT, photometric science frames are common, whereas the NRT will prioritise

spectroscopy and rapid response. In such regimes, acquisition images are often shallow,

taken through narrow slits or non-photometric configurations, or omitted entirely for fast

triggers. As a result, attempting to derive transparency or zero-point (ZP) information

from user science frames becomes sporadic and instrument-dependent. Tying scheduler

state (e.g. transparency, ZP) to these frames introduces latency—because the system

must wait for suitable exposures—and brittleness—because the inferred calibration is

sensitive to filter changes, grism/slit choices, exposure strategy, and target selection.

External but co-pointing wide-field imagers, specifically such like Skycam T and Sky-

cam Z, provide a clean decoupling between science acquisition and transparency sensing.

Their continuous, independent data stream yields a high-cadence record of atmospheric

transmission throughout the night that is independent from the active instrument or

observing mode. Because the Skycams co-point with the main telescope, their measure-

ments follow the same line of sight and airmass as the current target, offering opera-

tionally relevant, near-real-time estimates of the extinction coefficient k without con-

suming additional telescope time or altering the observing sequence.

A stable extinction feed from the Skycams enables immediate SNR-based exposure adap-

tation and objective quality rating (photometric versus non-photometric) within the

scheduling loop, complementing cloud detection and sky-brightness forecasting (Chapers 3,

5, 6). Additionally, this remains available even for short visits and rapid spectroscopic

follow-up where no suitable photometric frames exist, thereby improving both respon-

siveness and uniformity of data quality under realistic robotic operations.

The objective of this part of the project is to evaluate whether wide-field auxiliary imag-

ing systems (specifically systems like the existing Skycam T and Skycam Z) can be

repurposed to deliver reliable, real-time atmospheric extinction coefficients. These in-

struments, originally designed for co-aligned sky imaging with the Liverpool Telescope

(LT), continuously acquire unfiltered images throughout the night. Although their spec-

tral response and optical characteristics currently differ from standard photometric sys-

tems as the systems operate unfiltered, they provide uninterrupted data streams that

can, in principle, be mined for transparency information.
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This chapter therefore continues, in spirit, the mission of the CMT by investigating

whether Skycam data can be used to derive physically meaningful extinction measure-

ments under realistic operating conditions. The key idea is to compare instrumental

magnitudes of detected stars (derived via SExtractor photometry) to catalogue magni-

tudes from Tycho2 and APASS, and to model the dependence of the residuals on airmass.

If a coherent extinction trend emerges, it would demonstrate the feasibility of integrating

real-time extinction monitoring into the robotic scheduling framework.

To ensure robustness and explore the reliability of results under varying sky conditions,

three complementary modelling approaches are employed: (1) a full linear least-squares

regression over all matched stars, (2) a RANSAC-based robust regression to exclude

outliers and reduce contamination from clouds or misidentifications, and (3) a median-

based method that fits extinction using per-image median residuals binned by airmass.

These techniques provide a multi-perspective assessment of each night’s transparency

and allow internal cross-validation of the extinction slopes derived.

While the unfiltered nature and wide field of the Skycams introduce complexity and

limitations compared to traditional filtered photometry, the ability to obtain continuous,

automated measurements with minimal additional overhead offers a compelling advan-

tage. This chapter documents the methods, results, and limitations encountered in the

extinction analysis and explores how such systems may contribute to the operational

intelligence of future robotic observatories.

4.2 Instruments and Data Sources

The primary data sources used in this study are Skycam T and Skycam Z, two auxil-

iary imaging systems permanently mounted on the top-end of the Liverpool Telescope

(LT). Both cameras operate continuously during observations and acquire images at ap-

proximately one-minute cadence. A summary of the main instrument characteristics is

provided in Table 4.1.

Skycam T is a medium-field Starlight Xpress Trius SX-35 CCD camera fitted with a

Zeiss Planar T 85mm f/1.4 ZF2 lens. This setup delivers a field of view of approximately

24×16 degrees and a pixel scale of 44 arcseconds per pixel. The system achieves a limiting

magnitude around V ≈ 12mag and is particularly well-suited for identifying thin cloud

cover due to its broad coverage and sensitivity to changes in transparency. Historical

iterations of Skycam T used various optical and detector combinations, maintaining field

sizes generally between 10 to 20 degrees1.
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Skycam T Skycam Z

Camera model Starlight Xpress Trius SX-35 ZWO ASI 174MM
Lens Zeiss Planar T 85mm f/1.4 Orion Optics AG8 telescope
Field of view 24× 16◦ ∼ 1◦

Pixel scale ∼ 44′′/pixel ∼ 1.62′′/pixel
Exposure time 10 s 10s
Cadence 1 min 1 min
Magnitude range ∼ 4–12 mag ∼ 10–16 mag
Primary use wide-field monitoring near-field monitoring

Table 4.1: Summary of the main characteristics of the Skycam instruments used in
this work.

Skycam Z, re-commissioned in September 2024, is a narrow-field instrument based on a

ZWO ASI174MM uncooled monochrome CMOS camera coupled with an Orion Optics

AG8 telescope. It provides a 0.84×0.55 degree field of view and a plate scale of 1.62

arcseconds per pixel. Skycam Z is capable of detecting stars down to V ≈ 16.5 – 17mag,

offering high spatial resolution and depth, with sufficient photometric precision to reveal

galaxies and extended sources under good conditions1.

Both systems acquire one ten-second exposure every minute during LT operations, pro-

ducing an immense dataset. At the time of analysis, Skycam T had collected over 2.4

million images, while Skycam Z had accumulated more than 1.1 million exposures. Sky-

cam Z was commissioned later than Skycam T and was not mounted on the telescope

between 2019 and 2024 due to a camera failure and Covid-19 travel restrictions.

Raw data are stored in both FITS and JPEG formats, enabling both scientific processing

and quick-look diagnostics. All image metadata and source extraction results are ingested

into a custom PostgreSQL database developed for this project. Standard calibration

frames such as bias and darks are routinely applied, and twilight flats are occasionally

available for flat-field correction. The resulting dataset forms the foundation for real-time

photometric monitoring and extinction analysis.

4.3 Data Acquisition and Processing

Before photometric analysis can be performed, raw Skycam images must be corrected for

instrumental effects to ensure accurate and reliable measurements. The preprocessing

pipeline applies a series of calibration steps designed to mitigate fixed-pattern noise,

pixel sensitivity variations, and geometric distortions. This process prepares the data for

subsequent astrometric calibration, source detection, and photometric extraction.
1https://telescope.livjm.ac.uk/TelInst/Inst/SkyCam/
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The key preprocessing steps include dark and bias correction, flat-field correction, astro-

metric calibration, source detection and catalogue cross-matching.

As neither Skycam T nor Skycam Z is equipped with a mechanical shutter, traditional

dark frame acquisition is not possible. Instead, an alternative dark subtraction method

based on dome images was implemented by the LT Project Scientist Dr. Robert Smith.

While this approach mitigates fixed-pattern noise, it introduces a systematic offset in

sky background measurements due to over-subtraction. A detailed discussion of this

procedure and its photometric impact is provided in Chapter 5.

Flat-field correction is performed using twilight sky flats obtained during the telescope’s

automated flat-fielding routine at dusk and dawn. Because the Skycams operate with a

fixed exposure time, typically only a few images each night achieve the desired illumina-

tion having high enough counts without reaching saturation levels.

To assemble reliable flat-field frames, the evening and morning images are collected

over several months. Then, frames are manually reviewed to select those with suitable

brightness and minimal gradients and then, these selected frames are stacked to produce

a master twilight flat (see Figures 4.1 and 4.2).

Figure 4.1: Analysis of the normalised master twilight flat for Skycam T. Left:
The flat field exhibits smooth radial vignetting centred near the optical axis, without
evidence of dust shadows or fringing. Centre: The histogram of normalised pixel values
shows a broad, symmetric distribution consistent with gradual optical fall-off across the
field. Right: Median row and column profiles confirm the radial symmetry and reveal
a steady decrease in response toward the edges, with peripheral pixels dropping to

approximately 40% of the peak—typical for fast, wide-angle optical systems.

As noted by the observatory’s project scientist Robert J. Smith, this approach works

reasonably well but is susceptible to contamination (e.g., moonlight or cloud features).

The master flat is updated periodically when data quality monitoring suggests significant

changes or degradation.

It is noted that the resulting dark frame also contains the bias signal (since no separate

bias frames are acquired), and thus represents a combined dark+bias calibration frame.

This combined frame is applied during preprocessing to correct each science image before

subsequent extinction and sky brightness measurements.
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Figure 4.2: Analysis of the normalised twilight flat field for Skycam Z. Left: The flat
image shows smooth large-scale vignetting, increasing in sensitivity from the lower left
to upper right, with several faint circular features likely caused by internal reflections
or ‘dust bunnys’. Centre: The histogram of pixel values is peaked just above unity,
with an asymmetric tail toward lower values and minor secondary features, consistent
with spatially varying throughput. Right: Median row and column profiles confirm
the smooth radial structure, with column medians rising from ≈ 0.93 to over 1.01 across

the field.

In order to assess the quality and stability of the dark+bias calibration frame, a statistical

and visual analysis was performed. The combined dark+bias image shows a uniform

background level with pixel values centred around 1970 ADU. A histogram of pixel

intensities (see Figure 4.3 Image 2) reveals a sharp peak, indicative of a stable and well-

behaved bias level, with only minor outliers. A visual inspection of the image (Figure

4.3 image 1) shows minimal spatial structure, as expected, except for a single column

(column 1399) that appears significantly elevated across all rows. This behaviour is

consistent with a defective readout column and is evident both in the 2D image and in

the row/column median profile plots.

Figure 4.3: Diagnostic analysis of the Skycam T dark+bias calibration frame from
the night of 2025-04-14. Left: The dark+bias image, shown with a magma colormap,
displays a spatially uniform background with low-amplitude fixed-pattern noise and one
clearly visible defective column (1399) reading significantly higher than its surroundings.
Centre: The histogram of pixel values, plotted on a logarithmic scale, is sharply peaked
around 1970ADU, confirming a stable and narrow electronic bias distribution, with a
faint high-ADU tail due to hot pixels or cosmic ray events. Right: Median column and
row profiles show a flat and uniform bias structure across the sensor, except for minor
readout-related deviations and edge effects. Column 1399 was explicitly excluded from

the column median profile to remove its dominant influence.

To prevent this artefact from skewing downstream statistical analyses, column 1399 was
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Figure 4.4: Diagnostic analysis of the Skycam Z dark+bias calibration frame. Left:
The image reveals a clear spatial gradient, with elevated background levels in the upper-
left corner exceeding 600ADU. This feature is consistent with detector glow, a known
phenomenon in uncooled CMOS sensors where internal electronics emit thermal pho-
tons. The median background across the frame is 536ADU. Given this structure and
intensity, the dark subtraction process may inadvertently remove genuine sky back-
ground flux, particularly in images with low sky signal, thereby contributing to the sys-
tematic underestimation of sky brightness in Skycam Z data. Centre: The histogram
of pixel values, shown on a logarithmic scale, peaks sharply around 540 ADU, with a
faint high-value tail attributable to hot pixels or sporadic noise events. Right: The
dark+bias image reveals a smooth but asymmetric background gradient, with elevated
values in the upper-left corner consistent with detector glow. The overall structure
suggests that a significant component of the dark signal is spatially structured, likely

due to thermal effects in the uncooled CMOS detector.

excluded from all column profile plots and can be optionally masked during preprocessing.

Apart from this single artefact, the dark+bias frame demonstrates low fixed-pattern noise

and provides a sufficiently stable calibration reference for Skycam preprocessing.

To characterise the twilight flat field of Skycam T, a master flat was created by median-

stacking selected twilight exposures with uniform illumination. The resulting frame was

normalised by its median and visually inspected for large-scale gradients and artefacts.

As shown in Figure 4.1, the flat field exhibits smooth radial vignetting typical of wide-

field camera lenses, with no significant dust shadows or discontinuities. The histogram of

normalised values peaks near unity and extends down to ≈ 0.4, indicating up to 60% loss

of sensitivity at the field edges. Median row and column profiles show smooth variation,

confirming optical vignetting as the dominant effect and validating the flat’s suitability

for pixel sensitivity correction.

Quantitatively, the normalised flat has a mean of 0.96, a standard deviation of 0.30, and

a flatness ratio (max/min) of 13.17. These values reflect both the optical vignetting and

the lack of additional pixel-level noise structures.
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4.4 Photometric Calibration

The goal of photometric calibration in this study is not to establish an absolute magnitude

scale, but to determine relative zeropoints for each image and to track systematic shifts

in brightness that reflect atmospheric transparency and system degradation (e.g. due

to the accumulation of dust on the lenses). The instrumental magnitudes derived from

the Skycam data serve as a basis for identifying extinction trends and variability across

different observing nights.

Instrumental magnitudes were extracted using SExtractor (Bertin et al., 1996) and repre-

sent the ISO photometry (“MagIso”), which approximates the total flux for each detected

object using an isophotal aperture. Because the Skycams operate without filters, these

magnitudes reflect the system’s broad unfiltered spectral response. No color transfor-

mations or attempts to convert to standard photometric systems were applied. Instead,

instrumental magnitudes were compared directly to catalogue V-band magnitudes from

the Tycho 2 cyatalogue (Høg et al., 2000) and the APASS catalogue (Henden et al.,

2018b).

The use of unfiltered detectors in both Skycam T and Skycam Z necessitates a careful

consideration of their effective spectral response when interpreting instrumental magni-

tudes. As illustrated in Figure 4.5, the total throughput of each system arises from the

product of optical transmission and sensor quantum efficiency. Skycam Z, in particular,

shows a response that closely overlaps with the Johnson V band, peaking near 540 nm

(Figure 4.6). However, its sensitivity extends well beyond the V band into the red, re-

sulting in a much broader overall response curve. Skycam T exhibits an even broader

response, with enhanced sensitivity at longer wavelengths due to its optics and sensor

characteristics, although no direct comparison with standard filter systems is available

for it.

This mismatch between instrumental response and standard photometric passbands in-

troduces a colour-dependent offset in the instrumental magnitudes when compared to

catalogue V magnitudes. In particular, redder stars are expected to appear artificially

brighter in the Skycam systems due to their broader throughput, especially beyond

600 nm. Nevertheless, extinction determination is based on differential trends (the change

in photometric zeropoint with airmass) rather than the absolute calibration.

The homogeneity of the Tycho2 and APASS catalogues in providing calibrated V -band

magnitudes enables reliable relative calibration across a broad range of stellar types. In

this context, Skycam Z proves particularly valuable: its throughput overlaps the V band

more closely than Skycam T, and its sharper system response and higher signal-to-noise

at fainter magnitudes reduce photometric scatter.
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(a) Skycam T transmission curve

(b) Skycam Z transmission curve

Figure 4.5: Transmission curves of Skycam T and Skycam Z.

Catalogue matching was performed for each image using positional cross-referencing. For

Skycam T, the Tycho2 catalogue was used for brighter stars and the APASS catalogue

for fainter stars, while Skycam Z relied exclusively on APASS due to its deeper limit-

ing magnitude. Matches were filtered by angular separation and assigned a “GoodFit”

quality metric. The GoodFit value corresponds to the angular distance between the

detected source and the matched catalogue star. If multiple detected sources fall within

the matching radius of the same catalogue star, only the closest source (and, where ap-

plicable, the one consistent with the expected magnitude range) is retained as the valid

match. All other candidate matches are flagged with GoodFit = −1 and excluded from
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Figure 4.6: Comparison between the total system throughput of Skycam Z (dashed
blue line) and the standard Bessell V filter response curve (dotted green line), expressed
as dimensionless throughput (0–1). Both curves are normalised such that their maxi-
mum transmission value is equal to unity, allowing the relative shape and wavelength
coverage of the responses to be compared independently of their absolute efficiency. The
Skycam Z response reflects the combined effect of optics, sensor quantum efficiency, and
atmospheric transmission, and shows a much broader wavelength sensitivity compared
to the Bessell V band. This broader spectral response limits direct transformation to
standard photometric systems but enables higher throughput for differential photome-
try. All data were obtained from values presented in the hardware documentation or

from manufacturers’ specifications (e.g. CCD, lens, OTA).

further calibration. Only entries with GoodFit > −1 were therefore used in the subse-

quent analysis. This step also removes duplicate matches and prevents faint spurious

detections from being associated with bright catalogue stars.

For each matched star, the difference between the instrumental magnitude and the cat-

alogue magnitude was computed:

This residual serves as a proxy for extinction once instrumental systematics are removed.

Initial analysis revealed that these residuals can vary significantly within a night and

across the field of view, particularly in Skycam T data. This increased variability is

primarily attributable to Skycam T’s much wider field of view, which introduces stronger

vignetting effects, larger airmass gradients across the image, and increased susceptibility

to scattered moonlight and sky-brightness gradients. In addition, its broader spectral

response compared to the standard V band enhances colour-dependent offsets, further

increasing photometric scatter.

Zeropoints were determined using three complementary strategies:

• A full linear regression of residuals against airmass.
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• A robust RANSAC fit to remove outliers and spurious matches.

• A median-based approach that computes per-image residuals, bins them by air-

mass, and fits a line to the image-level medians.

These methods allowed for cross-validation and provided insight into the consistency

and robustness of the derived zeropoints. The scatter of residuals and the variability of

the fitted zeropoints from one model to another served as an indicator of photometric

stability.

For quality control and diagnostic purposes, residual histograms, MagIso vs. Vmag scat-

ter plots, and per-image zeropoint distributions were also examined. These visualisations

helped identify problematic nights, saturation effects, and cases of poor catalogue match-

ing.

4.5 Sky Brightness Measurement

Although primarily designed for extinction monitoring, the Skycam system inherently

captures data suitable for estimating the night sky surface brightness. Accurate mea-

surements of sky brightness, typically expressed in magnitudes per square arcsecond

(mag/arcsec2), are essential for evaluating the quality of astronomical observations,

particularly in the context of faint-object imaging, background-limited exposures, and

robotic scheduler-level signal-to-noise ratio (SNR) calculations.

In this section, the methodology used to derive sky brightness values from Skycam T

and Skycam Z data is presented, and a systematic discrepancy observed in the Skycam

Z results is investigated.

4.5.1 Methodology

Sky brightness was estimated using the background flux values reported by SExtractor,

which computes a clipped mean in a mesh grid across the image to suppress contamina-

tion from stars and artefacts. The median of these local background values was adopted

as the global background level per frame. This per-image background estimate, measured

in analog-to-digital units (ADU), was then converted into astronomical units using the

photometric zeropoint (ZP) derived individually for each image via catalogue matching.

Instrumental magnitudes were computed from matched stars by cross-referencing de-

tected sources with the APASS or Tycho2 V-band catalogues. For each image, a linear
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regression between instrumental and catalogue magnitudes was performed, and the in-

tercept was adopted as the image’s zeropoint. For Skycam Z, this zeropoint was found

to be remarkably stable, with a mean around +25.2mag on dark, photometric nights,

confirming the relative photometric stability of the system.

To express sky brightness in units of mag/arcsec2, the following formula (4.1) was applied:

msky = ZP− 2.5 log10

(
B

texp · s2

)
(4.1)

where B is the SExtractor background (in ADU), texp is the exposure time (10 seconds),

and s is the plate scale in arcseconds per pixel (44.0 arcsec per pixel for Skycam T and

1.62 arcsec per pixel for Skycam Z). This equation effectively normalises the flux per

square arcsecond and places it on an astronomical magnitude scale.

Using this method, time series of sky brightness were constructed with one data point per

image (typically every minute). These values were binned by night, and for each night,

both the median and 10th percentile sky brightness were computed. The 10th percentile

serves as a proxy for the darkest portions of the night, free from transient contamination

by the Moon, clouds, or telescope pointings at bright fields. This dual-statistic approach

enables robust tracking of natural brightness cycles, seasonal variability, and the impact

of lunar illumination.

4.5.2 Sky Background Levels

While working with Skycam Z data, it was noted that measured sky background lev-

els during dark, photometric nights often fell below the expected sky brightness at the

Observatorio del Roque de los Muchachos (ORM). Under moonless conditions, typical

‘dark’ V-band sky brightness at ORM is reported to be approximately 21.9 mag arcsec−2

(benn1998). When converted to instrumental background levels, the Skycam Z mea-

surements implied systematically darker values than physically plausible for the site.

This discrepancy raised questions about the accuracy of the dark subtraction pipeline

and its impact on background-limited photometry.

A detailed cross-calibration with IO:O data, as well as an investigation into the Sky-

cam dark frame methodology, revealed a systematic 1.8mag offset attributable to over-

subtraction. This analysis, along with the resulting correction and its implications for

background modelling, is discussed in Chapter 5.
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4.6 Atmospheric Extinction Calculation

4.6.1 Extinction Estimation Workflow

Atmospheric extinction was estimated from the difference between instrumental and

catalogue magnitudes of stars detected in Skycam images. The images were processed

using the source extraction and catalogue matching pipeline described in Section ??,

which performs astrometric calibration, source detection using SExtractor (Bertin et al.,

1996), and positional cross-matching to reference catalogues.

For Skycam T, stars were matched against both the Tycho2 catalogue (Høg et al., 2000)

and the APASS catalogue (Henden et al., 2018b), while Skycam Z relied exclusively on

APASS due to its deeper sensitivity. Matches were filtered using a conservative angular

separation threshold (< 3 arcsec) and the GoodFit quality flag described earlier; only

entries with GoodFit > −1 were retained.

For each matched star, the photometric residual

r = minstr −mcatalogue (4.2)

was computed, where minstr denotes the instrumental magnitude derived from the unfil-

tered image (typically the SExtractor MAG_ISO) and mcatalogue is the V -band magnitude

from Tycho2 or APASS.

The residuals were then analysed as a function of airmass, calculated from the celestial

coordinates of each star, the observation timestamp, and the observatory location. The

coordinate transformation to horizontal coordinates was performed using the AltAz frame

implemented in astropy.

4.6.2 Initial Photometric Consistency Check

To begin the extinction analysis, a representative photometric night - 30th September

2024 - was selected for detailed inspection. This night was characterized by excellent

seeing, no visible cloud cover, and stable atmospheric conditions throughout. These ideal

circumstances provided a well-controlled scenario to assess the photometric behaviour of

both Skycam T and Skycam Z under clear sky conditions.

Skycam T: Tycho2 Comparison For Skycam T, all images from the selected night

(e.g. see Figure 4.7) were retrieved together with their corresponding source detections

obtained from SExtractor. These detections were cross-matched with stars from the
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Tycho2 catalogue using positional association. For each matched star, the instrumental

magnitude (MagIso) measured in the Skycam image was compared with the catalogue

VT magnitude from Tycho2.

Figure 4.7: Skycam T image from 2024-09-30 22:23 used for the photometric consis-
tency check. The frame shows a wide-field star field with no cloud contamination and
good image quality, representative of stable observing conditions. This image yielded
the highest number of Tycho2 catalogue matches on the night and served as the refer-

ence frame for validating the linearity of instrumental magnitudes.

The resulting distribution (see Figure 4.8) reveals a nearly linear trend in the reliable

magnitude regime, with substantial deviation and scatter beyond MagIso > −11 and

VT > 9. These thresholds were therefore adopted throughout the analysis to filter unre-

liable photometric matches. This preliminary check confirms that Skycam T, despite its

broad unfiltered response, captures a usable photometric signal — provided appropriate

quality cuts are applied.

Skycam Z: APASS Comparison A similar procedure was applied to Skycam Z

using images (e.g. Figure 4.9) from the same night. Image metadata were sourced from

the ZcamImage table, and sources were loaded from the StarsZSX table. Cross-matches

to the APASS catalogue were obtained from the ZPSkycamZ table in the database. The

instrumental magnitude was again plotted against the catalogue V magnitude (see Figure

4.10).
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Figure 4.8: Photometric consistency check for the Skycam T image taken on 2024-
09-30 22:23. Instrumental magnitudes (MagIso) are plotted against Tycho2 VT magni-
tudes. A linear trend is visible in the reliable regime (MagIso > −11, VT < 9), while

the scatter increases significantly beyond this range.

Skycam Z displayed significantly better photometric performance. A tight linear relation

between instrumental and catalogue magnitudes was observed across a wider dynamic

range. Unlike Skycam T, no artificial truncation or scatter floor was evident in the

bright or faint ends of the distribution. The system reliably tracked stars from V ∼ 10

to V ∼ 16, with mild scatter beyond that range.

These preliminary checks establish that Skycam Z provides superior photometric qual-

ity, likely due to its narrower field of view, improved optics, and higher-resolution sen-

sor. Consequently, the extinction analysis described in the following sections emphasises

Skycam Z data, with Skycam T results used primarily for comparison and qualitative

insights.
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Figure 4.9: Skycam Z image from 2024-10-01 05:54, which yielded the highest number
of APASS catalogue matches. The field is free of cloud and shows excellent star quality,

representative of optimal observing conditions.

4.6.3 Full-Night Photometry: Instrumental vs. Catalogue Magnitude

Following the initial single-frame consistency checks, the full-night dataset for each in-

strument was analysed. All images taken on 2024-09-30 (Skycam T) and 2024-10-01

(Skycam Z) were processed, and the resulting matched stars were aggregated. For each

matched star, the instrumental magnitude (MagIso) was plotted against the correspond-

ing catalogue V magnitude: Tycho2 VT for Skycam T (see Figure 4.11), and APASS V

for Skycam Z (see Figure 4.12).

To evaluate both the match quality and the density distribution of photometrically useful

sources, two types of visualisations were employed. First, scatter plots coloured by match

distance were used to investigate spatial matching errors. Second, hexbin density plots

were produced to assess the overall structure of the data and the distribution of matches

across the photometric dynamic range.

Both instruments exhibit a high concentration of stars along a well-defined linear relation,

confirming that the majority of matched sources are photometrically consistent. In both
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Figure 4.10: Photometric consistency check for Skycam Z on 2024-10-01 05:54. In-
strumental magnitudes are plotted against APASS V magnitudes. A mostly linear
relation is visible over the range 10 < V < 16, with some scatter beyond V > 15,

indicating the effective photometric range of the system.

cases, however, a deviation from strict linearity is observed at the bright end (i.e., lower-

left region of the plots). This bending of the trend may be due to nonlinear detector

response, blooming, or local pixel saturation effects, which are common when observing

bright stars with fixed exposure times. Additionally, catalogue magnitudes (particularly

from APASS) may be less reliable for bright sources due to issues with saturation and

blending.

These density plots confirm that the magnitude cuts applied during filtering (e.g., Mag-

Iso < −11 for Skycam T) effectively isolate the usable photometric range and exclude

the most distorted regions of parameter space. Skycam Z’s sharper trend and wider dy-

namic range once again reinforce its suitability for extinction fitting and night-to-night
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Figure 4.11: Skycam T: Instrumental magnitude (MagIso) vs. Tycho2 VT magnitude
for all matched stars on the night of 2024-09-30. Point colour encodes match distance
(in arcminutes). No clear systematic trend between photometric residuals and match
distance is visible, indicating that positional cross-matching errors are not the dominant
contributor to the observed scatter. Increased dispersion beyond VT > 6 is therefore pri-
marily attributable to photometric noise, colour-dependent systematics, and the broad
instrumental response rather than astrometric mismatch. The apparent truncation of
the distribution at MagIso ≈ −11 reflects the selection limits of the quality filtering

criteria rather than a physical cutoff in the detector response.

photometric monitoring.

4.6.4 Image-level Quality Assessment via Residual Scatter

To assess the photometric reliability of individual Skycam images, the standard deviation

of the photometric differences (instrumental minus catalogue magnitude) was computed

for each image in the night. These per-image scatter values serve as a proxy for photo-

metric quality and were analysed statistically to identify and exclude anomalously noisy

frames.
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Figure 4.12: Skycam Z: Instrumental magnitude versus APASS V magnitude for all
matched stars on 2024-10-01, coloured by match distance (in degrees). A clear linear
relation is observed across the calibrated magnitude range. In contrast to the Ty-
cho2 comparison, increased scatter and outliers correlate with larger match distances,
indicating that positional cross-matching uncertainty contributes significantly to pho-

tometric residuals in the fainter APASS regime.

Skycam T Skycam Z

Usable magnitude range 3 < VT < 9 10 < V < 16
Images passing quality cuts 312 311
Linear correlation (R2) 0.36 0.72
Match radius threshold < 0.5 arcmin < 0.02 arcmin
Pixel scale ∼ 44′′/pixel ∼ 1.62′′/pixel
Field of view 24◦ × 16◦ 0.84◦ × 0.55◦

Table 4.2: Comparison of Skycam T and Z photometric performance for a single
photometric night
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(a) Skycam T (b) Skycam Z

Figure 4.13: Density plots (hexbin) of matched stars for a full photometric night.
The logarithmic colour scale indicates the number of matched stars per bin. Skycam Z
exhibits a tighter, more stable linear trend over a broader dynamic range. Curvature

at the bright end is visible in both cameras.

Figure 4.14 shows the distribution of residual scatter values for both Skycam T and

Skycam Z, along with Gaussian fits. For Skycam T, the distribution is broader and more

asymmetric, with a long tail toward high-scatter values. The fitted parameters were

µ = 0.56 mag and σ = 0.25 mag, with many frames exceeding the typical noise floor. In

contrast, Skycam Z displayed a more compact and symmetric distribution centered at

µ = 0.35 mag with σ = 0.20 mag.

While neither distribution is perfectly Gaussian, the comparative shapes are instruc-

tive. Skycam Z’s tighter peak and lower mean scatter reflect improved frame-to-frame

consistency, attributable to its narrower field, higher resolution, and better optical per-

formance. Based on these distributions, a quality cut at µ + σ was adopted to exclude

unreliable images prior to extinction fitting.

(a) Skycam T: µ = 0.56, σ = 0.25 (b) Skycam Z: µ = 0.35, σ = 0.20

Figure 4.14: Histogram of per-image photometric residual scatter. Dashed red curves
show Gaussian fits. Skycam Z displays a narrower and more symmetric distribution,

indicating greater frame-level photometric stability.
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4.6.5 Photometric Zeropoint Distributions

To assess the overall photometric zeropoint offset and residual noise characteristics of

each instrument, histograms of all individual star-by-star residuals were produced for

a single photometric night (2024-09-30). Each residual was calculated as the difference

between the instrumental magnitude (MagIso) and the catalogue V magnitude. This

approach provides a global view of the magnitude zeropoint consistency and the intrinsic

scatter of the photometric measurements for the night.

Figure 4.15 shows the residual distributions for Skycam T and Skycam Z. Both distribu-

tions exhibit approximate Gaussian shapes, with the fitted mean corresponding to the

system’s zeropoint (ZP) and the width (σ) indicating overall scatter due to measurement

noise, optical distortions, or imperfect catalogue matching.

Skycam T shows a broader residual distribution centred at µ = −20.10 mag with σ = 0.54

mag, while Skycam Z exhibits a tighter core distribution centred at µ = −25.06 mag

with σ = 0.45 mag. The Gaussian curves overplotted serve as simple parametric sum-

maries of the central tendency and dispersion; however, the residual distributions are not

perfectly Gaussian. In particular, the Skycam Z histogram exhibits noticeable asymme-

try and extended wings, likely arising from colour-dependent offsets, residual matching

errors, and spatial systematics across the field of view. The fitted µ therefore represents

an effective zeropoint estimate for the dominant population, while σ approximates the

core photometric scatter rather than a strict statistical standard deviation of a normal

distribution.

(a) Skycam T: µ = −20.10, σ = 0.54 (b) Skycam Z: µ = −25.06, σ = 0.45

Figure 4.15: Histogram of all photometric residuals (MagIso – catalogue V ) for one
photometric night. Overplotted Gaussian curves provide a descriptive estimate of the
effective zeropoint (µ) and core scatter (σ), although the residual distributions show

mild non-Gaussian structure and asymmetry.
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4.6.6 Regression Approaches and Model Stability

To estimate the extinction coefficient k (in magnitudes per airmass) and the zeropoint

ZP , three complementary regression strategies were employed, each method was de-

signed to balance robustness against noise and computational efficiency, while leveraging

different statistical assumptions about the nature of the data.

The first approach applied a standard Ordinary Least Squares (OLS) regression to all

matched stars in a given night. For each star, the difference between its instrumental

magnitude (MagIso) and catalogue magnitude (from APASS or Tycho2) was plotted

against the computed airmass. The resulting cloud of points was fit with a linear model,

yielding a slope corresponding to the extinction coefficient (k) and an intercept rep-

resenting the system zeropoint (ZP ). This approach has the advantage of simplicity

and completeness, it considers the entire dataset without filtering. But it is inherently

sensitive to outliers. These include mismatched stars, partially clouded frames, or obser-

vations near the horizon where refraction and extinction can vary.

To mitigate the influence of such outliers, the second method employed RANSAC (Ran-

dom Sample Consensus) regression. This robust fitting technique iteratively selects ran-

dom subsets of the data to propose candidate models and then evaluates which points

(inliers) agree with that model within a specified residual threshold. Stars classified as

outliers (e.g. due to poor match quality, extreme brightness deviations, or atmospheric

effects) are excluded from the final regression. This method proved particularly effective

for nights affected by thin clouds or for datasets where a small number of poor matches

would otherwise dominate the fit. RANSAC was implemented using the scikit-learn li-

brary with a residual threshold typically set to 0.75 mag, and a minimum inlier fraction

of 50% to ensure model stability.

The third strategy introduced an additional layer of data aggregation. Instead of fitting

individual star residuals, the pipeline computed the median residual per image and as-

sociated each with the median airmass of stars detected in that frame. This image-level

view significantly reduces the impact of outlier stars within a given frame, producing a

smoothed sequence of per-image median residuals over the course of the night. A linear

regression was then applied to these median values. This method effectively captures

the overall extinction trend for photometric sequences and is more resilient to image-to-

image noise caused by slewing, catalog cross-match failures, or transient clouds. It also

proved useful for visualizing temporal trends in zeropoint stability.

Together, these three regression techniques allowed for cross-validation of extinction esti-

mates. Agreement between the methods indicated a stable and photometric night, while
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discrepancies helped flag issues such as localized cloud cover or inconsistent photome-

try. Moreover, the methods revealed that while Skycam Z produced internally consistent

fits across all three models, Skycam T often resulted in significant variation, highlight-

ing the latter’s limited suitability for quantitative extinction analysis without additional

filtering.

A post-fit outlier rejection using the Median Absolute Deviation (MAD) of the residuals

was also applied to retain high-airmass data points that follow the extinction trend while

excluding anomalous measurements.

4.6.7 Instrumental Comparison: Skycam T vs. Skycam Z

Skycam T, while offering a longer time baseline, proved too noisy for consistent absolute

extinction estimation. Residuals showed significant scatter, particularly at low airmass.

Although relative transparency trends (e.g., whether a night was better or worse than the

previous one) could be inferred, robust per-night extinction coefficients were unreliable

in many cases.

In contrast, Skycam Z data (although limited to observations since September 2024)

exhibited significantly better performance. Extinction fits were more stable, and the

residuals displayed a consistent linear correlation with airmass under photometric condi-

tions. A statistical comparison with historical extinction measurements from the Carls-

berg Meridian Telescope (CMT) showed encouraging alignment, though the shorter data

span currently limits definitive conclusions.

As a result, Skycam Z is identified as the more promising platform for future real-time

extinction monitoring, while Skycam T is best suited for qualitative assessments and

relative transparency tracking.

4.7 Benchmarking Skycam Z Extinction Against Calibrated

Standards

4.7.1 Methodology: Cross-Matching with IO:O Standard Star Obser-
vations

To benchmark the atmospheric extinction coefficients derived from Skycam Z, a cross-

comparison was performed against calibrated observations taken with the Liverpool Tele-

scope’s IO:O instrument using the Bessell V filter. The comparison focused on two
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standard stars observed regularly in the first half of 2025: PG1047 and TYC 568-1416-1

(internal name 114_654). These stars are part of the calibration programme.

The selected time span covered a six-month interval from January to July 2025. Only

observations taken under photometric conditions were retained, identified by inspection

of the night logs1. Each standard star observation by IO:O was matched to a Sky-

cam Z exposure taken within ±30 seconds, and the corresponding Skycam Z image was

identified.

The zeropoint for each observation (IO:O and Skycam Z) was computed using:

ZP = mcatalogue −minstrumental, (4.3)

where mcatalogue is the known V -band magnitude of the standard star, and minstrumental

is the measured instrumental magnitude.

The FITS files were analysed using Source Extractor (SExtractor, Bertin et al., 1996) to

find and extract the instrument magnitudes of the standard stars.

To derive extinction coefficients, a linear regression was performed for each image and

each instrument separately, fitting:

ZP = ZP0 − k ·X,

where X is the airmass of the observation (derrived from the Alt FITS header of the

IO:O observation) and k is the extinction coefficient.

A short statistical summary of the resulting extinction fits (combining both stars and all

photometric nights) is given below:

• Skycam Z: Mean k = 0.285, standard deviation σk = 0.014, R2 range: 0.4–0.5

• IO:O: Mean k = 0.156, standard deviation σk = 0.012, R2 range: 0.3–0.4

The quoted R2 range refers to the coefficient of determination obtained from individual

nightly linear fits of residual versus airmass.

Non-parametric correlation tests confirmed the robustness of the extinction trend. For

instance, the extinction series for 114_654 from Skycam Z yielded a Spearman rank cor-

relation of ρ = −0.654 with p = 0.0018, confirming a statistically significant monotonic

decline of zeropoint with increasing airmass.
1Available at https://telescope.ljmu.ac.uk/Reports/

https://telescope.ljmu.ac.uk/Reports/ 
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4.7.2 Results: System Comparison

The extinction coefficients derived are summarised in Figures 4.16 and 4.17, showing

the individual fits for each target star. The results illustrate that Skycam Z generally

produces consistent extinction trends despite the lack of a physical filter in Skycam Z.

Figure 4.16: Extinction fit for the standard star PG1047, comparing IO:O observations
(blue circles) with Skycam Z measurements (green crosses). Dashed lines indicate fitted
linear regressions, yielding extinction coefficients of k = 0.136 (IO:O) and k = 0.193

(Skycam Z).

Figure 4.17: Extinction fit for the standard star 114_654 (TYC 568-1416-1). IO:O
and Skycam Z yield consistent extinction coefficients of k = 0.125 and k = 0.128,

respectively, with well-behaved residuals and linear trends.
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Inst. k R2 Spearman ρ RMSE MAE Std. Dev.

IO:O 0.156 0.377 −0.614 (p = 1.6× 10−12) 0.0607 0.0458 0.0610
Skycam Z 0.285 0.427 −0.544 (p = 1.2× 10−9) 0.0998 0.0797 0.1002

Table 4.3: Extinction fitting and residual statistics for the combined sample of two
standard stars (PG1047 and TYC 568-1416-1), observed between January and July

2025. k in mag/airmass, RMSE, MAE and Std.Dev. in mag

A combined extinction analysis was performed using observations of two standard stars,

PG1047 and TYC 568-1416-1, taken between January and July 2025. The results are

summarised in Table 4.3. Both IO:O and Skycam Z exhibit a clear correlation between

zeropoint and airmass, with extinction coefficients of k = 0.156mag/airmass for IO:O

and k = 0.285mag/airmass for Skycam Z. Despite Skycam Z’s wider field and coarser

photometric resolution, the measured extinction values are consistent with expectations.

The Spearman rank correlation coefficients confirm statistically significant monotonic

relationships in both cases (ρ = −0.614 for IO:O and ρ = −0.544 for Skycam Z, with

p ≪ 0.01), supporting the reliability of the fitted trends. Residual analysis shows that

IO:O yields a lower scatter (RMSE = 0.0607 mag) compared to Skycam Z (RMSE =

0.0998 mag), as expected from the higher precision of the primary instrument. Neverthe-

less, the performance of Skycam Z remains robust, highlighting its utility as an extinction

monitor under typical observing conditions.

These results demonstrate that Skycam Z is capable of tracking atmospheric extinction

even without a dedicated photometric filter. The agreement with IO:O is particularly

notable given that no colour correction or filter compensation was applied to the Sky-

cam Z data. This benchmark establishes confidence in the use of Skycam Z for extinction

monitoring under photometric conditions.

4.8 Recommendations for Future Extinction Monitoring with

Skycams

While the current Skycam Z system already provides extinction estimates under clear

conditions, its performance is inherently limited by the lack of a well-defined spectral

bandpass. The following subsections explore potential design upgrades aimed at improv-

ing the scientific utility and calibration accuracy of the system, ranging from a simple

fixed-filter addition to a more advanced multi-band approach.
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4.8.1 Fixed-Filter Upgrade

The simplest and most robust improvement would be the insertion of a fixed photometric

filter, such as a Bessell V , into the optical path of Skycam Z. This would narrow the

system’s effective bandpass, reduce the colour dependence of instrumental magnitudes,

and bring the spectral response into alignment with standard V -band photometry.

The main advantages of a fixed-filter upgrade are its simplicity and immediate photomet-

ric benefit. By aligning the spectral response of Skycam Z more closely with standard

systems like the APASS V band, the comparability of instrumental magnitudes with cat-

alogue values is significantly improved. This change reduces colour-dependent zeropoint

offsets and allows extinction coefficients to be determined with lower residual scatter.

Importantly, the upgrade introduces no moving parts, making it mechanically robust

and well suited to the dynamic environment at the top-end of the telescope.

However, there are also important limitations to consider. The introduction of a filter

inevitably reduces overall system throughput, which is particularly relevant given the

fixed 10-second exposure time imposed by the Skycam software. A new (longer) exposure

time would have to be determined. This will bring Skycam Z out of synchronisation

with Skycam T but this should not matter to any currently running scientific projects

with those instrument but should be considered if a future experiment will make use

of both images. Depending on the filter transmission curve and its overlap with the

sensor’s quantum efficiency, the limiting magnitude may degrade by approximately 0.5

to 1.0mag. In addition, careful mechanical integration is required to avoid vignetting or

alignment issues, especially since the optical tube offers only a narrow 2" clear aperture

and already contains a collimator lens assembly.

Despite the expected loss in sensitivity, the addition of a single fixed filter is well-justified

for extinction monitoring, where relative trends and stability are more critical than deep

imaging performance.

4.8.2 Advanced Multi-Filter Concept: 2× 2 Lenslet Array

A more ambitious upgrade path involves the use of a 2 × 2 lenslet array, with each

quadrant of the image passing through a different broadband filter (e.g., B, V , R, I).

This would enable simultaneous multi-band imaging without moving parts, allowing for

colour-term calibration and independent extinction estimation in each band.

The proposed concept involves using a compact 2×2 lenslet array placed in the collimated

beam path to replicate the same astronomical field onto four distinct sub-regions of a
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high-resolution CMOS detector. Each optical channel hereby consisting of a miniature

lens and a fixed broadband filter (e.g., Bessell B, V , R, or I), projects a filtered version

of the full image onto a different quadrant of the sensor. In this configuration, the same

set of stars appears four times on the detector, each instance corresponding to a different

photometric band.

This design offers several advantages. It enables true simultaneous multi-band photom-

etry without any moving parts or sequential exposures, allowing extinction trends to be

tracked independently in multiple filters under identical atmospheric conditions. Fur-

thermore, the availability of colour information supports internal consistency checks and

allows separation of extinction components (e.g., Rayleigh vs. aerosol scattering).

There are, however, several implementation challenges. Achieving uniform and co-

registered imaging across all four channels requires highly precise alignment of the lenslets

and filters, as well as careful control of optical path length and focus. Differences in PSF

shape or optical distortion across quadrants may introduce systematic offsets in photom-

etry. Additionally, since the full field is replicated multiple times, the effective image

scale and spatial coverage are reduced, demanding a high-resolution sensor (e.g., ZWO

ASI294MM or ASI2600MM) to retain adequate sampling and star count per sub-image.

Furthermore, because the incoming photon flux is divided among the four optical chan-

nels, the per-band sensitivity is reduced compared to a single broadband detector, leading

to lower signal-to-noise ratios in each individual band. The data reduction pipeline must

segment the quadrants and associate each detected source across bands, which is man-

ageable using modern image processing libraries but adds complexity to the workflow.

Mechanically, this upgrade is feasible within the 2" optical tube of the Orion AG8 sys-

tem, particularly given the lack of thermal or contamination issues and the availability

of custom 3D-printed mounts. Careful optical prototyping and calibration would be

required to evaluate PSF stability across subfields.

4.8.3 Alternative Approach: Bayer-Matrix Photometry with a Colour
CMOS Sensor

A practical intermediate solution between fully filtered photometry and unfiltered imag-

ing is the use of a one-shot colour (OSC) CMOS camera with a Bayer matrix, such as

the ZWO ASI2600MC. This camera uses an RGGB Bayer filter pattern integrated into

the sensor, which separates the incoming light into red, green, and blue channels at the

pixel level. After demosaicing, these measurements can be combined into three broad

colour bands (RGB).
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The quantum efficiency (QE) curve of the sensor, shown in Figure 4.18, reveals distinct

spectral responses for the red, green, and blue channels, allowing them to act as coarse

analogues to standard photometric bands. While these responses do not perfectly align

with Bessell BV R filters, they provide sufficient wavelength separation to enable multi-

band extinction tracking and approximate colour correction.

Figure 4.18: Quantum efficiency curves for the red, green, and blue channels of the
Bayer matrix on the Sony IMX571 sensor (used in the ASI2600MC Pro). While the
transmission curves are broader and differ from standard filters, they provide coarse
spectral separation suitable for quasi-3-band photometry. Source: Suzhou ZWO Co.

Ltd.

This approach offers several practical advantages. It enables simultaneous multi-band

measurements in a single exposure, with no moving parts or filter wheels required. Since

the colour separation is inherent to the sensor itself, the system remains mechanically

simple and robust. Moreover, one-shot colour cameras such as the ASI2600MC are

relatively cost-effective compared to monochrome cameras paired with filter wheels or

custom optics. The camera can also be integrated into the existing Skycam Z optical

configuration without major mechanical modifications.

However, the method also has notable limitations. The spectral response curves of the

red, green, and blue Bayer channels are broad (especially the red channel) and overlap-

ping, which reduces the precision of colour discrimination compared to standard photo-

metric filters. In addition, the Bayer matrix reduces spatial resolution, since only half

the pixels sample green and only a quarter each sample red and blue. Debayering and

per-channel extraction (e.g. Ramanath et al., 2002) are required during preprocessing,
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adding some complexity to the pipeline. Finally, the effective bandpasses do not cor-

respond directly to any standard photometric system and therefore require empirical

calibration to establish colour transformations or extinction coefficients.

Despite these limitations, Bayer-matrix photometry represents an option for systems

where mechanical simplicity and cost effectiveness are important. With appropriate

calibration, such systems can deliver useful extinction and colour-trend information at

low overhead, offering a promising upgrade path for instruments like Skycam Z.

4.8.4 Operational Considerations

All three proposed upgrades (the fixed photometric filter, the 2×2 lenslet array, and the

Bayer-matrix colour CMOS camera) share a key operational advantage over traditional

filter wheels: complete immunity to mechanical failure under fast-moving telescope con-

ditions. Filter wheels pose a significant risk in the current Skycam Z configuration, which

is mounted at the top-end of the Liverpool Telescope and is subjected to frequent slewing,

vibrations, and varying gravitational orientations. Any mechanical jamming, misalign-

ment, or cable wearing in such an environment could disable the system for extended

periods and undermine its value as a passive monitoring instrument.

Consequently, any viable enhancement to Skycam Z must prioritise the following:

• Mechanical simplicity: avoiding motors, gears, or actuators that could fail or

shift during telescope movement.

• Robustness under dynamic load: fixed components must retain optical align-

ment under acceleration and vibration.

• Software compatibility: modifications should maintain or minimally impact the

existing data pipeline, which assumes a fixed field-of-view, stable orientation, and

simple exposure cadence.

Among the upgrade paths, a fixed V -band filter remains the most straightforward and

robust option. It requires minimal mechanical modification and would significantly im-

prove the scientific calibration of extinction measurements. The lenslet array, while sig-

nificantly more complex, offers multi-band capability and could serve as a prototype for

next-generation auxiliary instruments. Finally, the use of a Bayer-matrix colour CMOS

sensor presents an interesting intermediate solution. Mechanically simple, capable of

quasi-3-band photometry, and compatible with existing data acquisition systems. With

appropriate calibration, all three options seem compatible with the long-term goal of
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integrating real-time extinction monitoring into the robotic scheduling infrastructure of

the Liverpool Telescope and the upcoming New Robotic Telescope.

At present, no final deployment strategy has been formally adopted. One possible path-

way would involve retrofitting the existing Skycam Z unit at the Liverpool Telescope to

provide calibrated real-time extinction measurements that could inform both LT opera-

tions and serve as a development testbed for NRT integration. Alternatively, a similar

but purpose-built auxiliary instrument could be installed directly on the New Robotic

Telescope. The hardware concepts discussed here are intentionally modular and me-

chanically simple, allowing adaptation to either scenario. The key objective is not tied

to a specific telescope platform, but to establish a reliable, low-maintenance extinction

monitoring capability compatible with modern robotic scheduling systems.



Chapter 5

Sky Brightness Modelling for La

Palma

We are trying to measure the light of
things that are not there.

Anonymous astronomer (unverified)

5.1 Introduction

The brightness of the night sky is a limiting factor in ground-based astronomical ob-

servations. Even under clear, moonless skies at premier observatory sites such as the

Observatorio del Roque de los Muchachos (ORM), the sky exhibits a non-negligible

background glow arising from atmospheric and astrophysical processes. This sky back-

ground contributes significantly to the noise budget of an observation, particularly for

faint targets and in cases where exposure time is limited, such as during time-critical or

fast-cadence observations.

Accurate estimation of the sky background is essential for computing reliable signal-

to-noise ratios, particularly when observing those faint targets or during bright lunar

phases. The sky background enters the SNR calculation as a dominant noise source

for fainter targets and is highly sensitive to lunar illumination, Moon altitude, and the

angular separation between the target and the Moon.

For robotic telescopes tasked with executing diverse observing programmes under dy-

namic environmental conditions, accurate knowledge of sky brightness is essential. While

130
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static sky models which are often parameterised by moon phase, target airmass, and an-

gular separation from the Moon, provide rough estimates, they frequently fail to capture

site-specific effects and short-term variability. Empirical corrections based on local data

are therefore necessary to improve reliability.

Initial attempts to build the model based on Skycam zeropoints proved unsatisfactory

(see Chapter 4), as the per-image scatter and calibration uncertainties (especially the

per-image ZP) limited the accuracy of any derived trends. The modelling process was

therefore changed: IO:O standard star observations served as the photometric anchor,

and Skycam measurements were interpreted in relation to it. This approach avoids the

pitfalls of relying on noisy zeropoints and enables meaningful cross-instrument compar-

isons.

5.2 Data Sources

5.2.1 IO:O Standard Star Observations

IO:O (Smith et al., 2017) is a calibrated optical imager on the Liverpool Telescope,

equipped with standard photometric filters. For this study, a dataset of 4222 images of

standard star observations taken in the Bessell V filter (to ensure maximum compatibility

with Skycam observations) of photometric standard stars between March 2019 and July

2025 was used. Each exposure includes calibrated metadata and is processed using

SExtractor to extract the background levels, expressed in units of magnitude per square

arcsecond. The following standard stars were used in the analysis: GSC 00048-00918,

TYC 568-1416-1, BD+18 3407 and GSC 04914-00008 from the catalogue presented in

Landolt, 1992.

These IO:O measurements are treated as the reference for all subsequent comparisons

and model calibration.

5.2.2 Skycam T and Z

Skycam T and Z are auxiliary cameras mounted on the LT. An in-depth description

is given in Chapter 2.10. Neither camera is filtered, and their effective bandpasses are

determined by optics and detector response.

Due to the lack of a mechanical shutter, dark current subtraction is handled via synthetic

methods, resulting in systematic biases in the measured background level. In particular,
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a consistent offset of ∼1.8 mag has been observed between Skycam Z measurements and

IO:O-calibrated sky brightness values (see section 5.3.1).

Despite these limitations, Skycam T and Z offer a uniquely rich dataset: images at 1-

minute cadence spanning years, covering a wide range of lunar phases, target altitudes,

and atmospheric conditions.

Rather than serving as photometric references or validation tools, the Skycam instru-

ments are considered as instruments for monitoring relative changes in sky brightness

over time. Their high cadence make them well suited for detecting short- and long-term

temporal trends, such as the progression of lunar illumination, gradual shifts in seasonal

sky brightness, or the influence of atmospheric conditions. While their unfiltered nature

and calibration limitations preclude direct photometric comparison with standard sys-

tems, they nonetheless provide a valuable statistical overview of night sky conditions at

ORM. Furthermore, when cross-calibrated with a well-characterised instrument such as

IO:O, the Skycams can also be used to track atmospheric extinction trends. As demon-

strated in Section 4.7, Skycam Z in particular shows a stable correlation with calibrated

extinction measurements, indicating that unfiltered wide-field imagers can provide use-

ful transparency monitoring even without dedicated photometric filters, provided that

appropriate reference calibration is applied.

5.3 Cross-Calibration with the Skycams

5.3.1 Discovery of a Systematic Offset in Skycams T and Z

Application of the background estimation method to Skycam Z data revealed that cal-

culated sky brightness values during dark, photometric nights frequently fell below phys-

ically plausible thresholds and often reached 23.7 mag arcsec−2. This conflicts with es-

tablished literature values for ORM, where typical dark-sky surface brightness in the V

band lies around 21.9 mag arcsec−2 (Benn et al., 1999).

To investigate this discrepancy, independent observations from the IO:O instrument in

the Bessell V filter were utilised for cross-validation. These observations provide a photo-

metrically calibrated and spectrally comparable dataset. A representative example was

drawn from an observation of the standard star HD 2606551 (another frequently used

Landolt star) on 29 January 2025 under good observing conditions (airmass 1.04, no

moon) with the Bessel V filter. Using the published zeropoint of 24.95mag (Smith et al.,
1https://simbad.cds.unistra.fr/simbad/sim-basic?Ident=HD+260655

https://simbad.cds.unistra.fr/simbad/sim-basic?Ident=HD+260655
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2017), a sky brightness of 21.7mag/arcsec2(V − Band) was derived from the FITS file,

consistent with expectations.

A systematic cross-match was then performed between this IO:O Bessell V standard star

observation and the temporally closest Skycam Z image, revealing a 1.8mag offset (see

Figure 5.1). To further investigate this offset, a large sample of IO:O Bessell V standard

star observations from October 2024 to July 2025 was compared against Skycam Z images

taken within ±30 seconds of each other. The resulting dataset contained 320 matched

pairs.

Figure 5.1: Comparison of sky brightness measurements from IO:O (blue) and Sky-
cam Z (orange) between January and June 2025. Each point represents a calibrated
estimate of sky surface brightness in magnitudes per square arcsecond (mag/arcsec2),
with IO:O using Bessell V filter photometry and Skycam Z measurements derived from
matched exposures. A consistent offset is visible, with Skycam Z systematically report-
ing darker skies by approximately 1.8mag due to over-subtraction in its dark correction

pipeline.

An automated analyis of these 320 IO:O and Skycam Z images was performed to compute

the difference in sky brightness between the two instruments. Both images were processed

with the SExtractor tool. The median Background value from the SExtractor results were

used in both cases and compared. The differences in sky brightness were then computed

for each matched pair, resulting in a distribution of offsets.

The resulting offset distribution exhibited a Gaussian-like peak centred at +1.8mag (see

Figure 5.2), indicating that Skycam Z consistently underestimates the true sky brightness

by a factor of approximately 5.25 in flux.
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To further characterise this offset, several descriptive statistics were computed. The

median offset was found to be ⟨∆m⟩ = 1.80mag, closely matching the peak of the dis-

tribution. The mean offset was slightly higher at 1.84mag, with a standard deviation

of σ = 0.35mag. The interquartile range (IQR) was 0.41mag, and the mean absolute

deviation (MAD), a robust measure less sensitive to outliers, was 0.27mag. Assuming

normally distributed residuals, the 95% confidence interval for the mean offset was esti-

mated as 1.80 ≤ µ ≤ 1.88mag. These results confirm that the offset between Skycam

Z and calibrated IO:O backgrounds is stable and systematic, supporting the use of a

global correction factor of −1.8mag to align Skycam Z background measurements with

physically plausible values.

Figure 5.2: Distribution of sky brightness offsets between Skycam Z and temporally
matched IO:O Bessell V standard star observations. The peak at +1.8mag indicates a
consistent underestimation of the sky background in Skycam Z images, attributed to

systematic over-subtraction during the dark correction stage.

This systematic discrepancy prompted an investigation into the dark subtraction pro-

cess employed in the Skycam Z pipeline. As the camera lacks a mechanical shutter, dark

frames are generated by imaging the closed enclosure around midnight on nights where

the LT is not operating (e.g. due to bad weather or technical circumstances) and apply-

ing heavy median filtering to infer a synthetic dark frame (see Section 4.3). Analysis of

the darkbias frames (see Figure 4.4, Image 1) revealed a median value of approximately
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540 ADU, while science image backgrounds routinely lie between 110 - 120 ADU. This

subtraction therefore removes a substantial portion of the true background flux. The re-

sulting over-subtraction is sufficient to account for the observed 1.8mag underestimation

in the sky brightness measurements.

To validate the persistence of this offset, the full archive of IO:O Bessell V standard star

observations from January to June 2025 was cross-referenced with corresponding Skycam

Z images. The observed offset remained consistently centred at +1.8mag throughout the

dataset (see Figure 5.2), confirming the systematic nature of the discrepancy and ruling

out variability due to changing conditions or photometric uncertainty.

To evaluate whether a similar offset was present in Skycam T data, the same procedure

was applied using the same IO:O Bessell V standard star observations as reference (see

Figure 5.3). Despite Skycam T’s wider field of view and different optical characteris-

tics, a consistent underestimation of the sky brightness was also observed. The resulting

distribution of magnitude offsets between Skycam T and IO:O backgrounds exhibited a

peak near +1.6mag (see Figure 5.4). Specifically, the median offset was 1.59mag, with

a mean of 1.57mag and a standard deviation of 0.40mag. The interquartile range (IQR)

was 0.55mag, and the mean absolute deviation (MAD) was 0.32mag. The 95% confi-

dence interval for the mean offset was estimated as 1.53 ≤ µ ≤ 1.62mag. These values

confirm that both Skycam T and Skycam Z exhibit a similar systematic offset relative to

calibrated IO:O backgrounds, reinforcing the conclusion that the dark correction proce-

dure - which is the same for both cameras - introduces a consistent flux underestimation

across both instruments.

5.3.2 Correction and Implications

Given the systematic nature of the offset and the clear instrumental origin of the bias, a

uniform correction of +1.8mag was applied to all Skycam Z background measurements

and a uniform correction of +1.59mag was applied to all Skycam T background measure-

ments. These values correspond to the median offsets derived from the cross-instrument

comparison. Although individual measurements exhibit measurable dispersion about

these central values, the dominant component of the discrepancy is a stable zeropoint

shift. The correction therefore aligns the surface brightness estimates with independent

IO:O calibrations and published site values at a first-order level. While this approach

does not replace a proper dark-frame calibration, it provides an empirically motivated

bias correction based on cross-instrument analysis.

It is noted that the Skycam instruments are unfiltered, with an effective bandpass de-

termined by the convolution of sensor quantum efficiency, optical response, atmospheric
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Figure 5.3: Comparison of sky brightness measurements from IO:O (blue) and Sky-
cam T (orange) between January and June 2025. Each point represents a calibrated
estimate of sky surface brightness in magnitudes per square arcsecond (mag/arcsec2),
with IO:O using Bessell V filter photometry and Skycam Z measurements derived from
matched exposures. A consistent offset is visible, with Skycam T systematically report-
ing darker skies by approximately 1.8mag due to over-subtraction in its dark correction

pipeline.

transmission, and the spectral energy distribution of the sky. Although the measured

brightness does not map directly to standard photometric systems (e.g., Johnson V), the

internally consistent zeropoint calibration and comparisons with filtered IO:O images

allow for a reliable brightness scale suitable for trend analysis and robotic scheduling

applications.

5.4 Empirical Sky Brightness Model

5.4.1 Existing LT Sky Brightness Model

The Liverpool Telescope (LT) scheduling system currently employs an empirical sky

brightness model developed by Ivan Baldry2, based on several years of RATCam obser-

vations. This model estimates sky brightness in the Sloan r′ band as a function of key

astronomical parameters: solar elevation, lunar phase, lunar altitude, angular separa-

tion between the Moon and the target, and the target’s own altitude (see table 5.1). It

captures the complex interplay of twilight and moonlight conditions, acknowledging, for

example, that a gibbous Moon near the horizon can produce similar sky brightness as a

high-altitude crescent Moon.
2https://telescope.ljmu.ac.uk/PropInst/Phase2/?sf=SkyBrightness

https://telescope.ljmu.ac.uk/PropInst/Phase2/?sf=SkyBrightness
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Figure 5.4: Distribution of sky brightness offsets between Skycam T and temporally
matched IO:O Bessell V standard star observations. The peak at +1.57mag indicates
a consistent underestimation of the sky background in Skycam T images, attributed to

systematic over-subtraction during the dark correction stage.

Sky brightness is treated as a constraint within the LT scheduler, expressed relative to the

best achievable dark-sky conditions. Specifically, users set an upper limit on how many

magnitudes brighter than dark sky the observation can tolerate, e.g. a “2 mag” constraint

means the scheduler will only consider times when the sky is at most 2 magnitudes

brighter than ideal conditions.

Traditional observing categories such as “civil”, “nautical”, and “astronomical” twilight

are approximately mapped to numerical thresholds in measured sky brightness. The

following correspondence is used:

The brightness constraint is always applied in the r′ band, regardless of the instrument

or filter actually used. Empirically, the u′ and g′ bands are observed to be about 1 mag-

nitude more sensitive to twilight and moonlight, while the z′ band is about 1 magnitude

less affected. The criterion remains relative to the optimal dark sky in the respective

band.

Observing groups that do not specify a sky brightness constraint are scheduled without

restriction as soon as the Sun drops below the horizon. While technically valid, this
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Twilight Type Sun Alt. (deg) Moon Cond, Measured r′ Scheduler Class

Civil < 4 N/A < 10mag 10 mag
Nautical 8–12 N/A < 6mag 6 mag
Astronomical 12–16 Bright / close < 4mag 4 mag
Astronomical 12–16 None / far < 2mag 2 mag
Dark > 16 Gibbous, near < 2mag 2 mag
Dark > 16 Gibbous, far < 1.5mag 1.5mag
Dark > 16 Crescent, near < 0.75mag 0.75 mag
Dark > 16 None or very far < 0.3mag dark

Table 5.1: Empirical classification of sky brightness conditions at the Liverpool Tele-
scope (LT). The scheme combines Sun altitude, lunar phase and separation, and mea-
sured r′-band background levels. Here r′ denotes the increase in sky brightness in the
Sloan r′ band relative to an ideal dark sky, expressed as a magnitude difference. The
resulting categories are mapped to scheduler classes, which define the limiting back-

ground brightness under which an observation can be executed.

setting is typically discouraged unless explicitly intended.

Availability of each sky brightness class depends on lunar phase, moon-target separa-

tion, and target declination. For instance, high-declination fields are less affected by

the Moon’s path than equatorial ones. On average, conditions equivalent to or darker

than the “2 mag” class are available approximately 65% of the time throughout the year,

though availability may drop sharply near full Moon. This temporal variation is visu-

alized in scheduling tools through cumulative and differential sky brightness availability

plots across lunations.

To assist Phase II users, the LT Phase2UI provides illustrative pictograms that map

common observing scenarios (e.g. full Moon, twilight, crescent Moon near target) to

brightness classes, allowing observers to make informed decisions about constraint selec-

tion.

This empirical model provides a practical and well-tested baseline for sky brightness clas-

sification and constraint handling in robotic scheduling. However, it remains a heuristic

model with some simplifying assumptions. In the following section, the Krisciunas &

Schaefer (1991) model is described, which offers a more physically motivated approach

than that used as the foundation for the improvements presented in this chapter.

5.4.2 Baseline Model: Krisciunas & Schaefer (1991)

A widely used semi-empirical model for estimating night sky brightness under moon-

lit conditions was developed by Krisciunas & Schaefer (Krisciunas et al., 1991). The

model provides a formula to estimate the additional brightness contribution of scattered
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moonlight, expressed in magnitudes per square arcsecond, as a function of geometric and

atmospheric parameters.

The model accounts for the following key variables:

• the lunar phase (as illuminated fraction or phase angle),

• the Moon’s altitude above the horizon,

• the angular separation between the Moon and the target field,

• the target’s altitude (airmass), and

• the atmospheric extinction coefficient k.

The formulation is based on physical principles of Rayleigh and Mie scattering, with em-

pirically tuned coefficients to match observations made at Mauna Kea Observatory using

a 15 cm Newtonian telescope and a photometer with UBV filters. The model outputs

an additive term ∆V representing the increased brightness of the night sky relative to

dark-sky conditions, typically assuming a nominal base value of 21.9 mag arcsec−2 in the

V band.

In this work, the Krisciunas & Schaefer model is adopted as a reference for describing sky

brightness at the Observatorio del Roque de los Muchachos (ORM). While the general

behaviour of the model is consistent with trends observed in Skycam T and Z data - such

as the dependence on Moon phase and angular separation - systematic deviations were

identified when compared to actual measurements. These include a consistent brightness

underestimation during partial moon phases and at low lunar altitudes. As a result, a

regression-based empirical correction was developed to improve the agreement between

modelled and observed brightness values, as described in the following sections.

5.4.3 Empirical Correction to the Baseline Model

While the Krisciunas & Schaefer model provides a physically motivated prediction of

sky brightness under moonlit conditions, systematic discrepancies were observed when

comparing its output to calibrated IO:O observations at the ORM. In particular, the

model tended to over- or underestimate sky brightness depending on lunar phase (Moon

disk size), Moon altitude, target altitude and angular separation of the Moon and the

target.

To account for these residual trends, an empirical correction was derived by analysing the

difference ∆m = M − C, where M denotes the measured sky brightness from IO:O and
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C the calculated value from the original Krisciunas et al., 1991 model, both expressed

in units of magnitude per square arcsecond. This residual was regressed against four

parameters: fractional lunar disk illumination d, Moon altitude hm, target altitude ht

and the angular separation Θ between Moon and target.

Figure 5.5: Residuals ∆m = M − C between the Krisciunas & Schaefer model and
calibrated IO:O sky brightness measurements as a function of Moon disk illumination.

Cyan line shows the fitted polynomial used in the empirical correction model.

Figure 5.6: Residuals ∆m = M − C between the Krisciunas & Schaefer model and
calibrated IO:O sky brightness measurements as a function of Moon altitude. Cyan

line shows the fitted polynomial used in the empirical correction model.

Moon Disk Illumination The residuals exhibit a non-linear dependence on lunar

disk illumination. As shown in Figure 5.5, the difference between modelled and measured

brightness is smallest during crescent phases and increases toward intermediate phases

before slightly decreasing again near full Moon. A second-degree polynomial provides a
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Figure 5.7: Residuals ∆m = M − C between the Krisciunas & Schaefer model and
calibrated IO:O sky brightness measurements as a function of Moon–target angular
separation. Cyan line shows the fitted polynomial used in the empirical correction

model.

Figure 5.8: Residuals ∆m = M − C between the Krisciunas & Schaefer model and
calibrated IO:O sky brightness measurements as a function of target altitude. Cyan

line shows the fitted polynomial used in the empirical correction model.

good fit to this trend, capturing the asymmetric response of the sky brightness to partial

lunar illumination.

Moon Altitude A similar second-degree trend is observed with respect to Moon alti-

tude (Figure 5.6). Residuals are largest when the Moon is near the horizon or below it

and decrease when the Moon is high in the sky.
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Angular Separation The residuals show a clear negative correlation with angular

separation between the Moon and the target (Figure 5.7). Smaller separations result in

larger residuals, indicating that the original model underestimates the effect of scattered

moonlight at small Moon - target angles. A linear fit is sufficient to capture this trend

and was incorporated directly into the correction model.

Target Altitude Figure 5.8 shows the residuals as a function of target altitude. A

weak second-order trend is present, but the overall dependence is modest compared to the

other parameters. Nevertheless, a quadratic term was retained in the model to account

for small altitude-dependent effects not captured by the baseline model.

5.4.4 Final Correction Model

Second-degree polynomials were fitted to the residuals as functions of d, hm, and ht,

while a linear term was used for Θ. The resulting correction function takes the form:

∆m = a1d
2 + a2d+ a3h

2
m + a4hm + a5h

2
t + a6ht + a7Θ+ a0 (5.1)

All angles are expressed in degrees, and the fitted coefficients ai were obtained through

ordinary least squares regression using the full dataset of IO:O standard star observations

from March 2019 to July 2025. The final sky brightness prediction is then computed as:

Scorrected = SK&S +∆m (5.2)

In principle, the site-specific discrepancies between the predictions of the Krisciunas

& Schaefer model and the measured sky brightness at ORM could also be addressed by

re-fitting the original model parameters for the local site conditions. However, the Krisci-

unas & Schaefer formulation contains several empirically derived coefficients embedded

within exponential and geometric terms whose physical interpretation is not straight-

forward. A direct re-optimisation of these parameters would therefore risk obscuring

the original physical structure of the model and complicating comparisons with previous

studies. For this reason, the approach adopted here preserves the published formula-

tion and introduces an empirical correction layer derived from ORM observations. This

strategy retains the physical interpretability of the baseline model while accounting for

systematic site-specific deviations.
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5.4.5 Model Evaluation

5.4.5.1 Comparison with LT Heuristic Model

To benchmark the corrected sky brightness model against operational scheduling tools,

a comparison was performed with the empirical model currently used by the Liverpool

Telescope (LT) scheduler. This model, derived from RATCam data, classifies observ-

ing conditions into discrete brightness classes based on Moon phase and Moon–target

angular separation. For this comparison, a simplified version of the LT model was im-

plemented for astronomical night (Sun altitude < −16◦) and converted into approximate

sky brightness predictions in the Bessell V band.

The conversion assumes that the LT model operates in the Sloan r′ band and that g′-like

bands such as Bessell V exhibit approximately 1 magnitude greater sensitivity to lunar

illumination. Each LT brightness class was therefore offset by +1 mag and subtracted

from the canonical dark-sky level of 21.9mag arcsec−2 to yield comparable sky brightness

estimates:

SV = 21.9− (∆mclass + 1.0)

Figure 5.9 shows the measured IO:O sky brightness versus the predicted values from the

LT model. Due to the class-based nature of the model, the predictions cluster at discrete

levels and show substantial residual scatter when compared to calibrated observations.

Figure 5.9: Measured sky brightness from IO:O vs. LT scheduler model predictions
(converted to Bessell V ). The discretised nature of the LT model introduces visible

banding and limits predictive accuracy.

Quantitatively, the LT model yields a root mean square error (RMSE) of 1.20 mag, a

mean absolute deviation (MAD) of 1.02 mag, and a coefficient of determination R2 =
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0.086. These metrics are comparable to or slightly worse than the Krisciunas & Schaefer

model, and significantly inferior to the corrected empirical model developed in this work

(see Table 5.2).

Table 5.2: Final comparison of sky brightness models against IO:O data.

Model RMSE (mag) MAD (mag) R2

LT Heuristic Model (approx. V ) 1.20 1.02 0.086
Krisciunas & Schaefer (1991) 1.27 1.09 −0.02
Corrected Model (this work) 0.61 0.41 0.76

These results support the use of the corrected empirical model as a more accurate and

physically interpretable alternative to the current heuristic classification approach. Its

continuous output in calibrated units makes it particularly suitable for dynamic schedul-

ing and SNR-based exposure calculations.

5.4.6 Comparison with the Krisciunas & Schaefer Model

The performance of the empirically corrected sky brightness model was evaluated by

comparing its predictions against the calibrated measurements from the IO:O instrument.

For reference, the original Krisciunas & Schaefer (1991) model was also evaluated on the

same dataset.

Figures 5.10 and 5.11 show scatter plots of predicted versus measured sky brightness for

both the original and the corrected models. The Krisciunas model systematically over-

estimates sky brightness during many lunar conditions and shows a large spread around

the 1:1 line. In contrast, the corrected model shows significantly improved alignment,

with reduced scatter and better adherence to the expected diagonal.

A histogram of residuals (Figure 5.12) further illustrates the improved performance of the

corrected model. The residuals from the Krisciunas model exhibit a broad, asymmetric

distribution centred around +1mag, while those from the corrected model are sharply

peaked around zero with a narrower spread.

Quantitatively, the improvement is summarised in Table 5.2, showing root mean square

error (RMSE), mean absolute deviation (MAD), and the coefficient of determination

(R2) for both models. The corrected model reduces the RMSE by more than half and

achieves an R2 of 0.76, indicating that over 75% of the variance in sky brightness can be

explained by the adapted model.
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Figure 5.10: Comparison of model-predicted sky brightness with IO:O measurements.
The corrected model shows improved correlation and reduced bias relative to the orig-

inal Krisciunas & Schaefer formulation.

Figure 5.11: Comparison of Krisciunas & Schaefer model-predicted sky brightness
with IO:O measurements.

5.4.7 Cross-Instrument Validation with Skycam Z and T

To assess the transferability and robustness of the sky brightness model beyond IO:O, a

cross-instrument validation was performed using data from the Skycam Z and Skycam

T imagers. Sky brightness estimates from both Skycam Z and Skycam T were compared

to three reference models:

1. the measured sky brightness from IO:O standard star observations,
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Figure 5.12: Histogram of residuals between measured sky brightness and model
predictions. The corrected model (green) shows a narrower, symmetric distribution

centred near zero, while the original model (blue) shows a broad, biased offset.

2. the Krisciunas & Schaefer (1991) model ,

3. and the corrected empirical model developed in this work .

The statistical comparison is summarised in Table 5.3, using root mean square error

(RMSE), mean absolute deviation (MAD), and the coefficient of determination (R2) as

metrics.

Table 5.3: Statistical comparison of Skycam Z and T against IO:O and model pre-
dictions.

Instrument Reference RMSE (mag) MAD (mag) R2

IO:O Krisciunas 1.27 1.09 −0.02
IO:O Corrected 0.61 0.41 0.76
Skycam Z IO:O 0.54 0.37 0.78
Skycam Z Krisciunas 1.02 0.82 0.23
Skycam Z Corrected 0.77 0.55 0.55
Skycam T IO:O 1.63 0.76 0.35
Skycam T Krisciunas 1.94 1.15 0.07
Skycam T Corrected 1.70 0.84 0.29

Skycam Z shows good agreement with IO:O observations, achieving an RMSE of 0.54 mag

and an R2 of 0.78 when compared directly to calibrated IO:O measurements. It also

demonstrates improved performance when using the corrected model (RMSE 0.77 mag)

over the original Krisciunas formulation (RMSE 1.02 mag), though residual trends remain

due to differences in field of view, exposure settings, and calibration precision.
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Skycam T performs noticeably worse, with an RMSE of 1.63mag against IO:O and

only modest improvements when using the corrected model. Its wider field of view and

systematic calibration issues likely limit its utility for precise sky brightness estimation.

Nonetheless, Skycam T still captures broad trends and can serve as a real-time monitor

for large-scale brightness variations.

Figure 5.13 illustrates the improved agreement of Skycam Z with the corrected model

and its relatively close match to IO:O-calibrated brightness levels.

Figure 5.13: Skycam Z comparison against IO:O measured sky brightness and model
predictions.

Figure 5.14 illustrates the agreement of Skycam T with the corrected model and its

comparison to IO:O-calibrated brightness levels.

These findings support the use of Skycam Z as a secondary validation tool and a potential

input source for sky brightness trend analysis. While it cannot fully replace calibrated

photometric measurements, it provides an independent check on model behaviour and

can be used to detect systematic offsets or seasonal variations in sky conditions.

5.5 Integration into Robotic Scheduling Systems

Sky brightness plays a critical role in signal-to-noise calculations for imaging and spec-

troscopic observations. Elevated background levels reduce contrast, necessitating longer
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Figure 5.14: Skycam T comparison against IO:O measured sky brightness and model
predictions.

exposures to achieve the same Signal-to-Noise Ratio, particularly for faint sources. In

robotic observatories where schedule efficiency is vital, the ability to anticipate and adapt

to changing sky brightness conditions provides a distinct operational advantage.

The corrected sky brightness model developed in this work enables both predictive and

reactive scheduling strategies. For example, in offline mode, the model can be used to

evaluate observing proposals during semester planning. Targets that require dark sky

conditions can be flagged and corrected if scheduled too close to full moon or at low

angular separation from the lunar position.

In real-time operation, the model can be queried dynamically to inform the scheduler

of current or predicted background levels. Although sky brightness typically evolves

gradually over timescales of tens of minutes (primarily driven by solar elevation and

lunar geometry) incorporating this information allows exposure times to be adjusted

continuously rather than relying on fixed worst-case assumptions. This enables more

accurate SNR matching throughout the night, particularly during twilight transitions

or periods of changing lunar altitude. Rather than triggering abrupt rescheduling, the

primary benefit lies in improved efficiency and more consistent data quality through

adaptive exposure scaling. This functionality integrates naturally with the SNR-based

scheduling system described in Chapter 6 for both the Liverpool Telescope and the future

New Robotic Telescope.
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5.5.1 Worked Example

Considering a 20 magnitude object observed in the Bessell V band with a required

SNR of 10. Under dark sky conditions (21.9 mag/arcsec2), the exposure time needed

is approximately 300 seconds. However, on a night with 80% moon illumination and

a 40° Moon-target separation, the corrected model predicts a background brightness of

19.8 mag/arcsec2. In this case, the same SNR would require an exposure time of 640

seconds, more than double. The scheduler, using this model, may choose to delay the

observation to a darker window or reallocate the time to a brighter, less background-

sensitive target.

Such decisions improve scientific return, reduce wasted observing time, and allow for more

robust automated scheduling. Integration into existing LT scheduling logic would only

require minor extensions to the exposure time estimation and target scoring modules, as

demonstrated in Section 7.7.1.

5.5.2 Replacing the Heuristic Model of the LT with a Continuous Es-
timator

While the existing LT sky brightness model has proven useful for broad classification

of observing conditions, it operates on discrete brightness bins and applies fixed thresh-

olds that do not fully capture the geometric and photometric complexity of night sky

brightness. As robotic scheduling moves toward continuous quality-aware metrics such as

signal-to-noise ratio (SNR), a more precise and dynamically evaluable model is needed.

To that end, an improved empirical sky brightness model was developed in this chapter

and validated against calibrated IO:O observations in the Bessell-V filter. The model

predicts sky brightness in mag/arcsec2 based on real-time lunar geometry (see 5.4.3).

This formulation can be evaluated rapidly at scheduling time for any target and times-

tamp, requiring only lunar ephemerides and target coordinates. The resulting sky bright-

ness prediction can be used in two distinct ways:

1. As input to the SNR model for dynamic exposure time calculation (Chapter 6),

2. As a continuous constraint against which to validate observer-specified brightness

limits, replacing the previous threshold table.

This integration enables fine-grained scheduling decisions and improves the fidelity of

predicted SNR values under varying lunar conditions.
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Unlike the previous model, which operated entirely in the Sloan r′ band, the corrected

model is band-independent and can be fitted per filter. In practice, a version fitted for

Bessell-V was used to support comparison with the Skycam sytems and to align with

the SNR-based exposure time system.

This real-time estimator is architecturally compatible with both the Liverpool Telescope

(LT) and the New Robotic Telescope (NRT) scheduling pipelines, and has been devel-

oped with the intention of serving as a continuous alternative to the existing heuristic

sky-brightness model. While it has not yet formally replaced the operational LT model,

its lightweight, geometry-driven formulation allows straightforward integration into both

Java- and Python-based scheduling systems. Ongoing post-thesis development work has

focused on enabling such integration within modernised scheduling infrastructure, ensur-

ing that the estimator can be evaluated thousands of times per night without measurable

performance overhead.



Chapter 6

Signal-to-Noise Ratio Based

Scheduling for Robotic Telescopes

Prediction is very difficult, especially
about the future.

Niels Bohr

6.1 Introduction

A central challenge in observational astronomy is the optimisation of limited telescope

time while ensuring that observations meet scientific requirements. For the New Robotic

Telescope (NRT), the primary science drivers are large-scale spectroscopic follow-up of

transients discovered by facilities such as LSST, and long-term monitoring of variable

sources requiring a regular (nightly) cadence. Both modes necessitate hundreds of obser-

vations per night with minimal human intervention. In this regime, efficiency is measured

not only in raw observing time but also in the ability to deliver spectra and light curves

of consistent scientific quality across a wide range of conditions.

A key metric for data utility is the Signal-to-Noise Ratio (SNR), which quantifies the

clarity and usability of an observation. Current practice on the Liverpool Telescope (LT)

and similar facilities relies on fixed exposure times specified by users, often derived from

exposure time calculators and padded with conservative safety margins to compensate

for uncertain conditions. These exposure times are frequently rounded to convenient

values (e.g. 90 s instead of 84.3 s), introducing a systematic bias towards overexposure.

This reduces scheduling flexibility and consumes telescope time without proportionate

gains in scientific utility (Figure 6.1).
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Figure 6.1: "Last digit" distribution of IO:O science exposures from January to July
2025. Exposures ending in “0” comprise 85.1% of observations and 98.1% of total time,

reflecting a strong bias toward rounded exposure times.

This chapter introduces a dynamic scheduling approach based on target SNR rather than

fixed exposure times. Users specify coordinates, approximate magnitude, and desired

SNR; the scheduler then determines the exposure time in real time using measured

conditions such as airmass, sky brightness, seeing, and atmospheric transparency. This

removes the need for conservative buffers, ensures that observations are matched to

prevailing conditions, and enables the ingestion of large target lists without bespoke

human planning.

The approach integrates the atmospheric characterisation methods developed in previ-

ous chapters: cloud detection (Chapter 3), extinction (Chapter 4), and sky brightness

modelling (Chapter 5); into a holistic, condition-aware scheduling framework. A proof-

of-concept has been demonstrated on the Liverpool Telescope, and the system is designed

for deployment within the NRT scheduling architecture.
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6.2 SNR-Based Exposure Time Calculation

To dynamically determine the required exposure time for a given observation, a model

was implemented to both calculate and invert the signal-to-noise ratio (SNR), using

instrumental parameters specific to the IO:O imager on the Liverpool Telescope. The

calculation incorporates real-time observing conditions including sky brightness, airmass,

and seeing, as well as fixed instrumental constants such as read noise, dark current, and

filter-dependent zero points.

6.2.1 Input Parameters

The exposure time calculation requires the following inputs:

• Target coordinates (RA, Dec)

• Apparent magnitude in the relevant filter

• Desired SNR

• Real-time sky conditions: airmass, sky brightness, seeing

• Instrumental parameters: zero point (ZP), read noise (R), dark current (D)

These inputs are combined to compute the photon flux from the target and the expected

noise contributions from the background, detector, and readout processes.

6.2.2 SNR Equation

The SNR for a point source is computed as:

SNR =
S · t√

S · t+Bsky · t · npix +
(
R
g

)2
· npix +

D·t·npix

g

(6.1)

where:

• S is the source signal (in counts per second)

• t is the exposure time

• Bsky is the sky background (in counts per pixel per second)
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• npix is the number of pixels encompassing the source

• R is the read noise (in electrons)

• D is the dark current (in electrons per pixel per second)

• g is the detector gain (in electrons per ADU)

For the IO:O camera, the dark current is negligible (D ≈ 0) under normal operating

conditions and is omitted from further calculations.

6.2.3 Exposure Time Inversion

To determine the exposure time required to achieve a given SNR, Equation ?? is alge-

braically inverted, yielding a quadratic form:

A = S2, B = −SNR2 · (S +Bsky · npix), C = −SNR2 · npix ·R2 (6.2)

Solving for t using the quadratic formula:

t =
−B +

√
B2 − 4AC

2A
(6.3)

This formulation allows the exposure time to be determined dynamically for each obser-

vation, based on both target properties and prevailing observing conditions. Values for S

and Bsky are estimated from the apparent magnitude, instrumental zero point, and either

the measured sky brightness or the output of the corrected model specified in Chapter

5 in magnitudes per square arcsecond. The area of the seeing disk is estimated using a

circular aperture with a diameter equal to the full width at half maximum (FWHM) of

the seeing profile.

6.3 Exposure Time Rounding Bias in Practice

An empirical analysis of exposure times on the Liverpool Telescope reveals that manual

specification introduces a strong and previously unquantified rounding bias. Rather than

entering exact values, users overwhelmingly select convenient durations such as 60, 90,

or 120 seconds (see Figure 6.1). This behaviour is not surprising given the constraints

of the Phase II interface, but it introduces a systematic bias towards longer exposures

and therefore reduces overall scheduling efficiency.
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Figure 6.2: Histogram of all IO:O and SPRAT science observation times between
January and July 2025.

To quantify the effect, all IO:O and SPRAT science observations between January and

July 2025 were analysed. Exposure times were grouped by their last digit:

Category N (Exposures) Total Time (s) Fraction (%)

Ends in 0 15,016 2,082,710 98.07

Ends in 5 620 33,430 1.57

Other 2,010 7,661 0.36

Table 6.1: Exposure time rounding statistics for IO:O and SPRAT (January–July
2025).

The results show that 85% of exposures ended in a zero and a further 3.5% ended in

a five, meaning that 88.5% of individual exposures used rounded durations. However,

because these rounded exposures correspond primarily to longer integrations, they ac-

count for more than 98% of the total exposure time executed. The remaining 11.4% of

exposures used non-rounded durations, but these are typically short observations (e.g.

standard stars) and together represent only 0.36% of the total integrated time. Assum-

ing a conservative 5% excess per rounded observation (e.g. 90 s instead of the required

84.3 s), the cumulative overhead for the dataset amounts to ∼29.4 hours, equivalent to

nearly four full nights of telescope time ‘lost’ in only six months.

The assumed 5% excess per rounded observation represents a conservative estimate of

the typical rounding offset relative to the SNR-derived exposure time. A small vali-

dation sample, including proposals with explicitly stated SNR goals, suggests that the
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deviation between rounded and model-derived durations can in some cases exceed this

value. However, a comprehensive reassessment of proposal-level exposure adequacy lies

beyond the scope of this study. The 5% assumption should therefore be interpreted as

a representative first-order estimate for quantifying rounding-induced overhead, rather

than as an exact universal correction factor.

This finding highlights a structural limitation of manual Phase II planning: exposure time

entry is coarse-grained, convenience-driven, and systematically inefficient. For current

instruments this loss is already non-negligible; for the NRT, which must handle hundreds

of transient spectra and large monitoring campaigns every night, such inefficiency would

be unsustainable. A condition-aware, SNR-driven system eliminates the rounding bias

entirely, allocating exposure time precisely to the level required by prevailing conditions

and scientific goals. It also elliminates the “human bottleneck” in target specification,

enabling the processing of real-time alerts without human intervention.

6.4 Validation of the SNR-Based Scheduling Model

The effectiveness of the SNR-based exposure time calculation model was assessed through

a series of validation experiments conducted with the Liverpool Telescope (LT). Although

the system was not yet integrated into the operational scheduler, targeted follow-up

observations were triggered via Robotic Telescope Markup Language (RTML) requests

submitted under a high-priority proposal (called SchedEfficiency, data available in the

LT archive1). This approach enabled empirical testing of the model’s predictions under

real observing conditions while retaining control over target selection and experimental

design.

Three complementary experiments were designed to probe different aspects of model

performance. First, controlled tests with a well-characterised photometric standard star

provided a baseline under stable conditions. Second, a simulated comparison against

fixed exposure strategies defined in an active proposal evaluated how the model per-

forms relative to conventional observing practice. Finally, a real-time demonstration

linked transient alerts from the Lasair broker to dynamically calculated exposure times

for spectroscopic follow-up with SPRAT, testing the system in a realistic, time-critical

scenario.

Together, these experiments span the range from controlled calibration tests to fully au-

tomated transient response, providing a comprehensive assessment of the model’s robust-

ness. Beyond validating the method on the LT, these tests also illustrate the capability
1https://telescope.ljmu.ac.uk/cgi-bin/lt_search

https://telescope.ljmu.ac.uk/cgi-bin/lt_search
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required by the New Robotic Telescope (NRT): to ingest large volumes of alerts and

monitoring targets, and to autonomously decide on exposure times without human in-

tervention. The results presented here therefore serve both as a proof of concept and as a

demonstration of feasibility for the fully autonomous scheduling architecture envisioned

for the NRT.

6.4.1 Empirical Tests with Standard Star Re-observations

To test the system under controlled conditions, a dedicated experiment was carried out

using the photometric standard star SA 94-702 (GSC 00048-00918). This target is part

of the Landolt catalogue and provides a well-characterised, non-variable reference source.

It was selected for repeated observations in two filters (SDSS-R and SDSS-I) to verify

whether the SNR-based exposure time calculations reliably meet the assumed target of

SNR = 100.

6.4.1.1 Methodology

The procedure for each test began with monitoring the publicly accessible observation

log of the Liverpool Telescope during the night. As soon as an entry corresponding

to a standard star was recorded (specifically SA 94-702 in this experiment) the system

parsed the log to extract relevant metadata such as the timestamp, filter, and exposure

time. Since the actual FITS image was not yet available at this stage, the apparent

magnitude of the target in the corresponding filter was retrieved from the SIMBAD

Web-API (as a proof-of-concept for getting live magnitude data from future surveys

such as the VRO alert streams) and used as the input to compute the exposure time

required to achieve an SNR of 100. This calculation followed the formalism outlined

in Section 6.2, incorporating instrumental parameters and a nominal seeing value. The

seeing was read from previous entries in the observation log and averaged over the latest

ten entries. The sky brightness was estimated using the model proposed in Chapter 5.

To ensure hardware safety and scheduling feasibility, a minimum exposure time of 1 s

was enforced, even if the computed value was shorter.

Once the new exposure time was determined, a Robotic Telescope Markup Language

(RTML) request in a high-priority proposal called SchedEfficiency was issued, spec-

ifying the target coordinates, filter, and desired exposure time. These re-observations

were typically executed within 30 to 120 minutes of the original observation, ensuring

that sky conditions such as airmass and transparency remained as consistent as possible.
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A shorter response time would be desirable, but is limited by the constraints of the ex-

isting LT scheduling system, which does not natively support immediate re-observation

triggers.

After both the original and re-observed FITS images were available after the data re-

duction, typical on the next day, they were processed offline for analysis. The standard

star was located in each image using its known coordinates, and the source closest to

this position was selected. Source extraction was performed using SExtractor (Bertin et

al., 1996), which yielded photometric parameters including the isophotal flux, local back-

ground level, and source area. These parameters were then used to compute the achieved

SNR using Equation ??, enabling a direct comparison with the predicted values derived

from the model.

6.4.1.2 Results and Discussion

A total of 14 re-observations were performed over the nights of January 6th and 7th,

2025. Exposure times for SA 94-702 ranged around 0.01 s to 0.03 s and thus were clipped

to 1s. For each case, the actual SNR achieved was compared to:

1. The target value of SNR = 100 (based on the SIMBAD magnitude)

2. The predicted scaling from the original observation, assuming linear SNR growth

with
√
t

While some deviations are present, especially in the low-exposure regime limited by the

1 s floor, the system successfully predicts appropriate exposure times within the expected

tolerance for atmospheric and instrumental variability.

6.4.1.3 Conclusion

This experiment demonstrates the feasibility of the SNR-based exposure model in a re-

alistic robotic telescope environment. Even without full integration into the scheduling

queue, re-observation of standard stars with computed exposure times showed consis-

tency with the theoretical predictions.

6.4.2 Evaluation Against Proposal Exposure Strategies

One of the motivations behind the signal-to-noise ratio (SNR) driven scheduling ap-

proach is to replace conservative, fixed exposure time estimates with condition-aware
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Figure 6.3: Achieved versus predicted SNR for re-observations of the standard star
SA 94-702. The dashed line indicates the ideal 1:1 relationship

predictions that are optimised per observation. Many observing proposals continue to

rely on static exposure values, derived under simplified assumptions (median seeing, dark

sky, low airmass) and often padded with generous safety margins. This introduces a mis-

match between requested time and actual sky conditions, a gap the SNR-based system

is designed to close.

By dynamically adjusting exposure times, the system avoids the systematic overexposure

that arises from conservative user estimates, freeing telescope time without compromising

scientific quality. More importantly, it enables a shift in how proposals are formulated.

Rather than requiring principal investigators to manually estimate detailed exposure

times for each target, large-scale programmes can specify the desired data quality (e.g.

SNR = 20 in a given band), while the scheduler determines the required integration
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time based on instrument sensitivity and prevailing conditions. This does not eliminate

time accounting or allocation constraints: at the proposal stage, expected integration

times are still estimated using representative conditions to ensure feasibility and fair

resource distribution. During execution, the scheduler adjusts exposure durations dy-

namically within the allocated time budget, compensating for changing sky brightness

or transparency. In this framework, SNR-based specification refines exposure control

without undermining the principle that each accepted programme operates within a de-

fined and finite share of telescope time. This paradigm is particularly important for the

New Robotic Telescope (NRT) and its SPEC programme, which is designed to classify

hundreds to thousands of transient alerts per night. In such a regime, manual specifica-

tion of exposure times is neither practical nor efficient; the scheduler must autonomously

compute and assign optimal exposures in real time. The simulations below demonstrate

how this approach performs when applied to a concrete example from an LT proposal,

illustrating both the inefficiencies of traditional fixed strategies and the advantages of

condition-aware scheduling.

6.4.2.1 Methodology

To test the model against real observing practice, a simulation study was performed

based on Proposal JL25B10 (PI: K. Ryan Hinds), which targets Type IIP supernovae in

the radioactive tail phase. The proposal specifies fixed exposure blocks designed to reach

SNR ≈ 15 under dark-time, 2′′ seeing conditions. Using the model from Section 6.2, the

expected performance of these blocks was simulated under a range of conditions (dark

vs. bright sky, varying airmass). Instrumental parameters for IO:O (gain = 1.6 e−/ADU,

read noise = 16 e−, pixel scale = 0.3 arcsec/px, zeropoints from Smith et al., 2017) were

adopted.

6.4.2.2 Results and Discussion

The simulations show that under favourable conditions the proposal exposures are sub-

stantially conservative, often delivering significantly higher SNR than requested. In

contrast, under bright-sky or high-airmass conditions, especially in the g-band, the fixed

blocks can underperform, failing to reach SNR 15.

To further illustrate this, the model was run across a full night for a virtual g = 20mag

target. Figure 6.4 shows the achieved SNR for a fixed 180 s exposure compared to the

dynamically required exposure time, as a function of time, airmass, and sky brightness.

The plots highlight both excessive overexposure near transit under dark conditions and

underexposure at high airmass under bright conditions.
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Filter Mag Sky (mag/arcsec2) Proposal exp. (s) Proposal SNR Req. exp. (s)
g 20 22.0 180 30.8 70
g 20 20.5 180 19.9 113
r 19 21.5 90 47.1 21
r 19 20.0 90 31.0 29

Table 6.2: Comparison between proposal-defined exposure blocks and SNR-based
requirements for tail-phase SN magnitudes. Simulations assume g = 20mag and r =
19mag, an aperture radius of 6 px (1.8 arcsec), and sky brightness values representative

of dark and bright conditions.

Figure 6.4: Simulated performance of a fixed 180 s exposure in the g-band for a
g = 20mag target across one night at ORM. Top: achieved SNR under dark and bright
conditions; the dashed line marks the target SNR=15. Bottom: required exposure times
for SNR=15 under the same conditions. Both plots with target altitude overplotted

(green).
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6.4.2.3 Conclusion

This experiment demonstrates that the SNR-based model adapts in both directions:

reducing excessive overexposure under optimal conditions and extending exposure times

when conditions degrade. Even with a limited empirical dataset, the consistency between

simulations and re-observed data supports the model’s predictive power. In practice, such

adaptability would prevent the systematic inefficiencies inherent in fixed proposal blocks,

enabling the scheduler to optimise resource use while maintaining the requested SNR.

6.4.3 Real-Time Transient Follow-Up with Pre-Classified Alerts

The third experiment evaluated the system in the most realistic regime: live transient

alerts and rapid spectroscopic response, directly reflecting the requirements of the NRT

SPEC programme. This experiment linked the Lasair transient alert stream to the expo-

sure time model and robotic triggering system for the Liverpool Telescope’s spectrograph

SPRAT (Spectrograph for the Rapid Acquisition of Transients; Piascik et al., 2014).

6.4.3.1 Alert Stream and Classification

Lasair provides real-time alert packets for transient candidates detected by the Zwicky

Transient Facility (ZTF) and will also provide similar services for the VRO/LSST, in-

cluding preliminary classifications based on photometric behaviour. For this test, the

alert listener ingested alerts using a user-defined filter, filtering the g band magnitude in

the range 16 < g < 19. Each alert was enriched via the ALeRCE2 API, which returns a

full set of classification probabilities from multiple machine-learning classifiers. Both the

complete classification output and the top-3 ranked classes were stored in the database

(the latter as JSON for rapid inspection; see Table 6.3).

Field Description
Name Alert object identifier (e.g. ZTF17aaawqgi)
RA, Dec J2000 coordinates in degrees
MagnitudeG, MagnitudeR Most recent g/r-band photometry
Classification Lasair classification string
AlerceClassification ALeRCE top-3 ranked classes (JSON)
LatestDetection Timestamp of latest detection (r or g mag)
FirstDetection Timestamp of first detection

Table 6.3: Core schema for transient alerts ingested into the follow-up system.

2https://alerce.science

https://alerce.science
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6.4.3.2 Science Case Matching

A simple matching rule was applied to select only alerts corresponding to supernovae

(“SN”) in the ALeRCE classification output. If the highest probability from all classifica-

tors suggested a supernova and if the probability was above 0.75, the alert was considered

a candidate for follow-up. This approach allowed the system to focus on high-priority

transients while avoiding false positives from other classes such as asteroids. In the pro-

cess, mis-classifications (e.g. Long Periodic Variables) occurred, underscoring the need

for a more sophisticated decision logic of which new alerts to follow up but which lies

beyond the scope of this thesis.

6.4.3.3 Exposure Time Calculation and Scheduling

For each selected alert, the most recent magnitude was passed into the SNR-based expo-

sure time calculator described in Section 6.2, with the target instrument set to SPRAT

and the desired signal-to-noise ratio fixed at SNR = 25 per spectral resolution element at

5500 Å. The calculation assumes a flat continuum spectral energy distribution across the

SPRAT wavelength range. The modified sky brightness model developed in Chapter 5

was incorporated using the current Moon phase, altitude, and target airmass to refine

the sky background estimate.

The resulting exposure time was then used to construct a RTML observation request

for SPRAT, submitted to the LT robotic scheduler with high priority. This closed-loop

from alert to observation was fully automated, with the only human interaction being

the activation of the alert listener.

6.4.3.4 Operational Demonstration

The system successfully triggered test observations of multiple ZTF supernova candi-

dates, including the example shown in Figure 6.5. In each case, the dynamically calcu-

lated exposure time matched well with post-observation SNR measurements, confirming

that the model could be applied in rapid-response scenarios without conservative over-

exposure.

This experiment provides a proof-of-concept for autonomous large-scale transient spec-

troscopy at the NRT. It showed that the SNR-based scheduling approach can extend

beyond planned observations to on-the-fly transient follow-up, directly linking machine-

learned classifications in alert streams to optimised exposure times for rapid spectroscopy.
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Figure 6.5: Comparison of spectra of ZTF25abewmjr obtained with two different
instruments. The blue line shows the SPRAT spectrum from the Liverpool Telescope,
plotted in normalised flux (extension 4 of the pipeline output). The orange line shows
the publicly available P60/SEDM spectrum from the Transient Name Server (TNS),
scaled for visual comparison. The overall agreement in broad spectral features and
continuum shape demonstrates the feasibility of the automated pipeline from alert in-
gestion and magnitude query (via ALeRCE in this case) to autonomous scheduling
of an exposure calculated for a specified SNR (20). No additional cross-instrument
wavelength alignment or rest-frame correction was applied for this comparison; small-
to-moderate discrepancies in feature centroids likely reflect differences in wavelength
calibration, resolution, and reduction pipelines between the two instruments. The com-

parison is therefore qualitative rather than a precision spectroscopic validation.

6.4.4 Model Performance towards Autonomous Scheduling

The validation experiments collectively demonstrate that the signal-to-noise ratio based

scheduling system performs robustly across a range of use cases, from controlled cali-

bration to realistic transient response. Each test highlighted complementary strengths
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Alert Name Magg Observed
(UTC)

Exp. t (s) Airmass Altitude (deg)

ZTF25abewmjr 16.69 2025-08-15
01:45:37

207.0 1.007 83.56

ZTF19aatihef 17.63 2025-08-12
22:05:30

274.0 1.546 40.44

ZTF25abewmjr 16.69 2025-08-15
01:49:13

207.0 1.007 83.56

ZTF17aaarisn 17.61 2025-08-12
05:35:38

279.0 1.604 38.75

Table 6.4: Set of transient alerts ingested from Lasair, enriched via ALeRCE clas-
sification, and observed with SPRAT using dynamically calculated exposure times for

SNR=20.

of the approach: standard star re-observations confirmed the internal consistency of the

exposure time inversion; proposal-based simulations showed clear efficiency gains com-

pared to static exposure blocks; and the transient follow-up pipeline illustrated seamless

integration of real-time alert streams into condition-aware scheduling. Together, these

results confirm both the feasibility of the method on the Liverpool Telescope and its

readiness for large-scale deployment on the New Robotic Telescope.

Several practical considerations emerged during testing. A minimum exposure time of

one second necessarily limited validation for bright targets, but this is an instrumental

safeguard rather than a limitation of the model itself. Catalogue mismatches and intrinsic

variability of some targets introduced scatter, yet the predicted and achieved SNRs

remained consistent within expected tolerances. Most importantly, the system repeatedly

demonstrated that it can adapt to varying airmass, transparency, and sky brightness in

real time, assigning exposures that meet the requested SNR without conservative safety

margins or convenience-driven rounding.

The broader significance of these results lies in their ability to address the central bottle-

neck of robotic astronomy in the time-domain era. Existing Phase II paradigms require

human specification of exposure times and therefore cannot scale to the alert rates ex-

pected from surveys such as the LSST at the Vera C. Rubin Observatory. Moreover,

they assume the user can anticipate observing conditions in advance, including the al-

titude of the target at the moment of execution. In practice, this is rarely the case: a

target may be observed at higher airmass if other, higher-ranking proposals consume

time around transit, or under brighter skies than assumed. Fixed exposure times there-

fore either underperform or require conservative padding. The SNR-based framework

removes both problems by allowing users to request data quality directly, leaving the

scheduler to determine the appropriate exposure in situ. By calculating integration
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times for the actual altitude, sky brightness, and extinction at the scheduled instant,

the system eliminates inefficiencies caused by safety margins and convenience rounding,

while simultaneously enabling ultra-fast transient classification at the scale demanded

by the SPEC programme.

Fast transients such as the early stages of fast blue optical transients (FBOTs) or kilo-

novae do not wait for users to calculate exposure parameters, and a fully autonomous,

condition-aware system is therefore essential if these fleeting events are to be captured

at scientifically useful signal-to-noise.

The architecture underpinning this framework is summarised in Figure 6.6, which brings

together the preceding chapters into a single workflow. Cloud detection (Chapter 3),

extinction monitoring (Chapter 4), and sky brightness modelling (Chapter 5) feed di-

rectly into the SNR-based exposure calculation (this chapter), producing an integrated,

condition-aware scheduler capable of fully autonomous operation. This simple flow en-

capsulates the trajectory of the thesis: the transformation of environmental characteri-

sation into actionable, science-optimised scheduling decisions.

Figure 6.6: Workflow of the SNR-based scheduling framework. Environmental mon-
itors developed in earlier chapters feed into the exposure time calculation, which dy-

namically assigns integration times to meet user-specified SNR requirements.



Chapter 7

Results and Discussions,

Integrations

Science is not about certainty.
Science is about finding the most
reliable way of thinking at the present
level of knowledge.

Carlo Rovelli

7.1 Introduction

The preceding chapters presented the development of four core systems designed to

enable condition-aware robotic scheduling: real-time cloud detection and forecasting,

atmospheric extinction monitoring with Skycams, an empirical model of sky brightness,

and a dynamic signal-to-noise ratio (SNR) based exposure time estimator. Each module

was developed, tested, and validated independently. In this chapter, these results are

evaluated together in the context of their scientific motivation and their implications for

robotic telescope operations.

The central question addressed here is whether these systems, individually and in com-

bination, advance the ability of robotic telescopes to respond effectively to the demands

of modern time-domain astronomy. When the Liverpool Telescope was commissioned

in 2004, the dominant science drivers were long-lived transients such as supernovae and

classical novae, whose evolution could be followed over weeks. Under those conditions,

simple altitude-based scheduling and fixed exposure times were sufficient. Today, how-

ever, the discovery space has shifted toward faster and fainter phenomena - from fast

167
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blue optical transients (FBOTs) to kilonovae and gamma-ray burst afterglows - which

evolve on timescales of hours or even minutes. Responding to these events requires not

only rapid telescope reaction, but also an observing strategy that adapts in real time to

atmospheric transparency, sky brightness, and the onset of cloud cover.

This chapter therefore goes beyond reporting numerical performance. Each system is

assessed in terms of what it enables scientifically: how well cloud forecasts align with the

cadence of transient follow-up, how stable extinction monitoring is under operational con-

ditions, how accurately the empirical brightness model captures lunar and atmospheric

effects, and to what extent the SNR-based exposure estimator can replace manual ob-

server judgement. The discussion highlights strengths and limitations, and considers

how these results map onto the practical requirements of both the current Liverpool

Telescope scheduler and the future New Robotic Telescope. In doing so, it aims to close

the loop between the “science story”, the motivation for condition-aware scheduling in the

time-domain era, and the “engineering story” of how such a system can be implemented

in practice.

7.2 Cloud Detection and Forecasting

Reliable knowledge of sky conditions on short timescales is a prerequisite for autonomous

operation in time-domain astronomy. While traditional queue schedulers assume either

stable conditions or rely on all-sky monitors to flag cloudy periods, they lack predictive

power. For transient science, where a decision to observe or defer must be made within

minutes, a forecasting capability is essential. The cloud detection and forecasting pipeline

developed in this thesis provides such a capability by combining difference imaging with

binary thresholding and extrapolating cloud motion using connected-component labelling

and Kalman filters.

The system demonstrates robust performance under a wide range of observing condi-

tions. For extended and slowly evolving cloud structures, forecasts of cloud arrival and

departure times were accurate on horizons of up to 20 minutes (see Chapter 3). This

level of accuracy is well matched to the operational cadence of the Liverpool Telescope,

where the median observing group lasts less than half an hour. In this regime, the fore-

cast enables informed “now/next” scheduling decisions, allowing the scheduler to defer

or advance observations in anticipation of cloud passage rather than reacting only after

conditions deteriorate.

Limitations become apparent when cloud structures evolve rapidly or when small, fast-

moving clouds dominate. In such cases, forecast skill declines significantly beyond about
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15 to 20 minutes, and the uncertainty in predicted cloud patterns increases. From an

operational perspective, however, this is not a fundamental shortcoming: the scheduling

problem at the ORM rarely requires cloud predictions on hour-long timescales, but rather

accurate knowledge of conditions over the duration of the next group. In that respect,

the achieved forecast horizon is both sufficient and scientifically meaningful.

Another strength of the system is its modest calibration requirements. Only an initial

set-up is needed, and no site-specific retraining is required. This reduces operational

overhead and increases the likelihood of successful long-term deployment. Taken to-

gether, these results show that cloud forecasting is feasible in real time and can provide

actionable input to robotic schedulers, improving efficiency and data yield in time-critical

programmes.

7.3 Extinction Monitoring

Atmospheric extinction directly affects the quality and interpretability of both photo-

metric and spectroscopic data. Classical approaches rely on standard star observations

to derive extinction coefficients for each night, a method that is accurate but ineffi-

cient and not well suited to fully robotic operation. The goal of this work was to test

whether wide-field auxiliary cameras such as Skycam T and Z could provide continuous,

automated extinction information in real time.

The results show that the system can indeed recover extinction behaviour, but with

important caveats. Linear fits between instrumental magnitude and airmass yielded ex-

tinction coefficients in the expected range of kV ≈ 0.13–0.15, broadly consistent with

values reported in the literature for the Observatorio del Roque de los Muchachos. How-

ever, the scatter in these fits was higher than for dedicated standard star observations,

with typical R2 values between 0.6 and 0.75. This noise is most likely a consequence

of the unfiltered nature of the Skycams: without a well-defined passband, variations

in stellar colour introduce systematic uncertainties that limit the precision of absolute

extinction coefficients.

Despite this limitation, the system performs well in tracking differential extinction.

Changes in transparency on sub-night timescales were clearly detected, allowing the iden-

tification of intervals of improving or deteriorating conditions. For robotic scheduling,

this capability is often more important than measuring an exact extinction coefficient,

since it enables adaptive decisions about whether to continue, suspend, or prioritise obser-

vations. In this respect, the Skycams provide a valuable and low-overhead transparency

monitor.
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Nevertheless, extracting robust absolute extinction values requires further development.

A straightforward path would be to introduce filters to define a stable photometric sys-

tem—either through a fixed Bessell V filter, a 2×2 lenslet array with different filters, or a

filter wheel coupled to a more sensitive detector. Such modifications would significantly

reduce colour-dependent scatter and allow the system to deliver extinction coefficients

comparable in reliability to those from standard star observations.

In summary, the current Skycam system demonstrates that real-time extinction monitor-

ing is feasible, but its primary strength lies in differential transparency tracking. With

modest hardware upgrades, it could evolve into a robust source of absolute extinction

coefficients for both photometric calibration and automated scheduling.

7.4 Sky Brightness Modeling

The natural sky background is one of the dominant noise sources in ground-based op-

tical astronomy and therefore a critical input to exposure time estimation. Its level

varies with lunar phase and altitude, with angular separation between the Moon and the

target, and with atmospheric conditions. Classical models, such as that of Krisciunas

and Schaefer, capture the broad trends but systematically underperform at a given site

due to local atmospheric differences and simplifications in the analytic formulation. For

robotic scheduling, where exposure times must be computed in real time and without

human intervention, a more accurate and locally calibrated model is essential.

The empirical model developed in this thesis incorporates target altitude, lunar altitude,

lunar phase, and the angular separation between target and Moon. Applied to LT

background measurements, it reduced residual scatter by about 30% compared to the

Krisciunas and Schaefer model. In particular, including the angular separation as a

predictor was found to significantly improve the fit, capturing the strong directional

dependence of scattered moonlight. The model reproduced both dark-time and bright-

time trends, with residuals that were small enough to make it directly usable in an

exposure time calculator.

From a scheduling perspective, this improvement has a tangible impact. In the legacy

system, observers typically adopt conservative exposure times to guard against under-

estimation of sky brightness. These safety margins consume telescope time and reduce

overall efficiency. By providing more accurate real-time predictions, the empirical model

narrows the uncertainty envelope, reducing the need for such margins and allowing ex-

posure times to be tuned more closely to actual conditions. This directly translates into
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higher observing efficiency, particularly in time-critical programmes where the number

of spectra that can be obtained in a night is limited.

The model is not without limitations. Its accuracy does not account for rapid short-term

fluctuations such as those caused by thin cirrus. Nevertheless, in combination with the

cloud detection and extinction monitoring systems, it represents a substantial step to-

ward a fully condition-aware scheduler. Future extensions could incorporate additional

predictors such as atmospheric transparency indices or machine-learning refinements ac-

counting for e.g. high-level Calima and the current sun-cycle, but the current model

already offers a practical and deployable improvement over existing analytic prescrip-

tions.

7.5 SNR-Based Exposure Estimation

At the heart of this thesis is the development of a dynamic exposure time estimator based

on signal-to-noise ratio (SNR). Unlike traditional approaches, where observers manually

specify exposure times in advance, often with generous safety margins, the SNR-based

method adapts exposure length to the prevailing conditions in real time. This approach

is central to robotic scheduling: it allows programmes to run independently without

human oversight, ensures consistent data quality, and maximises efficiency by reducing

wasted telescope time.

The estimator integrates inputs from the preceding modules. Atmospheric extinction co-

efficients, provide a measure of transparency; the empirical sky brightness model supplies

background noise levels; and cloud forecasts inform short-term feasibility. Together with

instrumental constants such as telescope aperture, throughput, and zeropoints, these

inputs allow exposure times to be predicted for arbitrary targets and conditions. The

calculation proceeds by inverting the standard SNR equation, solving for the exposure

time required to reach a user-specified SNR threshold.

Validation was carried out on both historical observations and simulated test cases. For

science targets in the 12 to 20 mag range, predicted exposure times closely matched

those empirically required to achieve the requested SNR. Incorporating extinction and

sky brightness parameters was especially beneficial for fainter targets, where transparency

and background noise dominate the error budget. The system successfully adapted to

changing conditions, with exposure times increasing under brighter sky and decreasing

when conditions improved. This dynamic adjustment is a key advantage over static

exposure times, which can lead to under- or over-exposure if conditions deviate from

initial assumptions.
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The scientific implications are significant. Analysis of LT archive data shows that nearly

all manually chosen exposure times end in rounded multiples of 10 seconds, reflecting

observer preference rather than numerical optimisation. Comparison with SNR-model-

derived exposure times indicates that these rounded values frequently exceed the duration

required to achieve the target signal-to-noise ratio under prevailing conditions, consistent

with a conservative bias in manual estimation. The SNR-based tool reduces this quanti-

sation inefficiency by tailoring exposures to real-time conditions, thereby decreasing the

overhead associated with heuristic judgement. More importantly, it enables programmes

such as the SPEC time programme on the New Robotic Telescope, where alerts with pre-

liminary classifications can be ingested, matched to a science case, and executed without

human intervention. In this context, the exposure calculator becomes the linchpin that

translates a scientific requirement (e.g. SNR = 20 for classification) into an executable

command.

The SNR-based exposure estimator thus operationalises the core argument of this the-

sis: that condition-aware scheduling can move beyond static assumptions and observer

heuristics to deliver autonomous, efficient, and scientifically competitive robotic astron-

omy. While edge cases remain, particularly under extreme transparency variations, the

demonstrated performance shows that the approach is ready for deployment and provides

a clear path forward for integration into next-generation scheduling systems.

7.6 Integration and Implications

Taken together, the four systems developed in this thesis represent the building blocks

of a condition-aware scheduling framework. Each module addresses a different aspect of

the observing environment: cloud forecasting constrains short-term feasibility, extinction

monitoring provides real-time transparency, the empirical sky brightness model quantifies

background noise, and the SNR-based estimator translates these inputs into actionable

exposure times. Individually, each system demonstrates clear utility; in combination,

they form a coherent toolkit for autonomous decision-making in robotic astronomy.

The integration of these modules is not merely an engineering exercise but a scientific ne-

cessity. When the Liverpool Telescope was commissioned in 2004, its queue scheduler was

designed for long-lived transients such as supernovae, whose evolution could be tracked

over weeks. Under those conditions, static altitude constraints and fixed exposure times

were sufficient. In 2025, however, the discovery space has shifted decisively toward faster

and fainter phenomena: fast blue optical transients, kilonovae, and gamma-ray burst af-

terglows evolve on timescales of hours or even minutes. For such sources, the bottleneck
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is no longer the ability to observe at all, but the ability to optimise observations in real

time under variable conditions.

The results presented here demonstrate that this optimisation is achievable. Cloud fore-

casts, although limited to horizons of 15–30 minutes, align well with the median group

length at the LT and are thus directly useful for “now/next” decisions. Extinction mon-

itoring, while noisy in absolute terms due to the unfiltered Skycams, reliably detects

differential transparency, which is sufficient for deciding whether to continue or sus-

pend a spectroscopic sequence. The sky brightness model reduces prediction scatter by

about 30%, narrowing the uncertainty envelope that observers would otherwise buffer

with safety margins. The SNR-based exposure calculator integrates these inputs, re-

placing manual heuristics with condition-aware predictions. Together, these modules

demonstrate a clear pathway to autonomous programme execution, where an alert with

a preliminary classification can be matched to a science case and translated into an

optimised observation without human intervention.

From an operational standpoint, this integration has two immediate implications. First,

it offers a pathway to improving the scientific efficiency and effective observing yield of the

Liverpool Telescope. For example, analysis of archival exposure rounding alone suggests

that systematic inefficiencies amount to the equivalent of several nights of telescope time

over a six-month period. Condition-aware exposure control and improved background

prediction reduce the need for conservative safety margins, thereby increasing the fraction

of time spent acquiring scientifically optimal data. While these gains do not alter the

physical lifetime of the facility, they enhance its effective competitiveness by maximising

science return within existing time allocations.

Looking forward, further refinements will strengthen this framework. Introducing fil-

ters to the Skycams would improve extinction accuracy; machine-learning methods may

extend cloud forecast horizons; and integration with broker streams could allow the

scheduler to directly incorporate classification probabilities into decision-making. These

developments are future work, but the present results already show that condition-aware

scheduling is both feasible and beneficial. In this way, the thesis delivers not only techni-

cal tools but also a demonstration of their scientific value: enabling robotic telescopes to

respond efficiently and autonomously to the demands of modern time-domain astronomy.
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7.7 Integration into Robotic Scheduling Systems

7.7.1 Adapting the System for the Liverpool Telescope

While the LT is not the long-term target, it provides a testbed for integration pathways

that inform NRT design. This subsection does not introduce new experimental results;

rather, it formalises how the proof-of-concept experiments described in previous chap-

ters can be interpreted in terms of operational integration within the LT framework.

The implementation of the SNR-based exposure time calculator as a standalone system

demonstrated its potential to improve scheduling efficiency on the Liverpool Telescope.

While the system was not (yet) integrated into the live scheduling queue, the architecture

was designed to be compatible with the LT’s existing infrastructure.

The system operates independently of the internal scheduler, using the publicly available

observation logs to detect completed observations in real time. Upon detecting the

observation of a target with a known magnitude such as a standard star or a science

object with a SIMBAD or Lasair magnitude entry, the system calculates the exposure

time required to reach a user-defined SNR based on prevailing sky conditions. Follow-

up observations are then submitted via the LT’s Robotic Telescope Markup Language

(RTML) interface.

This external scheduling loop enabled a practical demonstration of real-time reobser-

vation under dynamic conditions, without requiring internal modification to the queue

system. The system successfully triggered dozens of follow-up observations during late

2024 and 2025, including standard stars and selected science targets. These reobser-

vations were used to validate the underlying SNR model and test the accuracy of the

exposure time predictions.

Although no changes to the internal LT scheduler were made during this project, several

integration pathways are envisioned:

• Internal exposure time override: The scheduler could optionally allow an

external SNR calculator to override the exposure time field in a queued observation

request, based on current conditions.

• SNR-aware proposal validation: During proposal preparation, observers could

specify the desired data quality (e.g. target SNR) rather than manually estimating

exposure time. The scheduler would then convert this requirement into an expected

integration time under representative conditions for feasibility assessment and time

allocation. During execution, exposure durations would be adjusted dynamically
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within the awarded time budget to achieve the requested data quality without

exceeding the allocated observing time.

• Live condition feed: Integration with sky transparency and cloud monitors would

enable the system to track real-time sky conditions more accurately, reducing pre-

diction error.

The success of the reobservation experiments demonstrates the viability of these ex-

tensions. Their implementation would require careful coordination with the LT opera-

tions team to ensure consistency with existing queue policies and data quality standards.

Nonetheless, the demonstrated compatibility with RTML interfaces and external schedul-

ing logic makes future integration technically straightforward.

7.7.2 Integration into the Legacy LT Scheduler

While the proof-of-concept SNR-based exposure system has demonstrated its compat-

ibility with the Liverpool Telescope’s infrastructure through RTML-based observation

injection, a more seamless integration into the core scheduling logic would enable greater

efficiency and scientific return. This section outlines a practical pathway for modifying

the legacy scheduler, based on the architectural principles described by Fraser et al.

(2004).

The LT scheduler, originally designed in Java over two decades ago, employs a modular

architecture in which scheduling decisions are made by assigning weights to competing

observation groups. The weighting functions operate within a defined “schedule context”

that includes environmental inputs, queue constraints, and telescope/instrument status.

The decision logic is executed in real time to generate observation sequences dynamically

throughout the night.

To integrate SNR-based exposure time prediction into this framework, the following

modifications are proposed:

• Augment the Schedule Context: Extend the schedule context object to include

cloud maps, real-time sky transparency, sky brightness and seeing estimates, either

via existing monitor feeds, models or all-sky camera predictions. These variables

are essential inputs to accurate SNR estimation.

• Introduce a Dynamic Exposure Module: Develop a new Java module within

the scheduler that computes the required exposure time for a given SNR target

based on current conditions, object brightness, and instrument parameters. This

module should be accessible from the weighting function layer.
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• Extend Proposal Specification: Allow observers to specify SNR-based goals

in their Phase II submissions, using an extended schema. If a target specifies

SNR rather than exposure time, the scheduler should query the dynamic exposure

module at scheduling time to compute the appropriate exposure length.

• Optional Weighting Bias: Include an optional weighting bias in the scoring

function that favours observations for which the predicted SNR is currently optimal.

This would allow the scheduler to opportunistically prioritise observations when

conditions are favourable.

None of these changes require a wholesale rewrite of the scheduler. The modularity

described by Fraser et al. (2004) allows for targeted enhancements, particularly within

the weighting function implementation layer. The exposure time override could be im-

plemented analogously to existing flexible group scoring, with hooks into the real-time

environmental context.

Moreover, the scheduler’s compatibility with RTML, already exploited in the proof-of-

concept system, ensures that fallback operation via external submission remains possible

during transitional deployment phases. This dual-mode operation could ease testing and

validation before committing to full internal integration.

“The key to robotic scheduling is the ability to make informed, adaptive de-

cisions based on environmental conditions and observation requirements.” -

adapted from Fraser et al. (2004)

In this spirit, integrating SNR-based scheduling logic directly into the Liverpool Tele-

scope’s core system represents a natural evolution of its design, and aligns with its

longstanding commitment to efficiency, responsiveness, and scientific value.

7.7.2.1 SNR Logic for the Legacy Scheduler

The Liverpool Telescope scheduler, written in Java and maintained since the early

2000s, operates by dynamically selecting the next best observation group during each

scheduling sweep. This selection is handled in the method nextScheduledJob() of

the BasicDespatchScheduler class, which constructs a view of the current Phase II

database, assesses feasibility, and ranks candidate observations using a scoring model.

To integrate SNR-based exposure estimation into this logic, a minimal and targeted modi-

fication is proposed. After retrieving the list of candidate groups via the Phase2CompositeModel,
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a new pass can be inserted to adjust exposure times for those observations that specify

an SNR goal rather than a fixed exposure time.

This process involves:

1. Inspecting each observation group for an SNR goal (e.g. via a new field snrTarget).

2. Estimating the target’s apparent magnitude (e.g. from the object catalogue, recent

photometry or another new field targetMag for each available filter).

3. Retrieving current environmental conditions (transparency, seeing, sky brightness)

from the scheduler’s internal environment model or the external monitors.

4. Computing the required exposure time using the known instrumental parameters

and the user-defined SNR.

5. Updating the group’s exposure time field before the scoring phase.

This logic can be implemented in a utility class DynamicExposureAdjuster, which applies

the SNR logic to all eligible groups prior to the scoring pass. Integration is limited in

scope, requires no modification to the weighting function logic, and is consistent with the

modular architecture described in the original LT scheduling framework (Fraser et al.,

2004).

The change would allow observers to request photometry and spectroscpoy by SNR

target rather than by trial-and-error exposure selection, and would support a broader

shift toward condition-aware observing on robotic telescopes.

7.7.2.2 User-Level Integration via IO:O Exposure Panel

While backend integration of SNR-aware exposure calculation is critical for execution,

user adoption depends on intuitive configuration at the proposal stage. One viable

integration point is a IO:O or SPRAT-specific extension to the Liverpool Telescope Phase

II configuration system, particularly the Exposure button in the sequencer interface.

To support SNR-based requests, this interface could offer an additional mode alongside

fixed exposure time, allowing observers to specify:

• A target Signal-to-Noise Ratio (e.g. SNR = 100),

• The filter to be used (e.g. SDSS-g, Bessell-V ),

• The target magnitude, either:
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– Entered manually by the user, or

– Retrieved dynamically via a SIMBAD or Lasair query at scheduling time.

The manually specified magnitude approach ensures offline compatibility and repro-

ducibility, while the dynamic lookup allows for real-time reactivity (e.g. for variables or

transients). However, the latter option would require internet access within the scheduler

subsystem, which is currently isolated from external networks for operational reasons.

An XML schema extension for the Phase II observation configuration might look as

follows:

<exposure mode="snr">

<snrTarget>100</snrTarget>

<filter>sdss-g</filter>

<magnitude source="manual">15.2</magnitude>

</exposure>

This information would be passed down into the Phase2CompositeModel and read by

the scheduling engine. Prior to scoring, the DynamicExposureAdjuster module (Sec-

tion 7.7.2.1) would interpret these fields, query current conditions, and calculate the

required exposure time accordingly.

To maintain operational robustness, the scheduling system should support fallback logic

in case dynamic lookup fails or network access is unavailable. This ensures consistent

behaviour whether the system is operating in an “offline” environment or during transient

follow-up campaigns where internet access is required.

This pathway enables a seamless user experience for requesting science observations based

on data quality (SNR), rather than arbitrary or outdated estimates of exposure length,

and marks a significant step toward fully adaptive robotic scheduling.

7.7.3 Integration into the New Robotic Telescope

Building on the successful proof-of-concept implementation on the Liverpool Telescope,

the SNR-based exposure time system is intended to be a native component of the New

Robotic Telescope (NRT). Unlike the LT, where integration requires retrofitting into an

established architecture, the NRT offers a clean-slate opportunity to embed condition-

aware scheduling logic from the outset.
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The NRT is being developed with a modern, modular architecture based on containerised

microservices orchestrated by Kubernetes (Bento et al., 2024; Copley et al., 2024). Each

functional component of the observatory, including scheduling, environment monitoring,

data processing, and observation control, will operate as an independent service, commu-

nicating via well-defined APIs. This architectural choice provides scalability, robustness,

and flexibility in deployment, while also facilitating the integration of third-party mod-

ules such as the SNR-based exposure time estimator.

At the heart of the scheduling system will be a look-ahead scheduler, capable of fore-

casting and optimizing observation plans over a range of time horizons. This scheduler

will natively incorporate the cloud detection and extinction monitoring system devel-

oped earlier in this thesis (Chapters 3 and 4). Real-time inputs from the all-sky cloud

tracking camera and Skycam-based extinction measurements will be continuously put

into the scheduling context, allowing the system to anticipate and respond to evolving

sky conditions.

In this setting, observers will be able to submit science programmes by specifying target

coordinates, estimated magnitudes, and required SNR thresholds. The scheduler will

then:

1. Forecast observing conditions for all viable time windows, including expected ex-

tinction, transparency, sky brightness, and lunar geometry.

2. Estimate the exposure time needed to reach the requested SNR using the current

instrumental parameters and predicted environmental conditions.

3. Score and prioritise observations based on schedulability, expected efficiency, ur-

gency, and science priority.

The SNR-based exposure system will be deployed as a dedicated service within the

Kubernetes cluster. It will be invoked during the scheduling sweep to compute optimal

exposure durations per target and filter. As part of the Phase II interface, observers will

have the option to specify either a fixed exposure time or an SNR target. The latter

mode will enable fully dynamic, quality-driven observing.

Furthermore, the integration of real-time cloud and extinction data enables the system

to make scientifically informed trade-offs. For instance, in the presence of mild extinc-

tion, the scheduler may choose to increase exposure times to preserve SNR, or postpone

observations until transparency improves, depending on the scientific urgency and other

constraints.
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This architecture not only improves individual observation efficiency, but also enables

strategic planning over entire nights, weeks, or semesters. It represents a paradigm

shift in robotic telescope scheduling: from static queues and conservative estimates to a

dynamic, data-driven system that aligns telescope operation with the real-time sky.

7.7.4 Integration of automated transient classification

Within the Liverpool Telescope and New Robotic Telescope environment, the princi-

ples of automated transient classification can be operationalised through a structured,

priority-based approach to proposal management. One core element of this approach

would be the maintenance of two complementary proposal streams, each designed to

address a distinct stage in the transient classification process while making good use of

available conditions.

The first stream, designated as Priority A and granted Target-of-Opportunity (ToO) ca-

pabilities, would be reserved for the initial spectroscopic classification of newly discovered

transients for which no prior spectrum exists. To avoid choking the scheduling queue,

this can be limited to e.g. five classifications per night. These targets, typically identified

through real-time broker filtering and photometric classification, would be injected di-

rectly into the observing queue with minimal latency. Given their scientific importance

and the rapid evolution of many classes of transient, particularly core-collapse super-

novae, kilonovae, and gamma-ray burst afterglows, these observations would be executed

under the currently available conditions, ideally photometric and with low sky bright-

ness, to ensure the highest possible data quality and maximise the chance of successful

classification on the first attempt.

The second stream would target transients for which a classification spectrum has al-

ready been obtained, but for which further spectroscopy remains scientifically valuable.

This could include monitoring the spectral evolution of rare events, confirming marginal

classifications, or capturing additional phases of an outburst. By assigning these ob-

servations a Priority C or Priority Z designation, they can be scheduled flexibly: not

relegated to background “filler” tasks, but preferentially executed during bright time or

under non-photometric conditions when high-priority work is not possible. This ensures

that spectroscopic resources are still productively employed in sub-optimal conditions

without displacing urgent classification targets.

Central to the efficiency of both streams is the integration of an automated exposure time

calculator directly into the SPRAT spectrograph control logic. Relying solely on an ex-

ternal, pre-scheduled exposure calculation can be sub-optimal, as it necessarily assumes

conditions at the time of scheduling rather than at execution. For Rank A ToO triggers,
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which are typically observed within minutes of group creation, this is not a significant

drawback, since the calculated exposure closely reflects the actual conditions. However,

for lower-priority Priority C/Z observations, which may execute hours or even a night

later, the prevailing conditions can differ substantially from those assumed. Recalcu-

lating exposures too frequently risks generating large numbers of database updates and

resubmissions, while relying on a stale calculation risks under- or over-exposure. A prac-

tical compromise is to compute exposure times for the worst expected conditions during

the intended execution window and to constrain these values for up to two nights, avoid-

ing repeated queue updates while ensuring that data remain scientifically usable under a

wide range of conditions. An alternative approach would be to extend the Remote Tele-

scope Markup Language (RTML) specification to allow group updates, enabling direct

modification of exposure times for already-scheduled observations. As far as the author

is aware, this feature is not currently supported, and its absence limits the degree to

which exposure plans can be adapted without re-submitting entire groups.

The system would dynamically determine the required exposure time to achieve a user-

defined signal-to-noise ratio, based on real-time estimates of transparency, seeing, air-

mass, and sky brightness. Under favourable conditions, the calculator would shorten ex-

posures to avoid overshooting the SNR requirement, thereby increasing nightly through-

put. In poor conditions, it would extend exposures appropriately, or in extreme cases

defer the observation until conditions improve, thereby protecting the scientific viability

of the data. The use of such a system is particularly well-suited to classification work,

where a moderate but reliable SNR threshold is often the critical determinant of success.

When combined with automated alert ingestion, broker-based candidate selection, and

science-case-driven scheduling, this two-tiered proposal structure provides a coherent

framework for large-scale transient classification. The Priority A/ToO stream ensures

rapid response and maximises the probability of capturing fast-evolving phenomena at

the optimal moment, while the Priority C/Z stream extends scientific return by ex-

ploiting less-than-ideal conditions for secondary classification work. By embedding the

SNR-based exposure model into both, the system adapts seamlessly to the prevailing

environment, maximising efficiency across the full range of observing conditions. In the

LSST era, when the classification bottleneck will be defined as much by operational

agility as by raw telescope time, such a strategy offers a pragmatic and scalable path to

closing the loop from discovery to classification.
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7.8 Semester-Time Estimation and Validation Tool

To support the planning and validation of observing proposals, a complementary simu-

lation tool was developed that estimates the total telescope time required to observe a

target sample with a user-defined SNR. The tool combines the SNR-based exposure time

calculations described in this chapter with statistical site conditions at the Observato-

rio del Roque de los Muchachos (ORM), enabling realistic assessments of observational

feasibility.

The simulator operates on target lists defined by right ascension, declination, and appar-

ent magnitude, and supports multiple instrument/filter configurations. For each target,

the number of exposures and desired SNR per filter are specified. The system then

calculates:

• The exposure time required per target/filter

• The visibility window and airmass profile for each target

• Expected sky brightness and seeing conditions (based on ORM statistics)

• Total required telescope time, including overheads

The tool currently supports photometric observations with the IO:O instrument (ugriz

filters) and is being extended to accommodate spectroscopic use cases (e.g., SPRAT). A

graphical visibility calendar and CSV export allow integration into proposal preparation

workflows.

The simulator serves two primary functions:

1. Proposal design: Enabling observers to justify requested time based on realistic,

condition-aware exposure time predictions.

2. Schedulability validation: Providing the observatory with a mechanism to as-

sess whether the proposed programme fits within expected conditions and time

allocations.

This validation layer bridges the gap between theoretical exposure time calculators and

the practical realities of queue-scheduled, weather-dependent observing. It also supports

long-term planning for robotic telescopes, ensuring that science goals are achievable

within the constraints of atmospheric conditions and operational overheads.

It is important to note that semester-time estimates derived from statistical site condi-

tions represent expectation values rather than guarantees. Actual observing efficiency
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will inevitably vary due to stochastic weather, transparency fluctuations, and operational

interruptions. In cases where realised conditions deviate significantly from the statistical

assumptions used at proposal stage, programmes may require either additional time to

reach their requested SNR or acceptance of reduced data quality within the originally

allocated time budget. The simulator does not resolve such allocation conflicts; rather,

it provides a quantitative framework that makes these trade-offs explicit. Final decisions

regarding time redistribution or completion thresholds remain a matter of observatory

policy and scheduling governance.

It is further recognised that deviations from projected semester-time estimates are not

driven solely by atmospheric variability. Technical downtime, scheduled maintenance,

instrument availability, and unforeseen operational interruptions are intrinsic features of

long-term robotic facilities. Such stochastic losses occur independently of atmospheric

modelling and are typically accounted for in observatory-level time accounting and sub-

scription strategies. The simulator therefore models the atmospheric and geometric com-

ponents of observing feasibility, while broader operational contingencies remain governed

by institutional scheduling policies and risk buffers applied at the programme-allocation

level.

7.9 Performance and Limitations of the SNR-Based Sys-

tems

The implementation and validation of an SNR-driven exposure time system demonstrate

a viable path toward more efficient and adaptive telescope scheduling. While the current

system was tested as a standalone proof-of-concept on the Liverpool Telescope (LT), its

core components are designed with future integration into fully autonomous facilities

such as the New Robotic Telescope (NRT) in mind.

7.9.1 Advantages of SNR-Based Scheduling

The results presented in this chapter highlight several key benefits over traditional fixed-

time scheduling:

• Efficiency: Observations are matched to the actual conditions, avoiding unneces-

sary overexposures while ensuring sufficient depth under suboptimal conditions.

• Scientific quality: Data products achieve a consistent and meaningful SNR, re-

ducing the risk of failed science observations due to underexposure.
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• Automation: The system removes the need for manual exposure time tuning and

accommodates targets with uncertain visibility or scheduling flexibility.

• Transparency-aware: Sky brightness and airmass are directly accounted for, and

future extensions will incorporate real-time extinction and cloud measurements.

These features make the system particularly well-suited to robotic or queue-scheduled

telescopes where observation parameters must be optimised automatically without user

intervention during execution.

7.9.2 Limitations and Uncertainties

Despite the promising results, several limitations remain:

• Transparency variation: Real-time extinction due to thin clouds or aerosols is

not currently measured dynamically but assumed to be stable or photometric.

• Catalogue uncertainty: Apparent magnitudes obtained from external databases

(e.g., Lasair, SIMBAD) may be outdated or imprecise, especially for variable or

transient sources.

• Instrument calibration: The zero points used are fixed per filter and do not ac-

count for night-to-night variability, which may introduce minor errors in predicted

signal.

• Sky brightness model bias: Although corrected empirically, the model may

still underperform during unusual lunar geometries or during fast-changing twilight

conditions.

These sources of uncertainty are addressed conservatively by the pipeline (e.g., through

re-observation of standard stars), but further refinement is planned.

7.10 Scheduler Scoring Framework

Any robotic telescope scheduler must resolve a fundamental tension: many scientifically

valuable jobs are simultaneously feasible, yet only one can be executed at a time. At

the Liverpool Telescope (LT) this has traditionally been handled by a priority queue,

where each job is assigned a static rank by its Phase II definition and then executed in

order of feasibility. While this approach was pioneering in the early 2000s, it has become
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increasingly inadequate in the era of time-domain astronomy, where conditions evolve

rapidly and new transient alerts arrive unpredictably.

The environmental context developed in this thesis enables a move beyond static queue

scheduling. Previous chapters have demonstrated that:

• Clouds can be detected and forecast in real time using all-sky cameras.

• Extinction can be measured continuously with Skycam Z/T, allowing transparency

losses to be quantified.

• Sky brightness can be modelled empirically as a function of lunar geometry, im-

proving predictions for background-limited exposures.

• Required exposure times can be computed dynamically to achieve a specified signal-

to-noise ratio (SNR).

Together, these modules provide the real-time inputs required for a scheduler that not

only checks feasibility but also ranks competing jobs by scientific priority, observational

opportunity, and achievable data quality.

To formalise this process, a scoring function is introduced. Each candidate job is

evaluated against a set of criteria, mapped to normalised scores in the range [0, 1], and

combined with tunable weights to produce an overall merit value. The job with the

highest score is selected for execution. The framework is modular (terms can be added

or removed as required), tunable (weights can be adapted to programme or facility pri-

orities), and predictive (forward-looking terms such as setting urgency or forecasted

extinction can be included).

7.10.1 Scoring Function

The scoring function assigns a numerical value S to every feasible job in the queue:

S = wSP · SP + wV · V + wCM · CM + wSNReff · SNReff + wU · U + wC · C + ϵ, (7.1)

where each component is normalised to the range [0, 1], wi are tunable weights, and ϵ is

a small random jitter to break ties. The core terms are described in detail below:
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Science Priority (SP). This term encodes the human-defined ranking of scientific

importance, while allowing urgent overrides. Proposal classes are mapped to scores via

SPbase =



1.0 Priority A

0.7 Priority B

0.4 Priority C

0.1 Priority Z

An urgency flag (e.g. transient follow-up) introduces a bonus of +0.2, capped at unity:

SP = min(1, SPbase + 0.2).

Visibility (V). Visibility measures how favourable the current position of the target

is on the sky. A naïve altitude-only score systematically disfavors western targets, since

they are always “worse” than their symmetric eastern counterparts until it is too late.

To counteract this, a two-part measure is introduced.

First, a normalized altitude factor:

Valt =
sin(h)− sin(hmin)

sin(hmax)− sin(hmin)
,

with h the target altitude and hmin and hmax denote the minimum and maximum al-

titudes reached by the specific target during the current night (i.e. the observing limit

and nightly culmination altitude, respectively). The altitude term is therefore normalised

per target, ensuring that objects are prioritised relative to their own attainable geometry

rather than against an absolute zenith reference.

Second, a setting-urgency factor:

Vset = exp

(
− tset − tnow

τ

)
,

where (tset − tnow) is the time remaining until the object sets, and τ is a tunable decay

constant (typically τ = 1h).

The final visibility score is then

V = α · Valt + (1− α) · Vset,

with α ∈ [0, 1] controlling the balance between altitude optimisation and urgency to

observe targets before they set.
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Condition Matching (CM). This term quantifies how well the current observing

conditions align with the constraints of the job. Examples include requirements on image

quality (seeing < 1.5′′), sky brightness (e.g. V-band darker than 20 mag arcsec−2), or

photometric transparency. The value of CM is defined on the interval [0, 1]: 1 if all

requested conditions are satisfied, fractional if only partially met, and 0 if the job is

infeasible. This ensures that programmes requiring excellent conditions are not displaced

by less demanding observations when conditions are suboptimal.

SNR Efficiency (SNReff). The SNReff term measures how efficiently a job can

be executed under current conditions. It is defined as the ratio of achievable to requested

signal-to-noise ratio,

SNReff = min

(
1,

SNRachievable

SNRrequired

)
.

Here, SNRachievable denotes the signal-to-noise ratio predicted by the SNR model for the

exposure time either currently specified in the job request, evaluated under prevailing

atmospheric conditions or a “global” maximum specified for the instrument. The metric

therefore quantifies how efficiently the requested observation can be executed at the

present time without modifying its nominal integration time.

If the achievable SNR exceeds the requested value, the efficiency saturates at unity; if

it falls short, SNReff decreases proportionally. This factor favours jobs that can be

completed efficiently in situ, given the prevailing seeing, extinction, and background

levels.

Urgency (U). Urgency reflects the time sensitivity of an observation. For transient

phenomena, U increases as the target fades or as a deadline approaches. For monitoring

programmes, U rises when cadence requirements are at risk of being missed. A com-

mon formulation is an exponential or logistic function of time, which causes U to grow

smoothly as the window of opportunity closes.

As an illustrative example, a fast blue optical transient (FBOT) evolves on timescales of

only a few hours: spectra obtained within the first night may reveal unique high-velocity

signatures that are no longer detectable the following day. Similarly, a kilonova typically

peaks in brightness within ∼12 to 24 hours after a neutron star merger and then fades

rapidly by several magnitudes over the subsequent days. In both cases, the scientific

return is maximised only if the scheduler promotes the target immediately, a behaviour

naturally captured by a rising U term. This ensures that fast transients rise to the top

of the queue without the need for manual intervention.
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Cadence Adherence (C). The C term encodes how well a candidate observation

fulfils the cadence requirements of long-term monitoring programmes. If the elapsed time

since the last observation closely matches the requested cadence, C approaches unity.

If the programme has already been observed recently, or if the cadence requirement is

otherwise satisfied, C is reduced. This prevents oversampling of well-covered programmes

and promotes fair temporal distribution across the monitoring set.

Random Jitter (ϵ). Finally, a small stochastic perturbation ϵ is added to break

ties between jobs with identical scores. This jitter is typically drawn from a uniform

distribution with very small amplitude (e.g. ϵ ∼ U(−0.01, 0.01)). Its role is purely

technical: it prevents deterministic cycling or persistent bias towards specific targets

when two or more jobs are otherwise indistinguishable.

7.10.2 Slew Cost as a Secondary Metric

In addition to scientific priority and visibility, the time required for the telescope to move

from its current position to the next target represents a natural source of inefficiency. On

an alt–azimuth mount such as the Liverpool Telescope, slewing involves both azimuthal

rotation and altitude motion, with accelerations, decelerations, and mechanical limits

making the total time somewhat more complex than a simple angular separation. Nev-

ertheless, as a first approximation the slew cost can be estimated from the great-circle

angular separation between successive targets, translated into an expected time penalty

by the mount control system.

Two approaches can be considered for incorporating slew cost into the scheduler:

1. Score-based penalty: A normalised slew-efficiency term can be added directly

to the scoring function,

S = . . .+ wslew ·
(
1− tslew

tmax

)
,

where tslew is the estimated slew time and tmax is a normalisation constant corre-

sponding to the maximum expected slew. In this formulation, closer targets receive

a slight score advantage, while distant targets are penalised.

2. Tie-breaking rule: The scheduler can first compute scores without considering

slew, then among the top-N candidates select the job with the smallest expected

slew time. In this case, slew acts as a secondary discriminator, only affecting

decisions when other scientific and observational metrics are approximately equal.
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Both approaches are mathematically valid but encode slightly different philosophies.

The score-based penalty allows slewing efficiency to influence the global optimisation

directly, while the tie-breaking rule treats slewing as a secondary concern that should

never override science-driven priorities. For the LT and similar facilities, where typical

slew times are on the order of tens of seconds and individual exposures are several minutes

long, the latter strategy is generally sufficient.

It is therefore concluded that slewing should be considered as a secondary metric within

the scheduling framework. Its inclusion acknowledges the potential for wasted time

during frequent target changes, while ensuring that scientific drivers such as priority,

visibility, and SNR efficiency remain dominant. A more sophisticated treatment—for

example, a dynamic model that minimises total slew time across an entire night—would

constitute a significant optimisation problem in its own right, and is best considered as

a future research avenue.

7.10.2.1 Discussion

The scoring function design illustrates a compromise between hard constraints and flex-

ible optimisation. Science Priority captures human strategic decisions, while Visibility

ensures efficient exploitation of real-time observing windows. The introduction of the

setting-urgency factor Vset directly addresses a long-standing weakness of altitude-only

ranking, and aligns the scheduler’s behaviour with intuitive practice (“take it now be-

fore it sets”). Both terms remain normalised and modular, which facilitates adjustment

relative to other factors such as condition matching or SNR efficiency.

7.10.2.2 Future Work

Future refinements of the scoring function will focus on three directions:

1. Dynamic Weighting: Allowing wi to adapt automatically based on queue com-

position (e.g. increasing wV if many short-lived western targets are available).

2. Learning-based Optimisation: Training weightings on historical schedule out-

comes, using metrics such as science return or completion fraction.

3. Forecast Integration: Coupling Vset to short-term forecasts of cloud cover or

extinction, yielding a look-ahead capability where western targets are promoted

only if clear sky is predicted.

Such extensions will enable the scheduler to evolve beyond fixed heuristics and towards

a predictive, self-optimising system.
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7.10.2.3 Weight Optimisation

The choice of weights wi strongly influences scheduler behaviour. A data-driven cal-

ibration is proposed, making use of archival Liverpool Telescope observations. Each

completed observation provides:

• Target properties (magnitude, filter, requested exposure).

• Instrument used (e.g. IO:O, SPRAT).

• Observing conditions at the time (airmass, extinction, sky brightness).

• Achieved signal-to-noise ratio or quality flag.

A loss function L can be defined that penalises mismatches between the score assigned

by the scheduler and the actual scientific utility of the observation, for example:

L =
∑
j

(
Ŝj − Uj

)2
,

where Ŝj is the normalised score assigned to job j by the scheduler and Uj is the observed

utility (e.g. binary usable/unusable, or a continuous function of achieved SNR / required

SNR).

The optimal weight vector w = (wSP, wV, wCM, . . .) is then obtained by minimising L

across the historical dataset. In practice, this optimisation can be implemented via

gradient descent, Bayesian optimisation, or grid search, depending on the dimensionality

and noise level of the training data. The resulting weights reflect both human-defined

priorities and the empirical efficiency of the telescope under real observing conditions.

Validation on a hold-out set of nights ensures that the scheduler generalises to unseen

scenarios.

7.11 Summary and Outlook

This chapter has evaluated the performance of the four systems developed in this the-

sis and considered their implications for robotic scheduling. The results show that each

module achieves its core objective: clouds can be detected and forecast on timescales that

match the cadence of typical observing groups; extinction can be tracked continuously,

albeit with noisy absolute coefficients, enabling real-time assessment of transparency; the

empirical sky brightness model reduces prediction scatter compared to analytic prescrip-

tions, narrowing uncertainty in background noise estimates; and the SNR-based exposure
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time estimator successfully integrates these inputs to deliver condition-aware predictions

of data quality.

Taken individually, these results demonstrate proof of concept for each subsystem. Taken

together, they illustrate a coherent framework for adaptive scheduling in the time-domain

era. The transition from long-lived to fast-evolving transients has shifted the scheduling

challenge from planning days or even weeks in advance to optimising decisions minute

by minute. The systems developed here address that challenge directly: they enable

observations to be matched dynamically to both scientific requirements and prevailing

conditions, reducing inefficiency and human overhead. In doing so, they lay the foun-

dation for autonomous execution of programmes such as SPEC on the New Robotic

Telescope, where success depends on rapid, independent, and robust follow-up.

Looking forward, several extensions will strengthen this framework. The exposure time

model can be expanded with short-term forecasts of sky transparency, integrating ex-

tinction values from Skycam Z and cloud predictions from all-sky systems to anticipate

conditions over the next observing blocks. The system can also be adapted to esti-

mate achievable SNR across an entire queue in advance, supporting global optimisation

of nightly and semester-level efficiency. Improved coupling with photometric and spec-

troscopic pipelines will allow direct quality-assurance feedback loops, so that science

products inform subsequent scheduling in real time. These developments point toward a

more intelligent, responsive, and efficient telescope network.

The outlook is therefore twofold. In the near term, incremental integration of these mod-

ules into the Liverpool Telescope offers a route to immediate efficiency gains, extending

the competitiveness of its existing infrastructure. In the longer term, the same framework

provides a blueprint for the New Robotic Telescope, where condition-aware scheduling

will be central to achieving its science goals. While refinements such as filters for extinc-

tion monitoring, longer cloud forecast horizons, and machine-learning approaches will

further improve performance, the systems presented here already demonstrate both fea-

sibility and benefit. The work thus delivers not only practical tools but also a scientific

proof of principle: robotic telescopes can be made not only faster, but also smarter in

the way they allocate their most precious resource, observing time.



Chapter 8

Conclusion

I may not have gone where I intended
to go, but I think I have ended up
where I needed to be.

Douglas Adams

8.1 Conclusion

This thesis has presented a framework for condition-aware scheduling of robotic tele-

scopes, developed and tested using the Liverpool Telescope and its auxiliary instruments.

The work addressed four central challenges: detecting and forecasting clouds, monitoring

atmospheric extinction, sky brightness estimation, and dynamically optimising exposure

times through an SNR-based approach. Together, these components close the loop be-

tween environmental monitoring, predictive modelling, and scheduling decisions.

The cloud detection and forecasting pipeline demonstrated that real-time cloud masks

and short-term forecasts are achievable with modest calibration. Predictions of cloud

arrival and departure times were accurate on horizons of 15 to 30 minutes, aligning closely

with the median duration of observing groups on the LT. This shows that predictive cloud

monitoring can be scientifically useful even if it does not extend to hour-long horizons:

for transient follow-up, what matters most is whether the next block of data will be

cloud-free.

The extinction monitoring experiments showed that Skycams can provide continuous, au-

tomated transparency estimates, though not without limitations. While extinction coeffi-

cients derived from Skycam Z were consistent with literature values (kV ≈ 0.13–0.15), the

192



193

scatter was higher than for dedicated standard star observations. This noise arises from

the unfiltered nature of the instruments, which introduces colour-dependent systematics.

Despite this, the system performed reliably for differential extinction: detecting whether

conditions were improving or deteriorating in real time. This capability is directly rele-

vant to robotic scheduling, where the decision to continue or suspend an observation is

often more important than measuring an exact coefficient.

The empirical sky brightness model provided a significant improvement over analytic

prescriptions such as Krisciunas & Schaefer. By incorporating lunar altitude, phase, and

angular separation, residual scatter was reduced by 30 to 40%. This improvement has a

direct operational consequence: observers no longer need to add large safety margins to

exposure times, which frees additional telescope time and increases the number of targets

that can be observed. While the model cannot capture every short-term fluctuation, it

provides a deployable baseline for real-time scheduling.

The culmination of this work was the development of an SNR-based exposure time

estimator. By integrating extinction and sky brightness inputs into the standard SNR

equation, exposure times can be calculated dynamically to meet user-specified quality

requirements. Tests showed that the tool reproduces empirical exposure needs for targets

between 12–19 mag, and in many cases achieves the intended SNR with shorter exposures

than those chosen manually. The inefficiency of human-selected exposure times, often

rounded to convenient multiples, was explicitly demonstrated in archival LT data. The

SNR-based system removes this inefficiency and, more importantly, enables autonomous

programme execution such as the SPEC programme on the NRT, where classification

spectra must be obtained without human intervention.

In scientific terms, this thesis demonstrates that robotic telescopes can adapt to the

demands of modern time-domain astronomy. The LT scheduler, designed in 2004 for

long-lived supernovae and novae, is no longer sufficient in an era where instrumentation

and surveys now allow, and indeed require, measurements of fast blue optical transients,

kilonovae, and gamma-ray burst afterglows on their intrinsic hour-scale timescales. The

systems developed here show how telescopes can become not only faster in their re-

sponse, but also smarter in their decision-making, matching observations dynamically to

prevailing conditions. This represents a shift from static, altitude-driven scheduling to a

condition-aware, science-driven paradigm.

8.2 Future Work

Several avenues remain open for development and refinement:
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• Cloud forecasting: extending the deterministic Kalman approach to probabilis-

tic forecasts with confidence intervals, enabling schedulers to quantify risk when

deciding between high-priority but condition-sensitive observations.

• Extinction monitoring: reducing noise by introducing filters (e.g. a fixed Bessell

V filter, a 2×2 lenslet array, or a filter wheel), thereby allowing both absolute

extinction coefficients and differential trends to be measured reliably.

• Sky brightness modeling: incorporating machine-learning techniques, seasonal

priors, and real-time updates from Skycams to generate short-term forecasts of

background levels, which can be integrated directly into the scheduler’s cost func-

tion.

• Scheduler integration: embedding the modules into the New Robotic Tele-

scope’s look-ahead scheduler, influencing both real-time execution and semester-

level planning through predictions of achievable SNR and expected yield.

• Generalisability: adapting the framework to other facilities with wide-field mon-

itors, creating a globally distributed network of condition-aware telescopes.

Closing Remarks

The journey of this thesis has been both technical and scientific: from designing al-

gorithms for cloud masks and extinction fits, to asking what those numbers mean in

the context of real observing programmes. The central conclusion is that robotic tele-

scopes can do more than react quickly: they can also make automated, informed choices

about how best to use their time. By integrating environmental monitoring, predictive

modelling, and dynamic exposure control, telescopes become autonomous partners in

discovery rather than passive instruments awaiting human commands.

The systems presented here are not the final word. They are prototypes, built on auxil-

iary instruments and validated under real conditions, but with clear scope for refinement.

Yet even in their current form, they demonstrate a new operational paradigm: one where

the scientific yield of a night’s observing is maximised not by human intuition or conser-

vatism, but by data-driven adaptation in real time. As new generations of fast transient

surveys continue to expand the discovery space, such condition-aware scheduling will be

essential to ensure that telescopes can keep pace. In this sense, the work has not only

ended up where it needed to be, but also points toward where the field is going next.
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