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Abstract

Astronomical telescopes operate in a dynamic and uncerfz@national en-
vironment. Time is often oversubscribed with programs cetimg for available
slots and the best observing conditions. In order to achadvigh scientific return
a scheduler must be able to create a globally optimal obsgschedule.

Using data collected from external sources and embeddédiimentation |
investigate and characterize the scheduler's operatimgogrment. | investigate
metrics for characterizing the value of schedules bothllipdat the decision
point) and over longer horizons. Using this information ateasible software
architecture is designed incorporating a simulation fraork to allow a variety
of schedulers and environmental scenarios to be consttucte

Experiments are performed using the scheduler componehitecture and
simulation framework to determine the effects on schedulality of environ-
mental stability, disruptive events and reliability of gietion under a range of
load conditions.

Investigations into the effects of choice of selection smpmetric on the final
quality of schedules showed that contrary to an initial apinthat it should be
feasible to find a single candidate quality metric with whictevaluate schedule
quality, there is in fact no clear candidate as an absolwétgunetric. The choice
of weighting of the selection metrics determines the charaaf the schedule
but only the dominant scoring metric has any real effect avtiie other metrics
simply manifest themselves as noise.

It was found that where conditions are relatively stableghg an advantage
to using longer look-ahead horizons but that where conulitiare unstable or
disruptive a basic despatch scheduler achieves resultsoasay better. A look-
ahead scheduler with a horizon of 4 hours can give an imprewtiwf upto 23%
over a simple despatch scheduler when seeing remains stediea period of
upto 6 hours.

Experiments performed to determine the effect of chosingitalsle look-
ahead horizon based on the perceived stability of envirenaheonditions have

shown that when determining the length of this horizon, iritker over or under-



estimate the duration of stable conditions we obtain powesults. When the
stability length is severely under-estimated a loss of ketw5% and 17% in
quality was found to occur. The optimum situation appeatsterhen the horizon
is of order of or slightly less than the actual stability [dmgWhere the stability

length is over-estimated by a factor 2, a loss of 5% to 10% canro
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1 Introduction

1.1 Background

The Liverpool Telescope (LT),(Steele, 2004) is a fully roab@ meter astronomical
telescope situated at the Observatorio del Roche de los &thas (ORM) on the
island of La Palma in the Canary Islan@8{45/N, 17°52WW) at an elevation of 2400m.
It operates without supervision, controlled by an integdaguite of software systems

(Steele and Carter, 1997).

The telescope operates in an uncertain environmepavéilability is influenced by
weather conditions (it does not open when there is rain, highidity or extreme or
gusting wind), {i) at times telescope operations maytaken ovelby external agents
(Mottram, 2006; Allan et al., 2004) to investigategets-of-opportunity(iii ) essential
engineering work must be scheduled at various timegflfere are the inevitable and
unexpected downtime due to software and hardware fawujtaffrospheric conditions
which constrain the choice of available observation camgbkaver short timescales,
(vi) observation requests can arrive in the database or be emvmodified at any

time.

The telescope’s Robotic Control System (RCS) (Fraser aeel&t2002), is respon-
sible for deciding on the mode of operation and for protegtime telescope. It con-
trols the telescope and its instruments and monitors emmiental information from
a number of lower level subsystems. The observation progodliowed by the RCS
is determined by the Observation Planning and Schedulirgge8y (OSS) based on

information in the Phase 2 Observation Database (ODB).

The ODB contains details of observations specified by astrars who have been
allocated time by one of several Telescope Allocation Cotte®s/Groups (TAC/TAG)

The termgroup (Fig. 1.1) is used to describe the observation specificatiorhese

1The 2 terms are synonymous, TAG is more usual in UK, TAC in USA
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contain details of what and how to obsergedquencke when to observetining con-

straintg and under what conditionslyserving constrainjs
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Figure 1.1: Structure of the Phase2 Observing Database JO®DBroup contains all

the information required to schedule and execute a seriebsdrvations. Thebser-
vation sequenceontains details of the operations to be performed (tasggipsure,
instrument selection)liming constraintsletermine when the group may be executed.
Observing constraintsletermine under which atmospheric and other conditions the
group is feasible. Groups are contained withipraposalcontaining details of the
science program and time allocations from its sponsorinG TBach proposal has a
Principle Investigator(and possiblyco-inverstigatorywho are responsible for enter-
ing the observation details.

The original OSS deployed at the telescope (OSS-A; Frabér)2was developed
based on the assumption that a despatching scheduler weudddb at matching the
varying conditions on site with the timing and observing stoaints of the available
groups. A despatch scheduler works by scanning the set dableagroups. Each
group which is determined to be feasible (with respect todinmeent conditions) is
assigned a score. Typically, the group with the highestesabthat moment in time is

then selected for execution.
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1.2 Planning and scheduling

The terms planning and scheduling are often confused arekdhdsed interchange-
ably. They are however basically different aspects of threesprocess. Planning is
typically considered to be a long term activity taking a glbbiew of an enterprise.

It may set targets or goals to be achieved by the enterprises@ may be somewhat
imprecise or abstract - we are not decidimigatto do andwhenso much as whatort

of things we want to do andow wellwe want to achieve them. Scheduling on the
other hand deals with the rather more precise objective sifjasg actual resources

to accomplish specific tasks at specific times.

The planninghorizonis the period over which a plan is made or is expected to be
of some utility in achieving its set of goals. In practice wanausefully subdivide
planning into several different levels characterized sirthorizons (Hax and Meal,
1973). The subdivisions are by no means set in stone and méewer horizons may
be more suited to specific enterprises. As we move down thraritgy, typically, the
precision of the objectives becomes more focused and thedmaime span decreases

(Chien et al., 2000).

Strategic planning involves the creation of plans to cover very longqus of time. In
the current context this could be a semester of telescope &nd more generally

could at its most extreme represent the entire lifetime céaterprise.

Tactical plans are designed to cover medium periods e.g. a lunar oydialf cycle

on a telescope, weekly or monthly production targets in tofsic

Operational plans? are short term plans designed to allow an enterprise to ifumct
on a day to day basis. Typically they cover ttandardwork-period of the

enterprise e.g. a night's observing at a telescope, a gtaftactory.

2may also be referred to &dission planning
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Scheduling Takes place over a short period and deals with the specifigrassnt of
resources to tasks. This could range from determinationsifthe next obser-
vation up to the specification of the sequence of obsensieer the next few

hours.

In this thesis | shall consider only the problem of scheduliThough levels of
planning may be incorporated into a final operationally dgpetl system they are likely
to manifest themselves through adjustment of the relatiggytings of the quality

metrics used by the schedulers over periods longer thantg. nig

1.3 Motivation

The original scheduler system (OSS-A) has been in operatonfor 7 years since
the telescope went on sky (2004) and has performed adeguatelever a number of

criticisms can be made concerning this implementation.

e There is nacommonly agreedhechanism for measuring what represeng®ad
schedule (but see (Steele and Carter, 1997)). In order tgpamarthe results of
different scheduling implementations we need some meadgtefmining the
value or reward associated with a schedule. This can beaenasi from 2 points
of view. For the user, the highest reward is likely to be aebékif his observa-
tions are made regularly, at the most favourable times veipect to the timing
constraints and under the most favourable environmentalidons. For the en-
terprise, the highest reward might be achieved if the olagmms selected are
mostvaluablein terms of TAG assigned priority and may require some degree

of program completeness to be satisfied.

e We do not have a detailed understanding of how conditionagdan site and
how this might affect planning and scheduling. At presentcoasideration

of environmental change is considered in the planning ahddding process.

31



Similarly there is no real understanding of the effects dmesluling of the po-

tentially rapidly changing content (volatility) of the ODB

e Despatch schedulers have been describeayapic(Cicirello and Smith, 2001),
in that they select thbest groupto execute at a point in time without reference
to what might lead to an overall good schedule. There is nsidenation of
whether a better sequence might be generated by lookingladndew steps.

This is an example dbcal rather tharglobal optimization.

It was therefore decided to conduct a series of experimesntg wlifferent scheduler
paradigms in order to determine how these would perform uadenge of environ-

mental and load scenarios.

1.4 Plan

The thesis is divided into 2 parts. In the first part, inforioatis gathered to mea-
sure and characterize the operating environment and thezhtodesign a scheduling

architecture.

1. In Sect. 3 an investigation is made into the subject of iseeind reward. Two
types of metric are considered. Complexify)(metrics are applied to the mea-
surement of ODB characteristics. These indicate Hifficult a particular schedul-
ing problem might be. Quality(§) metrics are used to measure the reward or
value of a generated schedule and allow a comparision battireesuccess of

different scheduler implementations or between diffemoblem sets.

2. Software embedded within the current robotic controtesysand scheduler is
used to collect information relating to the charactersst€the telescope’s oper-
ating environment. This information is analysed in Sect ddétermine whether
it will be possible to incorporate predictions of environmted conditions into de-
cision making. Mitigation of the effects of changing comnalis are considered

by looking at the concept of discounted future reward.
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3. Information gathered in the 2 preceding stages is useddigd an architecture
with which to build a variety of scheduler implementatiomslancorporating
components with which to construct simulation environrséaotest these sched-
ulers. Heuristic scoringf() metrics are employed by the scheduler and planner
implementations to perform search and optimization preegs The scheduler
architecture is described in Sect. 5 with further detailthefsimulation compo-

nents in Sect. 6.

In the second part of the thesis a number of simulation erparts are performed

using the framework described in Sect. 5

Two different types of scheduler are considered. @kspatchscheduler, as cur-
rently operationally deployed works by considering whic¢hh® various feasible can-
didates achieves the best score under a particular scorotginat the current time
under the current conditions. Theok-aheadscheduler examines a number of feasi-
ble sequences of observations starting from the currerd &nd looking forward by a
single horizon length. It compares each sequence seldttngne which maximizes

the potential reward.

1. In Sect. 7 a human scheduler is pitted against a simpleatidspcheduler to act
as a shakedown for the framework and to provide a baselinastgehich to test

further schedulers.

2. The effect of varying the weights of the various scoringimoe on schedule

guality is tested in Sect. 8.

3. An investigation into the scale and range of Phase 2 Igadimade in Sect. 9.
Schedulers are tested against generated Phase 2 moddfemnglicomplexity

to determine how this affects scheduling performance.

4. Experiments are performed in Sect. 10 to investigate Hleeteof variable en-
vironmental stability on schedulers and to determine whichedulers if any

perform best under differing stability regimes.
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5. Unpredicted disruptive events can take place during atsigbserving. An
investigation into the effects of these disruptive evenissochedule quality is

made in Sect. 11.

6. When the content of the Phase 2 ODB is changed during thsead the ob-
serving night there is likely to be some effect on schedutjoglity. A detailed
study of the effects of Phase 2 volatility are investigate®ect. 12 in order to

determine the extent of this effect.

7. Look-ahead schedulers must decide at some point on hayadorward hori-
zon they should use. In Sect. 13 simulations are performeavestigate how
the reliability of determination of such horizon lengthsed on environmental

stability criteria affects this class of scheduler.
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2 Review of current research

There is a vast literature on the subject of scheduling ¢éogdyoth generic problems
and highly domain-specific problem areas. In this sectioe$@nt a brief introduction

to some general techniques and review a number of speciicstadies.

The constructive and iterative schedule building paradigne introduced in Sect. 2.1
along with details of a number of search techniques useddedspp the scheduling
process. A number of individual case studies are descritbetbre detail in Sect. 2.2.
Flexible and reactive scheduling methods are describeckat. 2.3. In Sect. 2.4 a
number of agent-based distributed scheduling systemssgsessed. A number of bi-
ological and evolutionary based scheduling paradigms ssriteed in Sect. 2.5. The
use of artificial intelligence (Al) techniques includingagadive learning methods are

described in Sect. 2.6.

2.1 General techniques
2.1.1 Constructive techniques

The constructive approach to generating schedules stansegn empty schedule, pro-
gressively selecting tasks to assign to vacant time slotjuglly building up the

schedule. Effectively it generates a path through the bespace. As the search
progresses, dead-end points may be reached where sometaskds nonassignable.
The search must then backtrack, unwinding previous assgitsrand attempting to
reassign tasks in order to avoid these dead-ends. An umefibisearch can be very
inefficient, however, search performance can be improvagsionyg domain knowledge

to derive heuristics (rules of thumb) via some of the follog/itechniques:-

Variable ordering heuristics determine the order in which variablésare selected

for assignment. In scheduling this corresponds to the ardemich tasks are

3In this contextyvariablerefers to some resource which is to be allocated. In thisitHesill be
concerned with a single variabiiene.
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selected for time-slot assignment. Tiéimum remaining valugMRV) heuris-

tic (Bitner and Reingold, 1975) always selects the variabth the fewest legal
assigments to place next, causing the search to fail fasabmas rapid prun-
ing of the search tree. Sadeh (1991) describes a nhumber iabl@ordering
heuristics used in the MicroBOSS scheduler. These areispifixed variable
order heuristicswhere the order is predetermined at the start of the sear@dh an
dynamic variable order heuristiocwhere the order is revised each cycle. The
MinimumWidthheuristic selects the variable with the fewest arcs, i.astaint
associations with other variables. Theperation resource relianc®RR) vari-
able order heuristic selects the task which relies most enmntbst contended
resource or time period. In tidinConflictsheuristic (Minton et al., 1992), at
each point in the search a variable is selected which is iflicband its value is

adjusted until it is no longer in conflict.

Value order heuristics determine how the value is chosen to assign to a selected
variable. Sadeh (1991) describeéiltered survivable scheduld&SS) heuris-
tic which assigns to an operation the time-slot which islyike be compatible
with the largest number of survivable schedules or chant&sreiving competi-
tion with other operations for possession of a resource.tétienique employed
detectscliques areas of the constraint graph with the tightest conssaifbhey
also describe a mechanism to allow the scheduler to switalsitmpler (cheaper)

value order heuristics when contention drops below a tloiesh

Constraint propagation A more general improvement can be made using constraint
propagation techniques. Here the implications of a coimdtoa a variable are
tested against the constraints on other connected vasiabte arc-consistency
there must be a consistent assignment of variabléSfar every valid assigment
of connected variabl®, if not we must delete values from one or other domain.
The effects are then propagated to neighboring arcs. The sé@ms from the
way new constraints are inferred and added to the consiragitk-consistency

takes this further by insisting that for evey- 1 assigned variables a consistent
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value can be assigned to ahy variable. Conflict analysis though costly (typ-
ically O(e™)) (Bitner and Reingold, 1975) can reduce backtracking by
the search tree. There is a trade-off in the time taken taoparthe consistency

checking and the reduction in problem size generated.

Johnston and Miller (1994) use node € 1), arc ¢ = 2)and path k = 3)
consistency to prune the search space for scheduling ais®rs with the Hub-
ble Space Telescope (HST). An example of arc-consistentyele® binary-
constrained variables is given where two observatidrnsnd B with a prece-
dence constrainB after A by at leastAt with each observation having unit du-
ration (for simplicity) and restricted to the intenval,, ¢ 5] then the sub-interval
[ta,t4 + At + 1] is excluded from the domain fd8 and the subintervatp —
At — 1,tp] is excluded from the domain fot. The trade-off in time spent con-
sistency checking against problem reduction is handledPiiKE by enforcing

a strict time-limit for this procedure.

Deadend recovery heuristicsThe occurance of deadends resulting in the need to per-
form backtracking indicates that the chosen variable ahgevardering heuris-
tics and consistency enforcing techniques are insuffi@enbpe with the prob-
lemin hand. Further, a consequence of re-application gitlsame heuristics on
backtracking is that the same deadends may be encountpestedly, a thrash-
ing effect. Recovery heuristics are designed to allow foremotelligent choice
on how to backtrack. Sadeh et al. (1994) describes sevenargletechniques
for improving backtracking search using tpartial conflict setof the deadend
(i.e. the set of activities which have blocked progress efdbarch at that point

and which may have been involved in previous deadends).

e Dynamic Consistency EnforcemdéBICE) keeps a history of backtracking
events to identify resource critical subproblems and un@iassignments

until a consistent state is reached.

e Learning Order from FailurdLOFF) technique attempts to adjust the vari-
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able ordering heuristic on encountering a deadend by unagn a con-
sistent state then overriding the default heuristic togrsgie activities in
the partial conflict set before those which would otherwigeehbeen cho-

sen.

e Incomplete Backjumping Heurist{tBH) uses texture based measures (Beck
et al., 1997) to identify assignments which are estimateleédd to more
global solutions so that when a deadend is detected unwarttisstcritical
assignment and tries alternatives - e.g. use second béghaent rather

than best.

A disadvantage of the constructive approach igfténenature. A schedule gener-
ated by any offline technique will generally be impossibléaitow in dynamic envi-
ronments for any length of time. During execution any breaikslikely to cause the
whole schedule from that point onwards to have to be reg&eirperhaps frequently,

at some cost in time and computing resources.

2.1.2 lterative repair

Iterative repair based scheduling starts with an initisbjgably sub-optimal and possi-
bly infeasible schedule solution. It then attempts to nefias by iteratively swapping
assignments using local search techniques. The repaiatopes may involveetrac-
tion heuristicdor determining conflicting or over-subscribed tasks to oem followed

by the use ofeplacement heuristiad® determine which new assignments to make.

Repair may occur as part of a search process to find an optchadsle from a
preliminary first guess. It may also be neccessary to reparreactive context to fix
an already executing schedule. This might have been dexfupt unexpected changes
to the environment or goals or used opportunistically teattvantage of such changes
to increase the global value. A task might finish earlier teapected which could

provide an opportunity to bring another task forward.
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Several such retraction and task-swapping heuristics eserdhed by Kramer and

Smith (2004) and later in Sect. 2.2.5 of this review.

2.1.3 Search techniques

Before embarking on a review of scheduling methodologieswiiebriefly examine

some of the available search techniques which have beerdpplscheduling.

We must first distinguish between local and systematic seatmcal search is
characterized by operating around a small neighbourhodtieftearch space. It is

generally memoryless or has a very short memory.

Systematic search however generally contains some sorteafary of previous

search areas, operates on a larger scale and leads to tregptohglobal optimization.

Local search Typically this proceeds by making small moves aroundtimeentneigh-
bourhood in the search space. Various types of local seagctharacterized by
the mechanism for selecting tmeoveoperation. These heuristics aules of
thumbare guided by specialized domain knowledge and often a defrexper-

imentation and tuning is required to achieve acceptabl®paance.

Greedy search also known as hill-climbing (or gradient dascepending on
whether the aim is to maximize or minimize the objective)aislassic local
search technique. The move operation steps one unit in teetidin of highest
upward (or downwards) change in objective function, clintb{or descending)
the hill following the steepest gradient. The search cargsuntil the peak (or
valley) has been found as quickly as possible. In smootltbesraces this can
be a very effective technique. Where the search space toaghtexture (Beck
etal., 1997; Fox etal., 1989), this search mechanism cambhetrapped dbcal
maxima (or minima) with no possibility of escape to allow gearch to explore
other parts of the space. If the roughness of a search spacsdlianderstood,

and this is often difficult as search spaces are frequentlji-aimensional and
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not easily visualized, then a local strategy may prove adequOften however,
thetextureof the space may well not be known in advance, so the effews®of
local search heuristics can be limited. In an attempt tonalearch mechanisms

to escape these localization effects a number of technitaesbeen developed.

Search with noise / stochastic local searcln a typical scenario, a parametgris
chosen so that on any search move, the probability of makmngffaheuristic
move instead of the the move that would be chosen by the leaatls heuristic
is p. The addition of noise allows the search to jump to new aré#secsearch
space while finding potential local maxima. The amount ofadiowever is crit-
ical, too little and the search is trapped at local peaks.mach and the search
becomes random, missing the peaks. Mcallester et al. (198 that the opti-
mal stochastic noise parameter is dependant on the prolflaraateristics and
on the detail of the search heuristic and that it is difficultl dime-consuming
to obtain an optimal noise for a given problem domain andithragy be influ-
enced by features of a specific problem. They found that tbgrpss of a search
can be characterized by measuring the ratio of the mean teati@nce of the
objective function during the search and that this can atiening of the noise

parameter more quickly than by the usual trial and errornegpies.

Simulated annealing First described by Kirkpatrick et al. (1983), simulated ealn
ing (SA) is a technique based on the statistical mechanic®oling of met-
als. During the search a randaoff-heuristicmove is chosen with a probability
which depends both on the proximity of the objective for gghéouring location
and on a parametdr, the annealing temperature which is slowly decreased as
the run progresses. Early in the search, the valug of such that larger jumps
are taken, later the cooling process allows for only smatigs as the search
closes in on the optimal location. In its original form thenp probability was

determined by~ "% where f, is the current objective valug, the objective

value at a nearby pointand? the annealing temperature. The choice of cooling

schedule, i.e. how quickly and in what manfiédecreases has some influence
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on the results and is a parameter which requires tuning.

Alternative techniques have been advanced, include qoaannealing (QA)

(Apolloni et al., 1989) based on the quantum tunnellingctff§/hereas in SA,
the probability of a move out of a local minimum is dependanooly the height
of the barrier and so high barriers can cause the search toreetrapped, the
tunnelling probablity in QA depends both on the height anckitess of the bar-
rier. QA is an attempt to handle search landscapes wherahalcal minima

are sourrounded by high, thin barriers as the search is tapélescaping from

these traps.

Adaptive noise A problem with using random noise in search is that the nogsarm-
eter must be tuned using a combination of domain specific ledye and trial
and error. Further it may well depend critically on a speqpiioblem instance.
To overcome this limitation, Hoos (2002) developed an adaptoise mecha-
nism. They use a metrigoise responsbased on the distribution of run-times
for typical runs of the search. Using this parameter theyatte level of noise
to the rate of improvement. In the early stages they use greeakrch, but as the
rate of improvement decreases, described as search stagrtagy increase the
noise level. If no improvement is obtained the noise is frrincreased to try to
escape local minima. Once improvement occurs the nois¢iketleen quickly

decreased again.

In the context of spacecraft operations scheduling usiegABPEN system,
an adaptive noise mechanism based on that already descsileedployed by
Fukunaga et al. (2004). They state that the increase aneakrmechanisms
are asymmetric. When stagnation occurs there is a delayplyiag the noise,
effectively while they build up evidence that there is a peoaln. Once improve-
ments are detected however, the noise is removed at a faséethan it was
applied. They found that in typical scenarios the adaptieemnism gave re-
sults close to those obtained by the static noise techntoegh rarely better.

In worst case scenarios, where the static noise techniqueeg@or results, the
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adaptive mechanism performed significantly better. Thguathat in their do-
main, it is often better to mitigate against worste-casgasions than to always

obtain best-case results.

Moving search In robotics a common planning problem involves finding a edog-
tween various nodes or destinations often with variablesctis the different
route decisions. This can be extended to situations where sif the nodes
move around or the costs vary over time. The problem is smmlanature to
scheduling scenarios in which the goals vary in time. A nundfeearch tech-
niques have been developed for these problems includingtart et al., 1968),
a gradient descent method based on estimated distancgeb &ad cost so far,
LRT A* (Ishida and Shimbo, 1996) an improved real-time versiod ofvhich
learns the costs of visited edges and uses this informatispeged up the search.
Moving Target Search (MTS) (Yokoo and Ishida, 1999) is anaeickd algo-
rithm in which thehunterbuilds up heuristic knowledge of the edge costs to all

the target locations as tipgey moves between them.

AMP Adaptive Memory Programming (Taillard et al., 1998) wastfoeined as a
general term for a class of optimization techniques whicd ssme form of
memory to retain knowledge about poor parts of the searcbespéiich have

been visited recently.

In TABU search (Glover, 1996), as the space around a solusiGearched a
short term memory keeps track of locations which have besited and which
have not yielded optimal solutions, typically local mininta avoid re-tracing

into these areas.

In scatter search (Glover et al., 2003) new, fitter solutemesgenerated by evolv-
ing previously found solutions in a process similar to thegdiin Genetic Algo-
rithms (GA) in that parts of ‘fit' solutions are combined teeld new solutions
which may be expected to retain some of tileessof the parents. Unlike GAs,

scatter search provides mechanisms for combining solsitising derived rules
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and an adaptive memory rather than making these decisiodsmaly.

2.2 Case studies

2.2.1 SPIKE

The SPIKE scheduler (Johnston and Miller, 1994) was orltyirgeveloped for op-
eration of the Hubble Space Telescope (HST). This is a cotgaleeduling problem
involving the allocation of observing time to between 10@®@ 30000 observations
per year. There are a large number of operational conssrairtl timescales spanning

6 orders of magnitude.

Planning and scheduling is split into two timescales. Tingiterm planner assigns
activities to a week or part of a week in the HST operating €yclThe short-term
scheduler makes the detailed assignment of activitiesmafich week. The scheduler
takes account of hard (feasibility) and soft (preferenaa)straints through the use
of suitability functions, numerical representations of the degree ofepeeice of one

constraint over another.

SPIKE uses an iterative technique describelaki-start Stochastic Repaivhich
operates a cycle ofTrial assignment— Repair— Deconflict During theTrial ass-
signmentphase, activities are assigned to time slots using simpledies such as
MinConflicts(Minton et al., 1992). This results in a first schedule attewpich will

most likely contain numerous constraint violations and &l sub-optimal.

The Repairphase attempts to eliminate constraint violations usindl-&limbing
heuristic applied via a neural network. Finally, theconflictphase tackles any activi-
ties which are in conflict by using simple retraction heucst The process is repeated
over many cycles improving the schedule quality each timevefal quality metrics
are used to asses the quality of schedules. These includab&huof observations,

total observing time, summed degree of preference.
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2.2.2 MicroBOSS

The MicroBOSS scheduler is described in (Sadeh, 1991). €ark cycle employs

a look-ahead technique to work out a probabilistic demaradilpr An Operation
Orderingheuristic determines the critical jobs associated withhilgbest demand pe-
riods while aReservation Orderingpeuristic ranks the costs incurred by these jobs
and makes appropriate reservations. A consistency emfe@gerule determines new
constraints based on the reservations made in the cycleré/Mead-ends occur in the
determination of a schedule, backtracking is employedc¢amsto a known consistent

point.

The micro-opportunistics search heuristics allow for ¢ansrevision of strategy
during construction and repair. MicroBOSS is able to handbtive repairs to an
already partially executed schedule. The operations whégd re-scheduling are re-
moved from the existing schedule and new constraints datedhased on the existing
scheduled activities. The new sub-problem is submitteditwadBOSS which deter-
mines a solution to add to the existing (running) scheduéests conducted against a
series of despatching rules on a jobshop problem, MicroB®&Sfound to be less ex-
pensive (around 20%) in terms of the chosen cost functiorongbination of tardiness

and inventory costs.

2.2.3 Conflict Partition Scheduling

Muscettola (1992) describes a system (CPS) for solvingdsdhrgy problems by iden-
tifying regions of the search space where bottleneck cdsfticcur, then posting con-
straints to move the search away from these regions whenti@ad are unlikely to
be found. A bottleneck is defined as a neighbourhood in theekesppace where the
time assignment strategy generates a maximum of inconsistd hese are detected
by running a number of stochastic simulations to generateuree allocations with

time flexibility. The bottlenecks are identified as thosep®iwvhere the most resource
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contention occurs. Additional sequencing constraintstiaea posted to reduce this

contention.

They employ two measures of contentigkctivity demandA (7, ¢;) measures how
much an activityr relies on a time slot; by counting the number of simulations in
which 7 was asssigned . Resource contentiol (p, ¢;) measures how many activi-
ties are competing for a resourgeat timet; by counting the number of simulations in
which p is requested during;. During thisCapacity analysiphase, various variable
and value ordering heuristics are employed. These hatgiséin be altered to suit the

scheduling preferences to be enforced such as a prefer@naeds early finishing.

They test against a micro opportunistic schediecroboss(Sadeh, 1991) and
againstMin Conflicts Iterative RepaitMinton et al., 1992). Relative tMicroboss
CPS produced more solutions, faster in the harder probléegoges though on sim-
pler problems it was slower to converge. RelativeMmmConflicts CPS performed
consistently better. In harder problem cases with morddwtksMinConflictsper-

formed very poorly in comparison to boMicrobossand CPS.

224 Gerry

Zweben et al. (1994) describe the GERRY system for scheglgfpace shuttle ground
operations. They define 3 types of constrainitémporal constraints represent pre-
cedances between activitieB) fesource constraints represent usage of resources and
(iii) state constraints represent particular environmenddé stariable assignments re-
guired by some activities - certain activities, denotedeseversare able to set these
variables. A weighted penalty function is used to measwretst of constraint viola-
tion. Their repair procedure considers each type of comgtsperately and handles
repair of N of each type per cycle before moving onto the next cycle. beoto
avoid trapping at local optima in the search space they eypioulated annealing to
determine acceptance of a newly generated schedule. Atteaation the cost of the

current schedule is compared to the best so feérand is accepted with a probability
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_|cost(s)—cost(s*

P(s,s*) = exp —os'")| whereT is theannealing temperatunenhich is cooled

during the search.

To resolve resource constraints, tasks are selected fairteging 3 heuristic criteria:-
(i) fitness- move the task whose resource requirements match the ambawer-
allocation most closely - the logic here is that a task whiak b small resource re-
quirement is less likely to have much effect, one which hasrg large requirement
will cause problems wherever it gets moved 10, dependency move the task which
has the fewest temporal dependants - a task with a large mwhdependencies will
likely cause additional violations when it is moved and digrexisting assignments,
(i) distance- move the task which needs the smallest move to resolve tiiéate a
large move is likely to perturb the overall schedule more. Tésults of these metrics
are scored and a task selected for the move. State constaaetepaired using a se-
lection of 5 methods in priority order which involve moviniget affected task and/or
addingachievertasks into the schedule before the affected task to set thabla
appropriately. The GERRY scheduler was found to be verycéife in the chosen
domain and was incorporated into the NASA Ground ProcesSuigeduling System
(GPSS) an interactive tool for scheduling repair and raéimment of the space shuttles

between missions.

2.2.5 OPIS/IOZONE

Smith (1995) describes the OPortunistic Intelligent Sciexd(OPIS) system. This
introduces multi-perspective scheduling in which a nundéeomplimentary schedule
repair techniques are employed under the supervision opa_&gel Manager (TLM)

and working through a common blackboard representatioheturrent solution and
constraints. External events (changes to requiremeradpbeck from execution) are

fed into the blackboard via model update agents.

Conflict classes are defined relative to a number of confli¢tioseincluding:- con-

flict duration, conflict size, resource idle time, upstredatk, projected lateness. A
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number of agents analyse the conflicts which are then matchedzy behavioural
profiles. Schedule repair agents are then selected to ap@alg@opriate repair heuris-
tic suited to the character of the conflicts. e.g. for a probieith HIGH value of
conflict durationand LOW value o¥variance in projected latenessupled with HIGH
value ofidle timetheorder-schedulindpeuristic is chosen which revises the sequencing

of contiguous operations.

In the trade-off between opportunistic improvement and-disnuption to current
baseline OPIS is biased towards the latter though this isetifan of the analysis and

repair heuristics chosen.

Later work on DITOPS (Smith et al., 1996; Smith and Lassi®®4) an air transport
scheduler led to the extension of OPIS into a pluggable olgaented framework

OZONE (Object Oriented OPIS ©3).

For scheduling inflight refueling and transport missione hMC BarrelMaster
scheduler (Smith et al., 2004) was developed using OZONIiEs hormal mode of op-
eration the scheduler has to assign times to new missiomaimdlready built schedule.

The search strategyssignMission is based on a triple of:-

Genpgesources S€lECts candidate resources (aircraft, crew).
Genrervais Selects candidate intervals for a mission

Evalcyierion, Yanks alternatives.

The mission requirements generally lead to heavy overeigign of resources so
various relaxation regimes can be considered:- over-afioo of reserved resources,
allowable delays, mission combinations, priority pre-éimp (bumping). These are
handled by selection of different pluggable combinatiohshese procedures. e.g.
Evalcriterion as implementationSval yrinrardiness EvalarinFiyingrime ANAEVAl v rinover Atiocation
similarly there are several versions Gfngesources aNd Genppiervais- A procedure

CombineMissions allows pairs of missions to be combined to attempt a rednatio
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resource usage, this can be applied recursively to maxitheeeduction in overall

flying time required.

The primary goal of the AMC Allocator is to assign the maximaoomber of high
priority missions, often lower priority missions will befteout even though some as-
signed high priority missions with greater flexibility anrecluded. An incremental
optimization procedurissionSwap can be applied to try and insert unassigned low
priority missions into the schedule by retracting existwognmitments and reassigning

to free up slots.

Kramer and Smith (2003) describe 3 heuristics which can bd tsselect the tasks

for retraction:-

e MaxFlex measures the ratio of required time to available time sumovea
all resources required by a mission and is an indicator offlthebility of the

mission.

e MinConflicts (Minton et al., 1992) measures the number of resource ctsflic

over a mission’s execution interval.

e MinContention which is defined as the ratio of the sum of conflict durations to
total required time, measures the proportion of a missimdsiired interval that

is in conflict

The technique is extended (Kramer and Smith, 2004) to magndisruption to the

existing schedule and to speed up the process by searchrir@agn

2.2.6 ASPEN/CASPER

Rabideau et al. (1999) describes work by NASA JPL on the ASBé&H¢duling frame-
work. This is a constraint based search/optimization systéended for spacecraft

operations scheduling. During the constraint satisfactipcle activities are slotted
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into the schedule and conflicts detected. The system thesifits these conflicts into
a large set depending on the type of constraint broken oryjhe of resource bottle-
neck. A prioritized sequence of repair heuristics is thdeaed in turn to attempt a

repair which moves closer to satisfying.

ASPEN allows the specification of a number of search heuasigb be slotted in
at decision points in the algorithm. Some generic ones destinclude:- () conflict
sorting heuristic (a variable order heuristic)- prefers to repainfticts which require
adding new activities,ii() repair selectiorheuristic - prefers to move an activity then
adding activities then deleting activitiedj J interval selectiorheuristic for activities
being created or moved (a value order heuristic)- prefaeswals which do not create

new conflicts then intervals which minimize new conflicts .

Rabideau et al. (2000) move on to describe an extension t&&RNSP allow inter-
leaved repair and optimization usiegperts- these are software components imple-
menting heuristic operatiorian expert is a link between changes in the plan and the

change in quality”

A number of classes of user preferences are defined, sonmg axctia local level,
others globally. These specify a mapping from local vagalib scoring metrics. An
example given is of a preference on the start time of one iactiglative to the pre-
ceding one centred on@eferredtime gap and decreasing monotonically either side
within cutoff limits. Basically this can be interpreted ‘dsvould like a gap oft* but

will be happy with any gap from,,, to t,," .

Improvement experts include:i) (local activity variable expert considers vari-
ables which currently contribute low values to the scoree Ppheferences allow this
expert to decide which way the variable has to be adjustedd®@ase the score (e.g.
for the gap preference above, the direction is towardpth&erredtime gap entailing
moving one of the activities backward or the other forwaKd), activity/goal count
expert- aims to increase or decrease the number of activities ofengype. The only

tactic for this expert is to add or remove activitiei,)(resource/state variable expert
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tries to improve the preference scores for resource vasabrhis can involve moving
activities to increase/decrease resource usage (e.gnpattnimum level) or adding
and removing activities which increase/decrease the resdevel, (v) resource/state
change count expertis tasked with improving the score for numbers of state er re
source changesy) state duration expert can move, add or delete activities which

maintain or cause a particular preferred state.

In the optimization phase a monotonic increasing assumpsgionade - i.e. only
make (local) changes which will improve globally. A varialdrder heuristic selects

either the lowest scoring preference or the one with thedsgpotential gain.

In order to improve overall performance an adaptive noiseharism following
Hoos (2002) has been implemented for ASPEN (Fukunaga @0&l4) and was added
to the repair selection heuristi@bove. Its precept is that if the improvement rate
stagnates do some random repair activity, then after ingm@nt back off but at a

faster rate.

The CASPER system (Chien et al., 1999b, 2000) was designadafs, realtime
version of ASPEN to act as a framework for dynamic replannimgprporating the
concepts of continuous planning, execution and replanamyincremental plan ex-
tension. They suggest that a plan must be continuously neddiii light of changing
operating context. It advocates a hierarchic system ofrten At higher levels there
should be more reasoned plans over long time scales whilstvat levels short time

scales and more reactive behaviour is the order of the day.

CASPER represents theorld at a given planning horizon as (current goal set,
plan, current execution state, model of predicted statdpfates to any of (goal set,
current execution state, horizon (i.e. even just time adwey)) causes a replanning
iteration. Changes are posted, the effects of these aragabded, including conflict

identification, the plan is repaired and a new working plasults.

1. Initialize Plan, Goal-set, State.
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2. Update Goal-set to reflect new goals and remove spurices on
3. Update State to current execution state.

4. Compute conflicts.

5. Apply conflict resolution to generate new Plan.

6. Release for execution.

7. Repeat.

According to Chien et al. (1999a), the benefits include:poasiveness to sudden
changes in the environment, predictive modelling erroesraduced due to continuous
updating, fault protection is moved from the executive tay@orking on very short
time scales and there is a reduced distinction between iplgnscheduling and exe-
cution due tade-layering Currently the system can only replan at activity boundarie
and is unable to model effects of interrupted activitiestelsions are to include plug-
gable goal achievement modules (GAMS), these are expestshanhg specific types

of conflict - e.g. spacecratft attitude conflicts.

2.3 Contingency, flexibility and reactive scheduling

During execution, a number of things can go wrong to upseté#nefully worked out
schedule. New tasks can arrive, resources can fail (e.gruments go offline) and

deadlines (goals) may change.

The main approaches to solving these problems can be atakatdcording to Poli-

cella et al. (2003) as:-

Robust solutions In this approach the aim is to create solutions with a degfee-o

built flexibility.
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Partially defined schedulesHere rather than specify what to do and when, a series
of alternative futures or partial sequences are constiugeexecution time the

scheduler can switch between these as required.

Reactive reschedulingRather than trying to predict what might occur or build in flex
ibility, the reactive approach assumes the schedule will garrectly. When
something goes wrong, the scheduler must make some sonpaif te the re-

maining schedule which might include a complete rebuildheffuture sequence.

Dynamic despatch Rather than building an initial schedule, dynamic despagrim-
volves making a single scheduling decision at a time bas¢bdeoaurrent condi-

tions.

Two classes of reactive approach are described by Jonesaeldy1998).

Reactive repair In this type of system the scheduler waits for an event to obeu
fore attempting to recover the system. In the context of alsteking plant
Dorn et al. (1995) discuss a scheduling system in which fudiggributions of
constraint satisfaction and importance of jobs are useddate a schedule us-
ing an iterative improvement technique based on TABU sealitte resulting
schedule has some degree of flexibility in the ranges of 8tag and duration
for jobs and is thus effectively more robust to changes. &atien to unexpected
events (e.g. a job finishing early) the same improvementigcie is used to

project the change forward to yield a better schedule.

Pro-active adjustment During execution the system monitors progress continypusl
predicting future evolution and attempting to plan aheaaémtingencies while
the plan is executing. To solve a problem in scheduling batdduction in
a chemical plant with variable execution times Sanmart.gt1896) developed
the Projected Operation Modification Algorithm (POMA). Slmvolves making
estimates ahead in time of the duration of the tasks, thelneasdrlier tasks are

completed, comparing actual times with the previous esgmd he information
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is used to modify start times of the later, as yet unexecwtskistand was found
to improve overall plant efficiency. They suggest that a nmategrated approach

to scheduling, schedule modification and plant control isavded.

Three pro-active techniques for building extra time intehexlule to cope with un-
certain duration are compared by Davenport et al. (2001LTefnporal protectiomadds
a slack time into each activity duration prior to the seaf@htime slack windowses
reasoning during the search to attach minimum slack intb eativity, (ii) focused

time window slaclassigns slack based on the distance along the planninghoriz

When tested on simulated problems with varying degrees oémiainty (break-
downs) all methods help improve tardiness with increasiagreles of uncertainty.
They do not however give account of the tradeoff due to ursssrg slack time in-
troduced by the technique relative to the gains of contynaitd reduced need for

rescheduling.

Two different approaches to building schedules with flditibiare compared by
Policella et al. (2003) and described in more detail (Pac005). They define 3
measures of robustnessi) (eactiveness - speed of responsg, gtability - degree
of change induced by reaction, a ripple effeat,) (solution quality - preservation (or

enhancement) of performance relative to baseline schedule

Two metrics are defined for evaluating schedule quality:-

|d(ei, s5) — d(sq, €;)]
ldt = 1
/ Z Z Hxnx(n-1) @)
i=1 j#i
whered(z, y) is the distance betweenandy ande; is the finish time for activity, s;
is its start time H is the problem horizon anathe number of activities. This metric is
designed to evaluate the fluidity of the schedule i.e. itétglbd absorb time variations.

Small values offidt imply that effects will be localized rather than ripple tbgh the
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schedule. The second metric:-

slack;

(@)

1 n
d = — P 15\ Wi
TP n zz:; ¢ (& )numchanges(ai> A&Z)

whereslack; is the slack available to activityandnumcpanges(z, y) is the number of
activities moved from their start times when activityis delayed byy with P,;(a;)
estimated ag¥retioni  This metric describes the disruptibility of the scheduid ¢hey

makespan

claim it measure&he price to pay for the flexibility of the schedule”.

The first techniquaesource envelope basesmploys a 2 step process. In the
first step, from an initial partially ordered schedule witimestraints they compute the
resource-envelope (a time varying measure of resourceregnents). Using this they
then detect conflicts (where more activities require a resothan its capacity allows).
A selection heuristic is used to rank and then select a patoofpeting activities. A
sequencing heuristic then specifies (posts) new precedemsgraints to remove this
conflict. The resulting modified schedule with new constsais fed back into the first

step until a solution is found.

The second techniquearliest start timestarts with a pre-selected fixed-time sched-
ule, then selecting activities based on ranked order of 8taes and using a cheaper
resource analysis posts new precedence constraints waiche used to determine
the bounds for each activity to produce a flexible schedukeyTind that the second

approach perfoms best against all quality measures anstesta

A different approaclust in Case Schedulin{gIC) is taken by Bresina et al. (1994);
Drummond et al. (1994) to a problem involving selection ofetvations for a tele-
scope operated using the ATIS control system in which thesairce of uncertainty
relates to the lengths of observations (action duratioretiamty). The uncertainty is
due to star-centring (acquisition) which depends on skylitmms, wind and pointing
accuracy. Uncertainty grows with time. Online schedulsglow as they have a whole

night’s observations to allocate to enablement intervals.
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They run multiple simulations over the night looking for tnest likely break points
then look for alternative branches to execute accordingeddllowing procedure.

1. Estimate temporal uncertainty at each activity point.

2. Find most probably breakpoint.

3. Create branch (do X or nodo X).

4. Reschedule subproblem (doall before X, nodo X)

5. Integrate with prior schedule.

(o2}

. Repeat while time left.

A later related problem in the context of Mars rover openagias described by
Bresina et al. (1999). In this case the task is to create aphuttontingent schedule
from a fixed schedule in a reasonable time in order to increalsestness. There is a
particularly large search space as almost any schedulemha@n break so there is a
need to reduce the number of branch points to a manageableX& was improved
by adding additional resource uncertainty, other than jusé An expected utility
measure is used to select likely branches and a biased seaianism with noise,

Heuristic Biased Stochastic Sampling (HBSS) (Bresinaf) 9&s also introduced.

2.4 Agent based scheduling

Agents are software entities which are capable of acting aidegree of autonomy on
behalf of a user or other software entity. They are often ghizlen and may exhibit
a number of traits including: learning from past experiencgelf-organization and
cooperation with other agents. When used in a schedulinigxgmagent based systems
have typically involved multiple agents cooperating toveolhe problem. Much of
the research describes auction and negotiation mechaniseusto achieve a global

solution.
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A human-agent based cooperative scheduling system isibeddry Murthy et al.
(1997). The intelligent agents, which are experts in vagidifferent aspects of the
problem domain construct feasible schedules through catipe efforts. The agents
are classified into 3 seperate categoriesnstructorscreate the initial solutionsm-
proversmodify these acccording to their goatigstroyersselectively remove bad so-
lutions. The final selection is made by a human scheduler wéw forther adapt the

candidate solutions.

Scheduling of transportation orders by a fleet of trucks isstered by Mes et al.
(2007). The problem domain is a volatile one in which the gaalange frequently as
new orders arrive, delivery requirements alter and vebiale delayed. Their solution
involves assigning agents to each job and to each vehiclkejokhagents request bids
from the vehicle agents via a Vickrey auction (second prsegled bid). In order to
calculate bids, the vehicle agents take into account théiedal time the change to
their schedule will take along with expected waiting timel additonal penalties for
lateness. The vehicle agents use a repertoire of techniguesarrange their schedules
in order to bid but as the individual vehicle schedules aw@tsthis is not too costly.

The job agents use 2 mechanisms for selecting the winning bid

In the first technique they simply pick the winner of the firstaon. In the second
method they are able to reject bids if the prices seem higdy (@btain this information
from analysis of previous auctions). They may then, if thersufficient time before
the due time of the job, run a second or further auctions téaira better price. They
compare their work against two more traditional centrahpiag systems in which
planners re-schedule all the vehicles in response to chgngrcumstances. They
find overall an improvement in vehicle usage and more stadlece levels. A further
enhancement to performance was found when vehicle ageresall@ved to exchange

jobs.

A distributed scheduling system based on negotiation etvegyents is presented
by Chun and Wong (2003). They use a modified version ofAhaearch algorithm

(N*) which employs a variety of negotiation strategies to &gavsolutions to meeting
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scheduling problems by maximizing the average prefereeceld of the agents. In
this system they expect that agents will not be willing tacttise full details of their
preferences to other agents so no central authority can pected to arrive at an

optimal solution in terms of the various agent preferences.

A subset of the agent based scheduling research has cateentm the idea of
using market forces to determine schedules. In such caseagénts are acting as
economic agents bidding for time or resources. In a manufag system where
agents bid for a series of time slots with constraints on tiralver and time of the last
slot to achieve a particular product manufacturing task¢ckia-Mason and Wellman
(2004) modified the bidding procedure of their agents byudirig a price-prediction
strategy. Using this strategy the agents are able to make mfmrmed decisions on
when and how much to bid for time slots. In this problem an &gan loose both time
and money by bidding for slots in the hope of getting suffitiemmbers of these to
complete the task. The strategy is implemented by agentshg prices in previous
auctions then making predictions on how these will develdgs. the auctions run,
the agents observe whether their predictions are accuead, if they have or had no
intention of bidding for these particular slots. Their grigredictions are then modified
in light of this information. The agents bidding policy, bathich auctions to take part
in and how much to bid in them are determined by the expectgoffsscomputed from

the information it has learnt.

Allan et al. (2006) describe a system (eSTAR) for using ligeht agents to request
observations on telescopes. An adaptive scheduling agsteéms (ASA) has been
employed on the HTN network (Naylor et al., 2006), a set ofl8seopes including
the LT by Saunders et al. (2006, 2008) to schedule obsenstib undersampled,

periodic time-varying sources.
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2.5 Evolutionary and biologically inspired techniques

Over the last few decades (at least since mid 1950s) a nunlsengputational tech-
niques based on biological analogs have emerged. Ties@metictechniques in-
cluding Genetic Algorithms (GA), Artificial Neural netwask(ANN), Artificial Im-
mune Systems (AIS), Ant Colony Optimization (ACO) and RAetiSwarms seek to
model the behaviour of their biological analogs not in ortebetter understand the
biological systems but to produce solutions to complex lgois. Biological systems
in general are based on a small set of building blocks andgpkcation of an equally
small set of simple rules, yet from these systems emergdyhigimplex and adaptive

behaviour.

Genetic Algorithms (GA), first described by Fraser (1958 armethod of solv-
ing optimization problems by mimicing genetic evolution ar@idate solutions are
encoded as strings of components (genes). After creatimgtaal population of solu-
tions, a series of evolution steps is followed in which cdatis arenatedto produce
offspring, some of which are likely to be better in terms ofrgobjective function.
Mating is performed by splitting each of the parent strings@me point then join-
ing the left and right sections to one another in analogy teegje crossover. At each
evolutionary step many of the poorer solutions are cullednalogy of the concept
survival of the fittestOccasionally mutations to some of the solutions are peréor
where one or more components are changed at random. In #fe¢echnique is a
search mechanism. The crossover component is a form of leiéalimbing while
the mutation provides a jump to a new area of the search spaaeotd trapping in
local minima. This is summed up by Russell and Norvig (2008 wescribes GAs as
a form of “stochastic hill-climbing search with random explorati@md exchange of

information between parallel search threads”

Perhaps the most unusual use of GAs in scheduling is dedchpeHart et al.
(1999). The problem involves scheduling groups of chickalting squads and trans-

portation vehicles to deliver a steady stream of chicke2gtmcessing factories. They
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split the problem into 2 subtasks each solved using GAs. Tstepiioblem was the as-
signment of tasks to squads. Once this was achieved a sedonasSused to generate
the start times of the tasks. Overall they found that the G#edaler achieved similar
results in terms of quality to the existing human schedileugh in much faster times

and the overall requirements for vehicles was reduced.

Genetic algorithms are used by Pernin et al. (2008) to sohttdfield manouev-
ering problems (avenues of approach). A two stage techm@seproposed in which
a GA first solves the route finding problem over complex terday stochastically

searching a vaste space of possible paths. A second GA isisieeito allocate forces.

Artificial Immune Systems (AIS) were first studied by Ishid©90). These are
attempts to model the natural vertebrate immune systemeid yiovel solutions to
computing problems. The immune system is naturally ade@ivd posseses further
desirable properties such as: learning, feature extmactitemory, self-organization

and is highly distributed.

In biological systems, foreign objects (antigens) are geced by the body and
stimulate an immune response. SpecialiBedells produce antibodies by a process
of cloning and mutation to match and bind to the antigens.mFaorelatively small
initial set of components, a huge range of antibodies canvbled quickly to deal
with new and unforeseen attacks. The theory oflthemune Networkfirst proposed
by Jerne (1974) (who later recieved the 1984 Nobel Prizen&]€r985) for this work)
suggests that B-cells co-stimulate each other mimicingffeet of antigen receptors.
In this way a memory is built up in which B-cells which have beseful in combating
specific attacks are reinforced while those which have bé&rss use are suppressed,

leading to self-regulation.

A summary of applications of AIS to date was made by Timmisl.e{2904) and

includes many potential areas of applicability includitgyuse in the field of schedul-
ing.
The use of AIS in solving scheduling problems in a factoryteghwas pioneered
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by Mori et al. (1994). Later work by Hart et al. (1998) and Hard Ross (1999)
on the use of immune system analogues to model schedulingapidly changing

environment lead to a system capable of producing adaptivedsiles. In their sys-
tem, schedules are modelled as antibodies while changles emvironment (schedule
objectives) are modelled as antigens. The two phase preoesssts of firstly using

a genetic algorithm to generate a large number of possilfieckdes (the antibody
pool) to cover as many possible environment scenarios asilpes In the second
phase, changing patterns in the environment (antigendjngdo the requirement of
new or modified schedules were classified and used to seleqm@opriate (antibody)

response, namely the new or modifed schedule.

A summary of work on the application of AIS to scheduling teedis presented by
Darmoul et al. (2006). It concludes the subject is still verych in its infancy and that

there is significant potential for further advances.

Features of the behaviour of social insects have been stbgiseveral researchers
in an attempt to solve various optimization and plannindgjgms. A good summary
of the range of these techniques applied in the sphere of-ag#int systems is found
in Parunak (1997). He describes these natural systemsms tef the desired system
behaviour that emerges from the actions of the communitlg wit central controller.

Diverse species are discussed including:

e ant colonies from the point of view of foraging as a technituapply to mini-

mum graph-spanning problems and brood sorting as a digtd®orting method.

e termite nest building as an example of complex construdbypmeinforcement

of behaviour by pheromone signals.

e wasps as an example of task differentiation and specializ@ly a combination

of reinforcement learning and tournament competition.

e bird/fish flocking as an example of local coordination - thedbirespond to
the movements of nearest neighbours and exhibit an overatlmated flight

though no communication or control takes place.
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Ant colony optimization (ACO) algorithms, originally degwed by Dorigo (1992)
are based on the foraging behaviour of species of ants. Warke out foraging ran-
domly for food leave behind them pheromone trails back tactiieny once they have
found food. The trails deteriorate with time by evaporatioWhen other ants dis-
cover a pheromone trail they are likely to follow it. The lilkeod of following being
increased the stronger the trail. As more ants follow a psomgi trail they leave be-
hind additional pheromone thus strengthening it. Ultiratiee most promising solu-
tions are found along the strongest trails. This indirechownication process, where
the agents modify the environment so that other agents ipertieese changes is de-
scribed as stigmergy (Grass, 1959). The technique pernmitslfple parallel search
of a complex space with reinforcement (positive feedbadketrails) and through the
evaporation of the pheromones, the ability to jump out oalloninima. Dorigo and
Gambardella (1995) employ this technique in solving theditang salesman problem

(TSP), a classic routing problem.

The ants solve the problem by building partial solutions icoastructive manner
guided by local search heuristics and cooperating by thadayf pheromone trails as
good partial solutions are found. They find that the methodmares favourably with
other evolutionary methods but is less effective for thiskpem than specific local
search methods. The ACO paradigm has been extended by BeWledullen (2004)

to solve a multiple vehicle routing problem (VRP), a variahthe TSP.

They modify the standard ACO algorithm by adding an exchangehanism prior
to the trail updating phase. In this they allow permutatiohsoute segments to be
tested for fitness. A second improvement involves producangdidate lists for each
step rather than taking random movements. Overall they fiett tACO is able to
solve the VRP to within 1% of known optimal solutions for sfeaproblems but the
improvement does not scale for larger problems. They sugfes using multiple
colonies would be the most promising direction for the rese&o go in larger prob-
lems. Gambardella et al. (1999) used a multi-colony apgrdacsolving the VRP

with additional time-window constraints. They employ sejpe colonies with differ-
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ent objectives. One colony aims to construct shortest taure second colony aims to
maximize the number of customers visted. The two colonig#hiair own pheromone

trails but are able to exchange information.

Particle swarm optimization (Kennedy and Eberhart, 1995 population based
stochastic optimization technique for the solution of amnbus optimization prob-
lems. Itis inspired by social behaviors in flocks of birds aobools of fish. In particle
swarm optimization (PSO), a set of software agents calleticies search for good
solutions to a given continuous optimization problem. Epalticle is a solution of
the considered problem and uses its own experience and ffleziexce of neighbor

particles to choose how to move in the search space.

Starting at a random initial position in the search spacevaititl a random initial
velocity, the particles are allowed to move about the segpette memorizing the best
positions they have found so far. On each iteration the gartnodifies its velocity
using 3 components:t)(its current velocity, if) a component driving it towards it best
location found so far,iif) a component driving it towards the best location found by

neighbouring particles.

This operation of a particle swarm optimizer is summed ugsutly by Kennedy

(1997).

A common belief amongst researchers is that the swarm balnavaries
between exploratory behaviour, that is, searching a broaegion of the
search-space, and exploitative behaviour, that is, a lgaaliented search
SO as to get closer to a (possibly local) optimum. This scloddhought
has been prevalent since the inception of PSO. This schdoboght con-
tends that the PSO algorithm and its parameters must be ohasas to
properly balance between exploration and exploitationtoid premature
convergence to a local optimum yet still ensure a good rat®o¥ergence

to the optimum.
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2.6 Adaptive Learning techniques applied to scheduling

Reinforcement learning (RL) techniques involve learniniges for state-space prob-
lem solving. For each state the policyr determines the actiomto perform. Whilst
learning, the system receives a reinforcement signal caréwafter each action. The
goal is to find an optimal policy* which maximizes the expected cumulative reward
over future actions. In scheduling, the policy tells us hovingt scheduling action to

perform) to maximize some measure of schedule quality iritiae realized schedule.

Motivated by the myopism of local despatching rules whicidi¢o supboptimal
global behaviour, Riedmiller and Riedmiller (1999) haveds¢d the use of RL tech-
niques to learn despatching rules which adapt dynamicaliggufeedback from the
evolving problem situation. The problem is represented &aegov Decision Pro-
cess (MDP) where(t) represents the allocation of tasks to resources at tilaved
a(t) represents the selection of the next job to allocate. Iddizi Q-learning agents
with local state and action knowledge are associated with essource. They used a
Multi-Layer Preceptron (MLP), a simple type of neural netlwdo represent the value
function, taking as inputs a number of problem featuresecufitom the problem space
(set of unallocated tasks). These include features rgl&dithe current schedule state:-
tightness with respect to due dates, estimated tardinsgs)aged makespan, average
slack, and features dependant on the next job selectionasietaverage remaining

slack if job; is selected, relative slackdb;/total).

By varying the set of input features selected to match thédstamdard despatch
heuristics (Earliest Due Date (EDD), Shortest ProcessingeTSPT), Longest Pro-
cessing Time (LPT), FIFO and MinSlack (Smith and Cheng, 1P@®y were able to
train the network to produce dispatch policies which metaeeded the performance
of these heuristics on problems to which the specific haosistere best suited. By
combining sets of input features they were also able to ofape all of these despatch
heuristics on a variety of problems. In effect the networls\ahle to learn better poli-

cies by combining the standard heuristics depending on ribielgm features. When
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applied to untrained problems the network was able to ssbals generalize and

improved significantly on each of the standard despatcltiesli

Though possible to engineer domain-specific heuristicsamgdtio exploit regulari-
ties and features of a problem space, this can be time conguand expensive and is
naturally non-general. This was the motivation for Zhand Bmetterich (1995) who
have studied the use of RL techniques to learn heuristicsglsstemporal difference
based techniqué/{D(\)) in which the value function is represented by the weights in
a feed-forward network, the reward at each learning sisgomputed as the summed

relative utilization index for each resource at that timepst

Their system models an iterative repair technique. Thesstegpresent the con-
structed schedule at a point in a sequence of repairs tordaoptimal schedule and
the actions are selected from a set of repair operationsy Uige a number of features
extracted from the partial schedule at each learning steppass to the neural network
and this is used to estimate the value function. In testsxagan iterative repair tech-
nigue employing stochastic search via SA (Zweben et al.4L8% system was able
to learn a repair policy after training which beat the itematepair technique consis-
tently for speed though the repair technique was able toym®@8etter schedules given

sufficient time.

In dynamic systems, Shaw et al. (1990) hypothesise thatules used to make
scheduling decisions should change with time as the problesmacteristics evolve.
They proposed a system which distinguishes between and fauokblem character-
istics by relative importance, then performs adaptive daheg by opportunistically

selecting appropriate heuristics.

The system called Pattern Directed Scheduling (PDS) worksstages. In the first
step (learning stage) a series of training scenarios arelated and used to study the
effects of applying various despatching rules. A critic miedthe expert) analyses the
performance of these rules on the problem scenarios and ewsrate new training

examples to refine the matching of patterns to rules. Theesyshosen for induction
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was based on lIterative Dichotomizer 3 (ID3) from work by Qam(1986). In this

system a tree of rules is built up by splitting the domainghefproblem attributes.

An effect of this system is that it ranks the attributes imterof an entropy “how
much does attributg contribute to the knowledge used to make a given decision?”
This has the advantage of allowing us to see which attribaresmportant and which
are irrelevant or decision-neutral but does have the dmatédge of considering each
attribute in isolation and is unable to detect interdepentis between attributes. A
typical example being where a decision should be made basabdeosimilarity of
2 attributes rather than their individual values. Shaw eis#d a total of 9 problem

attributes and found that 2 of these were irrelevant.

They found that when applying the learnt rules to real protsé was important to
reduce thenervousnessf the system. As the characteristics changed it was necces-
sary introduce a smoothing component to avoid switchingstho quickly by waiting
until the selection count of a new rule had reached a thresiadue. They tested the
system against a number of standard despatching rules vatiiection of problem
instances and concluded that there was an overall impraveaiearound 11.5% in
mean tardiness compared to the best of the single rulesegpliany of the problem
sets. The improvement was attributed to the adaptive seteat rules and the ability

to use feedback to refine the heuristic selection.

Case based reasoning (CBR) is a learning technique in whies are induced
by matching problem situations against a set of examplesddises). It has several
advantages:- CBR is particularly useful at extractingsudtem noisy data, it operates
incrementally building up its knowledge base while work({tigere is no large expen-
diture of effort at the start of the process or any need to klvensistency between
rules as in a rule-based learning), contextual informatiay be retained in the cases

to help human assessors to understand the induced rules.

Due to their interactions and conflicts, it is often diffictdtdetermine numerically

or in terms of hard-and-fast rules, the relative ranking trade-offs between users’
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schedule optimization preferences. The CABINS system @slijta and Sycara, 1995)
uses CBR to capture these preferences. CABINS providesreefvark for acquiring
preferences then uses the case base to improve schedulpsogit# a reactive repair

mechanism in response to unforseen events.

The system operates in 2 stages:-

1. In the first stage, a feasible but sub-optimal schedulemegted using a con-

structive technique.

2. Inthe second stage the schedule is improved by seleepagrractions (iterative
repair). The quality of the schedule before and after eaphireare compared
using a number of local (pertaining to the curradal activity) and global (refer-
ring to the overall schedule) criteria (e.g. tardiness,ksiorprogress inventory,
waiting time). Repair operations are interleaved with ¢stesicy enforcement.
As a repair on the currently selectéatal activity is made it is likely that con-

straints may be broken requiring other activities (conBiet) to be rescheduled.

CABINS has 3 operating modes:-

¢ In knowledge acquisitiomode the user selects the repair actions to per-
form and these decisions are stored along with informatiachiracterize
the current problem situation (a case). If sufficient traghexamples are
provided, the resulting case base should contain a disimibof examples

covering a diverse set of problem situations.

¢ In decision supportmode, the system selects repair actions by matching
the current problem to the repair actions in the case basamnteractive

user has the option to veto/override providing additioraihing.

¢ In automaticmode, the system makes all repair decisions using the case

base without user interaction.

Selection of repair actions is performed by matching thdlem profile against the
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stored cases usingkanearest neighbour matching algorithm:-

(' — P;
d; = Z(Sé( jgdw j))2 3)

J

2 =exp @ 4)

wheres§. represents the user’s evaluation of the importance (sajaof case feature
j of casey, C;? is the value of featurg of casei, P; is the value of featurg in the
current problem andZ,.,; is the standard deviation of featujefor all cases. d; is
the dissimilarity between the current problem and #fiecase and; is the similarity

between the current problem and tiecase.

The repair process operates as follows:-

1. Afocal activity is selected and a start time predicteshg®ach of the available

tactics.

2. The conflict set is worked out by projecting the (rippldgets of the repair onto

neighbouring activities.

3. Consistency enforcement technique works on the congicuising theActiv-
ity Resource Relianc®RR) variable ordering heuristic which selects the most
critical activity (most likely to be involved in a capacitpflict over the repair
horizon) and a greedy value ordering heuristic which seladime assignment
for the selected activity according to a bias function whiepresents the time-

varing utility perceived for the activity start time dedwacigom the case base.

4. The activity utility functions are updated - they are leidgo start times calcu-

lated as part of step (3) to be used in the next iteration.

5. CBR is used to evaluate the quality of the new schedule.

They performed a series of comparisons against other metha@duated against the
following criteria: () attendance to scheduling objectiveis) @&mount of disruption,

(i) efficiency (speed) - especially in respect of its use foctiga repair .
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Compared with a simulated annealing based iterative resg@ieduler, they found
that around 1000 cases was optimum. A marginal improvemamtidoe obtained
above 1000 but was not worth the effort. They concluded t#BICIS was good at
capturing preferences and optimization trade-offs thaidaficult to model, improved
schedule quality irrespectively of how the initial (seedhedule was generated and
produced high quality schedules faster than simliar IR iegle so was suitable for

reactive scheduling.

Later, Sycara et al. (1995) extended the CABINS frameworkcdosider time-
varying user preferences. Their extension allowed theegys$b learn new cases from
its own evaluations of schedule improvement while runnifigey employed #@olling
horizonmodel in which the matching algorithm gives more weight terg cases than

to older cases.

2.7 Summary

As we have seen the scheduling and planning literature s@aide range of domains
(from chicken catching (Hart et al., 1999) to Mars rover @pens (Bresina et al.,
1999)) and techniques from operations research (BitneiR@idgold, 1975) through
to artificial intelligence (Mori et al., 1994). Many of thecteniques are domain-specific
(Dorn et al., 1995) and not neccessarily readily adaptedhteralomains. Many of the
techniques require tuning to problem domains or even fociipeproblems (Kirk-
patrick et al., 1983). A large body of work is aimed at solvstgndard/benchmark
problems often in the factory production domain. These mesdrserious adaptation
or tuning to be usable in a specific domain or problem instarkeother common
theme in many papers involves the production of new metritghvare often specific
to the problem domain. However many of the techniques arenpially adaptable to
alternative domains or at least provoke thought on how tagdesew techniques and

metrics.
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3 Investigation of Metrics

3.1 Introduction and rationale

Metrics are quantitive standards for measuring perforraaquality or some aspect of
a service or process we wish to monitor. In this section luksdwo distinct classes

of metric which will be used in the thesis.

Problem complexity metrics (PCM) measure the difficulty eicheduling problem
and provide an independant variable against which to atisegerformance of sched-
ulers. It might be found for example that a particular schedwhich performs well on
aeasyproblems is out-performed by an alternative scheduler waeed withdifficult

problems.

Schedule quality metrics (SQM) measure the actual perfoocmaf schedulers on
such problems. In other words they tell us how well or effityea particular scheduler

performs.

A third set of metrics which will not be discussed in this sectare those met-
rics actually used by the schedulers to perform scoringcsen, retraction and other
heuristic procedures in the determination of schedulegs@&twill be discussed in the

relevant scheduler descriptions (Sect. 5.7.1).

3.2 Problem complexity metrics

These metrics are used to describe the complexity of thedsding problem at any
given time. In addition to their use for assessing the paréorce of schedulers under
test, it is likely that an advanced scheduler could itselkenase of these metrics by
looking ahead to see where hotspots (difficult schedulingp@ds) are likely to occur
and thus take these into account in its decision making. &kelpb of the scheduleris

to select and sequence sets of observations from the ODBeqgaently, this is where
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the focus of the investigation begins. The content of theenlisg database or pool
(ODB) at any time defines the set of observations that ardadoraifor scheduling at
that time. This pool evolves due to the arrival of new obsegviequests, modification
of existing request (e.g. in light of observing results) aeohoval of spent requests.
These modifications which may be made by observers thensselv@ Phase 2 tool or
automatically by external user agents, occur in principletmuously. The complexity
manifests itself through changes in the amount and sewvefigpmpetition between
observing requests for particular times and, over the @afs night, in the overall

loading. The following metrics are proposed.

3.2.1 Contention profileC.,

This is the time evolving profile of the number of observatgmoups which could

potentially be scheduled according to their explicit tigizonstraints. Additional re-
finements include convolving with the probability of the &ractually being available
based on likely weather and technical downtime forecastse dverage contention
over the course of a night gives an estimate of how overlo#tieedchedule could po-
tentially be. This static contention profile is a crude meass it does not take into
account the fact that some of the groups which figure in theéerdion profile later in

the night may have already been selected by then and thuswébé considered.

It is found that in general (and explicity Fig. 3.1) if we plooth the predicted
contentionC and the actual contentiafi, against time on a given night we typically
find that the actual contention follows the prediction at $kert of the night. As the
night evolves('4 decreases in step fashion as groups are executed and takariloal
pool. At intervalsC, rises up again as different subsets of groups become alailab

though never generally attaining its predicted level.

A possible mechanism to take this into account would be tomdhice a weighted
probability of execution on those groups figuring later ie tiight to reduce the the

effect of any early executions. A simple exponential decayhtrbe used withP,,.;; =
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1 at the start of group’s execution window and decay factoetas the group’s likely
execution. How this might be worked out is alas unclear. Mamgortantly this would
likely depend on the contention statistics we are actuayiyng to work out. Effects
of disruptions early in the night will also change the cotitamlater as groups which

oughtto have been executed may still be in contention later.

The dynamic contention profil€}. is perhaps a more realistic measure and is cal-
culated by performing a forward simulation through the nighd extracting actual
contention in the process. This is of course somewhat degetioeh the scheduler used

but can be a valuable tool for assessing the degree of caimpdietween groups.

Comparison of predicted and actual contention for night: 2011-05-17
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Figure 3.1: Comparison of predicted’{) and actual contention{4) on a typical
night. C'4 follows C'¢ at the start of night and tracks any upward trends asnew group
become observable but over the course of the nighslowly drops off. As runs of
observations occur,', is seen to follow a descending staircase pattern as the pool o

observations is depleted. It should also be noted thatissumesdeal conditions
whilst on the night these may vary.

3.2.2 Demand profileCy

A given group will potentially have multiple observing wiods when it should be
attempted. During any given window the group can be consdler have a demand

Cp on the time within that window. E.g. if the grouphas an (estimated) execution
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time X (g) and its window of opportunity ig(g) * then the group’s demand over that
window isCp = X /(X + ¢). If we add up the demand contributions of all the groups
which are enabled at any given time we should have a meast@wmuch demand

is placed on that instant. If this aggregate demand exceatsthen it is likely that
some of the groups will not be observed i.e. the requiremantirne is greater than

the time available.

There are several refinements that can be made on this estifrree numerator can
be worked out fairly easily. It can usually be consideredstant and known. The
denominator is more of a problem. Firstly working out the dow of opportunity
from the group’s time constraint window is straightforwandwever this window may
extend from just a few minutes upto several days or even wdrkbe latter case the
group’s target(s) may rise and set several times and theuwsarmplicit timing con-
straints may be broken on several occasions. The lunandestzonstraint will impose
a varying overlap with the target visibility windows. Anylao elevation constraint
will vary the length of available night depending on the tiofeyear. If we consider
each of the calculable constraints then we can work out theaheamount of time
(within the window) that the group can actually be observelis gives us a revised
(increased) estimate for the group’s individual demandtiose times within the new

sub-windows.

Going on another stage we might consider those constrahitdwannot be worked
out in advance. A group may have a minimum seeing consttiatyever, we cannot
tell what the seeing will be like at any future time though waynbe able to esti-
mate the likelihood of attaining the group’s minimum levkelkewise we can obtain
estimates of extinction (perhaps including seasonal tranp We should in addition
consider the probability that the selected time is evenalvia for observing. Weather
and technical downtime mean that a certain fraction of tisl@st. A crude climato-

logical estimate might just give the average probabilitypadl weather (averaged over

lthis is the window during which it may legally start, it maynron over the end of the window as
this is taken account of in determining whether the grougatbe executed.
2minimum seeing in terms of quality and hence largest allde/&bWHM.
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long periods), we shall later see (Sect. 4.3.2) that thisaarad 20%. We might also
have more accurate seasonal-adjusted climatologicanaton. If we could predict
for some time ahead based on current and recently colleceadher data then we

should have an even better demand estimate.

Formally, letX (g) represent thestimatedexecution time of a group andU (g, t)
the remaining useful time left for that group at timehen the partial demand gfat

timet is defined as:-

B X(g)
dlo.1) = X(g)+Ulg.t) ®)
U(g,t) =W=(g,t) N N(t) " M(g) "V (g) (6)

wherell*(g, t) is the set of remaining sub-windows (running forward fronfiot)
the current execution of the groulg{¢) is the set of visibility windows fog's targets
from ¢t onwards,M (g) is the set of windows satisfyings observing constraintsy (¢)

the set of nights from onwards.

Calculation of demand is a computationally costly exercisegeneral it proves
convenient to restrict the look-ahead to the current nigéihg a slightly higher esti-

mate than would otherwise be made.

As an example, for gypicalflexible group with a duration of say 1 month we need to
derive the feasibility at say 5 minute intervals over thigge, some 8640 calculations.
By preprocessing, e.g. by pre-calculating the target iigiand night periods we can
reduce this by upto a factor of around 10 to some 800 calaustiA single feasibility
calculation takes around 5ms on the deployed system so éoexample group we
need around 4s to calculate this metric. For a simulationrevive are calculating the

metric for upto 500 groups over a night we would require 200€ssimulation run.
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3.2.3 Load(

Load is a fairly simple metric which describes the ratio oéextable time in a given
observing night to the length of the night (or astronomiéght). Simple load is calcu-
lated using the sum of execution times for each executalsidaw of each group that
can be executed during the night. It includes all windowslb§@ups whether they
mustbe executed that night or not. An urgency weighted légdcan also be calcu-
lated which weights each execution time by the reciproc#heinumber of remaining
nights in which the window could be observed. Critical la&dgl is a pruned version
of the normal load where only groups whiahust be executed that particular night
are included. Priority weighted load,; is calculated by taking into account all of a
group’s windows which should be executed on a given obsgmight then weighting

by the priority of the group whose window it is.

3.3 Schedule quality metrics

One aspect of the planning and scheduling process msaximize the profitability of
the enterpris€¢Miyashita and Hori, 1996). The enterprise is the telesaopbe group
which runs it. Profit refers here to some accumulated rewsgdwnersexpect to get
from providing the facility. This could be money, in termsgrants recieved for the
continued provision and expansion of the service or couk te some general sort of
kudos within the scientific community resulting from the geption of the current and

potential users that it is a novel and useful facility.

The utility or reward can be looked at from 2 (sometimes cotfig) points of
view. We need to be able to measure a quantifiable rewardtirggfiom performing
the most scientifically useful an-vogueresearch whilst at the same time meeting the

various users’ preferences.
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e Enterprise utilityV.(g,t) represents the reward to the telescope or facility. Ide-
ally the enterprise wants to do (scientifically) valuablekvand as much of it as

possible. Some of the factors which might influence the entsr view include:-

— Proposals have already been vetted and prioritized on #ie biscientific

importance by the allocation committees so this providessdul measure.

— The enterprise does not want to waste high quality time ntpkibser-
vations which could be performed in poorer conditions so @sues of

matching conditions to minimum requirements.

— The enterprise may be more inclined to reach particularestad comple-

tion for certain (high valued) projects over other lowerued projects.

— Conversely there may be a requirement to share out genesahahg time
(and time under various conditions) between projects onspong TAGs

in previously negotiated proportions.

— We may want to factor in any periods of idle time caused by iwgitor

specific groups to become enabled as a penalty/cost term.

e User utility V,,(g,t) represents the reward to the individual users in respect of
their own preference metrics. From a user’s point of view, itteal schedule is
probably one in which all of that particular user’s feasibleservations would
be done at their optimum times irrespective of any other'sisequirements. Of
course we cannot always work out these optimal times. We @k sut when
the target will be best placed, e.g. at its highest elevatighe current window
whilst bearing in mind that the window may extend over seiveights, but we
cannot say what the conditions will be like at that time. Télescope may be

out of action due to weather or the seeing could be very poor.

The individual users will have some preferences on when awemuwhat con-
ditions their observations are performed. They are abl@éziy the minimum
conditions and the timing intervals and various constsaant their observations

but these preferences are not ordered in any way - e.g. onenigiat prefer that
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their observations are done at low airmass and be less cwtteiith regularity
whilst another user may be less concerned with airmass btg smwith reg-
ularity. The simple constraints do not allow these prefeesnto be taken into
account, instead a generic preference weighting is applyethe scoring and
selection models so that all observations are treated be iisers had the same

preference weighting.

The user’s preferences metric could include factors sudhoasclose to cen-
tre of time window, how good the airmass, how well conditi@rs/will be
matched. Each group could have a set of user-specified vedigithese as they
would have their own preferences as to which are more impbaad the rela-
tive importance of particular attribute values. Factorsollwe might include in
Vu(g,t) include:-

— airmass

— sky brightness

— seeing matching

— window position

— data profile tracking

With these points in mind, a first attempt at an overall wtilteasure for a night

might look something like Eq. 7.

Vaight = ) (wuU; (t;) + weEj(t5)) * ;) (7)

J

wherew, is the weighting for user’s preference satisfaction,is the value the user

assigns to the performing of his observation of grguh the selected timg, w. is the

weighting for enterprise valudy; is the value of scientific priority and other enterprise

measures assigned to the groupndz; is the execution time or duration of thé"

group.
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This metric adds in the contribution from enterprise and-yseference matching
but if all users are free to specify their own weightings tmight be thought to cause
problems with comparison. E.g. If user assigns preferences so his observations
are always good i.e. he has no preference and Bselnooses his preferences so his
observations are best#f, userA will get a better score contribution most of the time.
However it should be noted that we are not suggesting usesafasure as a selection
metric to selectd over B but to merely as a measure of the quality of the schedule for

the night.

3.4 Primitive utility measures

Needless to say, choosing the relevant enterprise and usteicsnand deciding how
these should be weighted is no easy matter and depends oratpofattors to come
up with a definitive answer which would be of use in the enseixgeriments. Conse-
guently we are forced to find some simpler/more primitive ngstto use. In each of
the following metrics the group contribution is weightedthg execution timeX,) of

the group and is scaled by the length of the night.

e The heightmetric Qi measures the difference between the optimum time for
performing a group based on its height to transit heighordtiring the night
and its actual selected time of execution. By adding thefsetsffor all selected
groups we get a measure of badness. Ideally all groups waikekbcuted at
their highest point (in the current feasibility window) do¢ measure should be

close to zero.

e Theoptimal heightmetric Qo measures how close to tloptimumheight the

group is observed in its execution window.

The optimum height is basically the highest elevation agdiby the group dur-

ing the feasible observation window - in a given window thigynbe at the end
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(rising target), start (setting target) or somewhere inrtheédle of the observing

window (transiting target).

There is however a non-linear relationship between elemand airmass such
that for targets which do not rise particularly high the éréince in image qual-
ity between worst and best case elevation may be high ovdatvedy small
elevation difference whereas for high rising targets thfedence in airmass and
hence image quality between best and worst case elevatidfiewmall for the

same elevation difference .

Consequently it may be better to measure the ratio of ex@euitne airmass

aqctual 10 DESt @achievable airmasg,, as an Optimal Airmass metri@o 4.

Additionally, thebenefit(image quality advantage) of one airmass over another
may itself be non-linear and this is what we should really Basuring.Q 54
measures the ratio of some decreasing benefit funétionof airmass: at opti-

mal airmass and actual execution-time airmass. A simpleopor b(a) would

be to use the known (Sarazin and Roddier, 1990) correctiomadge FWHM or
seeings for airmass relative tadeal seeing at elevatiof0°, s(a) = sgpa’® with

sgp indicating the image FWHM at = 0,a = 1 and assuming image quality is
judged purely (and linearly) on FWHM. It should be noted tthas correction

depends also on observation wavelength

Qoa = In ZX gt (8)

ges aactual

wherea = sec z is the airmass of group’s target at zenith distance

QBA _ Z X aactual) (9)

aopt)

whereb(a) represents the benefit (image quality advantage) for asmas

Themonitor windowmetricQ ;1 measures the difference between the optimum

time (relative to the centre of a monitoring window) for pmrhing a group

78



based on the known monitor window and its actual selectedutian time. By
adding these up we get a measure of badness in terms of dftsatthe optimal
time. ldeally all groups would be executed at the centre eftlonitor window.
There are some implications in respect of non-monitor gsotjow do we select
the centre of the window ? What if the window centre is not altyufeasible,
how is this taken into account ? In practice these difficalksl to this metric not
being used for the experiments but it might be used in futtleese problems

could be satisfactorily sorted out.

The priority metric Qpx measures the total priority score achieved i.e sums
up the priorites of the groups selected. As proposals haeady been vetted
and prioritized by the allocation committees, this progigeuseful source of

information.

Qpx = % > X(g,t)plg) (10)

ges
wherep(g) is the priority value for groug andX (g, ¢) is the estimated execution
time for groupg at execution instarit In early simulations the priority of a group
is a set attribute of the group. In later simulations afteharge in the Phase 2
system, it is calculated based on a combination of)-griority of the group’s

proposal assigned by the TAGi, ) timing category andiif ) urgency flag .

The target demandmetric Q7p measures howrgentthe selected groups are

with reference to the night’s demand proftlg.

Qro = 1 Y X(9.0f(s.) (11)

geSs

where fp(g,t) represents the value of the demand (Eq. 5) for grgoap execu-

tion instantt.

The execution timemetric () x1 is a measure of the amount of the night during

which groups are actively being observed. A low value isctitely an indica-
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tion of slack time

Qxr = 7= > X(g.1) (12)

geSs

Theremaining nightsnetric g counts a decreasing function (for convenience
1/n) of thenumber of nights remaining for any groups in the observability
window ®(g, t) at the time of selection/execution. It effectively measunew
urgentthe window was in terms of the number of future chances of @xeg
the group other than tonight. e.g. If a group could be exettdaight or on 3
future nights this yields a value for RN of 4 and thus 1/4 asiigeency.

1 X(g;1)
= — 13
QRN LN Z R(gat>q>(gat)) ( )
ges
whereR(g, t, ¢) counts the number of remaining nights for a feasiblity wiwdo
¢(g,t) of groupg at execution instant - i.e. it counts the number of feasible

future sub-intervals o with maximum of 1 per night.

The project completion)) - has been suggested as a metric for comparing
scheduling policies or schedules generated by differeiédalers. | suggest
that this is not always a good metric. A project which reliesgathering data
over an extended period and for which the length of data gatieperiodicity

of gathering are more important would not be well served bmpleting the
program in the fastest time. For such programs we should e cancerned

with producing data at a rate which tracks the expected mialurate of data.
There are some problems associated with this metric.
— In addition we would like to generate the best quality of datat least data
of a quality which meets or exceeds the programs statedregants - e.g.
we select an observation to be done in seeing which is as gduziter than

required, at low airmass and any other factors which coutdrdmute to its

quality.
— When considering flexibly timed groups it should be noted thase re-
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ceive all of their data in a single chunk. It is therefore residible tdrack

these.

— Finally, we do not always have enough information availaddely in a
semester. Some users put all of their groups in at the starte $eed them
in over the semester so we cannot in general know how compiejects

are at any time.

e Thecondition matchingnetricsQs,, (seeing matching) an@; (lunar condi-
tion matching) assign a measure to how close the actual wonsliare to those
requested in a group’s observing constraints as being thermam acceptable.
These metrics are designed to prevent groups lwithqualityrequirements us-

ing up time which might be classified agh quality.

e Theyield trackingmetric)y, measures the yield of a group of observations. Put
simply, this is the ratio of the quantity of data taken (olva&pbns) at a given time
relative to the quantity that would have been taken uptottheg given that the
group was observed at each occasion when it could techynioeén observed.
Calculation of this metric presents some difficulties. la tase of groups with
minimum intervatiming constraints it is not possible to give an actual figiore
the potential number of observations made as the constlagd not specifiy
a maximum interval. For practical purposes this is takenddviace the value
of the minimum interval. In the case of groups witbxibletiming constraints,
the potential yield is calculated as a fraction of the timevaen activation and
expiry even though there can only be one occasion when thenadigons are

ever made.

e Theresource usagenetrics( 4, for various resources against target values.
These would probably be long term metrics, valid over pesiofithe order of a
semester or year. An implicit metric currently in use by tipe@tions team is

the TAG assigned Minimum Use Fraction (MUF) .

e Thescore utilitymetric sy is a metric generated using a weighted sum of the
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set of metrics used by the scheduler to derive the scoregd tasselect groups

for scheduling.

3.5 Matching metrics to scheduling and planning horizons

As can be seen the variod$ metrics already discussed cover very different time-
scales. It is perhaps appropriate then to see how these tmgépplied in reality to
different scales of planning and scheduling. Table. 3.hiatteempt to match the vari-

ous( metrics to the different planning or scheduling horizorscdssed in Sect. 1.2

Planning Level Period Metrics

Strategic 1 semester or more YT (yield track), PC (program comple-
tion).

Tactical 1 week - 1 month | PC (program completion), Ax (resource
sharing).

Mission 1 night TD (target demand), RN (remaining
nights).

Scheduling 1 horizon OH (optimal height), P (group priority),
LM (lunar match), SM (seeing match).

Table 3.1: Possible assignementpmetrics to appropriate layers of the planning and
scheduling hierarchy. As the horizon increases up the ituleyathe metrics used are
likely to be calculated over longer periods of time with gbgslarge night to night
variation. At the scheduling end of the hierarchy, metriesaalculated on a per-group
execution basis.

3.6 Conclusions

| have discussed two main types of metric. Quality (or Q) mstmeasure the results
of scheduling. A realisti@) metric would include both user and enterprise require-
ments, however for simplicity and because there is culyerdlway within the Phase
2 system to include user requirements a set of primitive omegshave been defined.
Complexity (or C) metrics measure the difficulty densityof a scheduling problem
and are an attempt to capture the highly complex multi-dsma@ral structure of the
Phase 2 information in a few simple parameters. The measuiggested are rela-

tively easy to compute and give a flavour of the problem.
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4 Characterization of operating environment

| have already stated (Sect. 1.1) that the telescope opdratuncertain environ-

ment In order to be able to make planning and scheduling degsiver the range of
timescales outlined in Sect. 1.2 it will be neccessary temine what constitute the
components of this environment, to ascertain the range andtwn of these compo-
nents and to examine how such variation might impact on bwtability to schedule

and the potential reward available.

Though many of these processes are naturally unprediciaiteuld be very use-
ful to be able to at least have some way to determine the ti&es$ of these conditions
occurring. If we could determine that the telescope woultb®able to observe to-
morrow, then we could ensure that an important observatias made tonight even
though the potential reward might be better tomorrow. Cosely if we knew for cer-
tain that the telescope would be available tomorrow then vwghtmake a low priority
but urgent observation tonight and do the less urgent butenigriority observation

tomorrow.

4.1 Environment Components

The operating environment characteristics can usefulljprio&en down into the fol-
lowing components. Each of these can affect the operatigelamning and scheduling

in particular ways.

e Technical faults. Mechanical, electrical, software and communication$sys
faults can leave the telescope unable to operate or mayedg\epair opera-
tional effectiveness. In some cases the telescope may thedeely shutdown

to permit preventative maintainance.

e Bad weather. Rain, high humidity, strong or gusting wind and calima (&aim
dust) can force the shutdown of the telescope systems tempreamage to del-

icate instrument, optical and electrical hardware. Thes@mee of ice prevents
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the dome from opening due to likely damage to the rams. Undgoéthese

conditions, no observing is feasible.

Poor Sky conditions Do not pose problems for infrastructure but can severely
disrupt the ability to perform useful observations. Extherbad seeing, high
extinction or high background sky-brightness lead to tligirement for longer
exposures to achieve required signal-to-noise ratios (ShiRaddition the pool
of feasible observations is reduced as the conditions wolesading to lower
contention (easier scheduling task) but at the same timedaced potential

rewards.

Phase 2 population The actual content of the Phase 2 ODB affects how schedul-
ing decisions are made. The distribution of the large nurobis characteristics
determines both the contention at any time and the poteetards available.
External software agents and users can modify the contehedthase2 ODB at
any time. Where these modifications occur during the nigb¢@&ms reasonable

to assume they will have some effect on the character anahiaitprofitability

of schedules which might be generated and introduce extrplexity into the

scheduling operation.

4.2 Technical faults

The telescope is a complex system made up from numerous ce@niz Though

it has many inbuilt recovery mechanisms there are times vtheroverall system is

unable to function without direct human intervention. Reols may occur with any

of the following systems.

Mechanical Physical problems with components such as:- main axessfdaue,

enclosure hydraulics, science fold deployment and ingtntrnomponents such

as filter-wheels and slides.
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Electrical Power supplies to the site are occasionally disrupted theogetimes this

information is available in advance.

Network Problems due to internal (inter-system) communicatioeskdown. These
may be as simple as a wire dropping out, a software configuradroblem or
due to heavy network loading - typically a symptom of somesotimderlying

problem.

Software Low and high level systems can cause problems. These aré lugim-
plex systems and thus difficult to test thoroughly even wik of a simulated

environment so problems can occur, particularly duringragdgs.

Several (7) years of knowledge gained from operating thestelpe allow these er-
rors to be classified into a few basic categories with diffgtimescales from inception

to solution.

major catastrophe These are problems which suddenly manifest themselvesghe n
causing major downtime. Often these are due to mechanieakdown of a
component which requires a site visit to repair. The timeoimgd can poten-
tially be days if spares are not immediately available andvadkround can be
arranged. Where serious software failures occur, thesgearerally fixed within

a day by a concentrated effort.

occasional glitch These are problems due to either non-terminal failure of elvaei-
cal component which is too expensive to justify replacinghore often a known
but difficult to repair software problem. The frequency otoance and degree
of impairment will tend to determine how much effort is emy#d on the solu-

tion.

sporadic bug Sometimes the problem is very difficult to identify and nesasccur

many times before enough information is gathered to idethié cause.
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shakedown Effectively time required for new mechanical componentsajtware de-
ployments to bed in. Software in particular may be testedhensimulator but
behave differently on the actual system due to subtle tineiffigcts or unpre-

dicted coincident situations.

4.2.1 Source of data

The main source for this information is the nightly logs kbpttelescope operations
staff. These consist of the number of hours of technical downtimegther downtime
and actual observing per night. This information is assbyea combination of ex-
amining system logs and from personal knowledge of the sw&fithe previous night
and so a degree of interpretation is involved. Of particil@portance is the policy
to assign the categomyeather downtiméo those periods when there was a combina-
tion of bad weather and technical problems - it is thus nosjibs to seperate these
out. E.g. on a night where there might be 2 hours of observingahwith 2 hours

of intermittent technical problems followed by 6 hours otivaeather there is no way
of telling whether the actual technical problem would hagsuifted in an additional

period of downtime if the weather had remained good.

Operations staff may assess early in the night that someusetechnical problem
is likely to affect the performance of the telescope durimg might - e.g. poor image
guality or tracking and decide to shutdown the telescopé&i®remainder of the night
thus yielding an apparently high loss fraction rather thidowathe automated systems

to cycle betweemperationalandimpairedstates.

Data covering a period of 30 months (919 days) for 2005, 20@b@art of 2007
was available and used to determine figures for probabifitgchnical downtime and

how this varies over the year.

4Obtainable from: http://telescope.livjm.ac.uk/NewssBets/
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4.2.2 Analysis

Plots of technical downtime per night are displayed in Figgs), 1(b) and 1(c). The
individual spikes represent the actual number of hours dioweon each specific night
while the curved envelope reflects the variable night lermtér the course of the
year. There does not appear to be any discernable patteugttas there is no sub-
categorization of actual types of fault one cannot rule betpossibility that certain
faults are more common in summer and others in winter, auegagut to a similar

overall result. Basically, technical faults of some typa oacur at any time.

Fig. 4.2 shows the distribution of fraction of night lost é&xhnical problems, as can
bee seen this is bimodal with around 72% of nights sufferass than 5% downtime
(including those nights with zero loss). A total of 8% of afied nights over the entire
period suffered nearly 100% downtime. The variation of teéghnical downtime
hours averaged by month for the available data is shown in4&R The average
monthly downtime is 36.6 hrs over the period correspondmghout 1.2 hours per

night.

4.2.3 Conclusions

It had been hoped to look at lengths of runs of technical domento determine if
there were any patterns - e.g. whether these occur in runsvahdvhat distribution
and frequency. Contamination of the data from weather domenstats and the rela-
tively small amount of data available makes this problematieuristically however
we might expect this to be the case. A problem might ariseagpoally one night
causing a degree of lost time, then maybe occurs the follpwight, spawning at-
tempts by support staff to solve by software or engineerirggns. This may occur
quickly or take several nights to correct, thereafter thebpgm disappears or becomes

less frequent.

The diverse nature of these problems suggests that thétéeishance of predicting

future occurances - by their very nature they are unpreblieta The best that can
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(a) Technical downtime per night 2005.
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(b) Technical downtime per night 2006.
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10

Hours
IS =) @

N

0 L L L L L
Jan-07 Feb-07 Mar-07 Apr-07 May-07 Jun-07 Jul-07 Aug-07 Sep-07 Oct-07 Nov-07 Dec-07 Jan-08

(c) Technical downtirﬁag per night 2007 (part).

Figure 4.1: Nightly variation (hours) of technical downgenfor years 2005, 2006,
2007(part). Large blocks are empty due to operations pgieyerence for reporting
bad weather downtime rather than technical when both odowrlataneously. The
large empty block around February to March 2005 is due to bopged period of bad
weather where no observing was possible.
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Distribution of fraction of night lost to technical problems
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Figure 4.2: Distribution of fraction of night lost to teclwal problems. Majority of
nights (73%) have less than 5% loss, while some 8% suffer 1@ downtime.
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Figure 4.3: Monthly averaged technical downtime (hour®rdkie period 2005 - 2007
(30 months). The data only includes periods where there waseather downtime.
Average time per month lost was 36.6 hrs or 1.2 hours per night
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realistically be achieved is to use the long term probaédito estimate the likelihood

of technical downtime over extended periods.

Disruption to power supplies are sometimes known in advandeould be factored
into medium term planning. Periods of planned maintainareeoften known well
in advance and could also be factored in. Prior to distrdyubf the Phase 2 entry
system to users, both of these were implicitly taken accotiby the operations team
when setting up the content of the Phase 2 ODB but this infoomavas not known

explicitly by the scheduler.

4.3 Weather

Weather statistics have been obtained from 3 independantesn

e Data from the LT’s own weather monitoring system (WMS) hasrbeollected

by embedded software over a 20 month period.

e Archived meteorological station data from various famhkt at the ORM are

available (Sorensen (2002)) going back to 2002.

e Observer reports of weather downtime hours per night (cadlanext day) for
reporting on the telescope website. This data is bundleditim tive technical

downtime statistics and overrides these when both occun@same night.

4.3.1 Telescope Weather Monitoring System

The Weather Monitoring System (WMS) provides feeds of uaimeteorological data
from a weather station on site located 20m from the teleseop®sure. Data is pro-
vided to the RCS at a cadence of around 5 seconds. The RCS filtiedata and uses
a set of rules (Table. 4.1) to decide if the weather shoulddmesitied agoodin which

case (all things being otherwise okay) observing may pmceebad in which case
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observing may not proceed or if already underway shoulddygestd and the telescope

and enclosure made safe.

Automated weather shutdowns based on WMS data are trigdsrethy of the

following sources:-

¢ High humidity can lead to condensation on cold surfacesr@mielectricals) and

is an indicator of cloud and potential precipitation.

¢ Rain causes wetting of all equipment, this has to be avoidpdaally on sensi-

tive optical, electrical and hydraulic systems.

e Moisture fraction is indicated by a digital sensor and iadlés that rain or con-

densation is occuring or has recently occurred but not yeetreld sufficiently.

e Cold temperatures lead to ice which can cause the enclosu@$to stick and
thus put considerable strain on the motors and electriggllguf an attempt was

made to open these.

e Wind gusts can cause damage to telescope structure antegttacstruments.

Moderate wind can also lead to poor tracking performancetdwend shake

Table 4.1 summarizes the rules in force (January 2008) fathes clear and alert
triggers. Currently all rules have a 30 minute clearing ditgldime but this is a con-

figurable parameter.

The data collected consists of 1582518 samples taken at@Bfuseconds cadence
over a period of 20 months between 2005 and 2007. The intepleagap distribution
indicates that there are relatively few gaps. The vast ntgjof the samples occur
with gaps of 30 seconds or less. A small number 292 exceed 6tesna further 14
excede 30 minutes and 58 excede 60 minutes. The largest gap ddys occurred as

a result of a site power outage
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Weather variable triggering conditions

Variable Alert Primary Secondary Stability
threshold clear level clearlevel parameter

Humidity > 80% < 70% < 75% 30 min

Moisture > 10% < 9% < 9.5% 30 min
Wind speed > 15ms™! < 12ms ! < 14ms~! 30 min
Temperature < 0.0° > (0.1°C > 0.05°C 30 min

Table 4.1: Definitions of alert and clear threshold levels tiiggering good/bad
weather conditions. A variable crossing its alert levehsilg bad weather. In order to
clear (signal good weather) the variable must pass the pyioiaar level and remain
below the secondary level for at least the time specified bysthbility parameter. All
variables must be in thelear state for overallGoodweather. Any variable in italert
state indicatebad weather.

4.3.2 Analysis of results

The distribution of humidity is shown in Fig. 4.4. The dibution peaks around 15%
and average of 40%. A very sharp secondary peak occurs a@aa00% humidity.
With the variable trigger levels (Sect. 4.1) set to 70%e&r) and 80% élert) these can
both be seen to be well into the tail of the main distributiost joefore the spike. This

suggests that few false alerts should occur.

The distribution of moisture fraction is shown in Fig. 4.5.hél distribution is
strongly peaked with average 0.07%. A total of 89% of measerds are below the

alert level.

The wind speed distribution is shown in Fig. 4.6. The dididou is wide with

average 5.37.s71. Only 2% of samples are above the alert level.

Fig. 4.7 shows the distribution of external temperaturehat site. The average
temperature at the site is 943 Only 3.7% of time is the temperature below the alert

level.

From (Table 4.2) which shows the relative fractions of timkew each of the
weather triggers is within the alert region, it is clear thamidity is the greatest con-

tributor to bad weather. The next highest is moisture lewtltbese are quite closely
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Distribution of humidity at site
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Figure 4.4: Distribution of atmospheric humidity at thestope site over all samples.
The distribution shows a profile with main peak around 15% avetage of 40%. A
very sharp secondary peak occurs around 95-100% humiditi. thé variable trigger
levels set to 70% good and 80% bad these are in the tail of gteldition just before
the spike level.
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Figure 4.5: Distribution of moisture fraction at telescapte. Some 89% of nights
were below the alert threshold.
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Distribution of wind speed at site
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Figure 4.6: Distribution of wind speed at telescope sitelyQ#fb of nights were above
the alert threshold.
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Figure 4.7: Distribution of temperature at telescope gMerage temperature over the
year is9.43°C with only 3.7% of nights below the alert (freezing) tempeara.
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related. Consequently it is reasonable to use humidityesionany prediction studies.

Fraction of weather variable above alert trigger level

Variable Fraction above alert level

Humidity 18%
Moisture 11%
Wwind speed 2%
Temperature 3.7%

Table 4.2: Fraction of recorded weather variable stagstieralert level. Humidity
is the largest contributor at 18%.

Some examples of humidity profiles are presented in Figsdc@n be seen that on
these individual nights there can be several periods of goutbad weather making
forward planning difficult. Software was written to analyde recorded data and

generate statistics of good and bad weather periods basbe onles in Table. 4.1.

The results of this analysis are presented in Fig. 4.9 andskite relative fraction
of goodweather over various sized time bins. Bearing in mind thellgpesiod of data
available (in climatological sense) there appears to bendetecy for better weather
in summer (May-July) with increasingly higher fraction cdidweather in winter in

accord with general observations.

Further analysis was performed on the WMS data to yield teidution of lengths
of good and bad weather periods. Fig. 4.10 shows the vamiétex number of periods)
of lengths of consecutive periods of good and bad weathedoas humidity threshold
(80% trigger) and clearing stability time of 30 minutes. e ghat shorter periods
are most common with the average lengthgobd periods being 31.5 hours and bad
periods being 7.7 hours. Cumulative plots are shown in Eijl 4The overall fraction
of time classified agoodresulted in 80.03% of all time witbad weather making up
the remainder. A rapid drop off suggests that long periodsaritinuous good/bad

weather are rare, however outliers make this awkward as@esdor prediction.
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(a) Humidity profile 2007-01-29. (b) Humidity profile 2007-02-20.
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(c) Humidity profile 2007-03-26. (d) Humidity profile 2007-03-28.
yp yp

100

Humidity plot: 2007-04-15 - 2007-04-16 Humidity plot: 2007-04-16 - 2007-04-17
A H

80

60

Humidity (%]
Humidity (%]

a0

20

0 L L L L L ! L L L L L 0 L L L L L L L L L L L
12:00 14:00 16:00 18:00 20:00 22:00 00:00 02:00 04:00 06:00 08:00 10:00 12:00 12:00 14:00 16:00 18:00 20:00 22:00 00:00 02:00 04:00 06:00 08:00 10:00 12:00

(e) Humidity proflllle 2007-04-15. () Humidity erﬁ‘TE‘; 2007-04-16.

Figure 4.8: Example humidity profiles. As can be seen thesome considerable
variation from night to night. Humidity can suddenly riserin what looks like a stable
low level through the alert level in avery short period of@nThis is often due to cloud
spilling over the rim of the caldera.
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Variation of good weather fraction based on humidity level
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Figure 4.9: Monthly averaged good weather fractibr-(Ay,) over the period 2005-
2007 (20 months) based on WMS humidity levels averaged watious bin sizes.
There is considerable month to month variation but summeegdly has the highest
fraction of good weather.

Distribution of good/bad humidity run lengths
0.25 T T

Gobd period
Bad periods -
0.2 | | 4
5
£ 015 E
2 |
b \
° ‘ 1
[ |
£ |
]
< o1 i
[}
4 M ‘
I\,
"\‘o‘ :
0.05 | 1
W
P
WA A
0 VALY s : p
0 5 10 15 20 25

Time [hrs]

Figure 4.10: Relative probability of lengths of good/badatteer runs. Though around
half the continuous periods of good or bad weather are lems thhour, there is a
considerable tail in the distribution.
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Cumulative distribution of good/bad humidity run lengths
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Figure 4.11: Cumulative probability of lengths of good/beehther runs. Only 5% of
bad runs last more than 10 hours while some 20% of good ruh&@asours or more.

4.3.3 Prediction experiment

If we wish to factor weather statistics into the planning antdeduling decision mak-
ing processes, then without additional information thet lves can do is to use the
long-term climatological prediction. Based on the datatplbin Fig. 4.12 showing
the lengths of periods of continuogeodandbadweather, a simple prediction model
was tested based on the assumption that the weather wilhcenh its current state
for a period roughly equal to the length of time it has alreladgn in that state continu-
ously, thereafter the probability of maintaining this statould decrease at an assumed
exponential rate with a decay length some multiple of theesurstability period. As
an example, assume the weather has lgeedfor aboutr hours. We then assume it
will continue to remairgoodfor about another hours with the probability decaying

ase~'/™" 'm being a scale factor yet to be determined.

A set of simulations were run using the extracted period (i 4.12) to deter-
mine the effectiveness of this prediction mechanism. Exé&ryninutes through the
available period a determination is made of the current eragtate and how long
good or (rp bad) it has been in that state. A prediction is made at a numbesste

into the future (192 steps of 15 minutes constituting up ttd8rs look-ahead) using
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Time variation of lengths of good/bad periods based on humidity
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Figure 4.12: Time variation of lengths of good/bad periodsdal on humidity level.
There are more longer periods of good weather than bad. mfosmation was used
to setup an experiment to test the ability to predict wealiased on the length of time
in a particular state using Eqn. 14.

the rule specified in Eq. (14). At each step the predictiomimgared to the actual
weather state at the time and counted as either a hit (cgorediction) or miss (in-
correct prediction). The final percentages shown in Fig34dainst look-ahead time
for a number of decay scale factars The baseline of 80.03% represents the worst
we should be able to acheive on average based on long-termatological prediction

- basically if we always just guess that the weather will bedythis will work 80.03%

of the time. Fig. 4.14 shows the crossover point - the lenfitbak-ahead where the
prediction becomes worse than long-term climatologicatiption as a function of the
decay scale facton. This is seen to converge towards a value of 30-31 hours wkich

close to the average length gbodweather period.

AT < 714 : 1

AT -1

Pgood(AT> =9 AT > TG, Ta < Ta: e ™a (14)

AT-Tg

AT > 16,7 >1Tg: em™cTa
\
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Variation of accuracy of prediction with look-ahead time
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Figure 4.13: Effect of time scaling-factom( on variation of prediction accuracy of
time decay prediction model against look-ahead time. Adtplshow a decay with
time. As the scale factor is increased the cross-over pointhfe prediction against
climatological baseline prediction of 80.03% approacheasaximum of around 31
hours.

Variation of cross-over point for look-ahead time of decaying weather prediction
relative to climatological prediction level against time decay scale factor (m)
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Figure 4.14: Variation of cross-over point for look-aheagather prediction using time
decay model with scale factor.
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4.3.4 Observer reports

The observer-reported hours-per-night data for weathemntine are displayed in fig-

ures 16(a) for 2005, 16(b) for 2006 and 16(c) for 2007 (part).

Figure (4.15) shows the variation of weather downtime faagtthe fraction of the
potential observing hours per night lost to bad weathgg | averaged by month for
the available data. June is the best month with less than XQ8tential observing
time lost to weather. February is worst with 58% of potentilaserving time lost to

weather.

Monthly weather downtime fraction 4y, (2005-2007)

Weather loss fraction Ay

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month

Figure 4.15: Monthly averaged weather downtime fractioerakie period 2005 - 2007
(30 months).

4.3.5 Analysis

This data is subject to human interpretation. There is na lbguhour detail, only

nightly totals. There is also no combination data (when badther and technical
downtime occur simultaneously). Additionally there is assuch that when combi-
nations do occur, this is logged as bad weather. The plot®deat a tendency for
better weather in summer and more bad weather in winter abtrbig expected but

beyond that little of use in prediction. Plots of run lengttsnsecutive days where the
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Nightly hours (Weather downtime) 2005
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Figure 4.16: Nightly plots for bad weather periods (hours) years 2005, 2006,
2007 (part). There is clearly more good weather in the sunmueths.
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fraction of time lost to bad weather exceed given thresh@dsshown in Figure 4.17.

We see that shorter runs of good and bad weather are more commo

Using this plot one can predict the likely length of a curreimh of bad weather
based on the length up to the present time using Bayes thdéwgnif the current run
is 2 days long so far, the probability of the run going on footlrer 12 days or more is

P(14)/P(2) = 0.23.

Cumulative distribution of number of continuous days bad weather above thresholds (6)

0.8 |-

r)
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Figure 4.17: Probability of the length of a run of continudaeed weather for bad

weather fraction4\y/) exceding threshold values between 0 and 1. Using thisfat i
possible to determine the the likely length of the currertt Wwaather run based on the
length of run to-date.

4.3.6 Conclusions

Meteorological information obtained from logs of the telege’s own weather moni-
toring system (WMS) and from nightly observing logs was gses$ and it was found
to be suitable for observing for about 80% of the time avedameer the year. There is
generally more good weather in summer than winter with% bad weather in June
rising to as much as 60% in February. The major contributecobad weather is high
humidity accounting for around 90% of such time. Other fext®uch as high winds

and freezing temperatures account for only a few percertteobad weather.
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Using an analysis of the distribution of lengths of good aad periods, a simple
prediction model was designed and tested against recomted I was found capable
of anticipating the length of the current period of weathéhw degree of accuracy ex-
ceeding the long-term average for up to 30 hours ahead thinegdiccuracy decreased

with look-ahead time.

Further analysis shows that in runs of continuous bad weaitoeind 50% of bad
weather runs are: 5 days long with< 10% of runs exceeding 15 days. This informa-

tion could be useful in longer-horizon planning.

4.4 Atmospheric Seeing and Extinction

The atmospheric seeing regime has been studied for mang pe#n through short
campaigns and as part of longer studies aimed at site tefstirnglescopes such as
the Grande Telescopio Canarias (GTC). A short study in 13§9@nin and Munoz-
Tunon (1992) using equipment at the Nordic Optical Telesfe (NOT) on the con-
tributions of the various air layers above the site suggisststhe main contribution,
some 50%, comes from air in the boundary layer (from a few rseétel km above the
ground. They found that 40% is provided by the free air abokenand that 8% comes
from the surface layer of the first few meters. Sources iratieimthe dome provide the

remaining 2%.

A longer 9 month study (Mufioz-Tufibn et al., 1997) usingl®® mounted on a
5m tower (above the surface layer) concluded that the irmetayer which lies below
the observatory site is of particular importance in deteing seeing characteristics.
The layer generally lies between 1200m and 1500m, well b#tevsite at 2400m and
acts to suppress convection - a layer of strato-cumulusnergdly seen at the top of
this layer. Around 55% of the local atmospheric humidityrepiped below the layer
with around 20% above. They find that the best seeing coe®laith those times when
the inversion layer is at its lowest (around 1200m) and sfesh (largest temperature

difference between top and bottom of the layer) which ocautie summer months
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(June, July and August). At this time the strength of thedraghds is highest. They
find that during the summer the average seeing is 0.61” andam&d5”. During the

remaining months the average seeing is 0.77” and mediari.0.91

Mufioz-Tufion et al. (1997) also studied some time vamatffects finding that
typically seeing can change very abruptly, deterioratirnigniv a few minutes but that
it rarely returns to a stable level so quickly. Typically yhind a recovery time of
around 2 hours which they put this down to the effects of sndakrturbations in a
steady atmospheric flow giving rise to turbulence which eketsome time to settle.

Some oscillatory effects were recorded with a period of atbd5 minutes.

A year long study by Mufioz-Tufon et al. (1998) on the v@wiaof seeing between
different sites at the ORM revealed an average seeing of’ @@ median 0.65”".
They found relatively small variation between sites exeepén the seeing was partic-
ularly poor when the variation was more pronounced - up t8 Be2ween locations.
In summer they find that seeing is better than 0.5” for 50% eftime dropping to
25% averaged over the whole year. A correlation was founaiéen wind speed and

direction and seeing quality.

At low wind speed & 5 km/h) there was no relation between wind direction and
seeing. At medium wind speed (5 - 15 km/h) they found the besing associated
with Northerly winds and poor seeing when the wind was Salgh@om over the

Caldera rim). At high wind speeds-(45km) seeing was generally very poor.

In a further study of site conditions, Vernin and Mufiozadbn™(1998) find a relax-

ation time for seeing to return twormalafter an excursion to be around 1.2 hours.

4.4.1 Collected seeing data from archived images

Data from the LT image archive, originally extracted fronTBlheaders was collated

and processed to give seeing statistics. The processihglet correcting for target
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zenith distance: and wavelength\ (Eg. 15% using details of the instrument filter
choice, correction for binning and removal of outliers cadiy:- {) Some images
are deliberately defocussed or telescope out of foa)dnfages of extended sources

cause problems for reduction pipelingi,(Other general pipeline problems.

s(z =0, g) = s(z, )\)()\—);)0'2 sec?® 2 (15)

The number of images available for processing per monthfzoess in Fig. 4.18.
There are at least 2000 images per month, in some cases uf®®.10n average

around 5000 giving a worst case statistical noise of aroth@%.

Count of seeing samples per month
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Figure 4.18: Monthly count of images used for deriving sgatatistics. There are at
least 2000 samples available on each of the months with anmewiof 11000.

Figures 4.19 and 4.20 show the relative and cumulativeibigtons of atmospheric
seeing over the full period of available images both raw ardacted for elevation and

wavelength. Table 4.3 shows the quartiles of seeing data.

5The correction of seeing to R-bandig) at zenith is due to work by Sarazin and Roddier (1990)
based on earlier work by Fried (1966)
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Relative distribution of atmospeheric seeing
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Figure 4.19: Relative distribution of r-band seeing datar faw images the average
seeing is 1.35"while for corrected images this reduces®8'0.Both distributions are
broad with 50% of raw images between 0.97” and 1.63” whiledoirected images

50% of images lie between 0.8” and 1.3".
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Figure 4.20: Cumulative distribution of seeing data.

Seeing quartiles (r-band)

Quartile Raw Corrected

Q1 0.97" 0.8
Q2 1.25" 0.95
Q3 1.63" 1.3

Table 4.3: Quartiles of raw and corrected seeing distrimgiextracted from Fig. 4.19
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4.4.2 Variation of seeing during the night.

It is @ common belief that there is a systematic variationeeiisg quality during the
night, This has been found to be incorrect by Muioz-Tu@bal. (1997). The data
collected and displayed in Fig.4.21 shows the variationverage seeing with time
(binned by UT) over a 3 year period. Allowing for the variatiof a given UT time
with time after sunsebver the year there does not appear to be a large variatian ove
the darker part of the night. Fig. 4.22 shows the relative benof samples per UT bin,
typically around 1500 samples per bin indicating low lealsoise (around-2.5%).

Fig. 4.23 shows some examples of nightly seeing profiles. @nralividual night the

seeing may increase, decrease, remain relatively stabirpquite dramatically.

UT averaged seeing
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Figure 4.21: Seeing averaged by UT binning of time over ailable nights. There is
clearly no systematic variation over the course of the night

4.4.3 Monthly variation of seeing.

Fig. 4.24 shows the variation of r-band seeing averaged petimover the set of avail-
able images. Seeing appears to be better over the summehsnyyically around
1.0"), deteriorating markedly during winter to around lib"agreement with Muioz-

Tufion et al. (1997) who find the best seeing from June to Atugu
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UT averaged seeing - samples count per bin
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Figure 4.22: Counts of samples per bin for UT averaged sedata The large num-
ber of samples, typically around 1500 for each bin suggests wery low levels of
statistical noise (typically-0.05") will be present in the data.
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Seeing LT: (Night starting: 2006-12-15 )

Seeing LT: (Night starting: 2006-03-22 )
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Figure 4.23: Example r-band seeing profiles. As can be sega ithsome considerable
variation from night to night.
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Figure 4.24: Corrected seeing averaged per month over ailadle images. The best
seeing is during the summer months (roughly July to Septemibeagreement with
Mufioz-Tufobn et al. (1997) who find the best seeing fromedorAugust.
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Relative distribution of atmospheric seeing - Jan Relative distribution of atmospheric seeing - Feb
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Figure 4.25: Relative r-band seeing distributions by mdd#énuary - June). The best
seeing occurs in June and surprisingly February.

112



Relative distribution of atmospheric seeing - July Relative distribution of atmospheric seeing - Aug
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Figure 4.26: Relative r-band seeing distributions by mddthy - December). Seeing
deteriorates from October through December.

4.4.4 Extinction

A study of the contributions to extinction at the ORM was mhagéing (1985). This
gives formulae for the calculation of the contributionsrfrdRayleigh scattering and
absorption by ozone and water-vapour. They find that theribortiion from ozone can

vary significantly during the year and even on timescalesfefahours.

A major contribution to extinction is the dust (calima) caimed in the Saharan Air

Layer (SAL). This dust is thrown up from the Saharan desempiggdominatly South
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Easterly winds and then pushed West over the Canaries aadt#tloften reaching as
far as South America and the Caribbean. In a study compaiigCextinction mea-
surements with data derived from satellites Varela et @072 find that during summer
around 75% of nights are dust-free but during the rest of &8 yhis rises to around
90%. Episodes of calima can however occur sporadicallyregrdimes. They find that
ky is typically < 0.2mag/airmass for 88% of times and> 0.5mag/airmass for 1%
of nights with a modal value of 0.11 during dust-free nightee cross-over between

photometric and spectroscopic conditions occuts,at 0.153mag/airmass

A study of 2850 nights of CAMC data by Guerrero et al. (1998e#ds that most
dust s present during June to September (coincidentalyehied of best seeing), they
also note large changes in mean extinction during 1991 aB8@ t8rresponding to

eruptions of Mt. Pinatubo and El Chichon.

Currently there are no automated means of providing extincinformation to
the scheduler though this is an observing constraint @sailto users. The infor-
mation is entered by an observer early in the night based cariaty of indicators
including:- () inspection of webcam images from LT and Nordic Optical $etgpe
(NOT), (i) calima and cloud indications on satellite imagé&s) §tability of insolation
measurements during the daiy) (variability of cloud temperature measurements from

Boltwood Cloud Sensor (BCS) (Marchant et al., 2008) .

4.4.5 Sky brightness

In a detailed analysis based on 427 observations made \eitsdlac Newton Telescope
(INT) and the Jacobus Kaptyn Telescope (JKT) on La Palmadssivt987 and 1996,
Benn and Ellison (1998) found that the sky background at the ORM is composed
of contributions from (in decreasing order of precedencg)) Airglow, (ii ) Zodia-

cal light, (ii ) Stars (with” > 20), (iv ) Starlight scattered by interstellar dust, (

) Extragalactic light, i ) Light pollution.

6A  regularly updated online version of this paper is ava#abl at:
http://www.ing.iac.es/Astronomy/observing/conditsdskybr/skybr.html
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They find the relative contribution from airglow and zodihtght to be around
2.5:1 at high ecliptic latitude while at lower latitude thieyss brighter by 0.4 mag.
The mean brightness across the sky does not vary by more thamg@ between times
of astronomical twilight. They present a formula for caktibn of the sky brightness
in V as a function of sky position in moonless conditions. Aailed study of the sky-

brightness under moonlight conditions is presented indfuisas and Schaefer (1991).

Sky brightness is not currently used by the scheduler (d@ttzarvia a lunar-elevation
constraint which indicatebright or dark sky) but could be included as an additonal

observing constraint if a suitable means of determining were feasible.

4.4.6 Conclusions

Details of the atmospheric (R-band) seeing, measured bgldinge pipeline operat-
ing on data from the telescope’s main imaging camera wena&xd from the data
archive and reduced taking into account pixel-scale, bigfilter wavelength and tar-
get elevation above the horizon. The results indicateditieamedian seeing on site is
around 0.95”. It was also noted that median seeing is bestmmreer, typically around
0.78” with average of 1.0” and poorest in December with a rmedalue around 0.93”
and average over the winter months of 1.5”. It was furthentbthat typically, and
contrary to popular belief, no systematic variation in sgeguality occurs over the

course of the night.

4.5 Phase 2 population

The Phase 2 ODB contains a large amount of data. There ardks ta the database
and among these there are:- 16000 groups (around 500-798 attany time) in 90

proposals belonging to up to 200 users. There are a total 800000 observation
sequence elements (instructions on what to do) of whichret&@00 are active at any

time. Over the last 2 years of operation of the current dat@laplementation (August
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2009 to July 2011) some 20000 execution history elementsydeng the completion

of group executions have been inserted.

As examples of the numerous statistics which could be ettlatom the ODB
to characterize its content, Fig. 4.27 shows the distrdoutf lengths of monitoring
periods for groups witimonitoror minimum intervatiming constraints while Fig. 4.28
shows the distribution of lengths of observing sequencasgt on exposure lengths)
for groups in the ODB. As can be seen from both these plotetisest wide range in
these characteristics along with some detailed strucithes. gives at least a flavour of

the complexity of trying to characterize the ODB content.
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Figure 4.27: Distribution of lengths of monitoring periofis repeating groups over
full ODB content. There are peaks at 4 hours, 1 day and 1-4 sveek

As an example of how this complexity manifests itself in tkbesluling process,
Table. 4.4 shows the scores for the set of feasible candgtatgps on a particular

despatch scheduler sweep in rank order.

The scores plotted in Fig. 4.29 show that the top ranked giotips casel0129is
well ahead of any rivals, however the lower ranked groupscloser together. Over

the course of the night the scores of the winning groups aogvshn Fig. 4.30. It
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Distribution of exposure lengths
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Figure 4.28: Distribution of lengths of exposures over fDDB content. The largest
number of exposures lie between 30 and 240 seconds.

Scores for top ranked candidates.

Rank Group ID Scorefsy
1 J0129 0.8266

2 J0926 0.6930

3 sbs909 0.6688

4 a0535 0.6512

5 BDp25727sz 0.6389

6 blazars-opt-0420 0.6264
7 blazars-opt-cta26 0.5651
8 2487G000t000 0.5603
9 24281000t000 0.5248

10 Test 0.4612

11 2392D000t000 0.4470
12 2428J000t000 0.4464
13 24691000t000 0.4424
14 2476F000t000 0.4214
15 2494J000t000 0.4209
16 2456E000t000 0.4141
17 25051000t000 0.4052
18 2447A000t000 0.3987

Table 4.4. Scores of top ranked candidate groups for singheduler sweep at
20:37UT. The group selected on this swee1$29
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displays the typicaktaircase descerftetween 19:30UT and 21:30UT as the initial
population of candidates is used up before the next set be@abled. As can be
seen the winning score jumps around quite noticably, thiduis to higher scoring
groups becoming enabled. The flat sections on the plot reptggeriods when no
scheduling is taking place, either because a group is exgcat because operations

are suspended for some reason.

Selecting one of the lower ranked groups and for no partta@ason chosing the
15" ranked grou®494J000t000Fig. 4.30 also shows its score trend relative to the
winning group on each subsequent schedule sweep. Its gsesquickly over the

next few hours reaching a peak of 0.65 when it is schedule@:86QT.

As can be see?494J000t00tnissed being selected narrowly on the 2 sweeps previ-
ous to its actual selection. Between 21:30UT and 23:00UT@leigroup is executed,
all things being equal our candidate group with its risingrecshould be selected at
2300UT as its score has ramped up while the general trendeobttier candidates
is downward. However a set of newly enabled groups have becmbled in the
meantime, delaying its selection until the general trensl tiecayed to the level of

2494J000t00@t 00:06UT

There is thus from the point of view of any particular grouped@ment of chance
on when it might actually be selected (if at all) due to thetipatar distribution of

information within the ODB.

4.6 Summary and conclusions

In this section | have investigated the environment in whiehscheduler operates in
order to determine the character and range of variationeddtparameters, how they
might affect scheduling and the possibility of making potidins of how these might
develop in time. In the case of technical downtime, it wasfbthat these disruptive

events occur irregularly and with little chance of prediati

118



Variation of candidate score with rank
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Figure 4.29: Variation of scorés;; with rank for candidate groups.

Bad weather which is also disruptive, in that it leads to@#siwhen no scheduling
takes place and where schedules already running are iptedius dominated by high
humidity events accounting to 90% of such periods. A simpbelehwas shown to be
capable of predicting the length of a run of good or bad wedibreup to 30 hours

ahead with> 80% accuracy.

R-band seeing data, extracted from images taken by the Lais stience camera,
was shown to be generally better in summer (average 1.0f)whater (average 1.5%).
Variation of seeing during the course of the night affectsestuling by restricting the
set of available groups with reference to their specifieceolsg constraints. Work
by various investigators on the prediction of seeing suggbss is a difficult problem

due to the nature of the mechanism involved (micro-turbcgan the atmosphere).

The content of the Phase 2 ODB affects scheduling by virtubetomplex inter-
action between the competing groups of observations andadiie large number of
parameters which characterize the pool of observationsexample of such interac-
tion was shown for a particular night which demonstratecddajygarentrandomness of

this interaction.
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Variation of score for winning candidate with time
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Figure 4.30: Variation of scorés;; for group2494J000t000elative to winning group
on each schedule sweep. This group is rank&t on the 20:37UT sweep. Its score
rises quickly until 00:06UT when it is selected. Note that thinning score jumps
around considerably as higher priority groups become eunkd various times.
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5 Architecture

5.1 Introduction

A principal aim of this project was to design a component éechure for building
scheduler implementations along with a simulation framdwo which to test and
measure the performance of these schedulers. As a pretyrstep, prior to the start
of this project, a simple despatch scheduler Fraser (20@4)bwilt for the LT to allow
robotic science operations to start in 2004. The work ondbieduler and subsequent
study of its operation provided insight into the range of poments that would be

necessary to design a scheduler component architectue) (SC

Some of the objectives in the design of the SCA (Fraser anele&Ste008) are:-

¢ Hide the underlying database implementation from the sdleed

Provide a summarized version of the database content ashikdider does not

require such detail.

Provide a range of standard, extendable tool interfaces.

Hide the scheduler implementation from executor.

Ability to make predictions about future conditions.

Time synchronization between scheduler and simulatianéssork.

It was a principle requirement that all components shoulddxly interchangable
to suit the experiment. Most importantly, it should be feésto plug an operational
scheduler into a simulation environment with very littléoef and withno modification
to the scheduler itself, it should in effect be unaware of tveit is scheduling real
observations or not. The design would promote the use ofdkeented interfaces

to facilitate this plugability.
In the forthcoming descriptions the following symbols ased:-
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g A composite group (the group currently under consideration

t The current (real or simulation) time.

a The set of account synopses apertaining to the current group

h Synopsis of the execution history of the current group.

e The current (at time t) environmental conditions.

The SCA is described in Fig. 5.1 and is seen to be built up fremmaber of distinct

layers. Each of these are described in detail in the follgveections.
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5.2 Fundamental Components Layer (FCL)

This layer contains models which provide access to the PHagecounting and
Group Execution history stored in the ODB. These models seel by the higher lay-
ers of the scheduling architecture and by the external Phasser Interface services

to query and update the database.

5.2.1 Phase2 model

This is the information entered by the observers or on thelatf by automated agents
which describes the content and constraints of the obsprograms - i.e what to do

and when. The information can be broken into the followingggaries:-

e Observation specifications contain details of the sequehaperations required
to perform the observations; target selection, acquisiéind tracking informa-
tion, instrument selection, calibration and configuratigpe, number and length

of exposures, mosaicing offset patterns.

e Timing constraints which determine when, how frequentlgt how many times

to perform groups of observations.

e Observing constraints impose limitations on the condgiander which obser-

vations may be taken.

5.2.2 History model

The history model (H) represents the record of executiotohies of groups from the
Phase 2 model. For flexibly scheduled single execution grthip is just the date/time
it was executed. For repeating groups it represents theriisf all of the times the

group has been attempted (whether successfully or notyalith execution statistics.
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5.2.3 Accounting model

The allocation and use of resources by groups, proposalSA&@ad is provided through
the accounting model (A). When a proposal is created and bsesjuent semesters if
still active, the accounts for the proposal (and sponsofing) are allocated new re-
sources. When groups are executed the balance of relevamirats is appropriately
reduced. When observations are made but found to be subasthrthe relevant ac-
count balance may be adjustedoayback All of these transactions are recorded in the
ODB via the accounting model. The model also allows the sgleedr User Interface

to trace the history of transactions via an audit trail.

5.3 Aggregate Components Layer (ACL)

The scheduling engine does not use the FCL models directytlyfbecause much
of the information contained in those models is more dadadefine-grained than it
requires to make scheduling decisions and more importémtiyhe sake of efficiency,
the ACL provides synposes of the FCL models. When runningsimallation environ-
ment, rather than generating the basic FCL models, the atioalcontroller usually

generates the models in this layer directly.

5.3.1 Phase 2 Composite Model

The Phase 2 Composite Model (P2C) providegr@up-centricview of the Phase 2
ODB content. In addition to the sequencing, timing and obegrconstraints the
compositeggroups provided by this model contain details of the ownirgppsal, TAG,

program and PI.

5.3.2 Account Synopsis Model

This model provides a single poiatcount synopsifr each proposal containing de-

tails of all of the proposal’s accounts for each valid semesthe synopses contain
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balance information but do not provide a detailed audit feanility.

5.3.3 History Synopsis Model

Details of the latest successful execution and number afigians up to a given date

are provided by this model.

5.4 Computational Tools Layer (CTL)

The CTL provides models and tools for processing infornratierived from the ACL.
These are the scheduler's models of the function of the eéggauhether RCS or simu-
lation controller. Computing models such as éxecution timing modeX (g, t) which
provides details of the time required to execute groups byetimg the function of
the execution system and tfeasibility modelb(g, t, e, a, h) which determines the po-
tential observability of groups under given environmetaiditions. The astrometric

tools can also be considered part of this layer.

5.4.1 Execution timing model

Provides details of resource consumption of groups of easiens, answering ques-
tions like:- how long will it take to complete group xPMformation relating to the
telescope, instruments and robotic system are combine@dke these estimates based
on the primitive operations described by the group’s olet@mm sequence. Some of
these components can be characterized well, others pra\ddarce of uncertainty. In
the standard model used in the deployed system, Table. Sctilbles which events in

an observing sequence are used to make the estimation:-
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Factors involved in calculation of execution time.

Time factor When required

Slew rate in each axis Target changes, position offsetataotmode or
angle changes, rotator cardinal pointing solution
changes.

Instrument filter defocus time Instrument or filter changes.

Fold mirror move/deploy Instrument changes, some calitiat

Instrument configuration Movement of filter wheel, gratingpther internal
mechanism.

Instrument calibration Lamp-flats, darks, biasing, arcs.

Fine-tuning Acquisition by an instrument onto spectrograp
slit

Autoguider acquisition When switching autoguider on.

Aperture offsets Instrument changes.

Readout time Exposures, may depend on binning and window-
ing

Data write-to-disc time Exposures, may depend on binnirgy\aimdow-
ing.

Table 5.1: Factors involved in calculation of executiondifar groups.

5.4.2 Execution feasibility model

Generally denoted by the symbb(g, ¢, e, a, h) this model is used to determine whether
a particular group is feasible subject to its constraints amder specified conditions.

A number of factors are taken into account in the operatigrgdployed system:-

e Seeing The actual seeing, corrected for airmass and wavelengidhstandard

datum (zenith, r-band) is compared to that specified in aayngeconstraint.

e Lunar elevation The moon must be set for groups which specify a Lunar Ele-

vation constraint.

e Lunar distance All targets in a group’s sequence must be a minimum distance

on the sky from the moon.

e Hour-angle- All targets in the group must fall within specified HA limita

order to be observed.
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Solar elevation The sun’s elevation is compared to the requested level ief tw

light or astronomical darkness.

Airmass- All targets in a group must remain above the specified aisthasthe

duration of the group’s execution.

Extinction- Extinction is determined early in the night. If the groumu@es
Photometric conditions and the current conditions are @oimwill not be se-

lected.

Horizon- All targets in a group must be visible above the dome horigggically
20 - 25 degrees depending on any engineering settings, éduthduration of
the group.

Zenith- Targets must not cross the zenith avoidance zone (ZAZnduwah ob-
servation. This is a very narrow zone around the zenith iragatue to speed

limitation of the cassegrain rotator tracking.

Time limit- The RCS may impose time limits by which groups must have com-
pleted such as for performing important calibration obagons. Groups will

not be selected if they are expected to overrun into suclogeri

Daytime- Groups will not be selected if they are expected to overnio day-

time.

Allocation- A group cannot be selected if the containing proposal’al ttne

allocation will become overdrawn.

Activation- If a proposal is outside of its activation period no groups de

selected from it.

Axis Limit- No target in a group may cross outside any temporary axigaan

which may be imposed for engineering reasons from time te.tim
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e Instrument- If any observation in a group specifies an unavailable umséent,
or a configuration which is not currently available for antinsent, or the in-

strument is impaired, the group cannot be selected.

e Fixed group- If a fixed group is due before a candidate group can be exgpéate
complete (with a short buffer time to allow slewing onto t&tijgthen that group

cannot be selected.

e Autoguider- It is possible to specify mandatory, optional or no autdguiuse.
If the autoguider is reported as unavailable or impairedugs which require

mandatory use of this will not be selected.

5.4.3 Astrometry

The astrometry library provides tools to work out where gas types of target (stars,
planets, NEOs and the sun and moon) are on the sky. Addilyomgrovides tools
to determine rising, setting and transit times of objects warious transformations

between coordinate systems.

5.5 Prediction Components Layer (PCL)

Contains models for predicting sky and weather conditiamd atime modelhich
provides a synchronizing time signal. In an operationatexinithese models are fed
from external sources such as the weather monitoring sy§f¢msS), the sky con-
ditions model and the instrument and telescope monitorysgess. In a simulation
environment these components can be setup to perform predicof whatever de-
gree of accuracy is required by tying their predictions tersrios generated by the

components in the SCL (Sect. 5.6).
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5.5.1 Environmental Prediction Model

During both operational and simulated execution the sdleedeeds to have available
a prediction of the sky conditions. In the case of a despaticbduler the requirement
is simply for the current conditions. In an operational @xtthis information is gener-
ated by reduction of the images from the main imaging camiara veal-time pipeline
algorithm (ARI, 2011). These are fed into the model and aroegptial averaging ap-
plied so that recent reductions have higher weight thanroltkictions. In the case of
a look-ahead scheduler the requirement is to determinethetburrent conditions and
how far into the future these conditions will remain staliieorder to deduce a suit-
able sequence horizon. In a simulation context this inféionacan be provided by an
Environmental Scenario Generator (Sect. 5.6.1). The ptiedi can be made to be as
accurate or innacurate as the experiment requires. In aiatmeal context, prediction
of environmental conditions is somewhat more difficult, arendetailed discussion on
this subject is to be found in Sect. 4.4. In the experimentsralrer of Environmental
Prediction Models are used. Fixed environment modgls, Er4, Erx etc are used
in the simulations in Sect. 8. A more advanced model is desdrin Sect. 10 in the

context of measuring the effect of environmental staboryscheduling.

5.5.2 Weather Prediction Model and Disruptor Model

Disruptions are any events which can stop the execution ebtiserving program.
These include:- bad weather, mechanical, electrical anldayic faults and software
problems leading to node reboots. If the scheduler knewwarmck when these events
were going to occur it could take them into account in its sieci making process.
With the exception of weather for which there is at least sdiméed potential for
future prediction, the other types of event are by their retunpredictable. This is not
to say however that some account cannot be taken of theseaV\& east obtain long-
term averages of the rates and duration of these types of andrieed this information

into the scheduler. In the operational context, a despateugiires only the current
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weather, though ideally an estimate of the likelihood of weather remaining good
for the length of a group under consideration would be usé&t@dather information is
supplied by the telescope’s Weather Monitoring System (WM& various filtering

mechanisms supplied by the RCS. In a simulation contextiveeaind other disruptor
information is supplied by a Weather or Disruptor Scenaren&ator (Sect. 5.6.2).
The weather or disruptor prediction can be made to any disliegree of accuracy

required by the experiment. In Sect. 11 the effects of sustugtions are studied.

5.5.3 Instrument Synopsis Model

Information on the state of each of the instruments attatbele telescope and thus
available for use in the execution of groups is supplied k& Ittsstrument Synopsis
Model (ISM). Where a given instrument is eitheffline or impaired a group using
the instrument cannot be selected for execution. By cog@EmISM with a generated
scenario (Sect. 5.6.5) any evolving instrument availgbgicenario can be handled.
Because this model is a synoptic model rather than a prediotodel it basically an-
swers the questiols instrument x available at current time tather than the question
Will instrument x be available at future time &ome care has to be taken particularly
in the implementation of look-ahead schedulers to ensw@wetheduler only sees the
instrument’s known state at the simulation time rather ik&true state at a future time

which would be known to the scenario generator.

5.5.4 Telescope Synopsis Model

Similarly to the ISM, the TSM provides information about ttedescope state. In
particular the state of the autoguider system is of inteceite scheduler as groups for
which use this instrument is mandatory cannot be schedtiieisinon-operational
Similar considerations with respect to scenario genematial visibility of information
which apply to the ISM also apply to the TSM. A TSM can be codpie a TSG

scenario (Sect. 5.6.6).
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5.5.5 Time Model

This model simply supplies the current time to any composemh an operational
context this is represented by the system clock. In a sino@bntext the time signal

is coupled to the Time Signal Generator (Sect. 5.6.3).

5.6 Simulation Framework Components Layer (SCL)

Providesscenario generatorsiith which to build a simulation environment incopo-
rating time-varying and random effects (weather and skyd@émns). A stochastic
timing modelsimulates variable execution timing due to uncertainty iechanical
and software processes while a seperate signal generatodes a time signal to the

simulation controller.

5.6.1 Environmental Scenario Generator

This allows an environment (sky conditions) scenario to &gresented. It can be
taken from actual processed sky conditions data or germteusieg statistical or other
means. From the scheduler’s point of view, it is not usuabiyaerned with the precise
details of how the seeing value is changing from minute tout@njust the general
classification of conditions into extinction as photon&tron-photometric and seeing

into one of the 3 or 4 pre-defined bands.

5.6.2 Weather Scenario Generator and Disruptor Scenario Qeerator

This allows a weather scenario to be represented. It carkba feom actual processed
weather data or generated from statistical measurementb@rmeans. As with envi-
ronmental scenario we only need to know if the weather is gwdzhd not the details

though this level of detail may be needed for prediction niiode
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5.6.3 Time Signal Generator

The Time Signal Generator (TSG) is vital to the operatiorhefsimulation framework.
It allows the simulation controller to synchronize with #eecuting scheduler and any
real-time operations being performed. More details of tdosiponent are to be found

in Sect. 6.

5.6.4 Stochastic Timing Model

Although the execution timing modek() described in Sect. 5.4.1 allows the scheduler
to estimate the duration of a group execution, the actuatgi@n duration may vary

for a number of reasons including:-

(i) A slew can take anything up to 180 secs) Fine-tuning acquisition onto a
spectrograph fibre can take up to 60 seis), §utoguider lock can take up to 60 secs,
(iv) science fold movement between instrument ports can take dp secs,\) im-
ager configuration time depends on the start and end filtatigos on the wheel and
direction of travel, yi) exposure readout times can vary to a small extent but where a

large number of short exposures is performed this can béfisigmit.

The Stochastic Timing Model allows this variation to be mitatkin a simulation
context. This is the size of the time-step for the simulatechgletion of a group.
The distribution of times around the nominal value calcedidy the execution timing
model depends on the specific model used. Fig. 5.2 shows shés®f 2 methods
of implementing a stochastic timing model for a sequencdainmg 3 slews and 3
instrument configurations. The flat plot is the result of agda random variation to
the total calculated execution time from an implementatbthe Execution Timing
Model. The curved plot shows the results of modelling eacthefvariable processes

then adding the results.

133



Distribution of execution times for stochastic execution timing model
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Figure 5.2: Distribution of execution times for stochagtxecution modelMono plot
uses a single calculation to total up contribution of allresemulti plot works out
a seperate random effect for each contributing event. Int wiothe experiments the
mono version is used for simplicity.

5.6.5 Instrument Scenario Generator

Allows the time evolving state of the instruments to be mtadkl In general this is
just setup so that all instruments are always online andablai If there were an
experimental requirement to disable one or more instrusfenta period such a feature

would be implemented here.

5.6.6 Telescope Scenario Generator

Allows the time-evolving state of the telescope systemseariodelled. The most
important component being the autoguider status. Whenighodfline or impaired,

any groups with mandatory autoguider use become infeasible
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5.7 Scheduling Engine Component Layer (SECL)

The components in this layer largely determine how a scleduhctions. Imple-
mentations of the heuristics and logic of the schedulerrélyos are specified here.
In addition to basic scoring and selection mechanismsaittfeeduler-specific algo-
rithms would be included here. This layer is in effect whaidobe described ahe

scheduler

5.7.1 Scoring Model

Calculation of the scoreY(g, t, ¢, a, h)) for a group at a given time and with the spec-
ified execution history,, account synopsis under environmental conditiorsfrom a
set of metrics is provided by an implementation of this mod&inumber of schedule
guality metrics were defined in Sect. 3. The derivative \@rsiof these SQMs are fre-
qguently used as scoring metrics. Typically fo@ametric such a€)o 4, the equivalent

scoring metric is denotefh 4 = Qo .

e Height metricf, simply measures the elevation of the group’s target at the ti
of potential observation. Variations on this metric canude taking the mean
or peak elevation over the duration of the group. If a group inaltiple targets
various averages can be used such as taking mean elevateacioftarget at
some point in the execution. More complex averages coukliteth account the

actual times at which each target will be observed.

e Airmass metricf,;,. is similar to f;, except that the airmass is used rather than el-
evation thus taking into account the nonlinear nature oféfetionship between

sky-quality and elevation.

e Transit metricf;,., iS an attempt to take into account the unfair advantage pro-
vided by the two previous metrick, and f,;.. These force a bias towards tar-

gets whose declination is close to the latitude of the oladery. This metric
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measures the quality of observing at a given time by takimgdirrent target
elevation as a fraction of itsestelevation. This is generally taken as its transit
elevation which can be calculated easily. For groups whizmak transit dur-
ing the feasibility window and in particular for groups witkry short feasibility
windows this may still be somewhat unfair as the transitaiew may not be

remotely achievable in that window.

Optimal elevationf,;, and optimal airmasg,, metrics attempt to redress this
problem by taking the ratio of current elevation lbest possibleslevation (or

airmass) in the group’s feasibility window.

Slew metricf,,.,, attempts to penalize groups for which a long axis slew (idclu
ing rotator) from the current telescope position is reqalir€his can prove very
difficult to calculate as it requires the scheduler to prethe way the execu-
tor will choose rotation angles. The recently introducedls®l pointing (CP)
regime on the LT, to handle the problem of coolant pipes inthag, makes this

somewhat easier to determine.

Sky condition matching metrit.. (also f,..« and f,) is designed to match a
group’s sky condition requirements to the actual (or presdiy conditions at the
time of execution. This is intended to ensure that groupskwvido not require

particularly good conditions do not take an excessive sbbg®od conditions.

Lunar condition matching metrig¢,,,.,, is similar to the above but attempts to
prevent groups which can ubeght time from taking an excessive sharedairk

time.

Priority metric f, is designed to ensure that groups of higher scientific gyiori

get a better share of time.

Resource allocation metrif;, measures the use of various resources by a group
or its containing proposal. This is typically the use of tifn@m the proposal’s

total semester allowance. It can be used either to helpiluigér time fairly
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between proposals or to force completion of proposals whale already been

started.

e Demand metricf;; uses the group’s demand for time as an indication of the
urgency of performing the group (Eq. 5 in Sect. 3.2.2). Theailehind this is to

select the groups which have the most critical requirmerd fgiven time period.

e Urgency metricf,,, is similar to the demand metric but measures the number of
additional chances (in terms of alternative remaining tsgim which the group

couldbe observed if not tonight.

e Yield tracking metricf,, tracks the deficit in data product yield. This is basically
the difference between the amount of data that might have begected if all
of a group’s observations had been performed at each occasien they could
have been and what has actually been achieved . In orderdolai this met-
ric, both past and future yield estimates and yield to-dater@quired for each
active group. This is an expensive calculation as the setadilble and available
windows have to be calculated over possibly an extendedg¢e.g. a whole

semester).

An actual scoring metric is typically composed of a weightedh of some of the

above metrics of the form:-

f(g>ta €, a, h) - wOfO(gataea a, h)+w1fl(g>ta €, a, h)+ : +wnfn(g>ta €, a, h) (16)

wheref(g,t, e, a, h) is the score for group at timet under environment conditions
account balance and with execution historg. The weightsuy; represent the emphasis

that is placed on the various metrics based on managemenitips.
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5.7.2 Selection Model

Given a set of weighted scores or a set of raw metrics, thet@teModel () chooses
which group or sequence of groups to execute next or overagkehorizon. In the ex-
periments (Sect. 9 and others) several selection modelssagt In theBestselection
model, the highest scoring group is always selected. In #nmwsbiasedselection
models a degree of noise is added so that sometimes the hggloemg group is not
selected. In certain experiments, a self-explanatandomselection model is em-

ployed.

5.7.3 Metric Generator

This component works out the set of metrics appropriate tooagat a given time
under specified conditions. The set of metrics can then be tssealculate a score
(ScoringModel) or inspected to apply some other type oédon to determine a win-
ner. An example is to pick the group for which some metricis highest, then if tied,

select the group for which, is highest.

5.7.4 Charge Accounting Model

When observers prepare their proposals to go before the Dh@rhe and resource
allocation the cost or charging modél’)is used to calculate the amount of time the
groupsshouldtake to execute. In the operational context, standard fgimeslew-
ing, acquisition, readout and instrument configuration@rklished on the telescope
websit€ for observers to calculate their resource requirementgsé&ivalues are used
to calculate the nominal cost of performing a group. In tgaigroup may take more
or less time than this but this is the resource usage whichasged to the relevant
account. This model is exposed through the Phase 2 Usefdogetio allow observers

to determine these costs in advance.

"http://telescope.livim.ac.uk/Info/Propinst/Phasel/
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5.8 Interface Components Layer (ICL)

The executive, whether it be an actual robotic control sysbe a simulation control
application, communicates with the scheduler via the carepts in this layer. The
despatcheis the executive’s entry point for obtaining a schedule delipdateral-
lows the executor to supply observation completion staigiack to the fundamental
component models. (e.g. to let the history model know thabagwas successfully

executed).

5.8.1 Despatcher

The despatcher interface is where the execution systemsmegaests for new groups
of observations to perform. In the case of a despatch sceeB@S (Sect. 6.4.1) this
is the signal to make a scheduling sweep. In the case of amtopeal Look-ahead
scheduler the sequence for the current horizon shoulddireave been generated in
advance, the despatcher then just pulls the next group ®fbteé-compiled sequence.
In the case of QLAS (Sect. 6.4.2) the signal to generate aes®guis triggered by
the first call to the despatcher. Thereafter it returns thé naexecuted group from
the sequence till the horizon is exceeded or the list runs lbdlhen generates a new
sequence on the following call. This would be inefficient &r operational system
where the executor might have to wait a significant periodhatend of each horizon

but is quite acceptable in a simulation environment.

5.8.2 Updater

When a group has completed, whether successful or not, g} must pass in-
formation back down to the database to record the state ®ett@cution and to allow
the sponsoring proposal and TAG accounts to be debited. Paatgr provides this
interface. It may directly modify the ODB via FCL componewntsmay update the
cached models in the ACL which then propagate these changdabes FCL to the
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ODB. When a group fails for some reason, the history modetives information
detailing the cause of the error which can be useful for uaatsoperations staff in

diagnosing problems.

5.9 Executive Components Layer (ECL)

Represents the external application which requires thecesr of the scheduler. This
will either be the telescope’s Robotic Control System, asation control application

or a user tool.

5.9.1 Executor

This component represents the system which performs thenadigons. In an opera-
tional system, this is the robotic control system of thedetge. Its general cycle of

operation involves repeating the following sequence:-

1. Request next group froespatcher

2. Decompose observing sequence and send commands tmpaesed instru-

ments.

3. Send completion information tdpdater.

5.9.2 Simulation Controller

For each simulation experiment a controller applicatiorstrae designed. It is re-
sponsible for setting up any generated models and sceramw$or performing the

observations. Additional details of simulation operasi@ne provided in Sect. 6.2.
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5.10 Implementation

The scheduler component architecture (SCA) is writtenwadand consists 195 classes
in 16 subpackages totalling 25000 lines of code. The SCA poged on both a test
system for the simulation experiments and on site on the @atey Control Com-
puter (OCC). The test system is an AMD Semp%ri800+ processor with a nominal
speed of 1.6GHz and 1GB RAM. On this system a typical schexludgep takes around
1 minute. The OCC is a rack-mounted Proliant DL380 with 4liXeon® processors
running at 2.8Ghz and with 3GB RAM. On the OCC a schedule swadegs from 1 to

4 seconds.
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6 Experiments

6.1 Introduction

The simulation experiments are performed using schedbl@iswith the Scheduler
Component Architecture (SCA) described in (Sect. 5). Ineord setup a specific
simulation experiment it is necessary to devise both a sdeednplementation and a
simulation experiment control application (SEC) specifichte experiment (or set of
experiments). Fig. 6.1 shows the general architecture gpedl simulation experi-
ment. The SEC creates the various data models (Phase2 néiocptistory, environ-
ment, etc) and resource tools (execution timing calculatmrironment prediction, etc)
and makes these available to the scheduler via the simulatigine (simulator). The
simulator’s operating cycle involves making schedulinguests, performing these and

notifying the SEC. The SEC is then responsible for collabbany relevant statistics.

The general format of a night’'s observing is in the form of aeseof events. After
each group has started executing there is generally notfiegnificance capable of
occuring from a scheduling point of view until the group cdetps or fails. To take
advantage of this, the simulator is designed to operate bgrgéon of discrete events.
It had been anticipated that the time used in the model canlglg be set to run at the

maximum possible as permitted by the cycles@iedule— > execute— > update.

However, because certain component operations withindsdbeimplementations
might have to run as seperate threads (in the real world) tlveuld have to be a form
of time synchronization to allow these types of componenwtok correctly in the

speeded up simulation environment. To illustrate by an gtam

A specific scheduler implementation might be required to aworting operation
which takes perhaps 2 seconds of real time (a long time bylatron standards) every
5 minutes. Now 2 seconds of real time might actually corresipim several minutes
or hours of simulation time, resulting in the sorting opamatgoingout of phasewith

the rest of the simulation.
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Figure 6.1: The simulation framework architecture. The @ation Experiment Con-
trol application (SEC) is responsible for creating the @as data models used by the
scheduler. It invokes the simulator to run between spectiiads and receives feed-
back of significant scheduling events. The simulator makkeduling requests of the
scheduler and provides updates to the data models when seevalions are deemed
to have completed. Synchronization between componentgdaded up simulation
time is provided by the Time Signal Generator (TSG).
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This was solved by creating a Timing Signal Generator (TSGis component per-
mits several operations. In the main, an external client negyest an asynchronous
time-trigger at some future (simulation) time. The TSG lewpck of trigger requests
and sends these signals out asynchronously to the regsiesstarder, at the appro-
priate (simulation) times. Additionally, any client (tla@) which requires to perform
a significantreal-time operation may place a hold on the TSG to preventrgyers
being emitted. After completion of the real-time operatiba client releases the hold
and any queued triggers can be sent out. Ultimately, proviere are no extremely
time-hungry real-time operations, the simulation clockattes significantly faster

than real-time.

6.2 Simulator Operation

The operation of the simulator cycle is described in Fig. 6[Ae simulator is con-
trolled by an SEC and on initiation runs for a period specifigdhe SEC. With refer-
ence to the figure, a cycle efhedule— > execute— > update is performed. Initially
the simulation time is set to the start time specified by the SEC. A series of tests a
then performed to determinghat to do nexandhow long(denotedr) this operation

will take in terms of simulation time.

The first test determinesifis during daytime. If so the simulation will skip forward
to the calculated sunset time. If not, the second test datesmf¢ occurs during any
scheduledlisruptiveevent (bad weather, mechanism failure, engineering tifiesp
the time will be advanced to the end of this disruption. If,rast observation group is
requested from the schedule despatcher. If none are alitab simulation will skip
forward by the length of &ackground observatio(effectively idle time). If a group
is returned from the despatcher, tigectedexecution timer,,... is determined and a
further test is performed to determine of any disruptiverdseare scheduled to start
between andt + 7.,... If not, the simulation will be advanced to+ 7.,.., otherwise

to the start of the disruptioh+ 7,4.
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Once the advancer) has been determined, but before the time is actually incre-
mented, it is guaranteed that nothing can occur in thiswateo affect the run of the
simulation. At this point the Volatility Generator is calleipon to effect any Phase 2
update events scheduled for the periiod + 7]. The simulation time is then advanced
by the relevant amount. If a group has been selected for éwedtiwill have either
succeeded or failed (it may have been aborted by a disrugtient). The various mod-
els (history, accounting) are then updated and the SECvweainotification from the

simulator of group completion (or failure).

6.3 Sources of uncertainty

The real environment in which operational schedulers havariction provides many
sources of uncertainty (Sect. 4.1). The simulation fram&viintended to provide a
controlled environment for the scheduler to run in but musvle a realistic degree
of variation in these environmental variables. These ssiaf uncertainty affect both
the complexity of the scheduling problem (in terms of comjiiemetrics) and the
range of potential rewards possible (in terms of scheduldityumetrics). The main

stochastic inputs are:-

Stochastic execution modelThe execution resource estimation modx) provides
an estimate of the amount of time a group is expected to takee Various
schedulers use this to decide when a group is likely to compleowever in
reality a group might take more or less time due to variousEsiof uncertainty.
The Stochastic execution modallows the simulation framework to take these
effects into account and introduces some variation in theukited execution
times of groups. This is generally implemented by using tredjgtion from
X then adding some gaussian or white noise to simulate tleetedf variable

length telescope and instrument operations (Fig. 5.2).

Environmental model On an actual night the seeing and atmospheric extinction may

vary over the full range and with a variety of timescales thfiscting the set of
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Figure 6.2: Flowchart for simulation control algorithm. &kime advance values in
each cycle arer,,,s.: time remaining until sunset;.,, time until end of current dis-
ruption event;r,,, time until start of next disruption event;, background observing
time; 7.... execution time of a group. The decision boxes representtlmning tests:-
(i) Day(t) - is timet daytime?, i) Dis(t) - is timet inside some disruption period ?,
(iii) Sched(t) - can the despatcher find anything to deat(v) Dis(¢,t+7) - are there
any disruption events starting during the inter¢alt + 7). . The volatility generator
V' is invoked after each cycle to see if any volatile events khoocur before the start
of the next cycle.
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feasible groups available. This natural variation in the snditions are taken

into account by thenvironmental model

Phase 2 modelThe distribution of the generator parameters used to cteat®hase
2 information will affect the evolution of a schedule duritige night since the

Phase 2 model determines the range of groups availableiower t

Disruption model Interruptions of varying sizes and lengths due to (unptedie)
events affect the degree of success of schedules, thistasjggaulated using a

disruption model

Volatility model Evolution or volatility of the phase 2 database contentnsusated
using avolatility modelwhich allows new groups to be injected into the ODB at
(controlled) random intervals thus affecting the contem&nd other parameters

of the Phase 2 model.

6.4 Scheduler implementations

Two different types of scheduler are used in the experimédriisse take rather differ-

ent views of the process.

6.4.1 Despatch Scheduler

Despatch schedulers take a local view of optimization. Atpmint in time they will
try to select the groug which has the highedtifferential score f, and which best

matches current conditions. The algorithm is particulathaightforward:-

1. The ExecutionFeasibilityModek used to generate a candidate list of groups
which satisfy their timing constraints and all of their obgeg constraints under

the current environmental conditions.

2. Using theScoringModel various metrics and differential scores are calculated

for each candidate group.
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3. TheSelectionModeis used to analyse the candidate metrics and choose one of

these groups to execute.

The baseline implementation used for simulations is cdllasic Despatch Sched-
uler (BDS). This implementation is typically configured to uséetent versions of
SelectionModehnd ScoringModel For most cases the selection modgksr is em-
ployed - this selects the highest scoring candidate grougriolfs biased selection
models are tested in Sect. 9.5. The scoring model employaduvsighted sum of a
number of standard metrics such that the differential s¢pifer a candidate group

at timet under environmental conditiorfs is given by Eq. (17):-

fo= Zw,»fxg,t, E) (17)

Theexecution timing modeised by BDS has a configurable fixed duration estimate
assigned to each type of observing sequence componenti¢sdelrn Sect. 1.1) with
the exception of exposures for which the duration is catealausing configurable,

instrument-specific overheads. (See Table. 5.1 for momaldgt

6.4.2 Look Ahead Scheduler

The Look-Ahead Schedulers (LAS) try to increase the oveeallard by optimizing
over a period of time (global optimization). They have to mastimates of what is
likely to happen in the future - both in terms of external ciods (stability, volatility,
disruption) and the likely outcomes of their own actionswHikely are the selected
groups to succeed, will they overrun). In the discussiorottmiv the term sequence
refers to the ordered sequence of groups to execute duringea orizon. A typical

LAS implementation works as follows:-

1. TheHorizonDeterminantusing information about environmental stability, ODB

volatility and disruption decides how long the sequencezioor(H) should be.
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If the horizon is too short we risk losing potential rewarflHlis too long, we

risk breakages.

. Using theSolutionGeneratqgra number of candidate sequences are generated in
which each group must satisfy the timing and observing caimgs under the
predicted conditions at its expected time of execution atog to theExecu-

tionFeasibilityModel

. TheScoringModelnd ExecutionTimingModedre then used to calculate a po-
tential reward {’s) for each sequencé. When we work out this score or re-
ward, we are assume that conditions will not change duriegdtiration of the
sequence to de-enable any of the chosen groups, that thesgrallinot overrun
and that the sequence will run to completion. This may notéwarturn out to

be the case.

In order to take into account such possibilities, one tegpimiborrowed from
Al is the concept of discounting, specifically the concepEapected Future
Reward (EFR). In calculating potential reward, a discoat# g\) is selected and
applied to the scoring calculations to devalue contrimgifurther into the future
(later in the sequence). This derives from the notion thatiue of acertain

reward right now outweighs the value of a potentially higharuncertain reward
at some time in the future. The further into the future andieee uncertain the
potential reward, the less we value it. The choice of distiograte is however

the difficult part.

If an EFR policy is in force (Sect. 5) this would be used, ppshia conjunction
with environment and volatility prediction, to calculaketdiscount rateX). The

discounted total reward’s for the sequence is calculated using Eq. (18):-

Fog = Xgf,(ty,e)e a0 (18)

geSs

where X, is the expected execution duration of the graug,(¢,, e) is the dif-

ferential score fory at its expected time of executigp under environmental
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conditionse for a sequence starting &t If EFR is not in use (as is the case for

most of the experiments) then= 0.

4. TheSearchMechanismxamines the potential candidate sequences to determine

the one with the highest potential reward which is then setefor execution.

5. During execution, if conditions deteriorate, tBeeakagePolicydecides on the
course of action to take. This might involve aborting theussgce , swapping in

some alternative groups or just carrying on.

6. If new or modified groups appear during execution, 3leguestrationPolicgte-
termines whether these will be allowed to enter the sequenkea real-life
scenario it might be that a very important and urgent groughinbe added at
such a time. In particular if the horiza were very large (eg 4 hours) this new

urgent group might well be missed

7. When a sequestration does takes place, the choice of \glocip(s) to replace

is determined by &etractionHeuristic
Two implementations of LAS are employed in the simulatioperiments.

e QLAS (Quantum Look Ahead Scheduler) uses a pre-assignedomolength
(H). Its solution generation proceeds by dividing the avdddiorizon into dis-
crete short time segments guanta labelledry). For each time quantum, a ran-
dom selection is made from all those groups which are feasibthat time. For
guanta in which no group is feasible an idle gap is left. Ohedorizon is filled,
the sequence is scored and the highest scoring sequenca afiecified num-
ber (V) of runs is selected for execution. The operation of QLASuishsthat
during the execution of a schedule horizon any additionaligs added cannot

be considered until the horizon is completed - there iSaquestrationPolicy

e ELAS (Enhanced Look Ahead Scheduler) is a modified versioQIoAS. The
main enhancement is to allow new groups generated duringuére to se-

guester time. The&equestrationPolicyses the mean differential scofe=
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Fs/H of the groups included in the sequence to calculate a thiegshore value
for the horizon. If a volatility event occurs during exeautj the new group is
checked to determine its feasibility window and differahtjuality metricg,.
These values along with the time remaining in the sequereceampared to the
pre-calculated threshold to decide if the group is allowelé inserted into the
sequence by ejecting one or more previously included grolihe probability
P of inclusion of a group with scorg, at timet (measured from the start of
the current sequence of length H) and with feasibility wiwdd” is given by

Eq. (19).

777t7H 27
b 9(q9.q ) Q9 > q (19)

0 1y

A\
)

whereg(q, g, t, H) is arising function ofy, — gexp(—(1—W —(1+a)t)/H) with
9(0) = go, g(1) = 1. The effect of this is to prevent groups of low score (relativ
to the mean score for the sequence ) from ejecting any seqdegroups early
in the execution. As the execution procedes the thresh@dssd so it becomes
easier for a new group to jump in. Higher scoring groups arags more likely
to be able to jump in than low scoring groups and ensures toaipg which are
capable of running in the next horizon are less likely to jumithan those which
must run during just the current horizon. The swap or reiactule is effected
to allow one or more adjacent groups to be removed with juiicgent time to
allow the new group to run but with as little lost time as pb&siand with the

minimum loss of reward as follows:-

Determine if any single groups of duratiofy >= X, exist.

If so, record the one for which¥; /X, — 1) X, f; is smallest.

Determine if any adjacent pairs of group exist such that- X, >= X,.

— If so, record the pair for which{(X; + X3)/X, — 1)(X1fi + Xafo) IS

smallest.
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— Continue to triples and quadruplets etc of groups, recgrdive lowest

scaled reward in each category.

— Finally, select the single, pair or higher grouping with tbevest loss of

total reward.

6.5 Notes on notation used in results

In the following chapters results of simulations are digpthmainly in the form of
graphs showing differences in various quality metrics ectd by different schedulers

or scheduler variants against some independant variable.

A particular form of graph frequently used is tlkandlestickor box and whisker
plot. A typical example is shown in Fig. 7.3. In these plots Hox area is centred
vertically on the average result for the dependant variédniehe given independent
variable. The upper and lower limits of the box representaherage valuet one
standard deviation of the simulation results. The extenbers above and below the
box represent the individual extreme values of the dependaiable found during the

simulations.

The statistics derived from the graphed results are fourfpipendix B. The ma-
jority of the derived tables show the value of the differemca quality metric between
one or more comparison schedulers against the results foe aseline scheduler at
a variety of selected values of the independant variabld.ufkesex values are typ-
ically chosen to display a particular feature of the resdtg. where a plot suddenly
rises from a steady low value followed by a typical data poirthe risen region of the

graph.

The main statistical values shown in the tables are the sadfie\,,(C, B). This
represents the improvement in quali€y)(for the comparison moded}) relative to the
baseline modelR). It is in fact the ratio of the mean difference between thesem

qguality metricQQ- of the comparison and of the baseli@g relative to the baseline
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measurement. The second figure in each table cell, in pasisthis the range of
this variable in which 90% of results are expected to lie.. \g,(C, B) = 25(+5)
indicates that 90% of the results f@@- — Q) /@ 5 lie between 20% and 30% or that
C'is between 20% and 30% better than

154



7 Man against machine

7.1 Introduction

Selecting appropriate groups to perform is a complex taslerd are many trade-offs
to be made between the various competing preferences arslra@iots. When the

schedule is heavily loaded, i.e. there are potentially nobiservations to perform than
could be accomodated even under ideal conditions, the jobectcheduler becomes
both simpler and more difficult. It is relativegasyto find a solution which satisfies
the constraints, however finding an optimal solution is e¥ad morlifficult due to

the number of potential solutions to compare.

A major problem is to determine just what those trade-ofts aile would like to
be able to answer questions likétew much more important is a high priority, non-
urgent group relative to a medium priority, urgent groupt?s because it is difficult
to quantify these relative weights that we turn to the humareduler. Humans are
capable of processing this type of complex, interlinke@dinfation and making these
sort of trade-offs on a daily basis - often with little knowtge they are doing it. If we
set up a human to perform the task we might be able to dedupeiroat they have
done and the choices they have made some of the rules thegiage(aften without

realizing) and the relative weightings they employ.

Two sets of trials are performed. Firstly the human scheduéderred to as HS)
is presented with a snapshot of the ODB content for the trgditrin a tabular format
from which to generate a schedule. Secondly a set of sinounlatare run in which
the relative scoring weights are changed to try and repredoe results of HS andf,

possible to beat them.

7.2 Characterization of problem

On the night of the test (13-14 November 2007) there are s@r&8Ihours of night
(including twilight time) with additonal details in Tabl@.1. The supplied ODB snap-
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shot consists of 131 groups and a total of 2880.32 minutesh{i8s) of available

observing time in the night, an oversubscription factor &f 3

Case study night characteristics

ltem Time Lunar elevation
Sunset 2007-11-1318:15UT 23.4
StartNight 2007-11-1319:40UT 1%.2
Moonset 2007-11-1320:50UT 0.0

EndNight 2007-11-14 06:05 UT -66.0

Sunrise 2007-11-14 07:35 UT -47.3

Item Duration (hours)

Length of dark night 10.42

Length of night inc twilight 13.33

Table 7.1: Characteristics of the test night for HS1 expentn

The groups within the snapshot are distributed throughoeirange of priority as
shown in Table 7.2. Excluding the background groups, whiobugl only run as a
last resort and do not contribute to the science programe e a total of 34.8 hours

giving a more realistic oversubscription factor of 2.6.

Figures 7.1 and 7.2 show respectively the contention ancddrplots for the night.
The predicted contentiof. is very high at around 90 for much of the night. A simula-
tion run with atypical scheduler, shown on the same plot shows the actual comentio
dropping from around 80 to 40 over the course of the night. Ttal demand’;
remains fairly constant at a level of around 4 to 5 for the highile the urgency-
weighted demand’,,; rises from 1 to nearly 2 over the course of the night. Thiglatt
indicates that selection of just the urgent groups wouléeljikill most of the available

observing time.

7.3 Human scheduling trial (HS1)

A human subject (expert scheduler) is provided with infaiioraconcerning which
groups are potentially feasible on the test night. An exanspiction of the data pro-

vided is shown in Table. 7.4. The information, describedabl&. 7.3 contains details
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ODB snapshot characteristics

Priority Ng > X, (hours)
0 1 2.8

1 55 1190.1

2 26 462.3

3 12 169.5

5 2 39.4

BG 23 790.3

STD 12 226.8

Total 131 2880.3

Table 7.2: Distribution of number of groupg; and total executable time X, among

the available priority levels. Low priority (1 and 2) make tige bulk of the science
groups with relatively few high priority (5) groups. Backgnd (BG) groups which
only execute if no others are available and calibrationdsaeh (STD) groups are not

part of the science program.
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Contention C, for night 13-14 Nov 2007
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Figure 7.1: Contention for night 13-14 November 2007 for H&4t. The two plots
show the expected contentiofi{) based on ODB content calculated in advance and
the actual contention{,4) derived during a typical scheduling run on the night,
displays the typical staircase behaviour as the pool ofrebfiens is depleted during

the night.
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Demand Cp, for night 13-14 Nov 2007
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Figure 7.2: Demand for night 13-14 November 2007 for HS1 f€se two plots show
the overall demand({p)and urgency-weighted demand;(,). As can be seen there
are enough urgent observations to fill the night.

of the target, timing and observing constraints along widiinaple pre-calculated fea-
sibility plot for the night for each group. Some metrics alsavailable. The urgency
metric indicates on how many remaining nights the group migghobserved. The

execution-time metric indicates the expected executioe of the group.

In light of the difficulty for a human to generate the schedwfecollating the con-
siderable amount of information available a number of themab constraints were
relaxed. e.g. it is not easy for a human to keep precise trackenaccumulating
time to the second so execution times are given to the neaieste. The accuracy
of the availability plot is also shown only to around 5-10 otigs so when testing the
feasibility (in terms of target elevation) a few degreesedway are given. In order
to uncomplicate the scenario the assumption is also madséeang is good for the

whole night.

The HS uses the information to devise a schedule for the bighgcording the start

time and ID of each group to execute in order. Due to the tirkertao perform one of
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Description of the columns in the table provided to the husareduler

Column Title Example Description

1 Numeric ID G476 Used by HS to mark up the sched-
ule.

2 Target RA 0:42:49.64 RA (hh:mm:ss) format.

3 Target Dec 41:15:26.50 Declination (dd:mm:ss) format.

4 Group Name ANGM31 Name of the group.

5 Timing MONITR 2.5H [2] Timing constraint class.

6 Moon OC Observability with moon risen.

7 Seeing OC POOR Minimum seeing category.

8 Solar Elev OC Observability in twilight.

9 Priority 2 TAG assigned priority.

10 Execution Time 33.4M Expected time to run.

11 Urgency CRIT Remaining observable nights.

12 Availability __QFpeRkkkekk Display of observability.

Table 7.3: Description of the columns in the table providedhe human scheduler.
In the observing constraint (OC) columns, the absence diel laean$0 constraint
The timing constraints include FLEX (flexible - one off), MONOR (monitor with
period and window size (hrs)), INTVL (minimume-interval \nitnterval size(hrs)). If
the groupmustbe observed tonight (urgency = 1 night) this is shown as e@RdT or
ICRIT (minimume-interval groups are neventirelycritical as they do not also specify
a maximum interval). The availability column shows when augris feasible through
the night. Each symbol represents 1/14th part of the nigtitiradicates depending on
the symbol what fraction of that period the group can be oleskr- (none of period),
9 (< 90% of period), * (< 100%)

these HS trials - several hours, only a single trial (HS1) pexformed.

7.4 Results of HS1 trial

The analysis proceeds as follows:- For each scheduledd@ustart-time) pair, the
feasibility is worked out for that time. This consists oftieg the target elevation
against dome limit (20 degs) and the group constraints onnnasa sun elevation
against actual elevations. If the schedule is feasibleyé#n®us quality metrics are

then computed.

The HS1 experiment yielded a run of 147 group executionsrédtvere a total of

9 overruns of respectively (1,1,1,1,3,4,5,10,10) minutiesse were considered suffi-
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ciently minor to be ignored. A preliminary look at the scaiprofile shows the value

of elevation/transit_height to be generally high - suggesting the human scheduler
has tried to observe targets as they cross the zenith. Ther2 iastances of targets
observed below the horizon - one of these at -60 degreestigeVa - possibly a
misreading of a declination? This value was removed fronfitied results to avoid

skewing.
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Table 7.4: Sample section of table available to HS. Desonif these columns are found in Table. 7.3

G_276 3:24:44.055 50:11:21.63 com17Pmon-071030 MONITR 48H [36] POOR ASTR P= 1 XT= 2.25M RN= CRIT 3skkkkkkkk*xk*9_
G_355 3:13:24.16 18:49:38.40 FS109 MONITR 3H [1] POOR ASTR P= STD XT= 4.6M RN= CRIT _Bsk¥kkkkkkx7 __
G_369 3:24:7.995 50:9:33.39 17P-mosaic FLEXBL AVER ASTR P= 3 XT= 13.73M RN= 21 SkrokokrokokkokokkQ
G_370 3:24:7.995 50:9:33.39 17P-monitor MONITR 3H [2] AVER NAUT P= 2 XT= 3.63M RN= CRIT 3xk¥kxxkkkkxxx9_
G_025 4:9:17.00 30:46:33.00 932a000t000 FLEXBL DARK POOR P=1 XT= 3.27M RN= 17 __Okokkokkok Kok
G_028 4:30:14.00 35:16:10.00 927e000t000 FLEXBL DARK POOR P=1 XT= 3.27M RN= 17 __THxkcksokokkok kb
G_093 5:34:32.00 22:0:52.00 927h000t000 FLEXBL DARK POOR P=1 XT= 3.27M RN= 16 ___2%kkokkkokokokok
G_382 5:5:30.60 52:49:54.00 zero_G191B2 MONITR 5H [3] POOR P= STD XT= 3.53M RN= CRIT __7xkkkkokskkkk
G_048 6:54:18.125 24:40:7.32 725d000t000 FLEXBL POOR ASTR P=1 XT= 1.27M RN= 19 _____ *okokkokokok ok ok
G_408 6:54:18.12 24:40:7.38 927c000t000 FLEXBL POOR ASTR P= 2 XT= 1.27M RN= 19 _____ *okokokokokok ok ok
G_002 7:24:18.00 -0:32:17.00 Photom_G1_RU149 INTVAL 3H POOR ASTR P= STD XT= 9.87M RN= ICRT ______ Gk Kk kkokok
G_126 7:8:0.77 22:31:14.50 FocusShort_07 MONITR 168H [167] POOR ASTR P= BGR XT= 7M RN=7  _____ Tokskokokokkok
G_284 7:23:44.00 20:25:6.00 mho_monitor INTVAL 22.5H POOR P=1 XT= 71.1M RN= ICRT _____ Lokokorokkokok ok
G_352 7:24:14.40 -0:33:4.10 FsS14 MONITR 3H [1] POOR ASTR P= STD XT= 5.43M RN= CRIT ______ Gk kokkkkok
G_371 7:36:51.00 65:36:7.00 lens_2403 MONITR 48H [36] POOR P= 2 XT= 15.07M  RN= CRIT ____9%kkxxkk**
G_259 8:6:11.10 -27:31:42.00 ES0494-G26 FLEXBL DARK POOR P=1 XT= 22.17M RN= 11  ________ okrokokok
G_358 8:6:23.70 20:6:31.90 J0806 INTVAL 96H POOR P= 3 XT= 27.33M RN= 17 ______ Gk rokkokok ok
G_472 8:54:48.90 20:6:30.64 0851 MONITR 168H [167] DARK AVER P=1 XT= 7.8M RN=3  _______ 8kkkkkk
G_237 9:17:21.90 41:54:38.00 UGC4904 FLEXBL DARK POOR P=1 XT= 22.17M RN= 13 ______ Lok ok kokok
G_260 9:32:6.20 8:26:31.00 NGC 2906 FLEXBL DARK POOR P=1 XT= 23.83M RN= 12 ________ Sk kkk
G_263 9:45:48.30 -14:22:6.00 NGC2993 FLEXBL DARK POOR P=1 XT= 22.17M RN= 10 _________ TH*kk
G_266 9:54:28.60 -25:42:12.00 NGC3054 FLEXBL DARK POOR P=1 XT= 23.83M RN= 9 8k xk
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G_280 9:50:31.97 -2:49:47.20 group07b0ic FLEXBL DARK AVER P=1 XT= 28.8M RN= 11 Lokskokokok

G_281 9:47:51.21 -2:24:18.80 group07b01b FLEXBL DARK AVER P=1 XT= 28.8M RN= 11  ________ PALEES
G_373 9:565:33.20 69:3:55.00 lens_M81 MONITR 48H [36] POOR P= 2 XT= 156.07M RN= CRIT ______ Sakkokkkkok
G_004 10:50:5.70 -0:1:12.00 Photom_G1_1047+003 INTVAL 3H POOR ASTR P= STD XT= 9.63M RN= ICRT _________ PAEE S
G_265 10:52:11.40 32:57:2.00 NGC 3430 FLEXBL DARK POOR P= XT= 23.83M RN= 11  ________ Bkrokokok
G_282 10:11:42.74 -2:58:16.90 group07b01d FLEXBL DARK AVER P=1 XT= 28.8M RN= 10 _________ kKoK ok
G_407 10:39:57.45 10:4:0.47 9263j000t000 FLEXBL POOR ASTR P= 2 XT= 1.31M RN= 19 _________ kKoK ok

Small sample of the table available to human scheduler. The full table has 137 rows. Rows are ordered by the RA

of the group’s target as can be seen in the final (observability) column.



7.5 Simulation trials

Several simulation trials were performed using a basic aespscheduler (BDS) and
several configurations of a look-ahead scheduler (QLASg BDS simulations were
performed using different weighted scoring functions. TJIEAS simulations were
performed using horizons of 1, 2, 4 and 8 hours and using Bearameters of 100,
250 and 2500 trials. Each simulation was run 100 times toiolstatistical values for

the various Q metrics.

A first set of trials were run using the scoring function f.; + (1 — w.;) f,r With
we; ranging from 0.0 to 1.0. Withv,;, = 0 the scoring is purely based on priority.
At the other extremeu,; = 1) the scoring is purely based on target elevation. Plots
of the quality metricg),; and(,, againstw,; are shown in Figures. 7.3 and 7.4 with

accompanying statistics in Tables B.5 and B.6.

The results of HS1 and BDS simulations with a random selectiodel are plotted
for comparison. From Fig. 7.3 it is clear that random setetis always a poorer
option. The HS wins over BDS (29.4%4%) whenw,; is small (priority-dominated
selection) and only aftew., > 0.9 is BDS better (17.5%3%) - this suggests that
the HS is quite elevation-dominated. Inspection of Fig.shdws again that random
selection is a poor choice. However we also see that HS bda&dhly whenw,,
exceeds 0.7, suggesting that HS has a lower degree of piopais. From this we may
conclude that HS is using a scoring criterion with a largeigadfw,; and a somewhat

lower value ofw,, though itis not feasible to determine exactly what these are

A further series of simulations were performed using BDSwited values ofu,,
andw,, to gauge the variation in results. The results for theselawe/s in Table. 4(a).
The column labelledhl represents HS1. The various columns labelRdrepresent
the use of BDS with scoring based solely on mefijc The columnsB, , represent

BDS scored using a combination ff. and f.; in the proportionx f.; + v f,-)/10.

The scheduleB,; achieves the best results fQ¢; as might be expected. Interest-

ingly it performs slightly less well than HS ag,,, and@.,, and indeed HS performs
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better on this metric than any BDS implementations inclgdsp,. This suggests there
may be an element afrgency-weightingn HS. B, performs best ord),,, however,
surprisingly slightly less well than HS overall on this metHHS holds its own against
all the BDS implementations on the other quality metricshvitie exception of),,

where B,; performs twice as well as anything else.

Variation of Qg with wy,
0.9 T T T T T T

. Random $ ﬂ ﬂ |
08 L 0 0 ]
i e U?ku
o YA
| 0 |
o oo |
I

Figure 7.3: Variation of).; with w,; for BDS simulations with scoring funtiom,,; f,; +
(1 —we) fpr- Plots labelledH1 andRandonrepresent the results for HS1 and for BDS
with a random selection model.

7.6 Summary and conclusions

It has been shown that a human scheduler using rules whicmotdye known to the
scheduler himself is capable of generating effective, fgghlity schedules as mea-
sured by various Q metrics. In some cases the human schedasgeable to outper-
form an automated (BDS) scheduler on certain metrics. letgpeof the table columns
shows the scheduldss » comes fairly close to matching the HS column suggesting the
relative weightings used are given approximatelyo®yf,; + 0.2 f,, + €f,, wheree is

very small & 0.1).
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(a) Results of BDS simulations and Human scheduler

56

43

33
86
35
08

1.0

metric hl Bel Bpr Brn Btd 82,8 85,5 BS,Q Brnd
Qe 0.77 088 052 036 04 059 058 072 O
Qpr 234 187 229 173 154 23 23 216 1
Qsm 028 0.3 0.26 0.28 0.32 025 025 025 O
Qim 0.71 0.8 068 0.82 092 064 0.63 0.7 0|
Qrn 0.67 048 0.4 058 04 047 0.47 0.45 0,
Q1d 0.07 0.06 0.05 0.1 0.12 0.06 0.06 0.05 O
Qut 0.99 099 096 0.99 1.0 096 0.97 0.96
(b) Results of LAS simulations and Human scheduler

(n=100)

metric hq 1 2 4 8

Qe 0.77] 0.574 0.569 0.579 0.57]1

Qpr 23411848 1.801 1.811 1.812

Qsm | 0.71]/0.815 0.820 0.847 0.839

Qim 0.28] 0.317 0.321 0.325 0.327

Qrn 0.67| 0.362 0.344 0.347 0.358

Qut 0.99| 1.000 0.998 1.012 1.007

(c) Results of LAS simulations and Human scheduler

(n=500)

metric hq 1 2 4 8

Qel 0.77|0.569 0.576 0.584 0.584

Qpr 2.3411.863 1.818 1.790 1.807

Qsm 0.71] 0.816 0.831 0.838 0.8483

Qim 0.28| 0.311 0.326 0.329 0.330

Qrn 0.67| 0.345 0.357 0.356 0.344

Qut 0.99| 0.994 1.010 1.016 1.0111

(d) Results of LAS simulations and Human scheduler

(n=2500)

metric hqy 1 2 4 8

Qe 0.77| 0.573 0.577 0.58 0.58p

Qpr 2.34| 1.855 1.826 - -

Qsm 0.71| 0.837 0.838 - -

Q| 0.28]0.324 0.327 - .

Qrn 0.67| 0.340 0.342 - -

Qut 0.99]1.013 1.011 - .
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Variation of Q, with we
2.4 T T T T T T

23 r DDDDDHEDDDDDDDDDDDDMDDMDHDDDU

22

21

Qpr

OUM |

18 | E
1.7 | -
1.6 | —

15 b

1.4 1 1 1 1 1 1

Figure 7.4: Variation of),,, with w,; for BDS simulations with scoring funtiom,, f,; +
(1 —we) fpr- Plots labelledH1 andRandonrepresent the results for HS1 and for BDS
with a random selection model.
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8 Investigation of effects of varying scoring weights

8.1 Introduction

This investigation involves running a series of one-nightudations under different
environmental assumptions to see the effect of varyingeleive values of the scor-
ing heuristic weights. The rational behind this investigais to provide some initial
insight into the usefulness of the varioBshedule Quality Metric6SQM) and to pro-
vide a shakedown test of the simulation framework on rea.ddy selecting 2 seperate
but similar nights (in terms of loading) it should be possitd get a preliminary idea

on the range of likely values and variation of these metrics.

8.2 Method

Two nights were considered and are detailed in Table. 8.1.ni@t #1 (27th-28th

September 2007), the moon rises early and is up for the fghtniThere are 12 hours
of night of which 9.5 hours are astronomically dark. Nigtf (3th-4th November
2007) has 5.5 hours of lunar dark time at the start of the rugining the 13.0 hour

night of which 10.2 hours are astronomically dark.

A series of simulations were run for fixed environmental sgers Frx (fixed,
excellent seeing) andrp (fixed, poor seeing) on each of the two nights. The scoring

model was chosen to be:-

fg = wtransftrans(g> t, E) + wp:cfpx(ga t> E) (20)

The weights of théransit elevatiorfunctionw;,...,, and theexecution priorityfunc-
tion w,, were varied for each set of 1000 simulations suchhat,; +w,, = 1. These
two functions were chosen as they are generally (operdhgriae highest weighted

functions and becausg, does not vary in time whereas,,,, does vary with time
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for a given group. No other functions were incorporated thi®scoring calculation in

order to avoid any unnecessary noise.

The SQMs used to evaluate the quality of the resulting sdesdareo 4 - the
optimal airmass metria) px - the execution priority metricl) zpy - urgency metric,
Qrp - demand metric) px.0 4 - priority weighted optimal airmass aridy the total

execution time as a fraction of available night.

In addition, for each set of simulation parameters an aoldkti set of simulations

were performed using a random selection from the availadsible groups.

Case study night characteristics

Item Night 1 Night 2
Date 27-28 Sep 2007 3-4 Nov 2007
Sunset 18:59 UT 18:22 UT
Sunrise 06:59 UT 07:21 UT
Start Astro night 20:17 UT 19:42 UT
End Astro night 05:41 UT 06:01 UT
Moonset 08:43 UT 14:55 UT
Moonrise 19:23 UT 01:37 UT
Length of night(hh:mm) 12:02 12:59
Length astro night(hh:mm) 9:24 10:19
Length astro moon dark(hh:mm) 0:0 5:56
Lunar dark fraction 0.0% 58.8%

Table 8.1: Case study night characteristics for scoringegrgents.

To determine the range of contention statistics for the 8ystights, dynamic con-
tention data was extracted from the results of a number ofilsitions. These are

presented as ensembles in Figures 8.1(b) and 8.1(a).
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Contention Profile C ensemble for night of 27-28 Sep 2007
70 T T T T T T T T T T

.
EEFX ]

50 -

30 -

20 | '

L

Contention Cc

0
09/27 09/27 09/27 09/28 09/28 09/28 09/28 09/28
18:00 20:00 22:00 OO:OOTime U 2:00 04:00 06:00 08:00

(a) Dynamic contention profil€’;. ensemble for night 1 (27-28 Sep. 2007). The profile is
low for both regimes of environmental condition due to theombeing visible for most of
the night.

Contention Profile C. ensemble for night of 3-4 Nov 2007
70 T T T T T

60 |-

50

40

Contention C

20 |

op

0 | Y 1 L 1 L 1 L 1 L 1 L 1
11/03 11/03 11/03 11/04 11/04 11/04 11/04 11/04
18:00 20:00 22:00 OOZOOI-ime [UTPZZOO 04:00 06:00 08:00

(b) Dynamic contention profil€’;. ensemble for night 2 (3-4 Nov. 2007). The profile is
higher early in the night for both environmental regimes daps to a level similar to that
of night 1 after 01:30 when the moon rises.

Figure 8.1: Contention profile ensembles for case studytsifjfand 2.
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8.3 Results

The results for the quality measurements for the 2 nighteupdor and good see-
ing are presented in Figures. 8.2(a) through 8.10(b) wighpstting statistics in Ta-
bles. B.7 through B.18. Figures 8.2(a) through 8.7(a) gméng results for night#2
are in pairs, the first figure represents the metric underenment modeErp, the

second undeErx. The next set of figures (8.8(a) through 8.10(b) show botk skt

environmental condition on the same graph for Night#1.

Figs.8.2(a) and (b) and Tables. B.7 and B.8 show thafXhe metric is unaffected
by the choice of scoring metric. Only when the scoring mesibeight dominated
(wirans — 1.0) is there a very slight decrease in the overall priority nueaf the
scheduler from 37%13 better than random aty,,,,s = 0.5 to 29%+13 at wyyqns =
0.9. The implication being that the ODB population contains idyfavide range of

priorities and that these are sampled evenly.

Figs. 8.3(a) and (b) and Tables. B.9 and B.10 show the effett@airmass metric
Qo - We see that as soon as the scoring becomes dominated bgsiitma,, > 0.5),
the overall airmass metric quickly rises as might be expgefttam 2.3%+3 better than

random atuy,4,s = 0.5 t0 10%+3 atwy,gns = 0.9 .

Fig. 8.4(a) and (b) and Tables. B.11 and B.12 show a quiteréifit effect for the
subset of the population which are flexibly timed groups.eHee see very little change
in the value ofQp4 even when the scoring is airmass dominated. Only when the
scoring has no airmass componeunt,(,,s = 0.0) do we see this metric drop below its

typical value (-3%t4 relative to random baseline).

Figs. 8.5(a) and (b) and Tables. B.13 and B.14 show the affe¢lyx of scoring
metric for the flexibly timed population. Here we see a muauced overall priority
score relative to the non-flexibly timed population with atdict and surprising in-
crease asif;,.,s — 1.0). At low values ofw,.,s, the metric is reduced by upto 46%

+19 relative to random selection whilstag,..,,s = 0.9 it is slightly better than random
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Results for Random selection modgl,. o

Metric Qoa Qpx Qrp  Qx Qry  @px.04
Average 0.835 1.332 2957 0.907 23.976 1.086
Minimum 0.775 0.921 1.417 0.881 15.331 0.765
Maximum 0.887 1.698 5.000 0.932 33.225 1.417
SDev 0.0225 0.1357 0.8021 0.0081 3.6253 0.1258
Table 8.2: Results for Night 1 undéfzp
Results for Random selection modgl,. o
Metric Qoa Qpx Qrp  Qx Qrv  Qpx.04
Average 0.817 1.217 2.851 0.929 21.339 0.999
Minimum 0.771 0.817 1.096 0.908 10.410 0.643
Maximum 0.875 1.510 4.842 0.956 30.924 1.346
SDev 0.023 0.1268 0.7203 0.0079 3.5596 0.1179
Table 8.3: Results for Night 1 undéf x
Results for Random selection modgl,, o
Metric Qoa Qpx Qrp  Qx Qry  @px.04
Average 0.826 0.966 3.580 0.860 23.605 0.797
Minimum 0.782 0.644 1916 0.834 16.081 0.548
Maximum 0.866 1.233 5.236 0.875 30.205 1.065
SDev 0.0165 0.1174 0.6754 0.0063 2.6545 0.1013
Table 8.4: Results for Night 2 undéf:p
Results for Random selection modgl,, o
Metric Qoa Qpx Qrp  Qx Qry  @px.04
Average 0.811 0.812 3.930 0.900 28.765 0.669
Minimum 0.745 0.575 2.079 0.885 20.535 0.439
Maximum 0.864 1.118 6.264 0.908 40.172 0.908
SDev 0.0221 0.1123 0.8007 0.0038 3.746 0.1020

Table 8.5: Results for Night 2 undér: x
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by 8% +18. This suggests that ithis particular population the flexible, high priority

targets are mostly at quite low declination.

Figs. 8.6(a) and (b) and Tables. B.15 and B.16 show the effetiie target-demand
quality metricQrp. We see a very wide range of values for all scoring models math
real trend. The value @, scarcely exceeds the level found with random selection,

e.g. atwy.qns = 0.55 the improvement on random selection is 53.6%2.5

Figs. 8.7(a) and 8.7(b) and Tables. B.17 and B.18 show tleetefin urgency via
®rn- There is a suggestion that urgency in this population tates to some extent
with airmass - the higher targets are slightly more urgehis Tetric always exceeds
the result from random selection by a good margin with 58% improvement over

random atw;,.,s = 0.1 decreasing to 33% 16 atw;,q,s = 0.95.

Figs. 8.8(a) and (b) show the effect G4, andQ px respectively for night#1l. We

see similar results to Figs.8.2(a) and 8.3(a).

Figs. 8.9(a) and (b) show results for night#1 ©9RN andQrp. Unlike night#2
whereQrp showed little variation, on night#1 it is seen to have a niggatorrelation

with airmassQ RN behaves similarly to night#2.

Figs. 8.10(a) and (b) show the effects Qa4 andQpx for flexible groups. The

behaviour is similar to night#2 witty »x having little variation.
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8.4 Summary and conclusions

This series of investigation has shown that the effect ohgivay the weights applied to
the various heuristic metrics used in making schedulingsitats have little effect on
each other. When we change any given scorifignietric the corresponding quality
(Q) metric is affected though not as much as might have beenipated. There is
generally little effect on any oth&p metric. The choice of weighting determines the
character of the schedule but only the dominAmtetric has any real effect while the
other metrics appears like noise and suppress the effeetgof the chosefimetric.
We also see the effects of particular distributions of pHasgormation can have an
effect on the various metrics, e.g. we can deduce from Fig(bBthat flexible, high
priority targets in this population are mostly at quite loactination. The overall con-
clusion that can be taken from this is that whatever qualitte want from a schedule

must be actively selected for in the scoring and selectiodats
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Variation of Qpy with relative scoring weight wy,, ¢
1.9 T T T T T
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SEL =BEST . —

SEL =RAND ------
13 .

1.2 1 1 1 1 1
0 0.2 0.4 0.6 0.8 1

. Relative weight Wy 4ng ) .
(a) Effect of varyinguw,qns relative tow, on() px schedule quality metric

Variation of Qpy with relative scoring weight wy,, ¢
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. Relative weight Wy 4ng ) .
(b) Effect of varyingwy,q»s relative tow, on ) px schedule quality metric

Figure 8.2: Variation of) p x with wy,..,,s for environment model&'rp andErx. Qpx
metric is unnaffected by the choice of scoring metric.
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Figure 8.3: Variation of), 4 with wy,.,,,, for environment model&'»p and £y x.
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Variation of Qg with relative scoring weight Wy.,,¢
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Figure 8.4: Variation of), 4 for flexible groups withwy,..,,s for environment models
Erp andEF)(.
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Variation of Qpy Flexible with relative scoring weight w,ns
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Variation of Qg with relative scoring weight wy,n¢
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9 Investigation into effects of ODB complexity

9.1 Introduction

Phase 2 models, whether real ODB snapshots or generatekiedyad vary somewhat

in the range of characteristics measured by the various Eaitpmetrics (PCMs).

The main aims of this investigation are to determine thelamies and differences
between real and generated models, the range of variatiovebe generated mod-
els created using the same parameters sets and to detefndlifferent schedulers
perform better than others when faced with Phase 2 modelsdiffierentweightor
loadingcharacteristics. It is hoped to be able to answer questiacis &s whether one
scheduler is better at handlifight loading and perhaps a different scheduler is better

at handlingheavyloading.

9.2 Choice of complexity metric to characterise a Phase 2 metl

We have seen from Sect. 3 that there are several complexitycs @ CMs) available.
None of these are able to fully characterize the loading ias/tries through the night
and from day to day and is dependant on what has (or might loaee)red previously.
Of the several contenders, the average contentiorwas chosen. This is a metric

which is easy to calculate and readily visualized.

9.3 Comparison of real and generated Phase 2 models

A Phase 2 model generator (P2GEN) was designed to create Rhamdels with
varying characteristics. This generator, described ingkgjix A has a large number of
configurable parameters. The main parameters in terms afufrent study however

are the number of proposals, groups per proposal, obsensgafier group and mean
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Characteristics of Phase2 models.
DBID ODB Date N, N, Description

P 22/11/07 midpoint 10 10 P2GEN small model
P, 22/11/07 midpoint 15 20 P2GEN light model

P, 22/11/07 midpoint 30 30 P2GEN medium model
P, 22/11/07 midpoint 50 50 P2GEN heavy model

O 25/10/07 snapshot - - ODB snapshot Day 0
Os 15/09/07 snapshot - - ODB snapshot Day -20

Table 9.1: Details of Phase 2 models used in complexity exgeits. Generated mod-
els P, through P, have increasingly higher loading. Modéls andO, are snapshots
taken on first day of the simulations and 20 days prior to thg.sSNumber of proposals
(N,) and number of groups per proposal, are 2 of the numerous model parameters.

exposure time. The latter determine the length of each grthgothers how many

groups are in theool. Table. 9.1 summarizes the model and snapshot parameters.

A set of simulations were performed over a period of 60 daysefch of the 4
generated models, - P, to guage the level of contention these would yield and to
compare with sample ODB snapshots for the same period. Thétseof a single
simulation run for each model are shown in figures 1(a) angl. 13bmilar figures for

the ODB snapshots are shown in 2(a) and 2(b).

In addition to variation in characteristics, the real Phasaodels suffer from a
population evolution problem. From Fig. 2(a) which shows Wariation of average
nightly contentionC' for ODB snapshots taken on the first night of the 60 day pe-
riod (O,) and on a night 20 days before the start of the same pefigy] (ve see the
overall contention seems to decline over the period. Weradge in particular that the

contention figures fo€), are generally lower than for snapsh@i.

These effects are in fact due to the pattern in which obsensare entered into the
system. A sizeable number of observations strert-termand only entered into the
ODB a day or so before they are required. In some cases, particwhere automated
agents are involved, the observations may be entered rsibefere they become ac-

tivated. This information cannot be captured by a snapshibisoODB at a given time
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and so the observed quality and characterisation measuftsxhy from what would

be observed if the ODB model were being regularly replerdshe

With a generated model however, groups can all be enterée atart but with their
activations spread out over a specified period (say seveyaths) so new groups are
appearing in the schedule every day. The day to day loadirghasn in Fig. 1(a)
appears to remain more constant like that of a real ODB if weewie take daily

snapshots.

9.4 Characterisation of generated models

From a given generator model (e.dg?) we can generate any number of actual in-
stances. Ideally these would all have the same measuraataatéristics (e.g.C.)
but this is not guaranteed. Further, it is not possible wRIGEN to easily generate a

specific Phase 2 model instance with a specific set of PCM cteaistics.

Consequently in order to explore the range of these charsiits it is neccessary
to generate a number of different models from the same gemwgparameters and
then measure the characteristic of these models eitheniylaiion to obtain dynamic

measures or by a straightforward measurement of the stadi@acteristics.

A set of 4 model generators were chosen and are describedria dedail in Ta-
ble. 9.1. These generators are selected to represent a cardparacteristics from
small designed to create low-load Phase 2 models upetovy designed to generate
high load models. Tests were performed on 25-30 models gerteby each genera-
tor to allow these to be characterised in terms of the cho§¥i,Rwverage contention
(Ce). A series of simulations were then performed on each marlgknherate a set
of SQMs, specificallyl)s;; - a score based metric arfdyr - the fraction of night

observed.

The measurable characteristic chosen Was- the average dynamic contention
over the measurement period. A simple scheduler was chaseg best-score selec-

tion and a singlefoy metric - i.e. the target which was highest relative to maximu
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attainable elevation was chosen at each sweep. In thes&ationsg we are not partic-

ularly interested in the scheduler here, only in the valighof the generated Phase 2
characteristics. Simulations were run for the middle 30sdafythe generated models
and the values af)s;; andQ xr are plotted against’, for each model. The results are

shown in Fig. 9.3 and Fig. 9.4 with accompanying statisticables B.1 and B.2.

From these results it is clear there is significant variatrothe measurable char-
acteristics for any model though there is a progression éetmmodels as might be
expected i.e. most of thE8, contention values are lower than most of thevalues.
C¢ varies from 2.62-1.02 for Ps upto 18.8:3.5 for Py. There is significant over-
lap betweeradjacentmodels. The heavy model generally uses up all or very nearly
all of the available night(95%+3.8%) whilst the light model fills only 85%t5%
of the night. This is not too surprising, there are more gstgpchose from in the
heavy model so there are likely to be few if any slack periotisere is most varia-
tion in sy for the small and light models (46 7.4) for Ps while the heavy model
achieves a typical score of 66 3.6. With low contention there will be periods when
no groups are actually schedulable hence the frequent spreof this metric and in
the overall use of time. The data from Fig. 9.3 were fitted waitleast squares fit of
the formQ sy = a + bCe which after 5 iterations gave a fit with= 44.2 + 2% and
b=1.124 + 6% andy? = 23.32.

9.5 Comparison of schedulers against variable loading chacter-

istics

In order to establish the effectiveness of different sclheguagainst ODB loading a
number of simulations were performed. In order to test a sagign from Cicirello

and Smith (2002) that introduction of a degree of randonomainto the selection
process could increase overall reward, the BDS schedulesetp using 3 different

selection models:-
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e Bestselectionp.; is the selection model normally employed in which the high-

est scoring group is selected.

e Fixed rankselection(rp allows the second, third etc ranked group to be selected
with a fixed probability. In the current experiment theseljabilities were set

to: rank 1 (80%), rank 2 (15%), rank 3 (5%).

e Rank scaledelection(zs assigns a probability to each of the top ranked groups
in proportion to the groups actual score. This is based orolbiservation that
the top ranked groups often score very similar values inmgyhat that they are

more or less equally deserving of execution.

The look-ahead scheduler QLAS was tested using horizon2airid 4 hours.

Results for the BDS simulations are shown in Figs. 9.5, 9d5%n. There is clearly
a significant degree of variation between individual runthatdifferent Phase 2 loads
though this is expected from the earlier results in Sect. Bk only noteable feature
appears to be thdixed rank biasedgelection model tends to have a greater degree of

variation tharbestandrank score biasegelection.

Statistics for these results are shown in Table B.19. For §LFigs. 9.8, 9.9 and
9.10 show that there is again significant variation from kurun at the different loads.
However the general trend is for an improvement in scorindpa$orizon is increased.
Fig. 9.11 shows a comparison in whiblest-fitpolynomial curves were constructed
using least squares methods for the results from the BDS &#d@chedulers. These
show a clear but small improvement in average quality wittreasing horizon (from
6.3%-+10 for QLAS with H=1 to 19%+8 for QLAS with H=4) and that BDS performs
as well or better in low load situations. We also see a modestage improvementin

guality at higher loads over the normal BI3S,; selection by BDS witl{zs selection.
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9.6 Summary and conclusions

| have established that it is possible to simulate Phase actagistics by using suit-
able generator models but that it is not feasible to createss®?2 model with specific
characteristics. If such a model were required it would becassary to create multi-
ple instances and test these until a suitable candidatefoanel. There is significant
variation in the characteristics of generated Phase 2 mduelthese do roughly scale
with the generator modeliweight When using real Phase 2 models (ODB snapshots)
it is important to realise that a significant fraction of tHeservations are entered with
short lead times and so are not visible in the snapshot a fgi® laadvance. The
charcateristics of the snapshot will depart from a snapstkan a few days later by a
significant amount. With generated models this effect camitigated against by en-
suring that observations are entered with longer lead tiniee experiments showed
that at low levels of complexity there is considerable vi@iain the fullness@ xr) of
schedules generated by all scheduling paradigms. As teédéeomplexity increases
the degree of variation decreases. There is some evideat®iiger look-ahead hori-
zons are suitable for higher density ODBs and can produderb@terall schedules.
There is also slight evidence that biased selection canavepBDS scores at higher

loads.
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Figure 9.1: Comparison of average contention measure améh@uof groups executed
per night for generated Phase 2 models.

189



Comparision of average contention for phase2 snapshots
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Variation of score-based utility (Qg) with contention
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Figure 9.3: Variation of) s with Cp. Each point represents a single phase 2 model
generated by one of 4 initial sets of generators.
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Figure 9.5: Effect of selection model on variation(@§;; with C\. for BDS using(gc.:-
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Figure 9.7: Effect of selection model on variation@§;, with C, for BDS using(zg.
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Figure 9.8: Effect of horizon on variation 6fs;; with C.. for QLAS with H = 1h.
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Variation of Qg with ODB contention characteristic: QLAS, H=2h
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Figure 9.9: Effect of horizon on variation 6fs;; with C, for QLAS with H = 2h.
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Figure 9.10: Effect of horizon on variation 6fs;; with C,. for QLAS with H = 4h.
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Quality metric Qg

Figure 9.11: Effect of choice of scheduler on variation(@f;; with C.. The curves
are polynomial least squares fits to the data from Figs. 9&ith 9.10 for BDS and

QLAS.
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10 Investigation into effects of environmental stability

10.1 Introduction

This series of experiments is aimed at comparing the effecéss of different schedul-
ing algorithms and configurations under varying conditiohenvironmental stability
over an extended period. A secondary aim is to test the emviemt model generator
to determine the range of characteristics which are gee@rfair a given set of initial

parameters.

10.2 Modelling the environment

From section 4.4.1 we see that the environmental conditainthe telescope site

(specifically seeing) vary over different timescales fronmutes to hours. From the

point of view of scheduling, the seeing conditionare split into several bands defined
as: (G) good{ < 0.8"), (A) average(.8” < s <= 1.3"), (P) poor (.3" < s <= 3.0")

, (U) usable §” < s <= 5"), (B) bad/unusables(> 5"). So long as the seeing varies
only within any band, neither contention or scoring of greape affected. When the

seeing transitions between bands, both are affected.

When running a simulation, one option for the environmentlelds to specify the
sequence of environment changes over the simulation daraBuch arenvironment
scenariodefines when and how the seeing changes between bands. Thostisise-
ful when we want to be able to repeat a particular simulatiep svhere some other

parameter of interest is being varied.

From a defined set of environment model generator param&ecain generate any
number of different scenarios. It would be useful to see ifgeeévariation in results
and indeed in the measured SQMs from different scenariosrgeed by the same

initial model parameters.
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Seeing variation in this series of experiments is modellgalsimple transition
matrix P(t) where each elemet;(¢) represents the cumulative probability of transi-
tioning from state to statej within a periodt. The diagonal element3;(¢) represent

the probability ofremainingin a particular state for time up to

Pyg(t)  Pya(t) Pop(t) Fu(t) Py(t)
Fag(t)  Paa(t) Fap(t) Fault) FPas(t)
Bpg(t)  Ppa(t) Pop(t) Pou(t) Pp(t) (21)
Puy(t) Pua(t) Pup(t) Puu(t) Pu(t)
Pog(t)  Poa(t) Pop(t) Poult) Pult)

The relative distribution of time spent in each band is of ieterest from the point
of view of these studies. Only the stability or frequency béaoge is important. The
diagonal elements were therefore set to the same value basggtability parameter
7g such that the probability of remaining in a given band/stateip to timet is given
by P,;(t) = 1 — exp (—t/7g). Thebadandusablebands are also of less interest. Bad
indicates no observing possible, and in practice relatifelv groups are ever setup
with such lax seeing constraints. Consequently the arragdigced to 3x3. The non-
diagonal elements are each set to the same value, ndfely 0.5 x (1 — P;). The
parameterr which characterizes the scenario is an indicator of stgbWhenry is
small, the environment is unstable with changes betweedsaccurring frequently.

With large values of, the environment is stable and changes occur only rarely.

A specific seeing scenario is generated by taking randomvedgecalculated from
—7gIn (1 — R) where R is a random number ifD, 1]. At each period the seeing is
allowed to change randomly to another value (band). We arparticularly interested
as to which band it change or how the time spent in the diftdoands is distributed,

only how frequently it is changing.

Using an environment model generator with a stability tireete 30 minutes (1800

sec) a number of runs were made to generate scenarios ovaod pe60 days. The
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results of 4 of these are plotted in Fig. 10.1 which shows tegibdution by time of the
lengths of stable periods. The distributions peak aroundhBtutes (average for the
4 runs shown is 31.4 minutes) and there is significant smalkseariation from run
to run. With 30 minutes average period and 60 day runs | woxeet around 3000
total samples divided into 50 bins giving around 60 sampérsm. This would give

random errors per bin of around 12% which agrees well withvém@ations shown.

Comparison of time under variable lengths of stable conditions for Environment models E,gq,
100 T T T T

Amount of time [hours]

0 50 100 150 200 250 300
Time [minutes]

Figure 10.1: Comparison of relative amounts of stable timivieen state transitions
for several runs of environment scenafigy,,. The average length of stable periods
is 30 minutes. There is significant variation between ruresfater scale amounting to
around+12% per bin in agreement with expected poisson errors.

10.3 Shakedown experiments

The two schedulers previously discussed (BDS and QLAS) wv@mgared under vary-

ing conditions of environmental stability. BDS was testsiahg the 3 selection models
described in Sect. 9.5. An initial test was made using arrenment scenario genera-
tor set to produce a number of different highly unstable ages with7z = 0.5 hours.

The Phase Il model employed producesiadiumload and in this case was skewed

198



to have a high percentage of priority observations reqgidark moonconditions, re-
sulting in pronounced monthly variations in most qualitytrivs (see dips arourzh”
May and18" June. A normal stochastic execution timing model was ussdtiag in
some random variation of group execution durations. Thelt®$or the various BDS

configurations are shown as ensemble plots in Figs. 10.2dtr&0.4.

Ensemble plot showing variation of Qg metric with time for selection model {gegt
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Figure 10.2: Ensemble plot showing variation@§; with time for selection model
(Best- Peak value which occurs around new moon when more targetvailable is
85 with minimum at full moon of 50.

The quantity plotted is the score based mefjig;, computed for each night using
the scoregfsy; of each selected group weighted by its duratjon fsi; X;. The plots
all have a similar look in that the measured metric is seeraty between lower and
upper bounds over the course of the approximately 2 lundesy®eak values occur
during new moon when the higher priority groups are more pnemt and lower values

during full moon when these are reduced.

The Bestselection would appear to produce the least variation ketwens in
that the plots are fairly tightly envelopedrixed-rankselection produces on average
a slightly higher score during new moon but during the firdk fieaoon its results are

poorer. It has the least tightly enveloped of the plots. Tiniglies that this model has
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Ensemble plot showing variation of Qg, metric with time for selection model (g
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Figure 10.3: Ensemble plot showing variation@#,;; with time for selection model
(rr. Peak value is 90 with minimum 60. There is significantly meaeation be-
tween runs than fof g, ;.

the potential for better results but a significant chanceoofrer results due to the extra
degree of variation introducedRank-scaledelection appears to produce on average
the most increase in reward though again there is significanore variation from
night to night tharbestselection. Tables B.3 and B.4 contain some statistics eriv

from these ensembles.

Table B.3 shows the fraction of nights on which the biasedd®ln models man-
aged to beat (in terms of score) the baseline scheduler (BQS,) as well as the
fraction of nights on which the baseline scheduler won. it lsa seen that overall the
biased models performed slighly better (e@.s beats(,..; on 62% of nights while
Crest DEALS RS ON ONly 38% of nights. Table B.4 shows the amount (score reiffeal)
by which each model beats its opponents. We see that e.g ea thghts whexg
beats(,.,; it does so by 8.53 whereas whép,; beats(rs it only does so by 5.76. A
typical nightly score for any model is between 60 and 90 sedtdfferentials are of

order 6% to 14% of the total score.
Results for QLAS are shown in Figs. 10.5 and 10.6. These glodsy typical ex-
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Ensemble plot showing variation of Qg, metric with time for selection model {gg
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Figure 10.4: Ensemble plot showing variation@#,;; with time for selection model
(rs- peak values are 95 with minimums of 70. This model seemsddyme the
highest improvement but with significantly more varialyiihan(z.;.

ample runs for each QLAS horizon and a typical BDS run for cangon. Fig. 10.5
shows( xr the total fraction of the night observed. It seems clearBi$ frequently
manages to fill the night better than QLAS for this unstabtaagion. The reward
(Qsv) plotted in Fig. 10.6 also shows that in this scenario, BD&jsable of holding
up well to QLAS.

10.4 Detailed experiments

The BDS configurations and QLAS were then tested using a rahgavironment
scenarios withrz ranging from 0.5 hours up to 4 hours. The same scoring model
was used for both BDS and QLAS and the same MD1 phase 2 mode¢ asatlier
experiments. The stochastic execution timing model wappea for a fixed timing
model to reduce any extraneous variation other than thatdoted by the environment
scenarios. For each scheduler configuration a total of S@@lations were run over

the 60 day period.
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Comparison of effect of scheduling horizion on Qy with time
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Figure 10.5: Variation of) x with time for BDS and QLAS with horizons 0.5, 1 and
2 hours. During the lunar cycle dips around 18 May and 21 Jub8 Bolds up well
against QLAS.

Comparison of effect of scheduling horizion on Qg with time
100 T T T T T T T T T

95 | ‘ -“’,‘ -
9 f
85 |-
80

75

Qsu

70

65 -

60 |-

¢ QLAS H=0.5 ———
55 - ¥ QLAS H=1.0 ------- g
' QLAS H=2.0 --------
50 1 1 1 1 1 1 1 BPS (H:O) IV L
10-May 17-May 24-May 31-May 07-Jun  14-Jun 21-Jun  28-Jun  05-Jul  12-Jul  19-Jul
Time
Figure 10.6: Variation of)s;; with time for BDS and QLAS with horizons 0.5, 1, and
2 hours. BDS scheduler performs well against QLAS partitylduring second lunar

peak around 21 June.
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The results of the experiments for BDS are shown in Figs. flraugh 10.9 with
accompanying statistics for selected valuesrgfin Table. B.20. In each case the
measured metric is agais;, averaged over the full run. There appears to be little
to chose between the different BDS selection models. Fig dOes suggest thaks
may offer an improvement ovefz.; at least under unstable conditions, though this
seems less clear as stability improves. The resultgfgrFig. 10.8 show marginally
more variability than the other 2 selection models with jgagsa hint of improvement

at low 7.

Variation of average Qg with environmental stability parameter t¢
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Figure 10.7: Variation of) sy with 7 for selection mode{z.;. Significant variation
between runs, but little variation with.

For the QLAS, seperate tests were performed to determineffibets of varying the
length of the look-ahead horizai and the QLAS sequence count control parameter

Ns.
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Variation of average Qg with environmental stability parameter 1
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Figure 10.8: Variation of) s, with 7 for selection mode{ . Significant variation
between runs, but little variation with.

10.5 Comparison of effect of varying look-ahead horizon paame-

ter H for QLAS

A set of QLAS implementations with horizon lengths rangimgnf 0.5 to 6 hours
were tested along with BDS yielding the results displayeéFiopn 10.10. The BDS
examples yield) s values averaging 82.9 with a variatiar3.6. As can be seen,
increasingH yields some overall improvement over the BDS though cletuilyis not
constant, i.e. some of the time BDS beats the QLAS exampspgcally at lower
T as might be expected. Study of the amount of available ekattitne actually
used (Fig. 10.5) shows somewhat unexpectedly that QLASstembe less efficient
overall than BDS. This may be accounted for by the fact thaSBilvays tries to
select something to do, QLAS will however sit idle for shagtipds in order to await a
more lucrative observation. There are clearly some dangénss approach, especially
if the conditions should change during the wait thus leavhmg awaited high-value

observation no longer available, this then becomes wasted t
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Variation of average Qg with environmental stability parameter 1
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Figure 10.9: Variation of) sy with 7 for selection model rs.Significant variation
between runs. There appears to be a decrease in performé&hdaskeasingrz.

10.6 Comparison of effect of changing QLAS sequence countaeh

parameter N,

In order to examine the effect of varying the sequence couQULAS, a series of simu-
lations were run withV, varying from 10 through to 10000 in logarithmic progression
and with fixed values off = 1 hour and the QLAS time quantum control parameter
A7, = 60 secs. The experiments were performed under 3 different@mviental sce-
narios withry selected at 1,2 and 4 hours along with a baseline comparetormed
using BDS. The results are given in Fig. 10.11 and show tleasthedule quality im-
proves significantly as we move to high®t values though with diminishing effect.
At low N, BDS always beats QLAS. These results are more or less astegpé&the
QLAS is looking for the best sequence from a potentially Marge number of possi-
ble sequences. With small; it stands a good chance of missing the highest scoring

sequences. A%/, increases we are searching more of the space of possiblesslu
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Variation of Qg with environmental stability for QLAS with variable horizon length
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Figure 10.10: Effect of look-ahead horizon lengthon 0 s;; metric under a range of
environment model stability parametes ranging from 0.5 to 6 hours. BDS provides
fairly stable baseline with an average valugf;, = 82.9 and variationt3.6. QLAS
shows reduced effectiveness (lowgt;;) under unstable conditions (low) for all
tested horizon lengths apart frorp = 0.5h. As the environment becomes more stable
(7g Increasing) the longer horizon QLAS implementations beeamereasingly more
effective.
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Comparison of effect of length of sequence count Ng on Qg
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Figure 10.11: Effect of sequence cowton () sy under a range of environment model
stability parameteAE. Qs is seen to increase with; in line with expectation as
more of the search space of potential solutions is explonedvith diminishing effect
at high/v,.

10.7 Summary and conclusions

Using a QLAS scheduler it was found that as the degree of @mviental stability
increased we could profit significantly by employing longesk-ahead horizons. The
rate of increase in the amount of improvement is seen to dsmiwith longer hori-
zon lengths. It was found that by increasing the number afstr{a QLAS search
control parameter) we could also achieve improvementsndyavever, the rate of
increase was slow. This is a natural consequence of the masgarch mechanism
employed, we should expect to see much faster improvemadtiisavproper heuris-
tic search mechanism in place. It was found that BDS coulgextdrm many of the
QLAS implementations when the environmental stabilitydim; was less than the

look-ahead horizon, but that oneg > H the LAS performance exceeds that of BDS.
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11 Investigation into effects of disruptive events.

.During an observing night a variety of disruptive events take place.

e Bad weather can stop observing for either an extended penoavhen the
weather variables are close to the upper and lower limitsafseries of short

intervals, refered to aspikes

e Mechanical, electrical and software problems can caussgsain observing

while recovery systems take over to effect repairs.

The lengths and frequencies of these interruptions arabigriand have already
been characterized (Sect. 4). In the case of a dispatch slelhede might expect that
little effect would be seen. Such schedulers are myopicatufe generally regarded
as non-optimal, though as we have already seen this can isoasdie advantageous.
For the look-ahead schedulers which are investing effoiblitain the best overall
reward by allocating appropriately to each time-slot, wgmiexpect some potential

degradation in performance.

A series of simulations were performed in order to invesgghe effects of such

disruptive events on scheduling performance.

11.1 Methodology

Simulations were performed using BDS and QLAS with horizohkength 0.5, 1, 2,
3, 4 and 6 hours. The environment model was set to fixed witll geeing. The Phase
2 model was populated with groups with small execution wimslepread through the
night. This means that the size of the pool remains more & ¢esstant through
the night but individual groups if missed are unlikely to lescheduled later. The
distribution of scores was arranged so that most groupsoaighty level while a small

fraction have distinctly larger scores. This is an atterogtelpthe QLAS to achieve
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higher scores than BDS as these are the sort of conditionsevitiaight be expected

to perform better and has in a semsere to lose

In anticipation that the frequency of disruption ratherrilibe total length of dis-
ruption is likely to have more effect, the simulations wee¥fprmed with different
numbers of disruptions but with the same total length (1 hotidisruption time. A
number/N of disruptions each of the same length were scheduled ta @candom
times during the night. We expect the total reward for an obsg night to be re-
duced if a fraction of the night is offline Consequently the summed reward for the
no-disruptioncase (V = 0) is down-scaled by the factdr— e. A total of 1000 simu-
lations were performed for each combination of scheduldrrmmmber of disruptions

over a single night of length 12 hours.

11.2 Results

The results of the simulations are shown in Fig. 11.1 withveer statistics in Ta-
ble. B.21. For clarity, the line shown for BDS is an averagéhef results taken using
the full range ofnumber of disruptive eventsThe BDS results were fairly constant
around the baseline value ef 118 with around=+3.5% variation. For QLAS the
situation is somewhat different. As can be seen, the effectapeasing numbers of
short disruptions is to reduce the total reward. This effeechore noticeable for the
longer horizon schedulers. At = 12 QLAS with H=2 suffers a drop of 8.4%5.6%
whilst atn, = 0 it performs better than BDS by 8.6%4.3. We might infer that in
these cases, because such a large investment has been rohtrimg the optimum
sequence, any disruptions lead to higher instantaneoss We should however take
note of the size of the error bars. These indicate the backgrtevel of variation be-
tween individual scheduling runs due to variations in exiecLtime and ODB content.

Overall the effect of disruption is quite small.
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Variation of reward Qg with number of disruptive events
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Figure 11.1: Effect of variation of number of disruptive at® on schedule reward
Qsv. Results forV = 0 are scaled by a factdr/ (1 — ¢) wheree is the fraction of night
distrupted.

11.3 Summary and conclusions

Disruptive events, breaks in the natural execution cycketduveather, mechanical or
computer problems were investigated to determine theacetbn schedule quality. It
was found that for a given total disruption time, a large nendd small disruption had

a worse effect than a few long events. The effect was seen tiwope pronounced for

longer look-ahead horizons. The despatch schedulers wearaffected, themyopic

advantage
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12 Investigation into effects ODB volatility

With the introduction at the start of Semester 09B of\Wieb Starbased Phase 2 User
Interface (P2UI) (Smith et al., 2010), users became ablalth delete and modify
their observations at any time up to the moment they are stbedExternal software
agents (Allan et al., 2006; Naylor et al., 2006) have sind@s2tkeen able to enter new
observations into the Phase 2 ODB at any time. Where thesdioadidns occur dur-
ing the night it seems reasonable to assume they will have sdi@ct on the character
and potential profitability of schedules which might be gated and introduce extra

complexity into the scheduling operation.

The termvolatility has been coined to describe the effect and the intentioni®f th
study is to determine the effect of this interaction on thiotes complexity and quality

metrics.

12.1 Embedded instrumentation

As a first step and in order to characterize the scale of thiel@no, software has been
embedded into the operational system to record these Niylatrents. A large number
of potential agent interactions with the Phase 2 ODB areliegshowever many of
these can be dismissed from consideration as they can bagbhdwave either little or
no short-term potential effect on scheduling or occur vamgly. An instance of this

would be a user adding a new group which does not start forakedays time.

The principal effect of these significant events is to chathgelocation and size
of groups’ feasibility windows. Where such a window is moyéte contention is
reduced at those times contained in tieé window, increased over the period of the
newwindow but remains the same over any times wheredldeand newwindows
overlap. Where a feasibility window is reduced the overalinéind will be increased.
In addition, where a window is moved, the group’s potentidesiulability might be

modified. This could occur for 2 reasonst} The group’s window might be moved
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to a time where the target is higher thus increasing its sqadethe window might
be moved to a period of low contention amdog scoringgroups thus increasing its

chance of selection.

It should also be noted that where contention is changedityuaetrics are also
likely to be affected. E.g. wherelagh valuedgroup is moved to a later time, the
slot vacated may result in a lower valued group being salletéhat time. Thenoved
group may be shifted to a time where it is less valued thantier @roups with which
it is now in competition thus preventing it from being setxtat all. The overall effect

in this instance would be to reduce the schedule quality.

A qualitative study of the logs of volatility events in whithe characteristics of
groups before and after the event were compared, indich#&dtte following types of

event were of most significance:-

Delete-Group Contention is reduced over any future feasibility windowthe group.

Update-Group Feasibility windows may be moved or their duration changedia-

cussed above.

Update-SequenceExecution time may change resulting in changes to featsiliin-

dows.

In all the above cases, as each update event occurs, the @acbedtrumentation
records the time and type of event in a log and stores in ssgthform the state of the
group and its observation sequence before and after agpllygrchanges. These can

later be extracted for offline analysis.

12.2 Characterization of events

It is difficult to characterize the volatility of Phase 2 datdh a single numeric value.
However, it was found that volatility events could be ch&gazed by a relatively small

number of parameters.
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time - ¢ Simply the time the event occurs. Significantly we are onlgrested in
events which occur during the observing night as these Hawegobtential to
affect a currently executing schedule. Events which ocauingd the day cannot

affect schedules which have not yet been generated.

reach - p Represents the duration of the period of influence i.e. thgeaof times
over which the event has an effect on the schedule metrice r@ach of an
event can include several unconnected periods, e.g. fot-phaod monitoring
groups there might be several windows of opportunity in @gimight. The size,
number and location of these windows may be changed by the.eéseme four

variations have been identified:-

ps - Span reach The total time between the first influence of the group either

before or after the event and the last point of influence.

p: - Total reach Is defined as the total time during which some influence takes

place either before or after the event or both.

p. - Change reach Represents the time during which the influence before and

after the event is different i.e. greater or less but not traes

pq - Difference reach Is similar to the above but the sign of the change is in-

cluded.

proximity = Is defined as the interval between the event time and the aitdlte

period of influence

magnitude The size of an event can be guaged by examining its effectaordatd
metrics. e.g.A¢ is the change to the average contention over the night intro-

duced by the event.

Importantly, changes may have a variety of ranges - e.g. agehanay be to add
a group which starts in 2 days time. Another group may be add@adh can start in
the next 5 minutes and needs doing in the next hour. One grayphave a single

execution, another adds an execution every 2 hours for tktenmenth.
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With reference to some standard complexity metrics for gedoefore and after an
event with execution times, andx,, we can easily derive the effect of an event as

follows:
Change in average contention:
AC’C — Pa—Pb

T

Change in average demand:

ACd:l( PaTa __ _ __ PbTh )

T anFPa/na beFPb/nb

12.3 Analysis of events

An extractor utility was developed to analyse informaticonf the recorded logs. For
each event the extractor first determines if the event tinef sgnificance - events
during the day are ignored. The state of the group before #iadia determined and
the old and new execution times are calculated. The te&th (p) and proximity
(w) parameters are then determined. Events wheigegreater than the length of the
current remaining night are then discarded (they cannetatbnight’s schedule). The

remaining events are potentially able to change the C and @aséor the night.

The excerpt below shows a series of events during a 1 minutedoen 23 June
2010. The first excerpt shows the log for this period, we satehotal of 4 ADDGROUP
and 4 UPDATESEQ events occur. The ADIGROUP events create a new group
along with its various observing and timing constraintswieer it is unpopulated -
i.e. there is no specification of what to do. The subseque@ATHE_SEQ event adds
the neccessary observation specification.

2010-06-23 21:11:01 ADD_GROUP p2update_201006233_29.dat

2010-06-23 21:11:01 UPDATE_SEQ p2update_201006238_30.dat p2update_2010062310_31.dat
2010-06-23 21:11:01 ADD_GROUP p2update_2010062331_32.dat

2010-06-23 21:11:01 UPDATE_SEQ p2update_2010062338_33.dat p2update_2010062342_34.dat
2010-06-23 21:12:01 ADD_GROUP p2update_20100623105_35.dat

2010-06-23 21:12:01 UPDATE_SEQ p2update_20100623111_36.dat p2update_20100623113_37.dat

2010-06-23 21:12:01 ADD_GROUP p2update_20100623134_38.dat

2010-06-23 21:12:01 UPDATE_SEQ p2update_20100623140_39.dat p2update_20100623141_40.dat
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In the second excerpt the extractor has paired up the ab@meseand shows that
4 new observable groups have been added. The dashed sedireeatah text entry
shows the feasibility window(s) of the new groups over aeseaf 10 minute intervals.
A dash indicates no feasibility, a number indicates thetioacof a 10 minute period

where the group is feasible.

DATA 2010-06-23 21:11:01 0 8580000 0.00 0.04 209 143 [------—-————————=-—- 0999999999999991 1

DATA 2010-06-23 21:11:01 0 14340000 0.00 0.03 159 239 [-—=—==--—-——-——~ 0999999999999999999999997 - - ————————————-—-—-—— 1

DATA 2010-06-23 21:12:01 0 15180000 0.00 0.03 164 253 [----------------5999999999999999999999999 ]

DATA 2010-06-23 21:12:01 0 16440000 0.00 0.02 147 274 [---=----------- 29999999999999999999999999990--——-———————-—--—— 1

The final reduction of the data is shown in Table. 12.1 belole €&ample shows
4 new groups complete with observation sequences (thiseardn from the fact that
the beforeandafter values of demand({;) change from O (zero) to a real value. The
groups are clearly of the same form (the execution times (X)dentical), this coupled

with the rapidity of creation suggests they were generayeghiexternal software agent

Time Cp (Before) | Cp (After) | X (mins) | = (mins) | p (Mins)
2010-06-23 21:11:01 0.0 0.04 6.6 209 143
2010-06-23 21:11:01 0.0 0.03 6.6 159 239
2010-06-23 21:12:01 0.0 0.03 6.6 164 253
2010-06-23 21:12:01 0.0 0.02 6.6 147 274

Table 12.1: Short extract of a section of the reduced valaglent table. The example
shows 4 new groups complete with observation sequences.

Fig. 12.1 shows the distribution of the proximity measurg teken from the pro-
cessed volatile update events. There are 2 peaks at 1 mmii&)aninutes accounting
respectively for 47% and 23% of the events. These were fomndktailed investiga-
tion to be due to automated inputs from an external agent foiceolensing program
(Tsapras et al., 2009). The remaining events are mainly @uganual interaction via
the Phase2 Ul by users. In particular, analysis of the ad@waht sequences shows
that typical user interactions make only small changesécstihedulability of groups

during the night, typically just changes to the executiaqussce which generally have
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little effect on the schedule. Most user interaction is dgrihe daytime so does not

affect the schedule in the coming night.

The distribution of the sparp() of the events is shown in Fig. 12.2 and shows
peaks at 1 and 4 hours with a relatively smooth underlyindritigion cutting off
after around 5 hours. Both peaks were found to be due to extagents - the 1 hour
peak is due to a series of groups with short proximity meaance60 minute flexible
observing period. The cutoff after 5 hours appears to be dugrdups with longer
periods of activity (typically 24 hours) but relatively lofgalactic bulge) targets which

set after a few hours thus cutting their observability wiwda that point.

Distribution of values of proximity () for received updates
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Figure 12.1: Distribution of proximity measurefor volatile updates received. Peaks
occur at 1 minute (44%) and 60 minutes (23%) are accountdayfautomated inputs
from an external microlensing project’'s agent (Tsaprad.e2@09).

The recorded event data was processed to count the rateival arfr events on a
per-day basis from the start of the recording period (Mar@h® until the end of the
period (October 2010). A gap occurred from mid-March umitlef April where the
recording software was non-functional. From Fig. 12.3 we see that the event rate

peaks during June/July with rates of up to 80 events per dais dorresponds to the
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Distribution of values of span (p) for received updates
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Figure 12.2: Distribution of span measyrdor volatile updates received. There are
peaks at 1 hour and 4 hours with cutoff above 5 hours. Thesdwedo a series of
automated agent inputs which start either almost immeglatewith a 4 hour delay
and have flexible timing constraints with 60 minute duratidhe 5 hour cutoff is due
to longer period flexible groups which set within their ohseg windows.
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peak period of galactic bulge observing by the microlengirmgram. These events
are found to consist exclusively of new observations andisicexecutable time to the
schedule. Further analysis Fig. 12.4 shows that duringpéisod up to 300 minutes
(5 hours) of potential observing may be added per night - aifsogint fraction of the
observing night. Unfortunately data showing the total amaf observing available
on these nights is not easily obtainable so it is difficult éedmine the overall effect
on schedules. It is also found from examination of schedodgs kthat on occasions
though many observations are added these will often be irpetition with each other

for observing time and so cannot in fact all be executed ictpre.
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Figure 12.3: Rate of arrival of volatile updates. Peak rdtardvals occurs June-
July corresponding to the peak period of galactic bulge olsg by the microlensing
program with up to 80 events per day.

12.4 Simulation

In order to quantify the effects of volatility it was decidemlperform a series of sim-
ulations under varying conditions of volatility. The measam chosen to implement

is the addition to the simulation architecture of a Vol&ibcenario Generator (VSG),
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Figure 12.4: Rate of increase of executable observationsin® the peak period, up
to 300 minutes of new observations arrive per day amountnground 50% of the
potential observing load.

henceforth denoted by the symhiol

A simple volatility generator was devised based on a specéierage rate of ar-
rival (A\). When the simulator calls on the VSG to generate events ogpeaified

interval (see Fig. 6.2 and Sect. 6.2) the decision on how resegty k) to generate is

calculated based on the poisson distributioft) = 2°

ator generates a numberc [0, 1]. The smallest numbér such that- > P(k) is the

number of events to be injected.

12.5 Investigation into the effect of proximity (r) on schedule qual-
ity
In this experiment the effect of varying the proximity of grs added via volatility

events was investigated. The scoring model was modifiedrialate a typical scoring

sequence during an observing night. The base groups (tlresela available via the
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Phase2 model) produce scores randomly within bodhgdsV;,;]. The groups added
via the VSG are specially tagged and have scores set at atipnexieed level* with

a small amount of noise added.

Atotal of 7 scheduler models were tested; BDS - a basic delsgaheduler, QLAS
- a look-ahead scheduler with horizons of 1, 2 and 4 hours am#BSE the enhanced
look-ahead scheduler with the same three horizons as QLA&L.(8.4). The envi-
ronment model was set to a fixed state (good seeing and phwoioyfer all runs.

Simulations were performed as follows:-

e A set of preliminary simulation runs were performed with lead the selected

schedulers but with no volatile events in order to give a lhase

e Simulations were then performed withvarying logarithmically between 1 minute
and 6 hours in accordance with the limits found from recordeldtility events
(Sect. 12.3). For each valuep was chosen from a random distribution in the
range(1, 120] minutes. For each value 100 simulations were performed with
each of the selected schedulers. The valu& bis set close td/,; so tagged

groups are generally favoured relative to base groups.

e Athird set of simulations were performed with each schedulevhich all of the
volatile events were instead fed in at the start before ahgdualing took place

to allow an upper bound to be set on the potential reward.

12.6 Results

The baseline measurements are shown in Table. 12¢2s the mean value of) 5/
measured on simulations with no volatile events. The collaballed?;;; shows the
mean results for simulations witll the volatile events injected in advance whi\€)

is the difference between these and represents the paranset to scale the y-axis

in the following graphs. As can be seen, in the case of BDSetien significant
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improvement when the volatile events are added in. The fgur@arenthesis are

values for these means.

Results for the QLAS and ELAS schedulers are displayed is.Fig.5 and 12.6.
The quantity plotted on the y-axis is the improvement over lblaseling), divided
by AQ The results for the various QLAS horizons all show improveimaver the
baseline values. Most noticably thise timeappears to correlate with the horizon
length. QLAS(1) picks up faster than QLAS(2) and QLAS(4) eHuggestion here is
that the QLAS does not see the changes which occur in a timé ahrmpared to its
horizon and thus cannot react to them. In fact the QLAS iscéffely unavailable for
scheduling during the execution of a horizon length segegeacy events occuring in
this period are not seen until the end of the execution. Hewkgcause the events are
not synchronized to occur during this period, the QLAS mafact be at any stage in a
sequence’s execution so will see some of the tagged growpesthan 1 full horizon

length.

Figures 12.7 through 12.10 show comparisons of the sched@leAS and ELAS
of the same horizon lengths. Associated statistics arengiv8ables. B.22 through
B.25. Itis clear that ELAS performs better than QLAS espéciat low values of

proximity (7) and that this improvement is greater for schedulers witiy&y horizons

lengths.
Model | Qo Qmr AQ
B 96 (3) 106 (3) | 10
Q1 102 (2) |113(4) |11
Q> 105(4) |117(4) |12
Q4 108 (4) |119(3) |11
Ey 101.2 (3)| 114.3(4)| 13
Es 105.3(4)| 116.5(4)| 11
E, 107.8 (4)| 119.3(3)| 11

Table 12.2: Mean values @Js;; measured using the baseline simulatio@s.is the
mean value of)s;; measured on simulations with no volatile everdys;; indicates the
mean value of) sy measued on simulations widl volatile events injected at the start.
AQ is the difference and is the parameter used to scale thesyiwakigs. 12.5-12.10
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Variation of increase in reward with proximity for QLAS
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Figure 12.5: Effect of proximity«) of volatile events on schedule qualit® ;) for
QLAS. All QLAS horizons show improvement over the baseliadues. Most notica-
bly therise timeappears to correlate with the horizon length. QLAS(1) piggdaster
than QLAS(2) and QLAS(4). The suggestion here is that the QIldées not see the
changes which occur in a time short compared to its horizahthns cannot react to
them.
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Variation of increase in reward with proximity for ELAS
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Figure 12.6: Effect of proximity«) of volatile events on schedule qualit® ;) for
ELAS. The ELAS schedulers follow a similar pattern to QLAS e rise-time is
slightly shorter, i.e. the ELAS schedulers react fasterdiatie events.
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Figure 12.7: Comparison of effect of proximityr) of volatile events on schedule
quality (Qsy) for QLAS and ELAS withH = 0.5h.
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Comparison of variation of increase in reward with proximity for QLAS and ELAS with H = 1 hour
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Figure 12.8: Comparison of effect of proximityr) of volatile events on schedule
quality (Qsy) for QLAS and ELAS withH = 1h.

Comparison of variation of increase in reward with proximity for QLAS and ELAS with H = 2 hours
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Figure 12.9: Comparison of effect of proximityr) of volatile events on schedule
quality (@sv) for QLAS and ELAS withH = 2h. This plot shows some improvement
in quality by ELAS over QLAS at lower proximity.
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Comparison of variation of increase in reward with proximity for QLAS and ELAS with H = 4 hours
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Figure 12.10: Comparison of effect of proximity)(of volatile events on schedule
quality (Qsy) for QLAS and ELAS withH = 4h. This plot shows the most improve-
ment in quality by ELAS over QLAS at low proximity.

12.7 Summary and conclusions

Embedded instrumentation was used to record changes tchdmse 2 ODB, termed
volatile events. Some simple metrics were designed witlclvto characterize these
events. It was found that at busy times up to 50% of the nigbitsritial observations

can arrive after the start of night’s observing.

In simulation experiments it was found that for any givenk@head horizon H
there was an optimum value of proximity (one of the charaza#ion metrics) at which
the highest relative improvement occured. This was foungetoelated to H. An en-
hanced look-ahead scheduler, ELAS which included a semtiest policy was in-
troduced and this was seen to yield further improvement hreduale quality. The
effectivenss of ELAS relative to QLAS was seen to increadh wicreasing horizon

length.
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13 Investigation into effect of reliability of stability pr e-

diction

13.1 Introduction

As has already been seen in Sect. 10, the choice of lengtlokfdbead horizon is
dependant on the stability of environmental conditionsisBxperiment is designed
to examine what happens if the actual stability is better orse& than that predicted.
In such cases the chosen horizon length will be an undenattior over-estimate. If
H is an under-estimate then we are wasting some of the pdtadtiantage to be had
from a long period of stability. I#7 turns out to be an over-estimate then we might find

that the sequence is cut short and we lose some of the groupis indd been lined up.

13.2 Experimental setup

A simulation was setup using a Phase 2 model containing 5&bléegroups with
feasibility windows with lengths from 30 to 120 minutes sgte¢hroughout a single
night. The model was seeded with 50 groups with scores vaustirongly with time
over very short (15 minute) feasibility windows. These grewould easily be missed
by a despatcher and were intended to boost the performanioelehead. A fixed

execution timing model was chosen to minimize extraneondam variations.

Using a set of 8 reliability factorg chosen from the range 0.1 to 2.0, and 5 look-
ahead horizong/ chosen from the range 0.5 to 6 hours the stability paramétireo
environmental model was selectedas= H/q. Whereq < 1.0 this represents an
under-estimate whilg > 1.0 represents an over-estimate of environmental stability.
For each combination aff andg, 100 simulations were performed with different en-
vironmental scenarios generated by the environment maaeltbe selected night and
value of Qsy measured. A seperate set of simulations were performed wyitbet

equal to the value off and are used as a baseline.
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13.3 Results

The results of these simulations are plotted in Fig. 13.1e qantity plotted against
the y-axis is the rati@) s/ Qo, With Qo being the baseline value &fsy; with 7z = H.
The error bars represent variation due to different envitental scenarios on each run.
The graphs show a peak value in each case gvatound the value of 0.5 to 0.8. Runs
with horizon of 0.5 hours show the least variation and no p€dker horizons show a
rapid rise to the peak value then a more gradual fall-offelievg of to around 0.9 to
0.95 of the baseline value. It is notable that the peak vadeear wheny < 1 which

is most likely a feature of the environmental scenario medéle mean and median of

the stable period distribution are not equal, with the medheing less thang.

Variation of Qg with reliability of environmental stability estimate for QLAS with variable horizon length
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Figure 13.1: Variation of qsu with q for different horizomigths. ForH = 0.5h there
is little effect, whilst longer horizons appear to rise toemh aty ~ 0.8 then a gradual
decay, levelling of to around.9Q),.

13.4 Summary and conclusions

The effects resulting from the accuracy with which we aresdblpredict the environ-

mental stability timescale was investigated. It was foumat tvhen determining the
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horizon lengthH, if we either over or under-estimate the duratignof stable condi-
tions we get poorer results. The optimum situation appeabetwhenHd ~ f x 7z

wheref is around 0.7 to 0.8.
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14 Conclusions

14.1 Metrics

In Sect. 3 a number of Complexity (C) and Quality (Q) metriczgvconsidered. De-
mandC'p and contentior’ were suggested as useful measures of the complexity of
a scheduling problem. Later in Sect. 9.4 it was shown thatesdion can also pro-
vide an indication of the potential utility achievable by@hsduler, in that complex
(high Cr andCp) ODBs tend to give higher overall quality measures. Babichkere

are likely to be a higher population of quality observatitmshoose from and so more
chance these will be selected than in a low contention ODEByevat times low quality

observations might be chosen for lack of anything better.

A general utility measure combining user and enterprisesmes of quality was

suggested (Eq. 7) and provides a potentially interestiag &or further study.

For the current thesis a set of simpler (primitive) qualitgasures were designed
and used in the simulation experiments. Some associatiens suggested between
these quality metrics and the accepted scheduling and iplartimescales. Of the
available utility measures, the two most promising for fetuse in longer term plan-
ning are the yield trackingi#y ) and target demandX;») metrics. They are also the
most challenging and time-consuming to calculate and figrrdfason were not used

seriously other than in the early shakedown experimentsad pf concept.

14.2 Characterization of operating environment

A detailed study of the operating environment was made,gget) information from
a variety of sources with a view to employing this informatim developing future

longer horizon scheduling and planning systems.

Meteorological information was obtained from logs of thieseope’s own weather

monitoring system (WMS) and from nightly observing logstémms of the telescope,
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weather is classed as good or bad depending on whether fispetof conditions are
satisfied. The weather on site was found to be good for ab&at@Qhe time averaged
over the year. There is, perhaps not surprisingly, generalbre good weather in
summer than winter. Typically it was found that there<iss% bad weather in June

rising to as much as 60% in February.

The major contribution to bad weather is high humidity acgmg for around 18%
of all time (90% of bad weather). Other factors such as highdaiand freezing tem-

peratures account for only a few percent of the bad weather.

Using an analysis of the distribution of lengths of good aad periods, a simple
prediction model was designed in which it was assumed theheeavould continue
in its current condition for a period similar in length to theount of time which it has
already been in that state but with an exponentially decplykelyhood of changing to
the alternate state. This model was tested against recdetacnd was found capable
of anticipating the length of the current period of weathéthva degree of accuracy
exceeding the long-term average for up to 30 hours aheadykthwith decreasing
accuracy. Further analysis of the WMS data shows that cootis runs of bad weather
(days on which the amount of time classified as bad exceedsafisd threshold)
indicate that for a threshold of 90%, around 50% of bad weatlmes are< 5 days
long with < 10% of runs exceeding 15 days. This information could be useful
longer-horizon planning, for instance to determine wheth@articular group might

be observable in the next few nights or whether it would bers@f observe it tonight.

In terms of combining the various sources of weather infarometo influence deci-
sions over various planning and scheduling timescaledotlmving assignments are

suggested:-

e Operational planning. As we are only interested in the weathfew hours
ahead in order to determine the sequence order of obsethatgngth statistics

derived in Sect. 4.3.3 would be appropriate. A typical questo answer might
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be:- What are the chances | can do group X in 3 hours as | will get @ebet

quality observation then compared to executing it now?

e Tactical planning. The type of decisions to be made at thisl iaclude answer-
ing questions like:What are the chances of performing X in the next 3 days
- | can do X on any of those nights with little difference in aeavbut if | do
X tonight I miss my chance of doing .YExternal forecast information, ideally
from automated sources, or fed in by operations staff on htriog night basis
might be used to predict weather downtime for tonight andnigvet few nights

up to the limits of accuracy of the forecast.

e Strategic planning. From this perspective we are askingtiprelike. What are
the predicted effects on data yield over the next N nightsronpZ based on
the likelihood of execution on those nightsZlimatological information might

be used to predict general probabilities weeks and montsacah

Details of the atmospheric seeing, measured by a real-tipaipe operating on
data from the telescope’s main imaging camera were exttdoben the data archive
and reduced taking into account pixel-scale, binning rfiltevelength and target eleva-
tion above the horizon. The results indicated that the nmelidnand seeing achieved is
around 0.95”. It was also noted that median seeing is bestnmser, typically around
0.78” with average of 1.0” and poorest in December with a medalue around 0.93”
and average over the winter months of 1.5”. It was furthenfbthat typically, and
contrary to popular belief, no systematic variation in sgequality occurs over the

course of the night.

Using technical downtime information from the nightly optons logs gathered
over a period of the first 3 years of operation of the telesabpas found that most
nights ¢ 72%) have less than 5% downtime while some 8% of nights suffeezdly
100% downtime. In terms of use in prediction, there was ndihgdiscernable pattern

to technical downtime.

231



14.3 Architecture

The original brief was to develop an architecture with whichuild a variety of sched-
ulers along with a simulation framework with which to chdeaize and test schedulers
on a variety of scheduling scenarios. Initial work on the Cheduler deployed at the
start of robotic operations provided clues as to the rangmofponents which would

be required.

A comprehensive architecture was then designed takingaictount these consid-
erations. The architecture contains a large number of @higginterface components
which allow numerous scheduling paradigms to be createdhdrsubsequent exper-
iments two main paradigms were tested. BDS is a simple dessaheduler while

QLAS is a look-ahead scheduler with a pre-designated hosize.

Using the simulation framework, the pluggable nature ofdhshitecture allowed
a number of experimental contollers to be quite straightéodly setup and used to
test the schedulers. The number of components availablaesibat for anyone else
using the framework there would be something of a learningectequired to use it,
however much of the setup is fairly standard and it has pr@asy to simply use an
existing simulation controller as a template, then by mgladmall changes to just one
or two models adapt it to perform alternative experimentte®just the Phase 2 model
needs changing to create a different population distroutr to vary the seeding of

high-valued groups.

Much of the information gained in developing the framewa#&ds me to conclude
that it would be quite feasible to extend the use of this &eclire to other projects,
perhaps with radically different Phase 2 concepts despéectitical dependance of
much of the architecture on the very nature of the adoptedd’Banodel. In such a
case it would be neccessary for either the project to adaptiase 2 concept to match

the one used in this thesis or to adapt the architecture ttt@mative Phase 2 model.
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14.4 Experiments

Man against Machine It was shown that a human scheduler using rules which may
not be known to the scheduler himself is capable of geneyaifective, high-
quality schedules as measured by variQumetrics. In some cases the human
scheduler was able to outperform an automated (BDS) scheduicertain met-
rics. By studying the variation of quality metrics agairtsdge of the automated
scheduler it was possible to deduce the approximate relstaighting factors
used by the human scheduler as being given approximatehgify + 0.2 f,, +

ef-n Wheree is very small & 0.1).

Scoring This series of investigations showed that the effect of giranthe weights
applied to the various heuristic metrics used in making daheg decisions
have little effect on each other. When we change any givenrgg¢f) metric
(sect. 5.7.1) the corresponding quality)(metric (Sect. 3.3) is affected though
not as much as might have been anticipated. There is ggnétid effect on
any other@ metric. The choice of weighting determines the charactethef
schedule but only the dominafitmetric has any real effect while the other met-
rics appears like noise and suppress the effectiveness ohttsery metric. The
overall conclusion that can be taken from this is that whattgualities we want
from a schedule must be very actively selected for in theisgand selection

models.

Complexity In order to compare the capabilities of generated Phase 2inodth
those from real ODB snapshots a series of experiments wé&srped. These
experiments also investigated the effect of database éPRApsomplexity or
weight measured using the average contention meaSyren scheduling. It
was found that by suitable adjustment of the generator petensy models could
be created with similar characteristics to real ODB snatshbhere was how-
ever significant variation in the qualities of these mod&lse scheduling exper-

iments showed that at low levels of complexity there is coesble variation

233



in the fullness Q x7) of schedules generated by all scheduling paradigms. As
the level of complexity increases the degree of variatiocregses. The varia-
tion in quality (sy) was found to be fairly constant at all levels of complexity
but the average value was seen to increase with complexitglf@cheduling
paradigms whether despatch or look-ahead. For a despédteheyuality in-
creased by around 17% betwe€p = 1 andC = 25. For a look-ahead sched-
uler with H = 4 hours the improvement was up to 23%. It was also found that
as the look-ahead horizon increases there is a generaptrsuall) increase in

quality with complexity.

Stability Using a QLAS scheduler it was found that as the degree of emviental
stability increased we could profit significantly by employionger look-ahead
horizons. The rate of increase in the amount of improvengeseen to dimin-
ish with longer horizon lengths from a gain of 23%8% for a 4 hour horizon
down to a gain of 4.8%48% for a 30 minute horizon. It was also found that
by increasing the number of trial§s (a QLAS search control parameter) we
could also achieve improvements, again however, the ratecofase was slow.
At N, = 100 a gain of 4% over BDS was found, while At = 10000 this in-
creased to 12%. This is a natural consequence of the randamchsmechanism
employed, we should expect to see much faster improvemeittisanproper
heuristic search mechanism in place. It was found that BD.$dcoutperform
any of the QLAS implementations when the environmentalibtabime 7, was
less than the look-ahead horizon, but that onge> H the LAS performance
exceeds that of BDS.

Volatility Embedded instrumentation was used to record changes th#se2 ODB,
termed volatile events. Some simple metrics were designtédwhich to char-
acterize these events. It was found that at busy times up % &Qthe nights

potential observations can arrive after the start of ngybbserving.

In simulation experiments it was found that for any giverki@head horizor!

there was an optimum value of proximity or lead-time (onehaf tharacteriza-
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tion metrics) at which the highest relative improvementoed. This was found
to be related to the look-ahead horiz&n Though QLAS yielded improvements
over BDS of around 12%, this gain could drop by up to 40% of &kig when
the volatile events had lead-times away from this optimélea An enhanced
look-ahead scheduler, ELAS which included a sequestrgiadicy was intro-
duced and this was seen to yield further improvement in adieeguality by
mitigating theproximity-effect The effectivenss of ELAS relative to QLAS was

seen to increase with increasing horizon length.

Disruption Disruptive events, breaks in the natural execution cycle wuweather,
mechanical or computer problems were investigated to ohéter their effect
on schedule quality. It was found that for a given total digien time, a large
number of small disruptions had a worse effect than a few éwamts. The effect
was seen to be more pronounced for longer look-ahead hariZeor the look-
ahead scheduler, a loss of up to 11% was experienced refatitie despatcher
and up to 22% relative to its own best performance. The dekpmathedulers

were unnaffected, thewyopic advantage

Prediction accuracy The effects resulting from the accuracy with which we aresabl
to predict the environmental stability timescale was itigaded. It was found
that when determining the look-ahead horizon lengthif we either over or
under-estimate the duratiafn; of stable conditions we get poorer results. The
optimum situation appears to be whéh~ f x 7 with f around 0.7 to 0.8.
When the stability length is severely under-estimated a tdetween 5% and
17% in quality was found to occur. Where the stability lengtbver-estimated

by a factor 2, a loss of 5% to 10% can occur.

14.5 Summary

A principal aim of this thesis was to develop the tools withiethto build an adaptive

scheduler and to determine under what conditions such iadamhaviour would be
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neccessary. We have established that the two scheduliagligars investigated do
indeed behave differently with respect to operating coodg and that in particular the
stability or smoothnesef the operating environment is a critical factor in detarmg

both which type of scheduler to employ and how it should bdigared.

BDS is amyopicscheduler, it can only see what it is doing at the time and lenow
nothing about what future decisions it might need to makes ¢an be both an advan-
tage and disadvantage. Under rapidly changing conditibmsmyopism is a definite
advantage. A look-ahead scheduler which is committed tdetssions for a period
may suffer because either the conditions improve and it meady chosen to perform
low quality observations, or the conditions deterioratd #me previously committed
high quality observations become non-viable. The effettarge numbers of disrup-
tions and volatile events have a similar effect in that fatcommitments may have to
be broken to accomodate these effects, thus reducing tkealoead advantage. BDS
on the other hand does not see any of this instability andliéstalyespond instantly to

changes.

Under stable conditions, we have seen that provided we ded@bstimate the de-
gree of stability accurately, the choice of a long look-ahlearizon gives considerably

better results (up to 26% increasetiny) than simple despatching.

A design for the adaptive scheduler is now suggested. Ieesr¢hat we need a way
of accurately predicting these variables ahead for at thadength of the longest hori-
zon we might consider. Once we have this information we caosé a look-ahead
horizon to be roughly the length of the shortest stabilityigue However, when con-
ditions are veryoughin any of the operating parameters we should revert to delpat
scheduling. The work of Sect. 12.3 also informs us that baotbféective break policy
and sequestration policy will help us to mitigate againstability so a scheduler like

ELAS is more useful than QLAS.

The look-ahead schedulers tested used a very inefficienttsa&orithm. A BDS

run on the deployed system takes around 1-2 seconds to peféasibility tests on a

236



typical pool of 500 groups. For a run of QLAS with a 2 hour honzand 2 minute
quantum there will be 60 slots to fill. If around 5-20% of greugre feasible at any
time we might expect each quantum to test around 5-10 graugdedsibility. There-
fore 5x60=300 tests per horizon taking around 0.6s. We needrt at least 100 and
preferably more than 1000 sweeps to find a reasonable se&hsdtiherefore 60 to 600
sec per horizon. Though perfectly accceptable for simoegixperiments where time
was not an issue, this would need to be improved upon signtfickor an operational

system.

It is clear from Sect. 3 that there is moagicquality metric which can be used to
determine the optimum schedule. The decision on which ot use are very much
dependant on operational and management preferences.omfi@ned utility metric
(Eq. 7) discussed in Sect. 3.3 incorporating both entezpaisd user preferences is

suggested as the way ahead.

It seems reasonable to suggest that a degree of forwardiptanmght be useful.
| have already alluded (Sect. 3.5) to the yield-tracking arg&ncy metrics@yr and
®rn~) and how these might be useful in this context. Fig. 14.1 shawossible way
in which longer-term planning could be integrated. The bkigplanning layers use
long-term quality metrics (fed through statistics from Ewevels) to assess whether

the scoring metrics and weights at those lower levels shiogilearied.

The work in Sect. 4.3.3 on forward prediction of weather dm s and run-length
distributions could be useful in this context. An examplehtibe where a group of
high quality might be observed on several of the next few tsigHowever, it would be
better to observe in 2 nights time if possible - perhaps themwill be further from
the target or the seeing is not especially good tonight. bhsucase we would need
to balance the likelihood of conditions improving over thexnfew nights against the
possibility of the weather deteriorating to the extent tihat group cannot actually be
observed on those nights. Such effects could for examplak®ntinto account using

a scoring mechanism including a discounted future reward {&q. 18).
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Figure 14.1: Interaction between planning and schedulirayver levels feed metric
information to the higher levels which then adjust the sognveights of the lower
levels to meet the higher level targets.

15 Further work

With reference to Fig. 15.1 which shows how the adaptive el@sicould integrate into
the scheduler, there are a number of things which need ingléng before an Adap-
tive Look-Ahead Scheduler (ALAS) can be used for operatissheduling. Several
of the specialized modules must be designed and written l@ddarch mechanism

must be speeded up.

Although | have looked at how stability and other environtaéoonditions affect
the scheduling process, | have assumed we can actuallyetethis information. In

fact such prediction is not easy.

External forecasting sourcesWe already have access to and use internal weather and
sky monitoring systems. Ideally however, we should be ableltain infor-
mation from various external sources:- short and mediungeamneather fore-
casts are available from the European Centre for Medium Ravigather Fore-
casting (ECMWF). Atmospheric seeing and extinction fostsare available
from MeteoBlue. Marchant (2009) has performed an analysibe accuracy of
MeteoBlue predictions of weather parameters for seveng dhead and found

around 70% agreement over that timescale.
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Figure 15.1: Simplified architecture to allow environmepitediction to influence the
scheduler. ThédorizonDeterminantises details of stability to decide on the current
horizon. Volatile events (typically a surge of new obsenad) are fed to th&eques-
trationPolicyto decide whether to modify the running schedule by retngcéxisting
commitments and inserting new ones. Changes to envirorainstatility are fed to
the BreakPolicyto determine whether to stop the current schedule and rdatder to
carry on with reduced value.

Sensor fusion There is potential for a significant amount of work on fusimhgge
sources information together to make stability predicionhe forecast informa-
tion exists on different timescales which might point tdf&liént sources being
applicable to the different planning timescales. We showldignore the option
to use human input. Humans are good at extracting predictigemation from
very complex datasets - it could prove most effective to reveteractive input
to the scheduler where an interpreter sets out the probabilbf bad weather

based on detailed study of a variety of forecast sources.

Texture based metrics In terms of measuring and more importantly predicting com-
plexity there may be some advantage in looking at texturesoreanents as de-

scribed by Beck et al. (1997).

Both QLAS and ELAS are very inefficient due to the random soluigenera-
tion/search process. This is not particularly importan& isimulation context - other
than in the time taken to perform the simulations. Howeweram operational con-

text where solutions need to be found quickly to avoid hajdip the execution, more
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efficient and intelligent solution generation and searckimaisms would be required.

Solution generator and search mechanisnThere are several heuristic techniques which

might be used to speed up the generation of solutions to test.

e BreederGenetic techniques might be used to breed solutions. In any p
tential sequence solution there will be good (high scorsegments and
poorer (low scoring) segments. In some cases the good pght ime early
in the sequence while in another it might be nearer the ende livere to
take the good parts of one solution and merge these with the garts of
another solution we could create a new solution with moredguarts then
either parent. Similarly, we might find that by changing jasew compo-
nents in an already good solution we could achieve a bethgtieo. These
two techniques represent in effect the genetic mechani$ersssoveiland
mutation There are potential options to speed this mechanism uprby fa
ing out the breeding to a number of seperateeder stationsunning in

parallel on different hosts.

e Energy minimizatiofhis technique assumes that each group excerts a re-
pulsive force on all surrounding groups which might be in petition for
the same region of the time axis. The force excerted woulcelzed to
the importance and urgency of the group (its sco&jonggroups would
be able to claim their ideal location on the timeline whereaskgroups
would be forced off into less desirable regions (from theiimp of view)
or even ejected if a strong group required the whole of thekwggaup’s
feasible window. Ultimately the system should settle domto aminimum

energyconfiguration.

So far | have assumed that the selection ottbstsequence should be calculated
in terms of the sequence for which the highest potential révis& calculated.
Other factors such asbustnesso changing conditions arftexibility might be

included in this decision.
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Break policy Notifications of instability need to be integrated into tlystem so that
decisions can be made as to when to curtail the executioraitient sequence

and recalculate.

Sequestration policy To take advantage of improvements in the conditions or the ar
rival of better quality observations, a sequestrationgoinust be devised to

allow the executing schedule to be re-calculated or modified

Retraction heuristics When responding to a sequestration, the retraction heudist

termines the choice of group to replace.

Expected Future Reward | have already briefly discussed the possibility of using Ex-
pected Future Reward (EFR) in the context of determiningtidreto schedule
a group now or at some later point based on the likelihood aakle condi-
tions. This technique allows one t®dge one’s betagainst future uncertainty
by discounting the return from decisions made in the presestudy by Sozou
(1998) reveals that humans typically use a form of discagnthere the per-
ceived hazard rate changes with time yielding a hyperbo$calint rate. They
provide mechanisms whereby a discount rate can be calduteteed on non-
occurance of a perceived risk using Bayesian updating essaradte that such
non-exponential time-preference curves can cross-ovéra@references may
change. The main research interest in this area would beeinl¢termination
of a suitable discount rate with reference to predicted d@wtoved stability and

volatility measures.

There are a number of areas in which the Phase 2 model couldl@neead to

provide additional features.

e User preferences. So far, the scoring mechanism has beseddiaward enter-
prise measures of reward (Sect. 3.3) and little regard has taken of the indi-
vidual user’'s measures of value. It is true that for instaheerelative elevation

of targets is taken into account to ensure that targets aereéd agoodtimes,
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however we do not allow the trade-offs between the variogs-pseferences to
be made. The Phase 2 model could be enhanced to allow it tesesgruser’s

own quantification of these tradeoffs.

e Quality requirements. There might be some merit in allowisgrs to specify
limits on the amount, regularity and quality of data takerurr€ntly when a
group fails for whatever reason it becomes reschedulaldearcharge is made.
In some cases, most of the required observations might reefmade anyway.
In such situations it would increase effciency if a QOS measould be used to

determine the degree of success rather than the presentitaftirule.
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A Phase 2 model generator and its configuration

The Phase 2 model generator can be used to create ODB sragstatding to various
distributions and with varying degrees of complexity. THeaBe 2 model is generated

with the following parameters:-

A.1 Notation

The following distributions are used throughout:-

e Ula, b] a uniform random number selected from the rafigé).

e G(u,o0) arandom number with probability distributed as a gaussidi mean

1 and standard deviatian

A.2 Configuration parameters

Root Specifies the root name for this phase2 model. This is the rignveéhich the

model is accessed via a Phase2ModelProvider.
Name The name of the site.
¢ Latitude of the site.
L Longitude of the site.

T specifies theurrent point in the semester. Typically this time coincides witle th

start time of a simulation run.
ATg represents the time difference frdmto the start of the current semester.

ATr represents the time difference framto the end of the current semester.
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Np controls the total number of proposals generated. Thesdave activation times
distributed according t&/[ATp, T and expiry dated distributed according to
UlT, ATg].

N controls the number of groups per proposal, distributet [ds N¢]|.

No controls the number of observations per group, distribasgd|1, No)].

Groups are generated using various timing constraint etaascording to the fol-
lowing fractions:-
gfiex Fraction of groups to be generated with Flexible timing ¢cmsts.
Jdmon Fraction of groups to be generated with monitor timing comats.
gint Fraction of groups to be generated with minimum intervainignconstraints.

All groups are constructed with start and expiry dates seteédrom the range
U[ATg,T) andU[T, ATr] respectively.

For monitor groups, the periods are selected with probgtalktermined by variable
fm, from one of a set of 3 normal distributiod 1., 0,,,,) defined by variables:-
im, Mean value for monitor period distributian

om, Standard-deviation for monitor period distribution

The window fraction is taken from the distributi@dq0.25, 1.0].

For Minimuminterval groups, the minimum window is selectath probability f;,

from one of 3 normal distribution§(y;,, 0;,) defined by variables:-

w;; mean value for minimum interval length distributian

o;, Standard-deviation for minimum interval lengthdistriiout:
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Observation exposure times are selected with probaleilityom one of 2 exposure
length distributiong? (., o.,) defined by variables:-
e, mean value for exposure length distribution
0., Sstandard-deviation for exposure length distribution
N,, exposure-max-count specifies the maximum number of mudtpen observation,
the number of multruns is taken frobi[1, N,,,].

The budget available to each proposal is taken ftO8,.,;,, Bn...] With used frac-

tion distributed a$/[U, i, Unaz)-
Proposals have a scientific priority rating taken from thega O (HIGH) to 3
(LOW). The allocation is specified accroding to the fracinn
P, Fraction of proposals with scientific priority O (HIGH).
P, Fraction of proposals with scientific priority 0 (MED).

P, Fraction of proposals with scientific priority 0 (LOW).

Groups have internal priorities selected from the follogveet.

G, Fraction of groups with priority level 1 (normal)

G4 Fraction of groups with priority level 2 (raised)

G5 Fraction of groups with priority level 3 (medium)

G4 Fraction of groups with priority level 4 (high)

G5 Fraction of groups with priority level 5 (urgent)
Gpgr Fraction of groups with Background priority level

Gsrp Fraction of groups which represent photometric standardsi{nal priority 3).
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Various observing constraints are represented by thevioligp parameters:-

fparr: Fraction of groups which require Dark lunar conditions.
frrotom Fraction of groups which require photometric extinctiomdiions.
froor Fraction of groups which require minimum seeingpabr (seeing > 1.3").

fa» Fraction of groups which require minimum seeingaokerage(0.8” < seeing <

1.37).

fe. Fraction of groups which require minimum seeingeatellent(seeing < 0.8").
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B Supporting statistics

This appendix contains tables of statistical data derivechfthe datasets throughout
the experimental part of the thesis. References to any essddigure(s) are shown in

the table captions.

Mean (1) and standard deviatiowa) values.

Model (Ny) pne oc  psy  Osu

S (100) 2.60 1.02 46.26 7.39
L (300) 8.8 294 5437 5.64
M (900)  14.0 2.35 60.86 2.21
H(2500) 18.8 3.51 65.97 3.7

Table B.1: Statistics of the variation ¢fs;; with C'p- based on data from Fig. 9.3.
A linear least squares modéls; = a + bC was derived after 5 iterations giving
a = 44.2 + 2% andb = 1.124 4 6% with y? = 23.32.

Mean (1) and standard deviatiom) values.

Model (V) e oc  PUXT OXT

S (100) 3.39 1.65 0.81 0.18
L (300) 90 28 085 005
M (900)  14.99 221 0.91 0.08
H(2500) 17.8 4.1 0.95 0.038

Table B.2: Statistics of the variation fx with Cp based on data from Fig. 9.4.
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Fraction of nights on which schedulers beat base scheduler.

Selection model ey Crs Crr

Chest - 62% 59.5%
Crs 38% - 44%
CFR 40.5% 56% -

Table B.3: Fraction of nights on which scheduler with givetestion model beats
other models based on data displayed in Figs. 10.2, 10.3, T@e entry in columm
and rowr denotes the fraction of nights that scheduléeats scheduler.

Amount by which scheduler beats base model.

Selection model (es: Crs  Crr

Cbest - 853 728
Crs 576 - 7.66
CFR 6.8 8.75 -

Table B.4: AmountA,,, by which scheduler with given selection model beats other
models based on data displayed in Figs.10.2, 10.3, 10.4.eftrg in columnc and
row r denotes the amount by which schedul&eats scheduler.

The following tables show statistics of improvement in sped quality metrics
between baseline scheduler implementations and one orcoorparative schedulers.
The main statistic derived i8q, the relative fractional improvement and its 90%

confidence limits.
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0G¢

Values of().,; versusw,,

Wl 0.1 0.5 1.0
BDS,andom 0.57 (-0.04) 0.57 (-0.04) 0.57 {-0.04)
BDSpes: 0.57 (-0.02) 0.57 (-0.18) 0.89 (-0.02)

Aoo(BDSpest, BDSyandom) 0.18% (-10.01%) 0.35%+£41.70%) 57.24%+10.43%)

Table B.5: Comparison of schedulef3D.S;..;) relative to baselineB DS, ....4.,.) based on results displayed in Fig. 7.3 . Measurements show
values of().; and its relative improvement against selected values.of



TG¢

Values of().,; versusw,,

Wel 0.1 0.5 1.0
BDS 0.57 ¢-0.02) 0.57 {-0.18) 0.89 (-0.02)
H1 0.73 (0.00) 0.73 {-0.00) 0.73 (-0.00)

Ago(H1,BDS) 29.45%44.29%) 29.23%-{40.56%)

-17.53%-+3.31%)

Table B.6: Comparison of schedulers (H1) relative to basgBDS) based on results displayed in Fig. 7.3 . Measuresrsfatw values of),;

and its relative improvement against selected values,pf



[AST4

Values ofQ),,, versusw,;

Wel 0.0 0.5 0.9
BDS,andom 1.29 (£0.13) 1.29 {-0.13) 1.29 {-0.13)
BDShes 1.70 (0.02) 1.78 {-0.02) 1.67 {0.02)

Aoo(BDSpest,BDSrandom) 31.78% (£13.04%) 37.91%+£13.07%) 29.38%-£13.00%)

Table B.7: Comparison of schedulef3pS,..;) relative to baseline® D S,....4.») based on results displayed in Fig. 8.2a . Measurements show
values of(),, and its relative improvement against selected values, of



€a¢

Values ofQ),,, versusw,;

Wel 0.0 0.5 0.9
BDS,andom 1.20 (£0.12) 1.20 £:0.12) 1.20 £:0.12)
BDShes 1.76 (£0.03) 1.81 {-0.01) 1.69 {:0.01)

Aoo(BDSpestsBDSrandom) 47.28% (£12.70%) 51.46%+£12.39%) 41.42%-£12.40%)

Table B.8: Comparison of scheduleiS0S;..;) relative to baselineR DS, ...4o,») based on results displayed in Fig. 8.2b. Measurements show
values of(),, and its relative improvement against selected values, of



124514

Values ofQ),,, versusw,,;

Wel 0.1 0.55 0.95
BDS,andom 0.83 (-0.02) 0.83 (-0.02) 0.83 (-0.02)
BDShess 0.86 (-0.00) 0.85 (-0.00) 0.92 (-0.00)

Aoo(BDSpest: BDSrandom)  3.06% (-2.98%) 2.34%42.98%) 10.61%+2.95%)

Table B.9: Comparison of schedulef3pS,..;) relative to baseline® D S,....4.») based on results displayed in Fig. 8.3a . Measurements show
values ofQ),, and its relative improvement against selected values.of
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Values ofQ),,, versusw,,;

Wel 0.1 0.55 0.95
BDS,andom 0.82 (-0.02) 0.82 (-0.02) 0.82 (-0.02)
BDShess 0.84 (-0.00) 0.84 (-0.01) 0.94 (-0.00)

Aoo(BDSpest,BDSrandom) 3.18% (-2.90%) 3.18%42.95%) 14.67%-2.89%)

Table B.10: Comparison of schedulei310S,.,;) relative to baselineRB DS, ...4o,) based on results displayed in Fig. 8.3b . Measurements
show values of),, and its relative improvement against selected values,pf
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Values ofQ),,, versusw,,;

Wel 0.0 0.1 0.6 0.95
BDS,andom 0.79 (-0.02) 0.79 :0.02) 0.79 :0.02) 0.79 (:0.02)
BDShess 0.76 (-0.01) 0.93 (:0.02) 0.92 (:0.02) 0.92 (-0.00)

Aoo(BDSpest: BDSrandom)  -3.18% (-3.98%) 18.22%+4.50%) 17.71%+4.39%) 17.07%-+43.33%)

Table B.11: Comparison of schedule810S,.,;) relative to baselineBD.S, ..4.») based on results displayed in Fig. 8.4a. Measurements
show values of),, and its relative improvement against selected values,pf



JASTA

Values ofQ),,, versusw,,;

Wel 0.0 0.1 0.6 0.95
BDS,andom 0.81 (-0.02) 0.81 (:0.02) 0.81 (-0.02) 0.81 (-0.02)
BDShess 0.76 (-0.02) 0.90 (-0.01) 0.92 (:0.02) 0.96 (-0.01)

Aoo(BDSpest: BDSrandom) -6.05% (-4.25%) 11.60%+3.53%) 13.83%+4.47%) 18.02%-+3.40%)

Table B.12: Comparison of schedulei310S,.,;) relative to baselineRB DS, ....4o,) based on results displayed in Fig. 8.4b . Measurements
show values of),, and its relative improvement against selected values,pf



8G¢

Values ofQ),,, versusw,;

Wl 0.1 0.65 0.9
BDS, andom 0.17 (-0.02) 0.17 ¢:0.02) 0.17 ¢:0.02)
BDSpes: 0.09 (-0.02) 0.11 ¢:0.02) 0.18 (-0.02)

Aoo(BDSpestsBDSrandom) -46.11% (-19.04%) -35.93%-+£17.89%) 7.78%+16.81%)

Table B.13: Comparison of schedule810S,.,;) relative to baselineBD.S,..4.) based on results displayed in Fig. 8.5a . Measurements

show values of),, and its relative improvement against selected values. pf



6G¢

Values ofQ),,, versusw,;

Wl 0.1 0.65 0.9
BDS,andom 0.41 (-0.02) 0.41 (-0.02) 0.41 (-0.02)
BDSpes: 0.12 (-0.03) 0.14 {-0.01) 0.23 (:0.02)

Ago(BD Spest,BDSrandom) -11.91% 9.55%) -66.83%+45.99%) -44.55%+7.26%)

Table B.14: Comparison of schedulef3105S,.,;) relative to baselineR DS, ...co) based on results displayed in Fig. 8.5b. Measurements
show values of),, and its relative improvement against selected values. pf



09¢

Values ofQ);, versusw,,;

Wl 0.0 0.55 0.95
BDS,andom 3.30 (-0.65) 3.30 {0.65) 3.30 {-0.65)
BDSpes: 4.48 (+0.41) 5.07 -0.53) 3.59 (-0.35)

Aoo(BDSpests BDSrandom) 35.76% (-29.81%) 53.64%+£32.53%) 8.79%+28.69%)

Table B.15: Comparison of schedule310S,.,;) relative to baselineBD.S,.,.4.») based on results displayed in Fig. 8.6a. Measurements
show values of);, and its relative improvement against selected values,pf



T9¢

Values ofQ);, versusw,,;

Wel 0.0 0.55 0.95
BDS,andom 3.29 (-0.70) 3.29 (-0.70) 3.29 (:0.70)
BDShes 5.37 (-0.47) 4.91 £-0.37) 3.99 (-0.45)

Ago(BDSpest, BDSrandom) 63.22% 32.72%) 49.24%+30.80%) 21.28%+32.38%)

Table B.16: Comparison of schedulef3105S,.,;) relative to baselineR DS, ...ao,) based on results displayed in Fig. 8.6b. Measurements
show values of);, and its relative improvement against selected values.pf
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Values ofQ,.,, versusw,;

Wel 0.1 0.6 0.95
BDS,andom 29.60 (-3.60) 29.60 £3.60) 29.60 £3.60)
BDShes 47.04 (£1.38) 47.67 £1.24) 39.45 {1.28)

Aoo(BDSpest,BDSrandor) 58.92% (£16.67%) 61.05%-+£16.47%)

33.28%+£16.52%)

Table B.17: Comparison of schedulef810S,.,;) relative to baselineB DS, ....o,,) based on results displayed in Fig. 8.7a. Measurements

show values of),,, and its relative improvement against selected values.pf



€9¢

Values ofQ,.,, versusw,;

Wel 0.1 0.6 0.95
BDS,andom 27.80 (-3.50) 27.80 £3.50) 27.80 £3.50)
BDShes 50.85 (-1.07) 49.931.21) 39.49 £1.13)

Aoo(BDSpests BDSrandom) 82.91% (-16.85%) 79.60%+£17.05%) 42.05%+16.93%)

Table B.18: Comparison of schedulei310S,.,;) relative to baselineRDS,....4o,) based on results displayed in Fig. 8.7b . Measurements
show values of),,, and its relative improvement against selected values.pof



¥9¢

Values ofQ) s, versusC,

. 1.0 15.0 25.0
(Best 52.64 (+3.74) 65.00 £3.74) 69.17 £3.74)

(rs 46.62 (£2.47) 66.51 £2.47) 71.77 £2.47)
Aoo(CrsiCres) -11.44% (£10.90%) 2.32%+8.83%)  3.77%+8.29%)
Q 47.92 (-3.96) 69.43 £3.96) 73.55 £3.96)
Aoo(Q1,Cpes)  -8.98% (£13.24%)  6.82%+410.72%) 6.33%-+£10.08%)
Qs 53.30 (-2.93) 72.3142.93) 76.80 £2.93)
Aoo(Qo,Chesr)  1.24% (£11.55%)  11.25%4£9.36%) 11.04%+8.79%)
Qu 53.10 (-2.39) 76.99 £2.39) 82.37 £2.39)

Aoo(Qu,Crest) 0.88% (-10.79%)  18.46%+8.74%) 19.09%+8.21%)

Table B.19: Comparison of scheduletg{,Q1,Q2,Q.) relative to baseline(z..;) based on results displayed in Figs. 9.5, 9.6, 9.7, 9.8, 9.9,
9.10. Measurements show valueggf;; and its relative improvement against selected valugs, of



G9¢

Values of() s, versusrg

TE 15.0 180.0 480.0
CBest 72.50 (-7.50) 77.50411.00) 77.50413.50)
CFR 76.20 (£9.00) 75.2049.00) 76.20 £9.00)
Ago(CrpiCpest) 5.10% (£20.68%) -2.97%+23.47%) -1.68%+26.80%)
Crs 81.70 (-6.50) 73.40 44.50) 74.7045.50)

Aoo(Crs,Cpest) 12.69% (£17.52%) -5.29%+19.63%) -3.61%+24.08%)

Table B.20: Comparison of schedule€s £,(rs) relative to baseline(..;) based on results displayed in Figs. 10.7, 10.8, 10.9 . Measents
show values of) s, and its relative improvement against selected values; of



Values ofQ) s versusn,

Ne 0.0 6.0 12.0

BDS 118.00 ¢4.00)  118.0044.00)  118.0044.00)
Qo 134.10 ¢:0.10)  108.3143.75)  104.4044.80)
Aoo(Qo5,BDS)  13.64% {4.34%) -8.21%45.95%) -11.53%-+£6.78%)
Qs 128.20 (-0.10)  109.2044.20)  108.1043.20)
Ago(Q2,BDS)  8.64% {-4.34%)  -7.46%46.29%) -8.39%45.56%)
Qu 136.20 (-0.10)  111.5044.10)  110.7041.76)

Ago(Q1,BDS)  15.42%{4.34%) -5.51%46.21%) -6.19%£4.74%)

Table B.21: Comparison of schedule€gy(;,(Q)2,(Q4) relative to baseline (BDS) based on results displayedgn Ei.1 . Measurements show
N values of()s;; and its relative improvement against selected values, of
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Values of() s, versus proximity

proximity 0.0 30.0 90.0 210.0 360.0
QLASys 1.00 (-0.07) 0.91 (-0.08) 0.83 (-0.09) 0.62 (-0.09) 0.42 (-0.08)
ELAS,s 1.02 (-0.07) 0.92 (-0.09) 0.86 (-0.09) 0.67 {-0.08) 0.37 (:0.08)

Aoo(ELASy5,QLASys) 1.70% (£12.40%) 1.32%+416.38%) 3.51%+£19.62%) 8.08%£24.87%) -11.81%+£33.81%)

Table B.22: Comparison of schedulerfsl{ AS, 5) relative to baseline(y L AS, 5) based on results displayed in Fig. 12.7 . Measurements show
values of()s;; and its relative improvement against selected values ofiity



89¢

Values of() s, versus proximity

proximity 0.0 30.0 90.0 210.0 360.0
QLAS, 0.74 (-0.09) 0.98 (-0.08) 0.82 (-0.09) 0.61 (-0.10) 0.36 {-0.08)
ELAS, 0.85 (-0.08) 0.96 (-0.08) 0.84 (-0.08) 0.59 (-0.09) 0.38 (-0.08)

Aoo(ELAS,,QLAS,) 15.22% (-21.16%) -2.74%+£15.36%) 2.93%+17.86%) -3.30%-+28.84%) 5.52%+£40.52%)

Table B.23: Comparison of schedulersl{AS,) relative to baseline(§ L AS,) based on results displayed in Fig. 12.8 . Measurements show
values of()s;; and its relative improvement against selected values ofiity



69¢

Values of() s, versus proximity

proximity 0.0 30.0 90.0 210.0 360.0
QLAS, 0.38 (-0.08) 0.54 (-0.09) 0.81 {-0.09) 0.68 {-0.08) 0.44 {-0.09)
ELAS, 0.53 (-0.09) 0.69 {-0.10) 0.79 {-0.09) 0.63 {-0.09) 0.44 {-0.09)

Ago(ELAS,,QLAS,) 39.89% (£38.59%) 27.57%+£30.86%) -2.84%+20.00%) -7.11%+£23.10%) 0.46%-+36.12%)

Table B.24: Comparison of schedulersl{AS,) relative to baseline(§ L AS,) based on results displayed in Fig. 12.9 . Measurements show
values of()s;; and its relative improvement against selected values ofiity



0.L¢

Values of() s, versus proximity

proximity 0.0 30.0 90.0 210.0 360.0
QLAS, 0.17 (-0.06) 0.20 £-0.07) 0.41 (-0.09) 0.70 {-0.09) 0.35 (-0.09)
ELAS, 0.39 (-0.09) 0.39 {-0.08) 0.57 ¢-0.10) 0.60 {-0.08) 0.39 (-0.08)

Aoo(ELAS,,QLAS,) 135.33% (-86.73%) 96.45%+£69.89%) 37.05%+£40.61%) -14.06%+£21.44%) 10.86%-+£43.56%)

Table B.25: Comparison of schedulefsi{AS,) relative to baseline(§ LAS,) based on results displayed in Fig. 12.10 . Measurementg sho
values of() sy and its relative improvement against selected values ofiity
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