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Signalized intersections are an important reason that affects emergency vehicle
delays. In other countries, traffic-signal priority systems have been developed that give
special right of way to emergency vehicles. One important input is the queue length at
signalized intersections. Most past studies investigating queue length estimation have
used shock wave theory along with detector data. However, recent past studies have
created models estimating queue lengths from color-code data of Google Maps. The
results show that using Google Maps’ color-code data has good results to a certain
extent. Therefore, the first part of this thesis was to develop and improve the queue
length estimation model by modifying the type of the color-code variable and
comparing it with a new modeling method, namely the Gradient Boosting Machine
method. The results of this first part of the study show that new type variables and
new modeling methods result in better prediction performance for the queue length
estimation model. The model using color-code data on the direction without a prior
signalized intersection has better prediction performance than the direction with a prior
signalized intersection. The red code-code, which reflects low-speed traffic conditions,
is the number one priority for modeling.

However, the study found that the first part of the queue length estimation
model still had high errors. Therefore, the second part of this thesis further analyzed
the effect of the color-code processing resolution on the prediction performance of
the model. It focuses on considering two resolutions: 1) time resolution (Delay in
processing and displaying color-code) refers to the period of time from when the
system receives vehicle speed data on a road until the system finishes processing and
displaying the color-codes, and 2) distance resolution (Road segment length division

for processing) refers to the road segment length that the system uses to process, and



display color-codes. The length of the color-code displayed by the system will be a
number of times the distance of this road segmentation. The results from the second
study show that using color-code data only during red traffic signals in cases where the
time and distance resolution factors are high will result in a better prediction
performance for the queue length estimating model. The dark red and red color-code
variables are still the most important in modeling.

The results of these two studies demonstrate that color-code variables can be
used to create models estimating queue length but the model will provide accurate
prediction performance if the processing to create the color-code has a sufficiently high
time and distance resolution. In the future, it is possible that providers of map data
and color-code showing traffic conditions, such as Google Maps, will be able to develop

and improve the efficiency of displaying these color-code to be faster and high
| resolution. Thereforé, the method for estirﬁating gueue length uéing these color-code |

data will be another useful and convenient option in the future.
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2564) lavinsdanaduduiinumatenlneyininis capture NIWUTIN99989 Google Maps
USnamaenyn 4 viand nuienuiiinusovunadunasiunsiudeudsiosniuaud
Suagnadideddy tilugdnmanuiseidinsinsuiaeuavaiiaiouduauiideatu
LI

vsnuddgluntuanvnaudslaldimatia RF (Navarro-Espinoza et al., 2022; Sihag,
Parida, & Kumar, 2022; Xu et al., 2022) aghslsinu Machine-learning 3y 9 UBNLULBAN
RF Agnihunldiguiu daegragu dnsldmaia eradient-boosting machine (GBM) e
AuduiussznIsmuUsnusarfnUsBaselidudadu weaia GBM gnihluussandly
lunisminaziuaAunIg (L & Bai, 2016) N15AINALLULIAARESIUANITA] (Ma, Ding,
Luan, & Wang, 2017) LLa3msmﬂﬂmuﬂ%mm%wﬂumﬂnmszaxé’ju (Yang et al,, 2017)

[y

Fanuin GBM TinanisvinuneifnaileidIeuisunuisou (Ma et al., 2017; Yang et al,,

o |

2017) wenaniueideln 9 £anU3I1I5 GBM @1u190A1uIuAT Variable Importance (V1)
Farelndnlafssesumudduresdinusdassudasfindemasesulsauindosiiede
Hunstsaiudneauiis GBM Jaesgnuesinduds Black-box deldiuTeulugnivhli
anunsadlafeatuanuduiusseninsulsmusasiulsdasyldfniflefieuiuizoy
(Cheng, Li, & Chen, 2019)

hmnevesunauianfunsinusiosonain wedwand senuen wazsINa Quu
HINUS (2564) TgusnnilaannsasIILuUTIaenAINYIIaLsInL/ il 9mIuna 157
falfvinisfiansanairauuuitassusnauyssianvesiianisiiy adignianenindudelid

Indyaraasasneuntiegluuinalnaifes uenandudadinisiarsuimisdeniunis
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AuAfILUIBaseii AL Wy n195rudanlsuaudwnadunardunaddisiulag
Wiguladioududifeadu waznsladmunusuavdilondudiulssneds Sallnrsiasan
WIguigunan1snenNsalsendngdd RF uag GBM fiudeyaniiugniuninegluafn siunan
Naw®4 Variable Importance (V1) il 811310512 wagviaudaladdadefidmanents
ungangLalneslaglduaudain Google Maps Aae fmqﬂizaqﬁsuaqmuiﬁ’aﬁlﬁa
Usgifiuanudululs wazdedrinluniswauriSnisusrunuanssozaueILaIneean
TOUALAUARANIANINATIVIVOY Google Maps Frzdumadonlumsiaundmsuiuid
Lilgfinnsinds detector Ushamaueniifilndyaiaamnasuulasaneauy
Tuidedaluagnanisnmafununuasdsadoys dmsesuiemuaziBeaily
dureIn IS uToyaunudain Google Maps kazd 9y aTeuzAIINE1IR0IABEATIAIN
g uiuUsdasruarsuusang auddu antuazduseazdenvenisadng
LUURIE8Y udienadnsfildanwuusIaewazan Variable Importance (Vi) Uavinedae

unasUuazUaLauaL Y

) < v
2.3 msmifmtamnwaga

| U 1

a v r.:gl" Y Y a % % 6 o L3 U d"
MATeillaldteyayameiufiu wadwml aonuen uazsna JUURITUS (2564) &
Igvinnisdrstanaziiudayansdnyaensiisunuaiesssezaue1iuasdveau duu
Google Maps W5oNAUT LTINS urAINE1ITBIUAIABEASSLUNUAAnw lUnSauiu Tnaiun
AnwrAsuI U Len gy uaTasULaULEUraNNaILln I uATIsEL Ussvdalny B
I a A 1 a a o [ o = o 1
Juusnaninisasamuiiduiaziadymasasiatadudsedy 191w 4 9995135 U
‘:4' & Ao a Y oA v | o o
# 2.1 uanaiunds3a Wngluiiemsvndullessseslndiagsas Ll lndyauasasegneu
wi uwadmsufinveendesnsiilndyginasiased neundvineeeniliduszeznis 930
RS N13E15IALNUTOYALTUAIUALIAT 07.00 W. §19.19.00 u. ti0liATOUARNYINIAN
seukazlaiiseniu Tnevinsdsialudaeiusssunidiuiy 3 Ju uaviuvgnanduaidn

U 2 WY
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W.A. 2566

2.3.1 mséwamﬁu%’agmmuﬁmn Google maps
n1suiudeyadnn Google Maps l¥n1sa1en mni1seneuiLnes
(Screenshot) 74Jalde 11 Google Maps U%nmﬁﬁwmiﬁﬁ’méﬁayja lngdudinnn 9 1 ui
wagluvagifsrtuvuntuivlesves Google Maps ﬁﬁ]%gﬂ@?ﬁ%UUIﬁﬁﬂﬂi Refresh 1111
Sulednasanalagldlusunsu Auto Refresh iieliiiudanisdsuulasdnuazveuaud
ogeseiiios lunsdlvesiuidnyderilifimausnegroumimuinouaideandunaua
gavneLaue gﬂﬁ 2.2 uanadaguauailasuan Goosle Maps lneuaniwaoud 4 uau leun

¥ A a

en' Y aa d' = a
HLOUN 1 NLEURYAADALAILYUNUAINUYTY 120 LUAT AUN 2 bAUALAILAIINYTY 120 bUNT

3

=]

waufl 3 woudduiaauens 220 wWes uazkovanvineuaudidendadusaudaavinesenn
sorlosludnidussezmilng Feszyszozmsusawavanyinesdu 9999 feg1svesnisnsen

Gﬁayjaﬁz&lzmmsmmﬂmiﬁﬁ’m‘um Google Maps WaRIAINITINN 2.1
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U1 2.2 segramsinauendlagldtoyaunuiives Google Maps wuNiunaIiuingINn
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maps.google.com LUNRNLIDTUN 10 UNTIAL W.A. 2566

F15199 2.1 ToyamieeneiilasuaIn Google Maps

waud G ANY?
LaUAR 1 91nidumnega Aunaidy 120 .
LOUAR 2 1nidungn duns 120 a.
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Segy 20 WATIINLEUNEA nSemnedaasawailazgnldineyiglunisussanasseenig
PNAUNLAIUAIAIUTNYIUNNULVBIDIABY WIDUTNIIAVUHUTUTIIUNUN Anwilae sy
Je8vANUENNNFUNEALUTIRAdLNAR19 9 WU fin/eans bl Delawan uwasdsneasng
A A 3 V1 dl' Y CZN 3 a ! [
dunuenriulaigluszeglnaueldiludviglumaiussegainueunineeass agialsh

AN TTEZAINEIILAIABEVDILARZYDI951999193 LAY welavdiulugiidaazden
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TnaAeeu Mty U3 TILaN AR VDITLELAMUENILIIADYVDINUUNG 4 YDI95175
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WganauazlinanAieuwindunisidteyaanns 6 woud lunuideidseslddeyasn 3
wovansnieginiuiduneaiieinunassiulsdasy warlaneasssuilsuimuwlsneaiu
woudvSeuUsBasETINaEY 3 JUkUY dusalull

[

(1) H158d1 4 M3 Google Map LWULABIAY (WIANMIY F8AUDN LAzITNE

<9

v 6

AYUHIIUS, 2564) (Independent variable set 1: IV1)

(2) Msandunaduuavdunaaiouindudifeaiu (Independent variable
set 2: IV2)

(3) dnwagdmunUsmiloutuwuud (2) wafansandileondu reference wazdin
fUsaLe199n (Independent variable set 3: IV3)

g.J/ d' 0% Ql' o . Ql' ! d' v = L%

nsnsdadnlsnlrlunuudiaesazlanininisnei 2.2 lneaituyinuedsi

wUsdaszusiagiiazduegiuiuauanysingaseiunseivdvesduusaulusun 2.4 viseld

a a v v

wndnUsIngasavewaud i 1udiAeanudins j i anuenvewavd i lundewnsazgn

6

v = a g-JI g P <
Uunn Uaguu als j_i asidudue

M13NN 2.2 susiaudangnusuaeulv

sUnuUiuUsREsE (IV) d Hafauusdase
waudii 1 waudii 2 uaudil 3
V1 waaLdy DARKRED 1 | DARKRED 2 | DARKRED 3
LA RED_1 RED 2 RED 3
u ORANGE 1 | ORANGE 2 | ORANGE 3
Ben GREEN_1 GREEN 2 GREEN 3
V2 LA C_RED 1 C RED 2 C_RED 3
A ORANGE 1 ORANGE 2 ORANGE 3
Ben GREEN 1 GREEN: 2 GREEN_3
V3 TS C_RED_1 C.RED 2 C_RED 3
G ORANGE 1 | ORANGE 2 | ORANGE 3

i {fmgfh of band i, if actual color of band i is |
f-1= 0, otherwise

[
v A U

JUN 2.4 M3svaiuls
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2.3.4 MSE319UUUIADINNSUTTUIUAITZEZAIULIIUAIADY

Tuunauil fnnsldmaida Machine-learning @0e33 leur RF uaz GBM
wAdlA Random Forest (RF) WWW3gn15wuu ensemble decision-tree #dnAM5ve4 RF ABAS
aseruliidnaulavassionis lnefiuiazsulddanesfiuionty uiaziideulafiunnaneiuy
Toyaililunsaireiuliiusazduazgndudenaingrudeyaiientu wWeateiulidadula
@S eanysainiladu doyaazgndeindulusigruteyaiin wasdoyaynlmiszgnduidoniiie
a$aduldinaulalug (Biau & Scornet, 2016) dwsumnadia GBM 1uwmadafildsuniswau
19wl R wAdla GBM asvinnsasns weak classifier Jusnaeudususuusnaindusa
yhmssuana error MiAntu Taefl GBM duaziioussuuuuvasniniae eror wdaily
Usuussuazadrafunvudiaeddmidumn fafu wusaedniildfasiian eror fidasndy
wuudaesnewntin §1 GBM agvihnisaisuuuiaasmudiduluites q aundtagllanunse
Seusnisiine error 19 udafagnganisadanuuinass (Natekin & Knoll, 2013)

yonaNwAdA RF uay GBM luummnudsldvinnisiiansanisnisussuna
WUU4e naive method @99zl Ladgvasmnuenwminesluefnuenauiirnisazuen
mugsandusunure iUz auesssausLneslusasnsdl (Fsazveidoni
35 Average) tieidu Benchmark $eBuazifusnununansiianisuszanaeiogisdedfigad

¥

Gululilaensldiiieadayassezanuenuainesluein maé’wéﬁlé’mﬂ%%ﬁaggﬂ%ﬁ]ummsﬁ
1P351U HaiSsufludunadnwsiléainds RF wag GBM

Taealu dnwazdnInes1954asn15AALA2ABE199ET AURANA 19U
izijﬁquﬁﬁu%wﬁmqLLaﬂdauwﬁﬂagﬂuU%Lamiﬂé’Lﬁsﬁ saudsenalanuLanmnely
Franansauvideliiiseiau Tuunauiasldinsfiansanadrsuuusiasdfiuansneiunny
YadufinaTu vy G?QLLamﬁ’qgﬂﬁ 2.5 Tngs1uavidonn15as1aluUsIanig oosia 7

[

0 o &
BUURIEDY UANU
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Scenario 1
; Modell I
| 1
: All data (No separation of direction and time) :
| 1
e e o e e e e e e e = 1_ ____________________ ;
Scenario 2
LT TN TG S S TN WO A - o W [V TP PRI N N S\ S O, Y DY, U S . (- ) P OO, S SR B g |
1 Model2 v ) v Model3 1
| ‘ w \\ 1
: Direction without prior signalized Direction with prior signalized intersection ‘ :
: intersection (W/O_PS)) (W_PSI) ‘ :
I y | |
N T ______ -~ A e ——— T __________ I
Scenario 3 i ________ l_ _________ & _________ l _____
1 Modeld Model5 Model6 Model7 =2 1
1 ) !
I W/O_PSI + Peak  |W/O_PSI + Off-peak W. PSI + Peak W_PSI + Off-peak ‘ !
‘ - i
:_ _________________ R R o ey B

U 2.5 Scenarios haziuudnaesnltlunisuszanaudianuguainey

o ‘NI o d‘ 1 a ] 1
WuUIaes 1 (M1): wuudtaesiliwenfianiwas lilenyaewan
WuUTae 2 (M2): wuudasdamzienlddindyauasasneuniinag L

LYNY IR

(%

WUUTIE097 3 (M3): Luudtaesanzianiindygruasiasneuniilagll

o

LYNY IR

1Y

wuUIaesi 4 (M4): wuudnaesanzianlulilidygrnuasasnouniiiag

<

nzlugasnaseaiu

Wuudaead 5 (Ms): wuusiaeuenzleildiivdyananssneuniuas
wnglugaanandilis oy

WUUTIaeat 6 (M6): wuusrasaanzleiifilvdyaiansasnouniuas
NZlUTaL TR

WUUSIaeed 7 (M7) : wuusiasuanizieii Tndygiaasiesnouniuag
anglugaanandilisaso

MNuUUIABIesT 7 wuudtaosiaduazgmitlufinnsan scenarios Tums

US2UNUAIAINNEILDIADENINUA 3 scenarios HIU
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Scenario 1: Iuuudassgesd 1 (Modell) Tunisnennsainueniuainegly
nnanunsallagliueniianiuagliuendisan

Scenario 2: [uuusaesdesdl 2 Wensnsainuerualneslufiinieilld
Il
Il

Tyunaunsesneunth waglduuusiaesgesdi 3 Wenensalausmuaneeslufieneidl
{0 1IT19INDUNT

Scenario 3: Wuwuushaesgesdl 4 uae 5 Wlenensalszaranuenunineyly
fenaitldfilvduanaanasteuniluginnanseiu warliseiu audsu Muuusiass
goufl 6 uaz 7 Weneinsainnueniunineelufirniafiilidyunassasteuntlugiaia
IsamuazlilgeeIu AuaIRy

Tumidseiflsinsadrauuuiassmsussnamanueknnosusion

mawenauiinanudeiulagldineda RF waz GBM a0 package Wsunsu R (R Core
Team, 2022) A8 caret (Kuhn, 2022) wag gbm (Greenwell, Boehmke, Cunningham, &
Developers, 2022) suasu tnawmada RF 14 method cforest was package caret Tun1s
tune parameter mtry daduswauvesinihunedidenuuugy gnusulutas 3-12 uarludau
vaunailn GBM AFsld caret dmsunis tune parameter LU o8 parameter ﬁﬁﬁﬁf n.trees,
interaction.depth, shrinkage iL&¢ n.minobsinnode ﬂ;mﬁayjaﬁg@wmzQﬂLLUqaaﬂLﬁuaaq
du gadoya 90% usnaniamelddmiums train waradauuudiaesdaglivdnns 5-fold

Cross-Validation waydayaniniedn 10% lidmiunaaeudszansnmnmsneinsaluazan

AnuRaNaInTIindu (test) Inglde Root Mean Square error (RMSE) wag Mean Absolute

a

Percentage Error (MAPE) U7 2.6 WaRumaunisasuuuudIaediasnIsinseilagsiy

agutumaulanadl
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Import data to R
’ Code in R
| Prepare data 'for 7 |  RFand GBM .
models, split to Hyperparameter i Determine error
90% train + 10% tuning e it indices

test

e e A

Repeat for IV2 and 1V3

.«.:4' ) o ° a
E"LJ‘V] 2.6 GU‘U@@‘Uﬂ']iairNLL‘U‘U"U']@ENLLa%ﬂqﬁjLﬂiqg‘Vﬁ@Ui?@J

1. ddndeyaszezanugniunInegasLazANgILaUdasiulUsLns R

2. a3NYAtBYaLeNd NSy 7 huuiIaed

3. wiswsazgndeyaidu 4n train 90% uas a test 10%

4. dmTuyateyaiiwlsdaTeusiazyn yadeya train aslddmiunis tune
hyperparameter Tunuudnass watin GBM 14 package caret i tune parameter Fefl 4
NI5I0LMBT LALN n.trees, interaction.depth, shrinkage k&g n.minobsinnode Tumouusn

299017 tune parameter Azlgr9AMIAIALANATSAULIN wasUsuliiAtAey o LAUAILDT

a

Inar1msfimesiangn
5. 11975 GBM laan151 3 a5 Mndngaulwa 192 ns10n a5 NN au iy
lUad1auuudnaeniy package gbm tieliaunsaiiasiziian VI la @1msuis RF n13 tune

parameter kagn1sauUTIaIRzgnaiun1swseuiu Iny package caret
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6. wuudaesignitmunduazgmiluldinenaasuiutoyayn test Lite
UTZUIMAIAINENIVOILNIABLLUT BULTBUA UAINEIILAIADYATI WagnInUAR YTl
TorANam (RMSE waz MAPE)

7. Y tuneun 4-6 dmsusiulsdaseyndu o

2.4  wWaawswazn1sanusie

a a o

2.4.1 UsLANENINYBIUUTIABINITUITZUIAUEIILAIADEY

UsgAvBamnsviiuneveanuuiiassnsuszanuianueknneeilian
Toyaunudlagld3s RF, GBM wag Average axgnunausuasiuiouiiteuluiadot anssdl
2.3 wansAn RMSE Wwa MAPE 21n7iavisnas scenarios uaganuasaulsdasy Tuvauedigui
2.7 - 2.8 ULAANLANIZAIIN IV3 VBIUAAY scenarios uaz3s nadnsuansliiiuinan RMSE
uay MAPE fiffignldainiuudiass scenario 3 Moyadauds V3 (5uiuusduns uagld
fudsdifondudoyadnade) 91038 RF wag GBM muddiu eeslsimu WleiuSsuiiivusn
RMSE uaz MAPE lu scenario 3 fuAnflaglu scenario 1 wag 2 w3e IV3 igudy IV1 waz

Aa o o 1

V2 aglainuauunndenidedAy dAranurananiiauazviniuluyn scenario Wagnn
JUMUUYBIILUSBATE AanuTlianunsonafiennuunnseseninads RF uay GBM lases
FoLau wiaeg1alsAnu A1 RMSE wag MAPE 989919@093511u8461n 1A LAa1n35 Average

Tunnnsel



M1579% 2.3 A1 RMSE Uag MAPE 98aniuudnges

» Random Forest Gradient Boosting Average
ULV
J RMSE MAPE RMSE MAPE RMSE MAPE
uus
(CU2)) (%) (CU2)) (%) (tun9) (%)
Scenario 1
- V1 71.8337 | 63.6274 | 72.7679 | 63.4070 83.9077 71.8533
- V2 72.6153 | 64.5514 | 72.0657 | 64.0463 | 83.9077 | 71.8533
-1V3 72.5919 | 64.5336 | 72.6746 | 64.3501 83.9077 71.8533
Scenario 2
- V1 72.1760 | 63.4921 | 72.7062 | 63.7009 81.8285 70.7399
- V2 71.8395 | 63.9266 | 72.2615 | 63.3056 | 81.8285 | 70.7399
-1IV3 71.9597 | 64.5817 | 73.2521 | 64.1587 81.8285 70.7399
Scenario 3
- V1 72.0496 | 63.4174 | 72.5952 | 62.8423 81.6131 70.4689
- V2 72.2144 | 63.8694 | 71.9686 | 62.9886 | 81.6131 | 70.4689
-1IV3 71.6170 | 63.8278 | 72.3546 | 62.8304 81.6131 70.4689
AVG (M1)
. AVG (M2-M3) AVG (M4-MT7)
E ’ .
@
[% REQID  RF (12-M3) RF (ea-7) SEn o 0243) Gow (4=7)

65

Method and scenario

JUN 2.7 A1 RMSE d iU IV3 vaausiagdsuag scenario

21



22

80

75

AVG (M1)
° AVG (M2-M3) AVG (M4-MT7)
° L]

MAPE (%)
70

65
|

REQID REOI2M3) oc uanry  GBM (M) GBM (42-12)
. ~ o GBM (M4-M7)
*

60
1

Method and scenario

U1 2.8 A1 MAPE dwisu IV3 veausiagiduay scenario

AT AIUULLAASIATLINASUS T AANeILaAeelneldls RF way
GBM Huiininns1433 Average ognafitfudiay gﬂﬁ 2.9 - 2.11 LAAIAILEILOIABETIIT
e¥uannepdaya test WisufuammmeniummeeimnanmsUszanam dddunlagldisma |
scenario 3 U IV3 wianuenLmaeeiinnannsussanaalagldianisedsonaunneng

fudnusstusg dufianiatazyianal weldaiuisaofaniunisiuasunlauulauiiiness

Y

AMUYILDIADYATILG MNNFUAE ANENIWIARETLASULAeTES RF kag GBM @1u1sa

fanunisilasuiiaiuuulaunfdnuesniuenILaIAReas i o819 ieane WiINA1IAINET?

v

wAIARET AN AR I5 L dUANAIAINAIATIBEUIN UAAINAINITALUNITTUAINAIT

£
v a !

= a v @ ad
WABULUAITDIAINNYNILDIADLITIUUNYIANIND Average 17N

Predicted queue length of Model 4&586&7 by AVG (IV3)

400-

m
w
=1
=]

valuetype
+ Actual

[

=1

o
|

—— Prediction

Queue length {m)

100 mﬂ”‘; i

Time Interval

JUN 2.9 wadwsn1suszunaualu scenario 3 aae V3 1neld3s Average
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Predicted queue length of Model 4&5&6&7 by RF (IV3)

400-

m

E300-
valuetype
++ Actual

—— Prediction

Queue length
N
(=1
o

P

o

=3
[

Time Interval

JUN 2.10 wadwsn1suseanae1ly scenario 3 938 IV3 1agldds RF

Predicted queue length of Model 4&5&6&7 by GBM (IV3)

400-

w

o

o
'

valuetype
+- Actual

%)

o

o
'

—— Prediction

Queue length (m)

P

o

o
'

Time Interval

JUN 2.11 waansn1suseanaiaily scenario 3 6ae 1v3 lagldis GBM

[Hufiirdansindeyans9313591n Google Maps Ludoyadoundsmuns
fandartou mslidoyamanidmsunisruaunisesnas lasiamzegnsddlunislidvifiem
riumseadaduiionifesiu esmnmsmuny a nalanamisiesiuliditua
yvesumaeslutagty nanuusiudlunsuszanamiluansumsnsil 2.3 uazguil 2.7
- 2.11 Bmsfidwaueeabifissmodmiumssuiunisluginreanisaiugunsinau us
p198UszlovidnTunTooniuy 19y n1sfnunANENTeTeIRT I AL 91 AE1

USLIUNLYN
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2.4.2 Variable Importance (VI)

dieldiAnnnudlannntuisseiuanudfysudsureaudnaraing
91U UAALO VA A INAR D AINE1ITBIL0IARYRENN LS LAYSEAUANNEIAEAINa1T AL
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Scatter plot of actual queue length vs. prediction (NoDelay&25m)
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Scatter plot of actual queue length vs. prediction (10s&25m)
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Scatter plot of actual queue length vs. prediction (20s&25m)
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Scatter plot of actual queue length vs. prediction (30s&25m)
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Scatter plot of actual queue length vs. prediction (60s&25m)
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Scatter plot of actual queue length vs. prediction (NoDelay&50m)
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Scatter plot of actual queue length vs. prediction (NoDelay&100m)
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Scatter plot of actual queue length vs. prediction (NoDelay&200m)

Prediction

800 -

)
g
o

1

400 -

Queue length (meter

N

(=

o
1

0 200 400 600
Prediction (meter)

JUN 3.19 n31rANENILaIRRERsRUSHULgUAuANLETILAIRRETLARINKULT AR NSEIT

Lifienuantuaghustauuyn 9 200 Wns

Predicted queue length for NoDelay&200m
800-

@

o

o
'

valuetype
—— Actual
- Prediction

Queue length (meter)
>
o
o

N

o

=3
'

s /
g- e ¥

Time Period

JUT 3.20 N3 1MANNENILIARYITIUANLEILAIABENLATINKULT AR TIBUATNLIAY NS

A v 10
V]VLQJNWJ']N@']GU']LLagLLUQGU'NﬂuuVJﬂ 9 200 LUK

3.5.3 Variable importance (VI)
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Predicted queue length No Outlier for NoDelay&25m
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Predicted queue length No Outlier for 10s&25m
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Scatter plot No Outlier of actual queue length vs. prediction (20s&25m)
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Predicted queue length No Outlier for 30s&25m
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Scatter plot No Outlier of actual queue length vs. prediction (60s&25m)
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Predicted queue length No Outlier for 60s&25m
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Scatter plot No Outlier of actual queue length vs. prediction (NoDelay&50m)
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Predicted queue length No Outlier for NoDelay&50m
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Scatter plot No Outlier of actual queue length vs. prediction (NoDelay&100m)
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Predicted queue length No Outlier for NoDelay&100m
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Abstract: Queue length is an important parameter for traffic-signal priority systems for emergency
vehicles. Instead of using conventional detector data, this paper investigates the feasibility of queue-
length estimation using Google Maps color-code data via random forest (RF) and gradient-boosting
machine (GBM) methods. Alternative ways of specifying independent variables from color-code
data are also investigated. Additionally, the models are separated by peak or off-peak periods and
by the presence or absence of adjacent upstream signalized intersections. The results show that
the performance predicted by the RF and GBM methods is similar in all cases. Although the error
values of both methods are relatively high, they are considerably lower than those obtained from
estimates using historical queue-length data. The results obtained using variable-importance analysis
show that the importance of the red band near an intersection is significantly higher than that of
other variables for a direction without a prior signalized intersection. For a direction with a prior
signalized intersection, the importance varies, depending on the period (peak or off-peak). Since
Google Maps data are available and cover most of the world intersections, the proposed approach
provides a cost-effective option for cities with no detectors installed.

Keywords: queue length; Googlc Maps; random forest; gradient-boosting machine; variable importance;
signalized intersection; traffic signal priority

1. Introduction

Traffic signaling is an effective way of managing traffic at intersections by reducing
the conflict points and keeping the traffic through intersections in order. All vehicles must
compulsorily stop at a red traffic light; this, unavoidably, causes traffic delays. However,
for emergency vehicles, reducing the delays caused by red-light stops by just a few seconds
is essential when the lives of patients are in danger. Current traffic-signal priority systems
can detect and assign priority to emergency vehicles at signalized intersections [1-4]. An
important parameter in such a system is the length of the vehicle queue at that intersection
and at that time. This parameter is used to analyze the optimal timing interval required
to activate the green signal in advance and to clear the queue from the intersection before
emergency vehicles arrive.

In most studies, data from detectors employing the shockwave theory have been used
to estimate queue lengths at signalized intersections. Recent studies have attempted to
improve the efficiency of queue-length estimation by focusing on the aspects of real time
and high accuracy. Queue-length data can also be used to adjust traffic signals and manage
traffic congestion [5=9). However, in almost every intersection in Thailand, no detectors
have yet been installed. Therefore, in practice, it is not possible to estimate the queue length
using this method. With this limitation in mind, Jodnok and Pueboobpaphan [10] applied
linear regression analysis and random forest (RF) analysis to estimate the queue length
at signalized intersections during peak and off-peak periods using color-code traffic data
obtained from Google Maps. The results showed that the queue-length estimation using
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these data was sufficient to some extent, and the RF method exhibited lower errors than
those exhibited by other methods.

Many researchers have used Google Maps data in their studies. Travel time and
distance data from Google Maps were used to determine the optimal location for installing
a charging station [11]. The data were also used to determine the traffic volume and
vehicle speed to investigate road congestion [12,13], air pollution [14,15], or accessibility
to hospitals [16]. Travel-route data from Google Maps were also used to route cargo and
emergency vehicles [17-19]. Color-code and travel-time data from Google Maps were used
to adjust the traffic-signal timings in response to near-real-time traffic conditions [20]. The
color-code data were also used to forecast traffic conditions for urban roads using historical
averages [21]. Traffic-speed data from Google Maps were used to determine the congestion
index [22]. However, there is a lack of research on using color-code data from Google Maps
to estimate the queue length at signalized intersections.

Google Maps |:1ispla].r four possible colors: dark red, red, orange, and green. These
colors represent traffic conditions according to vehicle speed, ranging from very low to
high speed [23,24]. Jodnok [25] observed color codes by capturing Google Maps screen-
shots around a signalized intersection every 1 min. He found that the dark red and red
bands appeared less frequently than other bands, leading to the question of whether these
two colors should be considered, as they had the same color in the model.

Some works have reported the use of the RF technique in various areas of trans-
portation research [26-28]. However, other machine-learning techniques besides RF have
also been applied. For instance, the gradient-boosting machine (GBM) technique has
been applied when the relationship between dependent and independent variables is
nonlinear. GBM applications include travel-time prediction [29], incident-clearance-time
prediction [30], and short-term traffic-volume prediction [31]. The GBM technique was
found to provide better predictions than other methods [30,31]. Moreover, new studies
have shown that the GBM method can calculate the variable importance (VI), which helps
understand how important each independent variable is to a dependent variable. This is
an added advantage of the GBM method, which was previously considered a black-box
method, because of its ability to provide better information about the relationships between
dependent and independent variables compared with other methods [32].

This paper extends the study by Jodnok and Pueboobpaphan [10]. In addition to
peak/off-peak periods, we consider modeling, which is based on directions with or without
an upstream signalized intersection in the vicinity. Furthermore, we consider alternative
ways of modeling independent variables using color-code traffic data. Specifically, we
consider dark red and red as being the same color and green as a reference color. The
predicted results obtained using the RF and GBM methods are compared with those
estimated by the historical averages, and VI analysis is performed to understand the
factors affecting the prediction of queue length using color codes from Google Maps. The
objective is to assess the feasibility and limitations of developing a method for estimating
the queue length from the color-code traffic data obtained from Google Maps. This method
will provide an alternative for those areas where no detectors are installed at signalized
intersections on a road network.

In the next section, the data collection and survey are briefly explained. Details
of how color-code data from Google Maps and actual queue-length data from the field
were collected and processed as independent and dependent variables, respectively, are
described. Details on modeling scenarios are then provided, followed by modeling results
and the variable impcrta.noe (VI) arlal}'ais. The conclusions and recommendations cnmplete
the paper.

2. Materials and Methods

This paper uses the same data as those used by Jodnok and Pueboobpaphan [10], who
surveyed and collected data of colors and lengths of each consecutive color band from
Google Maps. They also simultaneously recorded the actual queue lengths. The area of
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study was a T-signalized intersection on the main arterial road in the Nakhon Ratchasima
province, Thailand. The intersection is located in an area with heavy traffic and frequent
traffic jams. There are four lanes in each direction. Figure 1 shows the area of study,
where a prior traffic signal is absent in the inbound direction, but present in the outbound
direction at a distance of 930 m upstream from the studied intersection. The survey and
data collection was started at 7:00 a.m. and completed at 7:00 p.m. to cover the peak and
off-peak periods. The survey was conducted for three days during weekdays and for two
days during weekends.

Subject Intersection
X - ™ : - :_-

Figure 1. Area of study. The background map was captured from maps.google.com, accessed on
10 January 2023.

2.1. Collection of Color-Code Data from Google Maps

A screenshot of Google Maps, which covers the entire area of investigation, was
captured every 1 min. The Google Maps website was continually refreshed using the
Auto-Refresh program to illustrate the change in the color-code data continuously. It was
observed that in the direction without a prior signalized intersection, the last band shown
on the edge of the screen was always a green-color band. Figure 2 shows an example of the
color-code data obtained from Google Maps, where four color bands are displayed; the 1st
band from the stop line is dark red with a length of 120 m, followed by a 120 m red band,
a 220 m orange band, and finally, a green band, which extends beyond the screen. The
length of the last band was specified as 9999 m. An example of the data extraction from the
Google Maps screenshot (shown in Figure 2) is presented in Table 1.

Table 1. Sample data obtained from Google Maps.

Items Color Length (m)
Ist color from stop line Dark red 120
2nd color from stop line Red 120
3rd color from stop line Orange 20

4th color from stop line Green 9999
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Figure 2. Example of length measurement using the Google Maps color-code data. The background
map was captured from maps.google.com, accessed on 10 January 2023.

2.2. Survey of the Actual Queue-Length Data

The actual queue lengths were surveyed by observers in the field. The curb was
temporarily marked with a reflective tape every 20 m from the stop line. These marks were
viewed against the tails of the queuing vehicles for measuring the queue length. In addition,
a detailed map indicating the distance to various landmarks, such as buildings, light poles,
billboards, and other structures that can be easily seen from a distance, was prepared
to assist the observers in measuring the queue lengths. Generally, the queue lengths of
the lanes may not be the same, but in our case, they are not much different. Therefore,
the average of the queue lengths obtained from all four lanes was used to represent the
queue length that was used as a dependent variable in the model. Seven fourth-year
undergraduate students and one graduate student from the School of Transportation
Engineering, Suranaree University of Technology, were recruited for field observation.
Every two students had to cover a 200 m segment for two different lanes. Six students, thus,
covered a total distance of 600 m of a four-lane road segment, which was sufficient in our
case study. The remaining two students had to stand-by at the site for replacing their friends
while also monitoring video cameras used to record traffic volume and traffic signals. The
observers used radio communication to communicate about the current position of the
queue tail. They were asked to follow the queue tail, if it is in the segment for which
they were responsible, to record the actual queue length every 1 min (the same interval
of capturing as the Google Maps screen). A speed threshold of less than 10 km/h was
used to identify approaching vehicles as being in the queue. The direction and time were
also recorded to identify whether the queue length was observed during peak or off-peak
periods and whether there was a prior signalized intersection. When all vehicles were
moving during the green signal and no queue occurred, the queue length was recorded as
zero. Figure 3 illustrates the distribution of the observers and video cameras in the study
area. Note that the inbound and outbound directions were observed independently on
different days.
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Figure 3. Distribution of observers and cameras in the study area.

2.3. Data Processing

Jodnok and Pueboobpaphan [10] found that the highest number of bands counting
from the stop line was six on the surveyed road section. The color bands were defined
so that the band closest to the intersection was assigned as the first band, and the band
furthest from the intersection was assigned as the last band. They also found that using data
from the first three bands adjacent to the stop line was sufficient and produced equivalent
performance to that of using data from all six bands. Therefore, in this paper, data from
only the first three bands adjacent to the stop line were used to create independent variables.
In addition, the following alternative ways of processing color-code data as independent
variables were attempted:

Independent variable set 1 (IV1): consider all four original colors of Google Maps as
in [10).

Independent variable set 2 (IV2): consider dark red and red as if they were the
same color.

Independent variable set 3 (IV3): similar to IV2, but the green variable is also consid-
ered as a reference color and is dropped.

The name of the independent variables used in the model is shown in Table 2. The
recorded value of each independent variable depends on whether the actual color from
Google Maps matches the color of the variable as indicated by Equation (1). If the actual
color of band i is the same color as the variable j_i, then the length of band i in meters is
recorded. Otherwise, variable j_i will be zero.

. length of band i, if actual color of band i is |
4= { 0, otherwise M

Table 2. New modified color-code variables.

Name of Independent Variable

Set of Independent Color

Variables (IV) 1st Band 2nd Band 3rd Band

Dark red DARKRED_1 DARKRED_2 DARKRED_3
Red RED_1 RED_2 RED_3

oA Orange ORANGE_1 ORANGE._2 ORANGE_3

Green GREEN_1 GREEN 2 GREEN_3

Combined fed C-RED 1 C_RED_2 C_RED_3
V2 Orange ORANGE._1 ORANGE 2 ORANGE_3

Green GREEN_1 GREEN_2 GREEN_3

- Combined red C_RED_1 C_RED_2 C_RED_3

Orange ORANGE_1 ORANCGE_2 ORANCGE_3
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2.4. Modeling

In this paper, two machine-learning techniques, namely, the RF and GBM, are applied.
The RF is an ensemble decision-tree method. The principle of RF is to create multiple
decision trees, where each employs the same algorithm, but has different features. The data
used to construct each tree are randomly selected from the same database. When a decision
tree is completed, the data are returned to the original database, and a new set of data is
randomly selected to create a new decision tree [33]. The GBM technique is an improved
technique based on the RF technique. GBM is considered an ensemble learning technique.
Initially, GBM creates a weak classifier and then calculates the error values. GBM learns the
pattern of error values, improves to reduce the error, and builds a new model. Thus, the
error in the new model is less than that of the previous one. GBM continues the modeling
sequentially, until the error cannot be learned. Then, model building is stopped [34].

In addition to the RF and GBM techniques, a simple estimation method is considered
in this paper. This method uses the average of historical queue lengths, which are separated
by the direction and by the period, as the estimate of the queue length in each case. This
is later called the Average method. It represents the simplest possible estimation, which
does not require any other input, except for the historical queue-length data. The results
obtained using the Average method were used as a benchmark for comparison with the
results obtained from the RF and GBM methods.

In general, traffic and queue patterns may differ between directions with and without
a prior signalized intersection as well as between peak and off-peak periods. In this paper,
seven different models based on these factors are considered. These models are described
below and illustrated in Figure 4.

Scenario 1

Scenario 2
L= = =
Model2

\)

Figure 4. Scenarios and models used for estimating the queue length.

Model 1 (M1): Model with no separation of the direction and period

Model 2 (M2): Model for a direction without a prior signalized intersection and no
separation of the period

Model 3 (M3): Model for a direction with a prior signalized intersection and no
separation of the period

Model 4 (M4): Model for a direction without a prior signalized intersection and a
peak period
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Model 5 (M5): Model for a direction without a prior signalized intersection and an
off-peak period

Model 6 (M6): Model for a direction with a prior signalized intersection and a peak period

Model 7 (M7): Model for a direction with a prior signalized intersection and an
off-peak period

Based on the models described above, the following three equivalent scenarios were
considered in the queue-length estimation:

Scenario 1: Model 1 was used to predict queue lengths in all cases with no separation
of the direction and period.

Scenario 2: Model 2 was used to predict the queue length in a direction without a prior
signalized intersection, and Model 3 was used to predict the queue length in a direction
with a prior signalized intersection.

Scenario 3: Models 4 and 5 were used to predict queue lengths in a direction without
a prior signalized intersection during peak and off-peak periods, respectively. Models 6
and 7 were used to predict queue lengths in a direction with a prior signalized intersection
during peak and off-peak periods, respectively.

In this paper, the queue-length estimation models were constructed using RF and GBM
from the packages in R [35], namely, caret [36] and gbm [37], respectively. To perform RF
modeling using the caret package, the cforest method was used, and the tuning parameter
of this method, mtry, which is the number of randomly selected predictors, was tuned in
the 3-12 range. In GBM, caret was also used for parameter tuning. The GBM parameters
were n.trees, interaction.depth, shrinkage, and n.minobsinnode. The entire dataset was
divided into two subsets. The first 90% of data were used for training and modeling using
a five-fold cross-validation method. The remaining 10% of data were used to test the
prediction performance based on the root mean square error (RMSE) and the mean absolute
percentage error (MAPE).

Figure 5 shows the overall modeling and analysis procedures. The procedures are
summarized as follows:

Import data to R" l7

!

Repeat for IV2 and IV3

Figure 5. Overall modeling and analysis procedures.
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1. Import actual queue length and color-code length data into the R program.

2. Create a separate dataset for each of the seven models.

3. Divide each dataset into 90% for training and 10% for testing.

4. For each of the independent variable sets, the training dataset is used for tuning
the hyperparameters of the models. The GBM method uses package caret to tune the
parameters. There are four parameters to tune: n.trees, interaction.depth, shrinkage, and
n.minobsinnode. At first, a wide range of the parameter values were used for tuning.
Subsequently, it is adjusted to a narrower range to fine-tune and seek the best value.

5. Once the optimum parameters are obtained, the GBM model is developed using the
gbm package so that VI analysis can be performed. For the RF method, parameter tuning
and modeling are performed simultaneously by the caret package.

6. The developed models are applied to the test dataset to predict the queue length,
compare it with the actual queue length, and determine the error indices (RMSE and MAPE).

7. Repeat step 4-6 for other sets of independent variables.

3. Results and Discussion
3.1. Performance of the Queue-Length Estimation Models

The prediction performances of the queue-length estimation models obtained from
color-code data using the RF, GBM, and Average methods are presented and compared.
Table 3 shows the RMSE and MAPE from all three scenarios and three sets of independent
variables, whereas Figures 6 and 7 show only the values from IV3 of each scenario and
method. The results show that the lowest values of RMSE and MAPE are obtained in
Scenario 3 with IV3 (combined red; green is used as a reference) using the RF and GBM
methods, respectively. However, when comparing the RMSE and MAPE values in Scenario
3 vs. those in Scenarios 1and 2, or IV3 vs. IV1 and V2, no significant difference is observed.
The error values are quite similar in all scenarios and all sets of the independent variables.
Therefore, it is not possible to clearly discuss the differences between the RF and GBM
methods. Nevertheless, the RMSE and MAPE values in both methods are significantly
lower than those obtained using the Average method in all cases.

Table 3. RMSE and MAPE values of all models.

Random Forest Gradient Boosting Average
Type of Variable RMSE MAPE RMSE MAPE RMSE MAPE
(Meters) (%) (Meters) (%) (Meters) (%)
Scenario 1
-1v1 71.8337 63.6274 72.7679 63.4070 83.9077 71.8533
-1v2 72.6153 64.5514 72.0657 64.0463 83.9077 71.8533
-1v3 72.5919 64.5336 72.6746 64.3501 83.9077 71.8533
Scenario 2
-1Vl 72.1760 63.4921 72.7062 63.7009 81.8285 70.7399
-1v2 71.8395 63.9266 722615 63.3056 81.8285 70.7399
-1v3 71.9597 64.5817 732521 64.1587 81.8285 70.7399
Scenario 3
=iVl 72.0496 63.4174 725952 62.8423 81.6131 70.4689
-Iv2 722144 63.8694 71.9686 62.9886 816131 70.4689
<1vV3 71.6170 63.8278 72.3546 62.8304 81.6131 70.4689

The above table shows that the queue-length predictions obtained using the RF and
GBM methods are significantly better than those obtained using the Average method.
Figures 5-10 show the actual queue lengths obtained from the test dataset against the
predicted queue lengths obtained using different methods in Scenario 3 with IV3. Although
the predicted lengths obtained using the Average method can vary slightly depending
on the direction and period, they cannot follow the dynamic change of the actual queue
lengths. On the other hand, the lengths obtained using the RF and GBM methods can
sufficiently follow the dynamic change of the actual queue lengths. Although the values
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obtained from both models still differ considerably from the actual values, their ability
to capture the variations of the actual queue length is significantly better than that of the
Average method.
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Figure 6. RMSE values for IV3 of each method and scenario.
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Figure 7. MAPE values for IV3 of each method and scenario.

Predicted queue length of Model 4858687 by AVG (IV3)

=N valuetype
s © Actual
%A' —— Prediction
<]

Time Interval

Figure 8. Predicted results in Scenario 3 with IV3 using the Average method.

It is worth noting that the traffic data from Google Maps is historical data based on
previous measurements. The use of these data for traffic control, particularly with priority,
may be debatable, as control at any given time must be adapted to the current length of the
queue. Based on the prediction accuracy shown in Table 3 and Figures 8-10, the proposed
approach might not be sufficient for control operation, but it might be useful for design
purposes, such as determining the length of additional lanes to turn at an intersection.
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Predicted queue length of Model 485&6&7 by RF (IV3)

1

Quaue length (m)

Time Interval

Figure 9. Predicted results in Scenario 3 with IV3 using the RF method.

Predicted queue length of Model 4&5&6&7 by GBM (IV3)

Queue length (m)

— Prediction

Figure 10. Predicted results in Scenario 3 with IV3 using the GBM method.

3.2. Variable Importance (VI) Analysis

To better understand how the importance of the color band and its length affect the
queue length and whether this importance differs between cases, the variable importance
(VI) analysis results obtained using the GBM method in Scenario 3 (Models 4-7) with
IV3 are presented. A variable with a high VI value is considered very important and
highly affects the queue-length estimation. The VI analysis results (in percentage and in
descending order) for each model are shown in Table 4 and Figures 11-14.

Table 4. Variable importance (V1) analysis of Scenario 3 with IV3.

M4 M5 Mé M7
Variable VI (%) Variable VI (%) Variable VI (%) Variable VI (%)
C_RED_2 29.616 C_RED 2 26472 C_RED 3 27.398 ORANGE_2 20.750
C_RED_1 21.448 C_RED_1 25219 ORANGE_2 20.467 ORANCGE_1 19.297
C_RED_3 18.730 ORANGE_2 17.233 C.RED_2 14.254 C_RED_1 16.482
ORANGE_1 11.948 C_RED_3 11453 ORANGE_3 14.222 C_RED_3 16.192
ORANGE_3 9.398 ORANGE_3 11.244 ORANGE_1 12.813 ORANGE_3 14517
ORANGE_2 8.857 ORANGE_1 8.376 C_RED_1 10.844 C_RED_2 12.759
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Figure 11. Variable importance (VI) analysis of Model 4, Scenario 3 with IV3.
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Figure 12. Variable importance (VI) analysis of Model 5, Scenario 3 with IV3.
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Figure 13. Variable importance (VI) analysis of Model 6, Seenario 3 with V3.
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Figure 14. Variable importance (VI) analysis of Model 7, Seenario 3 with IV3.
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The VI analysis results for Models 4 and 5, which correspond to the cases for a direction
without a prior signalized intersection, show that the importance of the red band near the
intersection is significantly higher than that of the other variables. The first two variables
with the highest VI values are C_RED_2 and C_RED_1. During peak hours (Model 4),
the importance level of the most important variable is significantly different from that of
the second most important variable (29.61% for C_RED_2 vs. 21.45% for C_RED_1). This
is different from the off-peak period, where the importance level of the most important
variable is not significantly different from that of the second most important variable
(26.47% for C_RED_2 vs. 25.22% for C_RED_1).

Comparisons between peak and off-peak periods for the direction with a prior sig-
nalized intersection (Models 6 and 7, respectively), indicate similar and different trends
to those for the direction without a prior signalized intersection (Models 4 and 5). Re-
garding the same trends, during peak hours, the importance level of the most important
variable is significantly different from that of the second most important variable (27.39%
for C_RED_3 vs. 20.46% for ORANGE_2). During off-peak hours, the importance level
of the most important variable is not significantly different from that of the second most
important variable {20.75% for ORANGE_2 vs. 19.29% of ORANGE_1). Espedially in
Model 7, the importance level of each variable is not much different. This implies that the
model can only partly capture the dynamic change of the actual queue lengths. However,
the trend that differs from the direction without a prior signalized intersection is in the
order of the variables, where C_RED _2 and C_RED 1 are no longer the top two most
important variables. C_RED_3 and ORANGE_2 or ORANGE_1 are the most important
variables in this case. This may be due to the updating and displaying of the Google Maps
traffic color-code data, which are not real-time data, causing the traffic color-code display
on Gcog]e Maps to be inconsistent with the actual queue lerlgth obtained from the survey.
In addition, there is a difference in the distribution pattern of the arriving vehicles when a
prior signalized intersection is absent or present. The arrival process for the direction with-
out a prior signalized intersection is random, where vehicles arrive regularly, as opposed to
the cluster-like pattern for the direction with a prior signalized intersection, where vehicles
arrive in a platoon during the green, alternating with gaps during the red of the prior signal.
‘With such characteristics, the traffic and queue for the direction with a prior signalized
intersection are expected to show a relatively higher variation than that for the direction
without a prior signalized intersection. As a result, the Google Maps color-code data in the
direction with a prior signalized intersection may not be able to reflect well the changes in
the traffic queue compared to those in the direction without a prior signalized intersection.

4. Conclusions

The objective of this paper was the estimation of traffic-queue lengths at signalized
intersections using a new data source, specifically traffic color-code data obtained from
Google Maps. The RF and GBM methods were employed and compared with a simple
estimation method that uses only historical average queue-length data (ie., the Average
method). The original color-code data were processed to construct three different alterna-
tives of independent variable specifications: (i) considering the colors as actually displayed
on Google Maps, (i) considering the dark red and red as if they were the same color, and
(iii) using the green as a reference color. This study showed that the RF and GBM methods
achieve similar prediction performance in all scenarios and provide independent variable
specifications. Also, they perform significantly better than the Average method.

The VI analysis for a direction without a pl‘ior signalized intersection showed that
the importance of the red band near the intersection is significantly higher than that of
other variables. For a direction with a prior signalized intersection, the importance varies,
depending on the period (peak or off-peak period), and the red band near the intersection
is no longer the most important parameter. The off-peak period model showed that the
importance of the color-code variable is not very different among all variables. The order
of color bands based on their importance also differs between the two directions. This may
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be due to the updating frequency of the Google Maps data, which are not displayed in
real time, causing the color-code data displayed on Google Maps to be inconsistent with
the actual queue length obtained from the survey. Such non-real-time updates along with
the cluster-like vehicle arrival pattern for a direction with a prior signalized intersection,
cannot capture the relatively high dynamic changes in the traffic and the actual queue
lengths. Thus, it is difficult for the model to capture information from the color-code data
to estimate the queue length.

This study is a starting point for the feasibility of estimating queue lengths using
color-code data obtained from Google Maps and provides an alternative to conventional
approaches that use detector data. The proposed approach was able to estimate the queue
length well only to a certain extent. Although the error of the proposed approach is still
relatively high, it is far better than the error obtained using only historical queue-length
data. This error can be attributed to several reasons, especially the non-real-time update of
Google Maps. In addition, the display resolution of the Google Maps color bands, where
the lengths are often displayed in a hierarchical order, may also affect the estimation of the
queue length. Future research direction will be to investigate if the prediction accuracy
of real-time queue-length estimation can be further increased by providing internet data
processing technologies with additional capabilities such as the real-time display of color-
code information and a better display resolution of color-band lengths. Other machine-
learning techniques, such as neural network, support vector machines, and deep learning,
will be adopted and compared to improve prediction accuracy. Another area of focus is to
investigate and estimate the delay time of Google Maps updates, and develop methods to
incorporate such delay time into the estimation procedure.
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