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Development of Incident Detection Algorithm Using Naive Bayes Classification
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ABSTRACT

The purpose of this study is to develop an efficient incident detection algorithm by applying
machine learning, which is being widely used in the transport sector. As a first step, network of the
target site was constructed with micro-simulation model. Secondly, data has been collected under
various incident scenarios produced with combination of variables that are expected to affect the
incident situation. And, detection results from both McMaster algorithm, a well known incident
detection algorithm, and the Naive Bayes algorithm, developed in this study, were compared. As a
result of comparison, Naive Bayes algorithm showed less negative effect and better detect rate (DR)
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than the McMaster algorithm. However, as DR increases, so did false alarm rate (FAR). Also, while
McMaster algorithm detected in four cycles, Naive Bayes algorithm determine the situation with just
one cycle, which increases DR but also seems to have increased FAR. Consequently it has been
identified that the Naive Bayes algorithm has a great potential in traffic incident detection.

Key words : Incident detection algorithm, Machine leaming, McMaster algorithm, Naive Bayes classification
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<Fig. 4> Traffic volume graph <Fig. 5> Traffic volume weighted average speed graph
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<Table 1> Simulation parameter adjustment

Parameters Values
Desired Speed Distribution(car) 80 ~ 130 km/h
Desired Speed Distribution(HGV) 80 ~ 90 km/h
Link Car-following Model Weidmann 99
Vehicle Composition Car(75%) HGV(25%)
Temporary Lack of Attention 5.00s, 5.00%
Desired Position at Free Flow any
Observe Adjacent Lane admit
Warmup Time 900s

T HELZE T3 ARE 47 8iA 7P AAZIEA VISSIMOA AFshE 715 ‘data
collection point’ & 83} 1, HeA A= MFEE Wet 250m HE 02 37 A 7o AX7E A
A8kt AepAstaee AAl A& A7) HAT|ek Fx2 HAZ7L 2ol wjAdR A AAp7] HA7
e AFoz Udth AA AR A-E =48 <Fig. 6>8 AHEH 27| HAZ|E AA AH #,
#2, #3 2T ARl uldEo] e v, R A2 AA A #1134 #3000 Aol S8 HA &
VEYFL QAR O E FRE HA 7} shFR AR 7)9] FAF 2ol & o] &t whaty] wiwol AA] A
A7 E839S 4 250m HA HEA R, B AAYE 89S A5 500m A HHow 3 A
A7} 7hsstt). B Age AepAsalRe AR AA78 Fx HA VS vlaste] Axb7] AA719 A
fFre&AS Wk ATl AefAetatze] AAp7] AA7|8 £ AA7]9] Asol st HE&S
v o 2 18t THKo et al, 2017).

Drecion @ m N em Wl C
Om 250m 500m
Magnetic Detector Magnetic Detector Magnetic Detector
Loop Detector Loop Detector

<Fig. 6> Simulation detector position

4. AIZg0|M FHat 2 A

0l

A AHcalibration)o| & FZFH UEHIE HA HEYIL /MEA 243t AFES ZATHYun et al,
2013). & A4+ Desired Speed B 2tFE2] 7HIEEE 248t A4 AYE APt o E A
Edold WEY I 7535 7] AAVY 302 7HE &%, AFE, %Y A5E B3 A AAV

]

H8ke] 7 S(validation) 3} AT, <Fig. 7> <Fig. 8>0llA Xl ule} 2Fo] 4 wlojej e} AlEd o)A HolH 9
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DEFEE JYZE o] gl 24N AR MEYI folF A4 ARE AXEA sk,
A% A3 ABHoIAT A Holg BT mEFo] ol ZAR/A /1A ghetor] nER w7t @
AAE FAZ HSsA

120 — real 120 — simulation
100 /:m_ 100 —
o 80 5 80
Q [0}
?i 60 S 0
n n
40 40
20 20
0 0
100 200 300 400 $00 600 100 200 300 400 500 600
Volume Volume
<Fig. 7> Real data traffic volume-speed graph <Fig. 8> Simulation data traffic volume-speed graph

AG FARBHA FEE 4 e VISSIMS S48 22 vlol gl 1% a4 ‘Q"@/\]ﬂ*‘: 71
A wAol EAsHA etk wEkA HA B AR ]
3= 715% ‘parking lot & AAIAY ANEE FUlEHE

ATk & dFolAE AEE Friste] SHEES TRt oM, AT A2, A A
o Ay s Ndsth

6. SLYE A2 7=

g VESIDE o83 shgel BB % P O Aveles AT J1E ERKim o
al)e Fste] TWIPe] TS 1A AT s U 7 el LEY, AT AT 5, FUYY
A, BRI ALAL wer AR wme AISIEE RBFE WA B\ SUT AR

0.2 2,600t/ A/ FS 71FLZ 50%% 1,300TH/A1/4E, 150%< 3,900t/ A/ & Al 71A] 74§ &
F-S a1tk At A2 E 1x}i EE AL 2;4?& T /HAE AASAT %%*&%l AHe ARE
AA 712 5E 300m, 400m, 500m F Al 7FA AHES AASATE SWFT ASAS 158, 302, 458 A
VA 745 BT <Table 2>0ll4 A|AE bk} o] U] 714 W] 23he B8 48] 3
54709 2ol A B2 3, F 57T/HY AlUE| &F ARSI AAE AUE| L E ntEoE AT
£ gt o 3709 7P| AAZIE Fk] 30 @99 wEH S5, AE HolHE 48T F o
™, <Fig. 9> & AAZA] 400m AA, g 7 AZeA FAZ AU 2F BT Itk BE AV s
T HAZ7F UH“H #1?% #35 &85t 500m AR 144 B4 A7) HAA )7L wjdE #29) 43S &8
3= 250m AA A BAS AAstY ¢uE]Ee A vlart 7hssith 7€ dATtelA AR|7] A 1HE
o] e HA A ~0ﬂ YA AV d2E Gt on, o& ntgoE dugEe AsS vlusty
A8l AR AA7S sHFE AX7] HEE 250met 500meY W E o] AAE AUl e s S8 AdE
T&3t14 39 THKOTL, 2010).
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Vehicle e B L | e Il I W W= o
Direction e S G WNN——  S—
= e mE Y e
Om 250m 500m
Magnetic Detector Magnetic Detector Magnetic Detector
Loop Detector Loop Detector

<Fig. 9> Simulation incident scenario example (section 2)

<Table 2> Simulation incident situation scenario

Incident | Traffic Lane Time Incident | Traffic Lane Time Incident | Traffic Lane Time
Location | Volume (minute) | Location | Volume (minute) | Location | Volume (minute)

15 15 15

1 30 1 30 1 30

1,300 45 1,300 45 1,300 45

vph 15 vph 15 vph 15

2 30 2 30 2 30

45 45 45

15 15 15

1 30 1 30 1 30

Section 1 2,600 45 Section 2 | 2,600 45 Section 3 | 2,600 45

(300m) vph 15 (400m) vph 15 (500m) vph 15

2 30 2 30 2 30

45 45 45

15 15 15

1 30 1 30 1 30

3,900 45 3,900 45 3,900 45

vph 15 vph 15 vph 15

2 30 2 30 2 30

45 45 45
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APID, DES, DELOS, McMaster ¢1.8]& 5°] 1th(Korea Road Traffic Authority, 2018). A1-&AloA] W13 KB
Ao 2 2002 5€ AE UHEEFEZ ] 283 McMaster, APID, AIDA €252 A2 2 X
ol ofgt el gk AA & 2 eA4AE Bt A 7P 55 HUEE T B AFolA = 1%
2y 53 mdo AT 4ag]EQ McMaster 8] ES 71—’“‘3 W38 A dugEo s HAT
T3} Th(Seoul, 2002). McMaster ¥ TE]|FS TA3I7| A ZF HA 7104 AH8E gl elE A
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<Table 3> Algorithm performance comparison

s VDS distance : 250m VDS distance : 500m
Incident rattie Time DR(%) FAR(%) DR(%) FAR(%)
Location Volume Lane (minute) Nai Nai Nai Nai
(vehicle/hour) McMaster | o 'C | McMaster | o' C | McMaster | - ° | McMaster | ¢
Bayes Bayes Bayes Bayes
1,300 1 15 90.00 100 3.57 323 0 83.33 - 3.85
Section 1
(300m) 1,300 2 30 96.67 100 225 323 444 75.56 0 5.56
2,600 2 45 95.00 100 3.39 7.69 85.00 96.67 7.27 6.85
1,300 1 15 95.00 100 0 1.64 0 98.33 - 328
Section 2
(400m) 2,600 2 30 90.00 100 10.00 14.29 66.67 96.67 16.67 14.71
3,900 1 45 94.44 100 1.16 5.26 78.89 98.89 3.61 8.25
1,300 2 15 63.33 98.33 5.00 328 0 98.33 100 4.84
Section 3 2,600 2 30 9222 100 3.49 6.25 85.56 100 6.10 6.25
(500m) 3,900 2 45 86.67 100 10.34 11.76 76.67 100 17.86 18.92
3,900 2 15 95.56 100 3.37 12.62 92.22 100 6.74 5.26
No Incident 2,600 - 30 100 100 0 0 100 100 0 0
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ato] wE R WFAREYE, &5 AF9HE FHNNT o E duAd Ve 2T A daugEd
McMaster &1L8]5 -5 Python 3.6+ ©]&3l T3ty S&AA 114 -& 250m, 500mE W7o A5 EE 4}

SIT AE AT McMaster G125 LEFo] A L5E, A0l G2, AR} 425,
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A Ae 2 5 Aotk 53 130004013 E% A o] 500me) Arke] 0614 McMaster %)%
S 4% AASA 2 3 Zlo] FAsolAth Wy B ATE oldd 71E B 44 duelEe)
ARE AASLA A e BEF B A LnAEE AL vl AHozE Bead
$5% 452 AW BEA ASsgel tolu wolx BRAE AT, 248 vl e vgoz
84 HolEs 4% HolHE PRI /1E STEH HIHZ BURA 142 250ms} S0mE U

o] Yolr wo]z BFY] ¢l s5S YA 5AF 250m EEHA 1HEL 98.53%, 500m=

97.66%° T ALEE 71K daeFe] FFEHAUD R duelES AF HolHE HEa &
McMaster ¢E]Eoll A &85 A5H/IAEE T3 McMaster 2|5 Yo|H Hlo|z2 BER/7] duglE
< Al BAEGT Ao R g YolH o]z 77 4iEEFS 7]& McMaster YALE|FHT §-
T3 AAEE 71 A GRISHATE McMaster G852 45710 AAH &7 S e ZEA2E
g5t WA gk ol B Hjo|2 E/7] dagES 157V OE WS Aud 5 V] "l A
A &o] FoAlE AoE Aotk sk g YolB Ho]= BR/7] dag|Fe HAEo| ¢AE
B AAE B3 BolAE s ¢ ATk g ARE AAVIERY SRR AAVIZY At
Eogd,E HAA & Aol ASAET, 71 McMaster &g &0l Hls] 73 o] BE wo]2 BRI
FaelEe R A7) 9] E3bo] AdkEojof X E

AR L9 drZo] &gkt 71E McMaster 1B &L AHF
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FRE AA 79 R A7 1F
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£ 475 TolA AL yolB ulol= £77] EIEEL 71E McMaster YaLEFHEY S8 A&
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S Ao At
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