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Abstract—The safety of urban intersections is a critical
concern for city planners. Technological advancements, such
as LiDAR sensors, enable better risk assessment for road
users. This study proposes a hybrid model that combines Post-
Encroachment Time (PET) data with unsupervised machine
learning techniques, specifically DBSCAN clustering, to detect
traffic anomalies. A generalized Pareto distribution (GPD) is
then applied to estimate a risk index. Finally, categorical safety
risk classification is performed using an optimizable neural
network (ONN), support vector machine (OSVM), efficient
logistic regression (ELR), and Gaussian Naı̈ve Bayes (GNB). The
impact of these methods is evaluated in real-time for urban traffic
management in Trois-Rivières, Quebec, Canada. This work aims
to assist decision-makers in urban traffic planning and accident
prevention.

Index Terms—Surrogate measures, Post-Encroachment Time
(PET), Machine learning, DBSCAN, Pareto distribution, Classi-
fication.

I. INTRODUCTION

Intelligent transport systems develop and integrate methods
to overcome the high demand for economic concerns, the
reliability and quality of infrastructures, and most importantly,
the safety of road users. Each year, 1.35 million people are
killed on the roads of the world, and another 20 to 50 million
are seriously injured [1].

In road traffic, many users interact with each other, and the
need for reliable measurement systems (on a week, day, and
even hour basis) of interactions between users is growing.
These interactions will likely generate conflicts (between
vehicles, pedestrians, and motorcycles) as they cross paths
in all directions. Thus, conflicts occur when traffic streams
moving in different directions interfere. The number of possi-
ble conflict points at any intersection depends on the number
of approaches, the turning movements, and the type of traffic
control at the intersection [2].

PET is calculated as when the first road user leaves the
conflict point and the second reaches the same point. It is
defined as the time between moment t1 when the first road
user exits the conflict point and moment t2 when the second
enters the same conflict spot, as shown in Figure 1. The
smaller the PET, the higher the risk of collision. Moreover, a

PET value less than zero would indicate a crash occurrence
[3].

Due to the rarity of dangerous events, such as accidents
and near-misses, and the lack of timeliness, having a reliable
model that gives a safety index of road traffic is challenging.
Surrogate traffic measures can be used to determine how
dangerous an intersection or road section is.

[4] proposes a conflict-based traffic safety assessment
method by associating conflict frequency and severity with
short-term traffic characteristics. [5] conducts a systematic
review of conflict-based safety measures with a specific focus
on the context of their applications. [6] uses conflict indica-
tors, PET and Time to Collision (TTC) to identify pedestrian
conflicts and predict pedestrian conflicts one cycle ahead,
which can be 2-3 min, whereas [7] employed surrogate safety
indicators to measure the safety level of pedestrian conflict
with other road users to evaluate conflict risk.

Despite the significant increase in interest in surrogate
measures, many approaches lack real-time applicability. This
study introduces a machine learning-based risk index capable
of real-time classification of intersection safety levels. Our
contribution uses PET as a surrogate measure and focuses on
1) machine learning techniques to evaluate the behavior of
individual road intersections, 2) calculating the safety index
for an hourly divided block of conflicts of all the data frames
from ten intersections, and 3) using the generated safety risk
level and conflict features (PET and speed) to train and test
classification methods.

The paper is structured as follows: Section II presents the
methodology, including data description, anomaly detection,
the generalized Pareto Risk Index, and safety level classifica-
tion. Section III discusses the results and their implications.
Finally, conclusions are provided in Section IV.

II. METHODOLOGY

A. Data description

Traffic data are collected via Velodyne LiDAR sensors
by third-party BlueCity. Thus, we assume the collected data
completely satisfy the requirements of reliability, repeatability,
and practicability [8]. The main fields from accessible conflict
data are PET and speed (involved speed). The PET data range
is from 0 to 10 seconds, whereas the speed can be up to

 100 km/h. For the present contribution, PET and speed, more
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Fig.1:IllustrationofPETconlicts[3]

than4secondsandlessthan20km/h,respectively,arenot
considered.Concerning[3],weusethenegatedPETinstead
oftheactualPET.
Theconlictsareevent-basedandthereforeremainstochas-
tic.AsdepictedbyTableI,thedatasetcomprises,inaddition
toPETandspeed,dateandtime,typesofusersinvolved,and
geographicallocationstoidentifyintersectionhotspots.

B.Anomalydetection

TheDBSCANaddressestheincompatibilityoftheclassical
clusteralgorithm(i.e.,K-means)toparticularshapeddata
asstatedin[9]. DBSCANclusteringisusedtoclassify
conlictpointsintonormalandabnormalevents.Adensity-
basedapproachensurestheidentiicationofrare,high-risk
occurrences.Afteranalyzingthearchitectureofourdata,the
intuitivenotionof“clusters”and“noises”inagivendatabase
[9]iseasilyapplicable.Thereisalargedensityofpoints
aroundarangeofPETandspeed,whichappeartobeclustered
andmightbeinterpretedasnormalorusualbehaviorinusers’
conlictssurroundedbyrareandinfrequentconlicts.
Seriousconlictsleadingtofatalitiesandgeneralinterac-
tionsbetweenroadusersarelessfrequentthanusual.Itcan
beobservedfromthejointdistributionshowninFigure2of
PETandspeed.Thus,thesedangerousconlictdatapoints
appeartobenoisewiththeDBSCANtechniqueaccordingto
thedeinitionofthealgorithmandtheexpectedrarityofthese
events.
Inthiswork,thethresholdisnotdeterminedusingthe
conventionalparameterstabilityanalysismethod.Instead,it
isdeinedasapercentile,computedfromtheratiobetween
thenumberofnoisypointsandtheaveragenumberof
pointswithintheidentiiedclusters.Thisratio-basedapproach
providesadata-drivenandadaptive waytoestablishthe
threshold.
TheparametersoftheDBSCAN,clustersminimumpoints
γandmaximaldistancebetweenpointsϵweredetermined
empiricallythroughagridsearchtobalanceanomalydetec-
tionsensitivityandnoisereduction.Thesevaluesoptimize
thedistinctionbetweennormalandanomaloustraficconlicts
whilemaintaininghighdetectionprecision.Thatmaneuver
limitsperformancebecauseintersectiontraficactivitiesare
relativelydifferent.

C.GeneralizedParetoriskindex

ExceedancesofnegatedPETandspeedaremodeledusing
aGPD.Followingtheapproachof[3],thisstudyadheres
closelytotheformulationsandtheoreticalfoundationspre-
sentedin[10].TheriskindexisdeinedbyEquation(1).

Rix=Pr(Xi>µ)=1−G(Xi) (1)

WhereG(Xi)istheGPDfunction,µisthethresholdlimit,
andXiistherandomvariable.

TABLEI:Conlictsieldsinformations

Feature Description Type Range
PET Time difference

between two
users crossing
samepoint

Continuous 0-10seconds

Speed Speeddifference
betweeninvolved
users

Continuous >10km/h

1stuser Categorical Car, Pedestrian,
Bus, Bicycle,
Motorcycle,
Truck

2nduser Categorical Car, Pedestrian,
Bus, Bicycle,
Motorcycle,
Truck

Date
and
Time

Dateandtimeof
occurence

Date

Position GPScoordinates
where the con-
lictsoccurs

Decimal Latitude and
Longitude

Fig.2:JointMarginalHistogramofPETandspeed

Asdemonstratedby[10],the GPDfunctionof(1)is
formulatedin(2).

G(x)=exp − 1+ξ
x−µ

σ

−1ξ

(2)

wheretheparametersaretheshape,thescaleandthe
thresholdnamelyξ̸=0,σandµ,respectively.
ThechoiceoftheGPDisjustiiedbytheexponentialdecay

observedinthetailofourdatadistribution[11],particularly
forthenegatedPET.TheparametersoftheGPDdistribution
areestimatedusingmaximumlikelihoodestimation(MLE),
with95%conidenceintervalsforparameterestimatesto
ensureanoptimalittothedata.Subsequently,Equation(1)
isappliedtothePETandspeedexceedancedatafortheith

hourlyblock,computingRipandRisseparately.Theoverall
riskindexRiisthenobtainedasthemeanofthesetwovalues.
Oncecompleted,atheoreticalsafetycategoryisestablished
basedonthecomputedriskindex.

Ri=
Rip+Ris

2
(3)

D.Classiicationofthesafetyrisklevel

AllpreviouslycollectedPETandspeeddataareavailable,
makingitstraightforwardtocomputetheriskindexasde-



scribedinII-C.Forclassiication,theinputisconlictfeatures
PETandspeed. Weemployfourmachinelearningmodels:
neuralnetworks,supportvectormachines(SVM),eficient
logisticregression(ELR),andGaussiannäıveBayes(GNB).
Amongthese,theneuralnetworkandSVMundergofurther
optimization.Theoptimizedparametersfortheneuralnet-
workinclude:thenumberoffullyconnectedlayersbetween
1-3,theactivationfunction:ReLU,tanh,sigmoidornone,
theregularizationstrengthbetween3.3110−10-3.31,theirst
andsecondlayersizesbetween1-300andstandardizeddata
ornot.FortheSVMmodel,theoptimizedparametersinclude:
thekernelfunction:gaussian,linear,quadraticorcubic,the
constraintlevel:0.001-1000,themulticlasscoding:One-vs-
AllorOne-vs-Oneandstandardizeddataornot.

Thesafetylevelclassiicationisdeinedasfollows:green
safetycategoryifRi≤0.35,yellowif0.35<Ri≤0.65
andifRi< 0.65thenthecategoryisred.Eachconlict
datapointservesasaninputfortheclassiicationmodel.The
classiicationthresholdswereempiricallydeterminedthrough
sensitivityanalysistooptimizemodelaccuracywhileensuring
meaningfulriskdifferentiation.

III.RESULTSANDDISCUSSION

Theprimarygoalofthisstudyistoaccuratelypredict
thesafetylevel(category)ofintersectionsinthecityof
Trois-Rivìeres. Allsimulationsandimplementations were
carriedoutusingMATLABtools.Foranomalydetection,the
DBSCANparametersaresettoϵ=0.45andγ=220.As
showninFigure3,theidentiiedabnormaldatapointsalign
withthoseinthejointdistributionpresentedinFigure2.

InFigure 4,thebluehistogramrepresentstheproba-
bilitydensityofPETexceedances,capturingvaluesbelow
thethreshold(inthecontextofnegativevalues).Thebars
indicatethefrequencyoftheseexceedances,normalizedto
relectaprobabilitydensity.TheredlinedepictstheGPDit
appliedtotheexceedancedata.Thesharpincreasenearzero
suggeststhatthedistributionisheavilyconcentratedaround
lowexceedancevalues,acharacteristiccommonlyobserved
indistributionswithPareto-liketails.

InFigure4a,thebluehistogramrepresentstheprobability
densityofPETexceedances,capturingvaluesbelowthe
threshold(inthecontextofnegativevalues).Thebarsindicate
thefrequencyoftheseexceedances,normalizedtorelecta
probabilitydensity.TheredlinedepictstheGPDitapplied
totheexceedancedata.Thestrongalignmentbetweenthe
histogramandtheredcurveinFigure4ademonstratesagood
it,validatingtheuseoftheGPDtomodelPETexceedance
data.Thisconirmsthesuitabilityof GPDforcapturing
extremePETvalues.

TableIIprovidesasummaryoftheitresultsforboth
PETandspeed.Theshapeparameter(ξ=-0.16)indicates
aboundedtail,implyingalimitedrangeofextremevalues.
However,slightdiscrepanciesbetweentheittedGPDandthe
histograminFigure4aariseduetodatasparsityinextreme-
valueregions.

InFigure4b,thebluehistogramrepresentstheprobability
densityofspeedexceedances.Thebarsindicatethefrequency
oftheseexceedances,normalizedtorelectaprobability
density.Theredlineshowsthe GPDitappliedtothe
speedexceedancedata.Thepositiveshapeparameter(ξ=
0.19)indicatesaheavy-taileddistribution,suggestingahigher
probabilityofextremevalues.

Fig.3:DBSCANanomalydetection

(a)FitofNegatedPET

(b)Fitofspeed

Fig.4:GPDFitofPETandSpeedExceedances

Forclassiication,75%ofthedataisallocatedfortraining
andvalidation,withcross-validationappliedtomitigateover-
itting.Theremaining25%isreservedfortesting.Thetraining
datasetconsistsofatotalof41079samples,distributedacross
classes.Theclassdistributionisasfollows:Classgreen–
5720samples,Classyellow–28084samples,andClassred
-7275samples.AsshowninTableIII,overallaccuracyis
usedasakeyperformancemetric,wherehigheraccuracy
indicatesbetterclassiicationperformance.Additionally,total
costrepresentsthenumberofmisclassiiedinstances(lower
isbetter),whiletheerrorrateservesasanindicatorofthe
model’smisclassiicationstendency.

Furtherinsightscanbegainedfrommetricssuchasthe
truepositiverate(TPR), whichquantiiestheproportion
ofcorrectlypredictedinstanceswithineachclass,andthe
falsenegativerate(FNR),which measurestheproportion
ofmisclassiiednegativeinstances.Theconfusionmatrices
presentedinTablesIVdetailtheclassiicationperformance
forvalidationandtestdatasetsacrossdifferentmethods.

Thecomparativeclassiicationisconductedusingfour
models:optimizableneuralnetwork(ONN),optimizablesup-
portvector machine(OSVM),eficientlogisticregression
(ELR),andGaussiannäıveBayes(GNB).Theevaluationmet-
ricsincludeaccuracy(forvalidationandtestdatasets),TPR,
FNR,andconfusionmatricestoassessmodelperformance.



TABLEII:GPDFitParameters

NegatedPET GPDit Speed GPDit
Shape:ξ Scale:σ Thres.:µ Shape:ξ Scale:σ Thres.:µ
-0.16 0.12 -0.9 0.19 3.04 56.2

TABLEIII:Testandvalidationresults

Validation Test
Acc. T.Cost E.Rate Acc. T.Cost E.Rate

ONN 78.95% 6340 21.05% 79.37% 5084 20.63%
OSVM 77.69% 6720 22.31% 78.88% 5205 21.12%
ELR 76.82% 6983 23.18% 78.14% 5387 21.86%
GNB 75.82% 7285 24.18% 77.72% 5491 22.28%

The majorityofPETandspeeddatapointsfallintothe
yellowcategory,indicatingahighclassiicationaccuracy
forthisclass,asshownintheconfusion matrixresultsin
TablesIV.Toaddressthisimbalance,thedatasetshouldbe
adjustedtoensureamoreevendistributionacrossallclasses.
Amongthetested models,optimizedneuralnetwork(ONN)
achievedthehighestaccuracy,reaching78.95%forvalidation
and79.37%fortesting.It wasfollowedbytheoptimized
supportvector machine(OSVM)with77.69%and78.88%,
respectively,thenELR76.82%and78.14%andinallyGNB
75.82%and77.72%.Theoptimalparametersforthe ONN
modelinclude:2fullyconnectedlayers,atanhactivation
function,aregularizationstrengthof4.10e−10,airstlayer
sizeof298,asecondlayersizeof3andstandardizeddata.
ForOSVM,theoptimizedparametersare:aquadratickernel
function,aconstraintlevelof39.76,One-vs-One multiclass
coding,andstandardizedinputdata.ONNoutperformsother
modelsduetoitsabilitytocapturenon-linearrelationships,
extracthierarchicalfeatures,andoptimizehyperparametersfor
betteradaptability.Itsrobustnessinclassifyingbothhigh-risk
(red)andlow-risk(green)scenariosmakesitthemostreliable
choiceforreal-timeriskassessment.

Some mayarguethatthe GPDaloneissuficientfor
classifyingconlicts. However,itslimitations mustbecon-
sidered,particularlyitsrelianceoncompletedatablocksover
asetperiodbeforeclassiicationcanbeperformed. Whilethe
classiication methodsinthisstudyuseinstantaneousPET
andspeedaspredictors(bi-variateinput),theyoperateon
individualdatapointsratherthanaggregatedgroups,enabling
real-timeprocessing. Moreover,theiraccuracyisstillevalu-
atedbasedontheGPDframework(theoreticalclassiication
ofcomputedRi).

IV. CONCLUSION

Thisstudyintroduceda machinelearning-basedapproach
forreal-timeintersectionriskassessment,leveraging DB-
SCANanomalydetectionandaGPDrisk modeltoclassify
intersectionsafetylevels.Unliketraditionalmethodsbasedon
historicalaccidentdata,ourapproachdynamicallyevaluates
surrogatesafetymeasures,suchasPETandspeedanomalies,
toimprovetraficmanagementandaccidentprevention.

OnelimitationofourapproachistheuseofixedDBSCAN
parametersacrossallintersections, which mayreduceits
effectivenessindetectinganomaliesinvaryingtraficcon-
ditions.Toaddressthis,wesuggestauniiedanomalydetec-
tion modelthatdynamicallyadjuststodifferentintersection
proilesusingageneralizedbi-variatethreshold.Additionally,
toimprovethedetectionofrareevents,DBSCANcouldbe
combined withanadaptive machinelearning methodthat
optimizesclusteringparametersinreal-time.

TABLEIV:Testconfusionmatrixresults

Predicted
ONN Green Yellow Red FNR

Green 2945(71.8%) 1072(26.1%) 83(2%) 28.2%

Tr
ue

Yellow 980(7%) 12229(86.8%) 886(6.3%) 13.2%
Red 204(3.2%) 1859(28.8%) 4388(68%) 32%

Predicted
OSVM Green Yellow Red FNR

Green 2444(59.6%) 1605(39.1%) 51(1.2%) 40.4%

Tr
ue

Yellow 501(3.6%) 13051(92.6%) 543(3.9%) 7.4%
Red 145(2.2%) 2360(36.6%) 3946(61.2%) 38.8%

Predicted
ELR Green Yellow Red FNR

Green 2643(64.5%) 1438(35.1%) 19(0.5%) 35.5%

Tr
ue

Yellow 648(4.6%) 12994(92.2%) 453(3.2%) 7.8%
Red 199(3.1%) 2630(40.8%) 3622(56.1%) 43.9%

Predicted
GNB Green Yellow Red FNR

Green 2321(56.6%) 1740(42.4%) 39(1%) 43.4%

Tr
ue

Yellow 435(3.1%) 13226(93.8%) 434(3.1%) 6.2%
Red 174(2.7%) 2669(41.4%) 3608(55.9%) 44.1%

TheGPDeffectivelymodelstheoveralldistributionofPET
andspeedexceedances,offeringvaluableinsightsforrisk
assessment. However,itsperformance maybelessreliable
whenappliedtoasingleintersection.

Intermsofclassiicationperformance,theoptimizedneural
network(ONN)outperformedother models,particularlyin
identifyinghigh-risk(red)andlow-risk(green)scenarios.
GaussianNäıveBayes(GNB)demonstratedfairaccuracyfor
moderate-risk(yellow)classiication,butONNremainedthe
mosteffectiveoverall,achievingthehighestglobalaccuracy.
Furtherreinements,suchasdatabalancingtechniquesand
featureengineering,couldenhanceclassiicationrobustness
andgeneralizationtoreal-worldconditions.

Theseindingshighlightthepotentialofmachinelearning
intraficsafetyanalysisandprovideavaluableframework
forintegratingreal-timeriskassessmentintourbantrafic
managementsystems. ONNisthebestamongthefourto
classifygreenandred, GNBisfairtoclassifyyellow
accordingtovalidationandtest,butONNisthebestaccording
toglobalaccuracy.
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