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A Review of Automatic Incident Detection Algorithms
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3) Traffic Pulses
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1) A& (Detection Rate)
(t'/t) x 100 (%)
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2) 27X & (False Alarm Rate)
(f/t') x 100 (%)
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AA FH ZART
Pneumatic sensors volume
volume

Inductive loop detectors headway

occupancy

Magnetic detectors passage data

Magnetometers volume
Ultrasonic sensors volume
Microwave sensors volume
volume

Infrared sensors vehicle speed

occupancy

Video cameras volume
vehicle speed

vehicle speed

Probe Vehicles

travel time
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(1) California Algorithm
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(3) APID(All Purpose Incident Detection) Algorithm
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(4) PATREG(the Pattern Recognition Algorithm)
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3)  AMAIE(Time Series)®  HE #(Smoothing /
Filtering)& °| &% dnaF
(1) Time Series ARIMA Algorithm
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(2) HIOCC(High Occupancy Algorithm)
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(3) DES(Double Exponential Smoothing) Algorithm
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(1) Dynamic Algorithm
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(2) Catastrophe Theory - The (Modified) McMaster
Algorithm
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(2) Neural Network Algorithm
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neuron & processing  unit,
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et AF A 2(connection
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(3) PNN(Probabilistic Neural Network)
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(4) Automatic Vehicle Identification Systems
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<H 3> HERIUX 2ol Lo B
Timelntervaloverwhich
. . . UpdateCycle
Algorithm Occupancy| Volume| Speed| ControlVariableisAveraged
[seconds]
[seconds]
Basic Required 60 20. 30 or 60
Californ California #7 Required 60 20. 30 or 60
@ California #8 Required 60 20, 30 or 60
APID Required Required 20 to 300 20
PATREG Required 40 1
Standard Normal Deviate Required Required 180 or 300 60
Bayesian Required 60 20
Time Series ARIMA Required Required 20 20
HIOCC Required 2 1
Exponential Smoothing Required 60 60
Low-Pass Filter Required 180 30
Dynamic Required Required 60 5
Modified McMaster Required Required 30 30
Neural Network Required Required Required 30 30
Fuzzy Set Required Required Required N/A N/A
Wave Analysis Required 30 30
Dutch Required N/A N/A
Monica Required N/A N/A
Low-Volume Algorithm Required - --

on-line % off-line A&7} 249y ARt FEH
w3 A2HY A =29 78gH FF A5Y F, &
9 #¥3 BFd vAE FEE FYTHY Frtaso
Fe mAE 29tk WM FE BFrEEe §v
ol g #u olye ¢k, BE Ao F& i
=4 52 database’} Alg o)

l‘ﬁ"_‘.éoﬂ.}ﬂ

AU 1 F44%0) B2A dehdch 53 AdolAE
HA 71¥E o8¢ LuPZFRT oA California 18 2
PFe] Bo ¥e $Y45E dshle 2E A o

2t Y% d@F A8E o83y dngdFy FYFHS
Hrtste 2Agdel "o £ =FdAMe oF n=F
Callforma I-880 2o £X Hz7] AFE o]43ld Z

N 25 £8%8S Wiy sk £ ooke o
J_E]Z'Q_ U] HEAPezA S vt S2AH ¢

oo 723 ¢udZe AwstE do] Yoy HoZ
N 3l al = o
A472 Be AEHuPA gngdo nIH &Y, ;;%\:} =T =
dee FHoZ ALse gon e 2 duegHFe TV
Hrtol 2 24 2% Atk 4 LnA3e 54 wet
<E 4> YD2F FUMS 29
. DetectionRate FalseAlarmRate AverageDetectionTime
Algorithm o .
%] 1961 [minutes]
Basic 82 1.73 0.85
L . California #7 67 0.134 291
California California #8 o8 0177 304
APID 86 0.05 25
Standard Normal Deviate 92 13 1.1
Bayesian 100 0 39
Time Series ARIMA 100 15 04
Exponential Smoothing 92 187 0.7
Low-Pass Filter 80 0.3 40
Modified McMaster 68 0.0018 22
i 8 MLF 39 001 0.96
Neural Networks PN P e 09
Fuzzy Set Good Good Up to 3 minutes quicker
than conventional aigorithms
Wave Analysis Good Good Good
Dutch Good Poor (Good
Monica Poor Good Good
Vol < 400vph: 1 7 hrs
Low-Volume Algorithm 49-78 olume b per s N/A
Volume 900-1000 vph: 1 per 2 hrs
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