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Abstract— This paper presentsthe resultsof the rst large-
scale eld tests on vision-basedpedestrian protection from a
moving vehicle. Our PROTECTOR system combines pedes-
trian detection, trajectory estimation, risk assessmentand
driver warning.

The paper pursues a “system approach” related to the
detection component. An optimization scheme models the
system as a successionof individual modules and nds a
good overall parameter setting by combining individual ROCs
using a corvex-hull technique. On the experimental side, we
presenta methodology for the validation of the pedestrian
detection performance in an actual vehicle setting. We hope
this test methodologyto contribute towards the establishment
of benchmark testing, enabling this application to mature.
We validate the PROTECTOR system using the proposed
methodologyand presentinter esting quantitati ve resultsbased
on tensof thousandsof imagesfr om hours of dri ving. Although
results are promising, more reseach is needed before such
systemscan be placed at the handsof ordinary vehicledrivers.

|. INTRODUCTION

Initiativeshave beenstartedto improve the safetyof vul-
nerableroad users,namely pedestriansnd bicyclists. Eu-
ropeanCommission-fundedesearciprojectsPROTECTOR
(“Preventive Safety for UnprotectedRoad User”, 2000-
2003)and SAVE-U (“Sensorsand SystemArchitecturefor
VulnerablEroad Usersprotection”,2002-20059]) aretwo
examplesBoth projectsareaimedtowardsthe development
of sensoibasedsolutionsfor the detectionof vulnerable
road users,in order to facilitate the use of warning or
preventive measuredo avoid or minimize the impact of
collisions. This paperdescribeghe vision-basededestrian
systemdeveloped within PROTECTOR and the progress
madesincewithin SAVE-U.

Many interestingapproachedor the visual recognition
of pedestrianscan be found in the literature (e.g. [1],
[2], [6], [7], [11]). For a recentsurwy, see[4]. However,
meaningfulquantitatve dataon overall systemperformance
is virtually non-existent.Most previous work illustratetheir
approachby meansof a few pictures.A few [6], [7], [11]
do shawv quantitatve results, but only relatedto system
sub-componentsi.e. classi cation) and not to overall ob-
stacle detectionand object classi cation. Few if ary, list
performanceftertemporalintegration,i.e. on thetrajectory
level. Finally, mary importanttestcriteriaremainnetulous
(e.g. intendedcoveragearea, localization tolerances data
assignmentrule, processingcost at the preferred ROC
point).

In this paper we pursuea “systemapproach”to pedes-
trian detectionWe rst describethe modulesof our current
system(Sectionll). A systemoptimization scheme nds
an overall good parameteisettingby combiningthe ROCs
of the individual modules (Section lll). We furthermore
introducea test methodologyfor the evaluationof overall
detectionperformancen an actualvehicle setting(Section
IV); this methodologycan facilitate benchmarktesting.
Finally, we validatethe PROTECTOR systemusingthe pro-
posedmethodologyandpresengjuantitatve resultsbasedn
tensof thousand®f images,derived from hoursof driving
on the testtrack andin real urbantrafc (SectionV).

Il. THE PROTECTOR SYSTEM

For anoverview of the modulesof our systemseeFigure
1. Steeo pre-processingperforms obstacledetectionand
providesaninitial areaof interest A depthmapis computed
in real-time by hierarchicalfeature-basedtereo[3]. The
depth map is multiplexed into  different discretedepth
ranges, which are subsequentlyscannedwith windows
relatedto minimum and maximum extents of pedestrians,
taking into accountthe groundplanelocationat a particular
depthrangeandappropriatgolerancesThelocationswhere
the numberof depthfeaturesexceedsa percentageof the
window areaareaddedto the ROI point list of thetemplate
hierarchyof the ChamferSystem.

The ChamferSystenf5] performsshape-basededestrian
detection:a hierarchyof pedestriantemplatesis matched
with distance-transformeichagesn atreetraversalprocess.
This method efciently “locks onto” desired objects in
a coarse-to- ne manner A maximum chamfer distance
is given as a threshold for each hierarchy level which
determineswhether child nodesare to be traversed, or
whethera detectionwas made at the leaf level. We only
considerthe leaf level thresholdfor systemoptimization.

Texture classi cation involves a neural network with
local receptve elds [10] to verify the Chamfer System
detectionsAn imagepatchextractedfrom the boundingbox
of a detectionis scaledto a standardwidth and heightand
fedinto the neuralnetwork. Detectiongor which the output
of theneuralnetwork is below a userde ned con denceare
discarded.

Steeo veri cation is a secondveri cation approachto
Iter out false detectionsonto the background.The shape
templatemasksout backgroundpixels for a densecross-
correlation betweenboth stereoimageswithin a certain



disparity searchrange. A thresholdis enforcedon both

heightand spreadof the resultingcorrelationfunction.
Tracking consolidatesdetectionresults over time, dis-

carding spuriousdetections;a rudimentary - tracker is

usedbasedon a 2.5 D boundingbox objectrepresentation.

Finally, the Risk assessmenand driver warning module
computesa risk level for eachdetectedpedestriarbasedon
its position and time-to-collision and issuesan acoustical
driver warningif it exceedsa certainlimit.
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Fig. 1. Systemmoduleswith parameterso be optimized

I1l. SYSTEM OPTIMIZATION

Systemparametersre typically tunedby optimizing an
objectie function using gradientdescentin our case such
an approachis inappropriatefor two reasons.Firstly, we
prefer to remain e xible regarding the ROC point used
in a particular application,so we chooseas optimization
objective an entire ROC curve; this non-scalarentity lacks
a straightforward ordering criterion. Secondly if pa-
rametersare involved, gradient descentrequiresiterative
computationof runsover the imagedatabasewhich
exceeds our computing resources.Instead, a sequential
approachinspired by Dynamic Programmingis employed
that successiely optimizeseachmodule of the systemby
computingits optimal ROC curve andrecordingthe “path”,
i.e. parameterector, to getto eachpoint of this curve. See
Figure 1 for anoverview of the systemmodulesalongwith
their parameterslue for optimization.

One optimizationstep,which optimizesmodule number

underthe assumptiorthat optimizationis completed
up to modulenumber , is doneasfollows. Let

ROC FP TP

, denotethe alreadyoptimized ROC curve up
to module consistingof pairs of falsepositive (FP )
andtrue positive rates(TP ) obtainedfor corresponding

optimized parametervectors covering parameterdor
modules . A number of (yet non-optimal) ROC
curves
ROC FP TP

, for module is determinedby selectinga
( x ed) parametewrector andvarying the parameter®f
module , denotedby . Insteadof all possible,
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Fig. 2. Corvex hull of ROC points taken for different thresholdson
Chamferdistanceand neuralnet output.
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Fig. 3. Combinationof ROC curnes. Classi cation denotesthe cune
derived in the previous step (Figure 2), from which 4 ROC curwes for
Steeo Veri cation are computedand combinedto an optimizedone.

only
reasons.
These curvesarecombinedo anoptimalROC curve by
meanf a ROC Corvex Hull techniqug8]. Whenregarded
asa setof points ROC in
ROC space thosethat spantheir corvex hull are selected,;
let the indicesselectedbe denotedby ,
The optimizedROC curve is thengiven by

suchcurves are computedfor processingime

ROC FP TP

, where are the concate-
nated parametervectorsthat lead to the optimized ROC
cunve. SeeFigure 2 and Figure 3 for an example.

The number is successiely increaseduntil no signi -
cant performancegain is achieved ary longer;in practice,
3 or 4 are sufcient. In orderto computea single ROC
curve, ROC , , it is not normally necessary
to run times over the image databaself intermediate
resultsare recordedduring processingthen a ROC curve
can be determinedfrom one run only. For example, the
textureclassi cationmodulerecordghe outputof the neural
network for eachsampleprocessedso that the threshold
parametecanbe appliedafterwards.This leadsto atotal of
13runsovertheimagedatabasenly: 1 for the rst module



andabout4 for eachof the threeremainingmodulesunder
consideration.

IV. TEST METHODOLOGY

The proposedtest methodologyis illustrated in Figure
5. At the core,our aim is to compareentriesfrom ground
truth and from systemoutput, relatedto 3D objectposition
relative to the vehicle (we prefer to evaluate the system
in 3D rather than in image space,becauseit is in 3D
wherewe can more easily incorporateapplication-speci ¢
considerations).

Therearetwo possibilitiesfor obtaining3D groundtruth
data. The rst involves designinga test set-upwhere by
meanf auxiliary measuremergquipmentehicle-andob-
ject positionover time is determinedn a world coordinate
system . Synchronizatiorandtransformatiorinto the vehicle
coordinatesystemeadsto the desired3D groundtruth data.
This procedurewas followed for the PROTECTOR eld
testson the testtrack. The other possibility is for a human
operatorto label objectsin monocularimagesand using
someworld knowledge to back-projectinto 3D. For the
caseof pedestrianghelattermeansnakingthe“ at world”
assumptiorcoupledwith the reasonableonjecturethatthe
pedestriarfeet standon the groundplane.This option had
to be taken for the PROTECTOR eld testsin real traf c.

When comparingground truth and systementries, the
following items needto be speci ed.

SensorCoverageAr ea. The sensorcoveragearearepre-
sentsthe spacesurroundingthe vehicle wherethe de ned
object detectioncapability is required.Outsidethe sensor
coveragearea, we considerdetection capability optional
in the sensethat the systemis not rewarded/penalizedor
correct/lse/missingdetections.The PROTECTOR sensor
coverageareais shavn in Figure4.
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Fig. 4. PROTECTOR systemcoveragearea

Localization Tolerance.Givenanobjectdetectedoy the
systemat a certain location (“alarm”), and given a true
object location (“event”), the localization toleranceis the

maximum positional deviation that still allows usto count
the alarmasa match.This localizationtoleranceis the sum
of anapplication-speci ccomponent{how precisedoesthe
object localization have to be for the application) and a
componentrelatedto measuremenerror (how exact can
we determinetrue objectlocation).

For the PROTECTOR eld tests,we de ne object lo-
calization toleranceas percentageof distance,for lateral
and longitudinal direction ( and ), with respectto
the vehicle. Regardingthe application-speci ccomponent,
valuesof and appeareasonablefor
example, this meansthat, at 20m distance,we toleratea
localizationerrorof mand m in the position of the
pedestrian Jateral and longitudinal to the vehicle driving
direction,respectrely. Regardingthe measurement-speci ¢
component, and appearnecessary
(with the larger value to accountfor non- at road
surface and/or vehicle pitch in caseof ground truth by
monocular image labeling). For the PROTECTOR eld
tests, we then use overall tolerancesof and

Data Assignment.For the PROTECTOR applicationwe
allow mary-to-mary correspondence#\n eventis consid-
eredmatchedif thereis at leastone alarmmatchingit. In
practice,this meansthatin the casea group of pedestrians
walking sufciently closetogetherin front of the vehicle,
the systemdoesnot necessarilyhave to detectall of them
in isolation, it sufces if eachtrue pedestriaris within the
localizationtoleranceof a detectedpedestrian.

Finally, having establishedrules for matching ground
truth and systementries,we needto specify what statistics
to collect to describedetectionperformance We consider
performanceat two levels, at individual frame level and at
the trajectory level. Among the latter, we distinguishtwo
trajectorytypes:“class-B” andthe higherquality “class-A
trajectoriesthat have at leastone entry or at least50% of
their entriesmatchedrespectiely. We considerestablished
performanceratios such as sensitvity and precision. See
Table | for the terminologyusedin the remainderof this
paper

Video Images
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Fig. 5. TestMethodology



TABLE |
TERMINOLOGY

event

an objectaccordingto groundtruth

alarm

an objectaccordingto detectorsystem

requiredevent

an event within the detectionarea

optional event

an event outsidethe detectionarea

good event a requiredevent with

at leastone matchingalarm
goodalarm an alarmwith at leastone matching

event (eitherrequiredor optional)
eventtrajectory  asequencef events

with the sameobjectid
alarmtrajectory  asequencef alarms

with the sameobjectid

class-Bevent/

an event/alarmtrajectorywith at least

alarmtrajectory  onegoodevent/alarm
class-Aevent/ an event/alarmtrajectorywith at least
alarmtrajectory  50% of good events/alarms

objectsensitvity

numberof good eventsdivided
by the total numberof events

object precision

numberof good alarmsdivided

by the total numberof alarms

trajectory numberof trajectorieswith at least
sensitvity x hits divided by the total numberof
trajectoriesaccordingto groundtruth
trajectory numberof trajectorieswith at least
precision x hits divided by the total numberof

trajectoriesgeneratedy the system

V. FIELD TESTS

The PROTECTOR eld testswere performedin both
testtrack andin realtraf c, accordingto the methodology
describedin previous section. We distinguish two types
of results: those obtainedfrom online vehicle processing
during the eld testsFall 2002, with the then available
system(i.e. implementingsolely Sectionll, without texture
classi cation), and secondly the results obtained of ine
with our currentsystem(i.e. fully implementingSections
Il andlll). We denotetheseby “PROTECTOR” and“PRO-
TECTOR+", respectiely. In both cases,test and training
were strictly separatedthe systemhad not previously seen
any testtrack or urbansceneof the eld tests.Processing
involved a 2.4 GHz Intel PentiumPC.

A. TestTrack

The testtrack experimentswere performedat the Institut
fur KraftfahrweserAachen(IKA) in Germauy. 29 different
traf c scenarioswere enacted,involving a vehicle at 30
km/h approachingone or two pedestriangrossinglaterally
at variouswalking speedswith or without additionalroad
side objects (e.g. cars, panels).Figure 6 illustrates two
scenariosin the top scenariotwo pedestriansre crossing
the streetin oppositedirection. The closestpedestriarjust
entersthe sensorcoverageareaof the approachingsehicle,
when he startscrossingthe road. In the lower scenario,a
pedestriansuddenly appearsbehind a parked car. Figure
7 showns a third scenario,in which the ability of the
PROTECTOR systemto discriminatebetweenpedestrians
and other road side objectsis tested;several rectangular
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Fig. 6. Two IKA testtrack scenariogout of 29 total)

woodenpanelsare placednext to the road to potentially
confusethe system.

Fig. 7. IKA testtrack scenariodealingwith objectdiscrimination

Figure 7 also provides an impressionof the auxiliary
measuringequipmentusedfor groundtruth determination.
Two laser scannersshavn left in the gure, were used
to determinedistanceto the pedestriansNot visible is
the so-called“Correvit” sensorattachedto the vehicle for
measuringvehicle speed.Auxiliary equipmentis triggered
at the momentthe vehicle passeghrougha light barrierin
the driving corridor.

The resultsof the 29 scenarioruns are summarizedn
Table 2. The rst row shavs average performanceover
scenario®f low-to-moderateompleity (i.e. un-obstructed
views of pedestriansvalking ata normalpace without road
side objects).The secondrow showns averageperformance
over the more challengingcases(i.e. pedestriangartially
obstructedand/or running, additional road side objects).
Final row shavs aggrgyatedperformanceover all 29 sce-



narios. As apparentoverall performanceis quite good: a
sensitvity of 1.0 and 0.95 for “class B” and “class A"
trajectories,and a precisionof 0.97 and 0.96, respectiely.
Consideringhe secondow, it wasobsenedthatthe system
experiencedmainly problemsin thosescenariosvherethe
pedestrianwas running from behind a vehicle, for which
we blamethe shapedetectionrmodule(i.e. incompleteshape
training set). The systemalso experienceda small number
of falsedetectionson the measuringequipmentplacedon
the testtrack.

B. RealTrafc

Thebiggestchallengeof the PROTECTOR eld testswas
undoubtedlythe pre-selected’Real-Wbrld” route through
sukurbia and inner city of Aachen, Germary. Two runs
(Runland Run2 on the sameroute were performedin
close temporal successionJasting 27 min and 24 min,
respectiely. On the route, ten pedestriart‘actors” awaited
the system, either standingor crossingat various walk-
ing speedsaccordingto a pre-de ned choreography(for
both runs the same).In addition, there were the “normal”
pedestriansvhich happenedo be on the road. The vehicle
driver wasrequestedo maintain30 km/h, traf ¢ conditions
permitting.

Statisticsfor the both runsare shovn in Tablelll. Rows
relate to the total number of images, and the number
of objects and trajectories (partially) within the sensor
coveragearea A morerestrictive areain front of thevehicle
was derived from the sensorcoverageareaby restricting
the lateral positionaloffset from the vehicle medial axis to
lie within 1.5m. Objectsand trajectoriesenteringthis area
were labeled "risky”. Columns“Ground Truth” relate to
guantitieslabeledby a humanoperator whereashe others
relateto quantitiesprocessedy the two systemversions:
PROTECTOR and PROTECTOR+. The two runs were
performedat different system parametersettingsfor the
PROTECTOR version: (Runl’minimize false detections”
and Run2 "maximize the correct detections”). The PRO-
TECTOR+usedRunlfor parameteoptimization,therefore,
only resultson Run2arereported.

Detailed performancestatisticsare shavn in Table IV
accordingto the terminologyof Tablel. Going from Runl
to Run2 we seethe expectedeffect of changedparameter
settingsfor the PROTECTOR system:increasedsensitvity
but decreasedprecision. The integration of the texture
classi cationmodulewith the systemoptimizationapproach
demonstrategs bene t in the PROTECTOR+ column.Pre-
cision increasedrom 10%/28%to 32%/75%for all/risky
trajectorieswith sensitvity remainingapproximatelycon-
stant.Clearly, Table 1V indicatesthata lot of improvement
needsto be madebefore a PROTECTOR-like systemcan
reachcommercialviability. Note howeverthe largeincrease
in performancavhenfocusingon the morerelevantrisky”
objects/trajectoriesapplication-speci cconstrainthave the
potentialto improve mattersconsiderablyAverageprocess-
ing ratesover the entire runs were 12-13 Hz. In practice,

ratesfell to 4-10Hz whenpedestriansvereactuallypresent
in the coveragearea.

Finally, Figure 8 providestwo screenshotsof the PRO-
TECTOR systemin action. The top andlower imageillus-
tratesa testtrack andurbanscenario respectiely. The left
sub-imagesshow the resultsof stereo-basegreprocessing
(the boundingboxesof shapetemplatesactivatedby stereo
areshown in grey, asdiscussedn Sectionll). Middle sub-
imagescontain detectionresults superimposedThe right
sub-imagesontaina top view of the scenein front of the
vehicle. Shown is the sensorcoveragearea,with distance
scalein meters.Detectedpedestriansare denotedby red
dots, (relative) velocity vectorsby white line segments.The
vertical“green-yellav-red” barillustratesthe associatedisk
level. Although in both scenegedestriartrajectorieswere
detectedpnly the top caseresultedin a driver warning.

V1. CONCLUSIONS

We introduceda test methodologyfor the validation of
a pedestriandetectionsystemin a real vehicle setting; it
brings benchmarktesting on the pedestrianapplicationa
goodstepcloser We appliedthis methodologyto the newly
optimized PROTECTOR systemand presentedjuantitatve
resultsfrom uniquelarge-scaleeld tests,nvolving hoursof
driving on the testtrack andin real urbantrafc. Although
resultsare promising and considerableprogresshas been
achieved over the past1-2 years,more researchs needed
beforesuchsystemscanbe placedat the handsof ordinary
vehicledrivers.
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TABLE I
TEST TRACK RESULTS (“PROTECTOR” SYSTEM): “A”/“B” DENOTES A-CLASS/B-CLASSTRAJECTORY PERFORMANCE

scenario object object | trajectory | trajectory

compleity sensitvity | precision| sensitvity | precision

low-to-moderatg15) 0.81 0.96 0.90/1.00 | 1.00/1.00

moderate-to-high{14) 0.78 0.92 1.00/1.00 | 0.92/0.94

overall (29) 0.80 0.94 0.95/1.00 | 0.96/0.97
TABLE Il

“REAL WORLD"” STATISTICS: “GROUND TRUTH” RELATES TO QUANTITIESLABELED BY A HUMAN OPERATOR, OTHER COLUMNS RELATE TO
QUANTITIES PROCESSED BY THE TWO SYSTEMS.

Runl Run2
GroundTruth  PROTECTOR | GroundTruth PROTECTOR PROTECTOR+
Images 1021 21239 855 17390 17390
Objects(all/risky) 485/ 71 637/ 68 370/ 47 1358/ 123 595/ 55
Trajectories(all/risky) 29/ 13 1441 24 29/ 10 317/ 42 101/ 16
TABLE IV

“REAL WORLD"” PERFORMANCE: “F” DENOTES FRAME-LEVEL PERFORMANCE, WHILE “A”/“B” DENOTE A-CLASS/B-CLASSTRAJECTORY
PERFORMANCE, RESPECTIVELY.

Runl Run2
PROTECTOR PROTECTOR PROTECTOR+
F A B F A B F A B
Sensitvity (all) 31.5% 27.6% 448%| 41.5% 55.2% 69.0% | 52.7% 51.7% 75.9%
Precision(all) 28.4% 20.1% 20.1% | 14.9% 9.8% 10.7% | 43.0% 30.7% 31.7%
Sensitvity (risky) | 43.7% 69.2% 69.2% | 51.1% 80.0% 80.0% | 62.0% 80.0% 90.0%
Precision(risky) 64.7% 62.5% 62.5% | 33.3% 28.6% 285% | 72.5% 75.0% 75.0%

Fig. 8. PROTECTOR systemresults:stereopreprocessingdetectionsandtrajectoriesrisk assessment.



