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Abstract: Air traffic is increasing world wide at a steady annual rate, and airport congestion is already a major issue for 
air traffic managers. This paper presents a model based on neural networks to predict the position of aircraft on the air-
port, during landing or takeoff. The same model can also be used to predict the behavior of other vehicles moving on the 
airport. The predictions help to detect near-collision situations earlier, giving air traffic controllers additional time to take 
remedial actions. The system uses the list of coordinates produced by the airport radar system, and obtains a prediction of 
the future position of each object. It is only necessary to store a short history of positions for each object in order to per-
form the estimation. This estimation has an average error comparable to the size of the airplane when the algorithm is ad-
justed for 20 second look ahead. The proposed model has been evaluated using data from Chicago O’Hare International 
Airport, which is the airport with the highest number of movements (from 2001 to 2004). 
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INTRODUCTION 

 According to Civil Aviation Organization, the number of 
travelers is increasing at a constant rate of 5% every year [1]. 
Also, the number of operations (landings and takeoffs) is 
increasing in most airports around the world and all projec-
tions show continued growth during upcoming years. 

 Airport congestion raises the likelihood of having delays. 
In addition, the common concern about potential aircraft 
accidents gets even more significant. Therefore, air traffic 
management authorities are considering and adopting new 
technologies to cope with increasing traffic while simultane-
ously improving safety. 

 The safety statistics published by the International Air 
Transport Association show an average level of airplane 
accidents at about 1 per million departures (and decreasing in 
recent years) [2]. The absolute number of airplane accidents 
may grow with the increasing number of flights, but the 
accident rates should remain constant. This is true only when 
the number of accidents is independent of the congestion 
level. However, there are certain types of incidents that may 
intensify in some rapid growing airports. One such incident 
is the runway incursion, which involves an airplane entering 
a runway that has been assigned to another airplane for land-
ing or takeoff. In this event, the fast moving airplane may 
potentially crash against the airplane that is entering the 
active runway. Another potentially dangerous situation oc-
curs when a landing aircraft does not leave the runway on 
time, since landing airplanes usually approach the airport 
flying just a few minutes apart. Under the latter condition, 
the second airplane must abort the landing operation and fly 
over the runway to avoid a possible collision. 
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 Many airplane accidents (80%) occur at or near airports, 
due to mechanical failures or human errors. Following are 
some examples of worst and recent accidents involving pairs 
of airplanes that crashed on-ground or mid-air [3]: 

• On ground: Tenerife, Spain, 1977 (583 victims, worst 
aviation accident), Milan, Italy, 2001 (114 victims); 

• Mid-air: New Delhi, India, 1996 (349 victims, worst 
midair collision, 3rd worst aviation accident), Über-
lingen, Germany, 2002 (71 victims). 

 Two different strategies have been developed to avoid 
this kind of accidents: those designed for pilots, and those 
designed for air traffic controllers. Pilots use on-board sys-
tems that detect or communicate with nearby aircraft. One 
such system is TCAS (Traffic Collision Avoidance System) 
launched by the FAA in 1981. On the other hand, air traffic 
controllers use systems that rely primarily on radar signal 
and analyze the positions of each target. One such system is 
AMASS (Airport Movement Area Safety System) developed 
by the FAA after the prevention of runway incursion was 
listed at the top of the "Most wanted transportation safety 
improvements", published by the NTSB (U.S. National 
transportation safety board) [4]. 

 Both approaches for avoiding accidents are based on 
knowing the absolute positions (coordinates) of the air-
planes, or their relative positions (separation distance). Then, 
different algorithms can be applied to decide if the condition 
involves any potential danger. Prediction algorithms are 
useful to simulate future scenarios that can be evaluated 
before the real situation takes place. Therefore, by adding 
prediction algorithms to any of the current detection systems, 
one provides additional time to perform corrective actions. 
The full potential of the proposed approach will be demon-
strated if the prediction model is integrated in intelligent 
detections systems that make use of contextual information. 
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Such intelligent systems may detect runway incursions by 
analyzing runway configuration and cross checking aircraft 
position with their expected behavior. 

DESCRIPTION OF THE PREDICTION SYSTEM    
DESIGNED 

 Several prediction models can be used to estimate the 
value of any magnitude in the future. The algorithm pre-
sented in this paper is based on a neural network model, 
because previous studies demonstrated that neural networks 
can provide better accuracy than other models [5]. Neural 
networks (NN) are able to model non-linear processes accu-
rately and are tolerant of certain degree of inaccuracy in the 
inputs. Both characteristics are important in the current ap-
plication since airplane movement is subject to changes in 
speed, with significant acceleration and deceleration values; 
and airplane position data are imperfect due to slight non-
uniform sampling frequency and errors in the analysis of 
reflected radar signals. Neural Networks, like any other 
mathematical models, require to be cautiously adjusted 
(trained in NN nomenclature) in order to obtain useful inter-
nal parameters. The training procedure involves executing 
optimization algorithms with varying convergence times that 
depend mainly on the complexity of the problem. However, 
once the neural network has been trained, the computing 
procedure that is performed in real-time is deterministic. 

 The Neural Network was originally designed as a black-
box model to estimate future coordinates based o a short 
history of past coordinates. Two different position prediction 
approaches are presented in this paper (see Fig. (1)): 

• X/Y approach: The same neural network is applied 
twice, one time to estimate the future X coordinate 
(longitude) based on the latest X values, and second 
time to estimate Y coordinate (latitude). 

• Bearing/distance approach: This approach is based 
on estimating the direction of movement (bearing) 
and the distance that the target will make; then the fu-
ture position is computed applying trigonometry. 

 The neural network is used to estimate X movement, Y 
movement or actual movement, using 10 seconds of past 
history to predict values up to 30 seconds in the future. One 
can feed the model with absolute X or Y coordinates to esti-
mate the absolute coordinates in the future, but it was found 
more accurate to use delta values (distance made during the 

last seconds) to estimate the distance that the airplane will 
make in the future; then the futures coordinate is computed 
by adding estimated distance to the current position [5]. Fig. 
(2) summarizes the structure of the model: 

 The structure selected for neural network is a Multi-
Layer Perceptron (MLP), because it is efficient and easy to 
implement in other applications, and it demonstrated good 
accuracy when compared with other NNs. Delta inputs are 
obtained by subtracting coordinates provided by the radar 
system in feet. However, since the sampling period is one 
second, those inputs are equivalent to speed measured in 
feet/s. 

 In the X/Y approach the 10 inputs to the neural network 
correspond to the distances achieved during the last 10 sec-
ond in the X or Y direction, and the outputs are the predic-
tions of the distances that the airplane will make in the fol-
lowing 5, 10, 15, 20, 25 and 30 seconds in the X or Y direc-
tion. In the case of bearing/speed approach, the neural net-
work uses the 10 previous real (not projected) distances to 
predict the distance that the airplane will have in the future. 
The later distance is applied according to the bearing, then it 
is projected over X and Y axes in order to obtain future co-
ordinates. In this approach, the bearing is previously ob-
tained by linear regression applied to the 10 previous posi-
tions. 

EXPERIMENTAL RESULTS 

 The research team worked with data from some of the 
largest airports in the US: Boston (BOS), San Francisco 
(SFO), and Chicago O'Hare International Airport (ORD). 
The model described in this paper has been tested using data 
from Chicago (ORD), which is the airport with the highest 
number of movements from 2001 to 2004 and is second in 
terms of passenger traffic [6]. The log files were recorded 
during the summer of year 2001 and comprise the data pro-
vided by two different radar systems in operation: ASR and 
ASDE. Airport Surveillance Radar (ASR) has an internal 
sampling rate of 4 s and it is less accurate than ASDE, but 
has a longer range. Airport Surface Detection Equipment 
(ASDE) has a sampling rate of 1 s, is more accurate, and is 
able to track airplanes as well as ground vehicles. In general, 
ASDE data are more accurate (less noisy) but the behavior of 
the targets is more difficult to predict because this system 
tracks a larger range of speeds and most accelerations and 
decelerations while ASR usually tracks constant-speed tar-

 

 

 

 

 

 

 

 

 

 

Fig. (1). Two approaches to compute future position. 
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gets approaching the airport. Since the two systems are so 
different, it was decided to make independent evaluation for 
each one. 
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Fig. (2). Structure of NN-based model. 

 Positional error is computed for a given airplane at a give 
time as the distance from the point (x, y) predicted by the 
algorithm to the actual point that was found in the log file 
looking at later values. In order to evaluate the accuracy, the 
algorithms were tested using data from ORD (almost 
300,000 evaluations). Two global indicators have been com-
puted: the mean absolute error (MAE), and the normalized 
mean square error (MSE). The former is computed as the 
average of the absolute value of the difference between the 
real position and the estimated position. The latter is com-
puted as the square root of the average of the squares of the 
distances. 

 MSE becomes larger that MAE if the variance of the 
error distances increases. If all error samples are very similar 
then MSE tends to be the same as MAE, but if some error 
levels are very large compared to the others then MSE be-
comes larger than MAE indicating that the estimation algo-
rithm is less robust. 

 In order to compute the error of the first approach (X/Y), 
a neural network is used to estimate X and Y future coordi-
nates independently, then the error is computed as the dis-
tance between the estimated coordinates and the actual val-
ues read by the radar and stores several lines below in the log 
files. 

 The second approach involves bearing estimation and 
movement estimation. This approach (linear regression + NN 
+ trigonometry) is about 10 times slower that X/Y estimation 
(NNx + NNy). 

 The results shown on Tables I and II, are very similar for 
both approaches while using data from ASR radar but bear-
ing/distance approach is 5% to 10% less accurate than X/Y 
approach for ASDE signals. In the analysis for ASR signals, 
most of the events involve airplanes approaching for landing, 
which means straight movement at high speed. For this con-
dition, bearing is precisely identified and the results of both 
approaches are equivalent. On the other hand, for ASDE 
data, there are many events involving slow moving airplanes, 
sudden turns, and start/stop operations, so the overall behav-

ior is less predictable and bearing is difficult to obtain by 
linear regression. 

Table I. X/Y Approach 

 

ASDE Radar ASR Radar 

 MAE(ft) MSE(ft) MAE(ft) MSE(ft) 

5s 52.28 75.62 129.01 148.68 

10s 165.59 220.96 167.89 200.22 

15s 353.62 455.60 229.92 279.53 

20s 618.04 782.94 314.55 385.00 

25s 951.38 1198.83 429.19 523.20 

30s 1340.35 1692.11 561.62 680.13 

 MAE(m) MSE(m) MAE(m) MSE(m) 

5s 15.94 23.05 39.33 45.33 

10s 50.48 67.37 51.19 61.04 

15s 107.81 138.90 70.10 85.22 

20s 188.43 238.70 95.90 117.38 

25s 290.05 365.50 130.85 159.51 

30s 408.64 515.89 171.23 207.36 

 

Table II. Bearing/Distance Approach 

 

ASDE Radar ASR Radar 

 MAE(ft) MSE(ft) MAE(ft) MSE(ft) 

5s 58.40 79.82 129.88 149.02 

10s 179.04 231.02 173.23 204.52 

15s 375.96 476.01 237.83 285.26 

20s 651.88 821.26 321.84 389.46 

25s 1001.93 1264.73 435.51 526.51 

30s 1410.45 1792.76 566.76 682.96 

 MAE(m) MSE(m) MAE(m) MSE(m) 

5s 17.80 24.34 39.60 45.43 

10s 54.59 70.43 52.81 62.35 

15s 114.62 145.13 72.51 86.97 

20s 198.74 250.38 98.12 118.74 

25s 305.47 385.59 132.78 160.52 

30s 430.02 546.57 172.79 208.22 

 

 The mean error of the estimations obtained for 20 s in the 
future are less than 120 m while tracking with ASR; this is a 
very small error taking into account that the wing span of 
large airplanes such as B-777, B-747, B-767, A-330, A-340 
or MD-11 is around 60 m, and the wing span of A-380 is 
80 m. Since the radar signal may reflect in any part of the 
aircraft, any error in the same order of magnitude as the size 
of the aircraft could be considered in the same level as the 
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radar signal noise, that air traffic controllers are comfortable 
with. 

CONCLUSION 

 A neural network model has been developed to estimate 
the position of airplanes up to 30s in the future. After train-
ing the model with data obtained at the airport, the system is 
able to predict the future position of each moving object in 
the airport with high accuracy; the mean error has roughly 
the same order of magnitude as the size of the airplane. 
Hence, the integration of this module in existing monitoring 
systems can provide air traffic controllers and pilots with 
valuable additional time and guidance for taking corrective 
action in case of imminent danger. 

 The proposed estimation algorithms can be used to pre-
dict position for any moving object in the airport: airplanes 
moving at high speed during takeoff of landing operations, 
airplanes moving slowly in taxi mode, or ground vehicles 
also moving slowly. In fact the system was evaluated using 
data of fast and slow moving targets that were on ground 
(ASDE radar data) or flying (ASR radar data). 

 Two different approaches for estimating position were 
presented. The first approach is based on estimating the 
future displacement in X direction and Y direction, and then 
adding those distances to the current position in order to 
obtain projections for the future. The second approach ob-
tains the bearing by linear regression and uses the neural 

network to estimate the displacement in the bearing direc-
tion. Both approaches yield similar results during approach-
ing maneuvers, but bearing estimation is less robust for esti-
mating on-ground movements. 

ACKNOWLEDGMENTS 

 Some of the research work discussed in this paper was 
originally sponsored by Federal Aviation Administration 
(FAA) and the Volpe National Transportation Systems Cen-
ter. However, the opinions, interpretations, conclusions, and 
recommendations presented in this paper are those of the 
authors, and are not necessarily endorsed by the FAA or 
Volpe. 

REFERENCES 

[1] R. Heitmeyer, “Biometric ID and MRTDs will help generate future 
airport capacity”, Intl. Airport Rev., vol 5 (1), pp. 60-63, 2001. 

[2] G. Bisignani, IATA Annual Report 2004, International Air Trans-
portation Association, Montreal, Canada, 2004. 

[3] R. Kebabjian, "Plane Crash Info", available: http://www.planecras 
hinfo.com/ [Accessed 2006]. 

[4] National Transportation Safety Board, "Most wanted transportation 

safety improvements 2004-2005". 2004. available: http://www.ntsb. 
gov/recs/brochures/MostWanted_2004_05.pdf 

[5] R. Palacios, A. Doshi, A. Gupta, V. Orlando and B. Midwood, 
"Neural networks models to detect airplane near-collision situa-
tions", Transport. Plan. Technol., 2008. 

[6] Airports Council International, World Airport Traffic Report 2007. 
available: http://www.airports.org [Accessed 2008]. 

 

 

Received: August 5, 2008 Revised: September 15, 2008 Accepted: October 18, 2008 
 

© Palacios et al.; Licensee Bentham Open. 
 

This is an open access article licensed under the terms of the Creative Commons Attribution Non-Commercial License (http://creativecommons.org/licenses/by-
nc/3.0/) which permits unrestricted, non-commercial use, distribution and reproduction in any medium, provided the work is properly cited. 

 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


