
REAL TIME GENETIC SCHEDULING OF AIRCRAFTLANDING TIMES�Vic Ciesielski and Paul ScerriDepartment of Computer ScienceRMITGPO Box 2476VMelbourne 3001vc@cs.rmit.edu.au, Tel: (03) 9660-2926, Fax: (03) 9660-1617paul@numbat.cs.rmit.edu.au, Tel: (03) 9660-2348, Fax: (03) 9660-1617August 4, 1998AbstractEvolutionary approaches are not usually considered for real time scheduling problemsdue to long computation times and uncertainty about the length of the computationtime. We argue that for some kinds of problems, such as optimizing aircraft landingtimes, genetic algorithms have advantages over other methods as a best solution is alwaysavailable when needed, and, since the computation is inherently parallel, more processorscan be added to get higher quality solutions if necessary. Furthermore, the computationtime can be decreased and the quality of the generated schedules increased by seeding thegenetic algorithm from a previous population. We have performed a series of experimentson landing data for Sydney airport on the busiest day of the year. Our results show thathigh quality solutions can be computed in the time window between aircraft landings.1 IntroductionReal time problems are characterized by the need to have certain computations completedand answers ready within a limited time otherwise it will be too late for the answers to be ofany use. One approach to real time problems is the use of `anytime algorithms' [6], procedureswhich can be interrupted at any time and will always have a result available but will producea better result given more time.Genetic algorithms[3, 5] are a problem solving strategy, based loosely on Darwinian evo-lution, that has been successfully used for a large number of scheduling and optimization1*In X. Yao (Editor) Proceedings of The Australia-Japan Joint Workshop on Intelligent and EvolutionarySystems , Pages 55{64, Canberra, 1997



problems[2, 9]. Genetic algorithms are generally associated with long computation times andgreat uncertainty about how long a computation will take. Consequently they are not nor-mally considered for real-time problems, such as the optimal scheduling of aircraft landingtimes. Despite the perceived computational disadvantages, we believe that genetic algorithmsmight in fact, perform well in real time situations, since:1. A population of potential solutions (i.e. schedules) is always available. The longer oneruns the computation the better these solutions should become. However, at any time,there is always a best solution available. Thus genetic algorithms can be considered asa form of anytime algorithm.2. Genetic algorithms are inherently parallel. If more computation is needed to get anacceptable result in the time available, one can simply add more processors.The scheduling of aircraft arrival times at a busy airport is a di�cult problem for manyreasons. There is an inherent tradeo� between leaving wide safety margins between aircraftand maximizing the number of aircraft that take o� and land each hour, particularly duringpeak hours. It has been estimated that the problem of air tra�c congestion will cost $US10billion in Europe alone by the year 2000.1.1 GoalsOur primary goal is to investigate the applicability of genetic algorithms to the problem ofreal time scheduling of aircraft arrival times at airports. We are particularly interested in:1. Whether the constraints and the constantly changing situations such as aircraft landingsand new arrivals in the scheduling horizon can be adequately represented with the agenetic algorithm approach.2. Whether the landing sequences computed in the time available will be good enough.3. Whether specialized crossover and mutation operators which favour changes to newlyarrived planes are better than standard binary crossover and mutation.4. A deployed scheduling system is required to deliver a new schedule when a plane landsor new planes enter the scheduling horizon. Thus a sequence of schedules need to begenerated. We expect that new schedules constructed by seeding the new optimizationrun with chromosomes from from the previous population will be better than thoseconstructed from scratch.2 Scheduling of Aircraft Arrival TimesThe focus of this work on is what happens after planes enter the `scheduling horizon' of anairport, usually about 40 minutes before landing. The location and landing order of planes is



controlled by the local air tra�c controllers. When a plane enters the scheduling horizon, ithas an optimal landing time. This is the time it would land if there were no other aircraft atthe airport and it could travel at its optimal speed. At busy times, planes arrive at a fasterrate than can be landed. Slow planes come into the scheduling zone before faster ones. Ifplanes were allocated landing times on a �rst come �rst served basis, runways would remainidle as the queue of planes wanting to land increased. The key resource in this domain is timeon a runway.At Sydney airport, for which we have data, landing slots are allocated at 3 minute intervals.This leaves a conservative margin for safety and permits several takeo�s between landings,however it is a major contributor to congestion. The work reported in this paper is is con-cerned with variable times between landings. Other factors that must be taken into accountin generating schedules are:� Some planes have higher priority than others; a 747 will generally have higher prioritythan a Cessna.� While arriving planes have a preferred runway, some planes are constrained to usespeci�c runways.� There are constraints in the amount of time that must pass before, say, a small planecan land after a big plane.It is undesirable to change landing times too much after they have been allocated since thiscauses ripple e�ects and additional communication in notifying pilots of changes in landingarrangements. Scheduling of take-o�s is not considered since these are interspersed withlandings. A plane can be asked to land up to 3 minutes earlier than its optimal time toimprove a schedule. It is not possible for a plane to land more than three minutes early, thatis, more than three minutes before its optimal arrival time..A closely related problem that has received much attention in the literature is the job shopscheduling problem[1, 10].3 The Test DataThe data we are using for the problem was generated from a simulation of air tra�c forEaster Thursday at the Sydney airport, which is the busiest day of the year. Two data setswere generated, one containing 28 planes arriving in a 37 minute period, the other 29 planesarriving in a 38 minute period.4 The Genetic AlgorithmNote that we actually need to solve a sequence of optimization problems. Whenever planesland and new planes enter the scheduling horizon we have a new optimization problem.



We have compared two genetic algorithms:1. The standard binary genetic algorithm as described in [3] and implemented in theGAUCSD package[4]. In this case each problem in the sequence requires a new chro-mosome encoding which deletes planes that have landed and adds planes that haverecently arrived. The new schedules are built from `scratch', that is from a randominitial population.2. A `seeding' modi�cation. Rather than starting from scratch, we build, or seed, the newinitial population from the one left at the end of the last problem by deleting planesthat have landed and inserting newly arrived planes.4.1 EncodingEach gene on the chromosome consists of 8 bits and represents a landing time (7 bits) and arunway (1 bit) as shown in �gure 1. A plane with a zero landing time will be the next onelanding (T ime = now). A non zero landing time is the number of 30 second intervals fromnow. In our data there are two runways so 1 bit is enough to encode the runway.Time R Time R Time R Time R Time R . . . .Figure 1: Encoding of ChromosomesAssociated with with the chromosomes is a global table of planes as shown in �gure 2.1 2 3 40 0 6 1 9 0 . . index Id Size Opt0 Opt11 TXZ Big 12:01 12:042 FDS Small 12:03 12:003 JKL Big 12:01 12:05Figure 2: Encoding of Chromosomes: ExampleStatic information about planes is kept in a global table as shown in �gure 2. The `opt0'column gives the optimal landing time on runway 0 and the `opt1' column the optimal landingtime on runway 1. Assuming that now = 12 : 00, the encoding shown in �gure 2 correspondsto a schedule where plane 1 is to land at 12:00:00 on runway 0, plane 2 at 12:03:00 on runway1 and plane 3 at 12:04:30 on runway 0.A landing schedule as presented to the user is a table consisting of a time, a runway and theId of the plane scheduled to land. The schedule must be shown in order of increasing landingtimes. Producing a landing schedule from any chromosome simply requires building an emptytable of landing slots at 30 second intervals for each runway, walking down the chromosomeand using the time and runway to index and �ll in this table. This is similar to the `schedulebuilder' approach used in job shop scheduling [8]. Note that a considerable number of these30 second landing slots will be empty.



The advantages of this encoding are that very �ne time slices (30 seconds) can be representedand that fast binary crossover and mutation operators can be used. A big disadvantage isthat invalid schedules are generated by crossover and mutation, for example two planes canbe scheduled to land at the same time on the same runway.Note that while it may appear that the problem requires a variable length chromosome todeal with an arbitrary number of planes waiting to land, this is in fact not the case since each30 seconds any planes planes that have landed in that time are removed from the static tableand the chromosomes, and new planes reaching the scheduling area added. This results in asequence �xed length optimization problems.The encoding described above was chosen after considerable analysis and experimentationwith alternatives. Originally we treated the problem as a rearrangement/permutation prob-lem and used order and position based operators[7]. A pair of genes on the chromosomecorresponded to a 3 minute landing slot on each of two runways. Each slot contained the Idof the plane scheduled to land at that time. This encoding, while it is a relatively naturalencoding of the problem had a number of disadvantages:1. It resulted in illegal solutions since schedules were generated in which planes were listedto land earlier than was physically possible. In some runs there was not a single validschedule in the population.2. It required long chromosomes, which would need to be 6 times longer to deal with 30second landing slots.3. The position based crossover and mutation operators executed very slowly.4.2 Fitness FunctionWe have chosen to deal with invalid solutions by use of the �tness function. Thus the �tnessfunction must punish sub-optimal solutions and severely punish invalid ones. We have usedthe following penalties:Penalty Description ValINVALID PENALTY The schedule is invalid for any reason. 100CLASH PENALTY Two planes scheduled to land at the same time. 10TOO CLOSE PENALTY Planes are scheduled to land on the same runwaywithout an adequate time gap. 10ADJ TOO CLOSE PENALTY Planes are scheduled to land on adjacent orcrossed runways without an adequate time gap 10EARLY PENALTY A plane scheduled to land too early. 3DELAY PENALTY A planes is scheduled to land too long after itsoptimal landing time. 1The �tness function used is shown in �gure 3. The value of total early is found by �nding allplanes which are scheduled to arrive too early, for each such plane �nding the amount of time



Fitness = INVALID PENALTY (If Applicable)+ CLASH PENALTY (If Applicable)+ No of planes too close * TOO CLOSE PENALTY+ No of planes adj too close * ADJ TOO CLOSE PENALTY+ total early * EARLY PENALTY+ total delay * DELAY PENALTYFigure 3: Fitness Functionby which it is too early and computing the total for all early planes. Total delay is the resultof a similar calculation for planes which are scheduled to land later than their optimal time.The relative sizes of the penalties can be roughly determined from domain knowledge, forexample an invalid schedule must be heavily punished, while a plane landing after a smalldelay should only receive a small penalty. Determining the actual sizes of the penalties wasmostly an empirical exercise.4.3 Genetic OperatorsWe have compared standard binary crossover and mutation operators operators and modi�edbinary crossover and mutation operators. The modi�cations are based on domain knowl-edge: Since we desire that the early parts of schedules do not change very much (a domainrequirement) we decrease the probability of a mutation or crossover at the beginning of thechromosomes and increase it the end of the chromosome. Note that, due to the encoding, re-cently arrived planes are represented toward the end of the chromosome. Thus the operatorstend to leave alone planes that have been in the system for some time and focus on newerarrivals.For our chosen encoding there are no straight forward ways of repairing invalid solutions ormodifying the crossover and mutation operators to ensure that illegal solutions cannot arise.We use the �tness function to heavily penalize invalid solutions thus lowering the probabilityof their being selected for reproduction.5 ResultsThe runs were carried out using a modi�ed version of GAUCSD[4] using the elitist (10%)strategy. All runs up to 50,000 trials completed in less than 30 seconds on a SPARC work-station.



In a deployed scheduling system it is absolutely imperative for the system to deliver a validschedule on demand. The schedule should be optimal or very close to optimal. Thus in ourexperiments we have focused on the number of valid schedules in the population, the �tnessof the schedules, and how they vary with genetic algorithm parameters. Ideally we would liketo �nd the settings which give the best possible results on both measures.Special xover and mutation Standard xover and mutationTrials Seeding No Seeding Seeding No Seeding500 53.17 47.67 56.94 47.201,000 53.96 46.55 55.65 49.482,000 65.75 48.97 58.95 45.475,000 48.10 50.20 55.94 50.1210,000 62.81 51.61 65.63 55.4950,000 58.00 44.76 56.79 49.07Table 1: Percentage of Valid Solutions. Population = 50, Crossover rate = 0.1, Mutation rate= 0.01We expected that the number of valid schedules would stay relatively constant and the �tnesswould increase uniformly with the number of trials, but, as the tables below show, this turnedout not to be the case.Tables 1 and 2 show the results of a number of runs whose goal was to determine whetherthe seeding approach was better than starting from scratch. Table 1 shows the number ofvalid schedules in the population as the number of trials increases. The results for seeding areclearly superior. We expected that the runs where seeding was not used would start with alower number of valid schedules but would eventually reach the performance as when seedingwas used. This turned out not to be the case. The non seeding performance never `catchesup' to the seeding performance. The same result is evident in the �tness of the best solutionsas shown table 2. Special xover and mutation Standard xover and mutationTrials Seeding No Seeding Seeding No Seeding500 289.46 348.37 228.06 370.741,000 268.58 368.12 233.59 312.122,000 159.57 327.60 183.34 335.165,000 297.42 327.71 243.49 313.4410,000 166.74 261.28 167.84 206.5450,000 278.19 373.07 238.42 321.81Table 2: Best Fitness. Population = 50, Crossover rate = 0.1, Mutation rate = 0.01Tables 1 and 2 also show comparisons of results with our special crossover and mutationoperators and the standard binary ones. Comparison of columns 2 and 4 and 3 and 5 of table1, and 2 and 4 and 3 and 5 of table 2 reveals that there is no real di�erence.



Tables 3 and 4 were generated only for the seeding approach. They show how the number ofvalid solutions changes with population size, mutation and crossover rates. Results for boththe special and standard crossover and mutation operators are shown.Special xover and mutation Standard xover and mutationRun Pop Xover Mut % Valid % Valid % Valid % ValidRate Rate 2,000 Trials 20,000 Trials 2,000 Trials 20,000 Trials1 500 0.1 0.1 66.54 67.24 55.59 58.382 500 0.6 0.001 64.82 63.11 67.72 68.773 50 0.6 0.01 52.68 45.88 58.29 60.014 50 0.1 0.1 57.38 55.85 58.04 57.265 50 0.1 0.01 65.75 50.51 58.95 62.47Table 3: Percent of valid solutions at for di�erent GA parameter valuesThe best results for both number of valid solutions and �tness were obtained for a highpopulation size (500), a high crossover rate (0.6) and a very low mutation rate (0.001) after20,000 trials and using the standard binary crossover and mutation operators. In generalbetter results are associated with a high population and a low mutation rate. There is noclear superiority of the special crossover and mutation operators over the standard ones orvice versa. Special xover and mutation Standard xover and mutationRun Pop Xover Mut Fitness at Fitness at Fitness at Fitness atRate Rate 2,000 Trials 20,000 Trials 2,000 Trials 20,000 Trials1 500 0.1 0.1 162.33 157.85 212.27 177.972 500 0.6 0.001 150.31 137.84 147.49 132.973 50 0.6 0.01 284.19 310.44 269.96 267.654 50 0.1 0.1 271.24 250.81 222.00 223.095 50 0.1 0.01 159.57 309.33 183.34 280.12Table 4: Fitness of best solution for di�erent GA parameter valuesAs notes earlier we expected the �tness of the schedules to increase as the number of trialsincreased. As can be seen from the results its behaviour was somewhat erratic. Furtherinvestigation is needed to determine the reason for this.6 ConclusionsThe major goal of this work was to determine whether a scheduling system based on geneticalgorithms could be used for scheduling aircraft landing times. We have established that agenetic scheduler can generate good schedules in the time available between landings. Thor-ough inspection and validation of the generated schedules by domain experts has not yet been
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