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Abstract: On-roadvehicledetections animportantproblemwith applicationto driver assistanceystemsandautonomous,
self-guidedvehicles. The focusof this paperis on the problemof featureextractionandclassi£catiorfor rearview vehicle
detection.Speci£cally we proposeusing Gabor£ltersfor vehiclefeatureextractionand SupportVector Machines(SVM$§
for vehicledetection.Gabor£ltersprovide a mechanisnfor obtainingsomedegreeof invarianceto intensitydueto global
illumination, selectvity in scale,andselectvity in orientation. Basically they are orientationand scaletunableedgeand
line detectors. Vehiclesdo containstrongedgesand lines at different orientationand scales thus, the statisticsof these
featureqe.g.,mean, standardleviation, andskewness)could be very powerful for vehicledetection.To provide robustness,
thesestatisticsarenot extractedfrom thewholeimagebut ratherarecollectedfrom severalsubimage®btainedoy subdving
the original imageinto subwindavs. Thesefeaturesarethenusedto train a SVMclassifer Extensve experimentatiorand
comparisonsisingrealdata differentfeatureqe.g.,basednPrincipalComponent#nalysis(PCA)), anddifferentclassifers
(e.g.,NeuralNetworks (NNg) demonstratéhe superiorityof the proposedapproactwhich hasachieszedanaverageaccurag

of 94.81%on completelynovel testimages.

1. INTRODUCTION

Recognizinghatvehiclesafetyis aprimaryconcerrfor mary
motorists severalnationalandinternationaprojectshave been
launchedover the pastyearsto investigatenew technologies
for improving safetyandaccidenfprevention[1]. Rolustand
reliablevehicledetectionn imagesacquiredoy amoving ve-
hicle (on-roadvehicledetection)is animportantproblemin
mary relatedapplicationssuchasdriver assistanceystems
or autonomousself-guidedvehicles.

The mostcommonapproacho vehicledetections using
active sensorsuchaslasersor millimiter-wave radars Proto-
type vehiclesemploying active sensordave shavn promis-
ing results,however, active sensorshave seseral dravbacks
suchaslow resolutionmayinterferewith eachother andare
ratherexpensve. Passve sensoron the otherhand,suchas
camerasoffer amoreaffordablesolutionandcanbe usedto
track more effectively carsenteringa curve or moving from
one side of the roadto another Moreover, visual informa-
tion canbe very importantin a numberor relatedapplica-
tionssuchaslanedetectiontrafEc signrecognition,or object
identi£cation(e.g.,pedestrianspbstacles).

Severalfactorsmake on-roadvehicledetectionvery chal-
lenging. Thelandscapealongtheroadchangesontinuously
while the lighting conditionsdependon the time of the day

Variousvehicledetectionapproachebave beenreported
in the computervision literature. Bertozziet al. [4], and
Zhaoet al. [5] usedstereo-vision-basethethods(e.g., in-
verseperspectie mapping)to detectvehiclesandobstacles.
In Matthews et al. [3], PCAwasusedfor featureextraction
andneuralnetworks for detection.Goericket al. [6] useda
methodcalled Local OrientationCodingto extractedgein-
formationand neuralnetworks for vehicle detection. Betke
etal. [2] usedmotion and edgeinformationto hypothesize
thevehiclelocationsandtemplate-matchinépr detection.n
Schneidermaset al. [7], the statisticsof both objectappear
anceand’non-object’appearanceererepresentedsingthe
productof two histogramswith eachhistogramrepresenting
thejoint statisticsof asubsebf waveletcoekcientsandtheir
position on the object. Papageagiou et al. [8] proposeda
generabbjectdetectionschemeausingwaveletsandSVMs

In this paper we proposeusing Gabor£ltersfor feature
extractionand SVMs for detection. In the past, Gaborfea-
tureshave beenusedfor facerecognition[9] andimagere-
trieval [10] demonstratingjoodsuccessWe believe thatGa-
bor featuresare more appropriatein the context of our ap-
plication. Gabor£lters provide a mechanisnfor obtaining
somedegreeof invarianceto intensitydueto globalillumina-
tion, selectvity in scale,aswell asselectvity in orientation.

andtheweatherVehiclescomeinto view with differentspeeds Basically they areorientationandscaletunableedgeandline

andmayvary in shapesize,andcolor. Theappearancef a
vehicledepend®nits poseandis affectedby nearbyobjects
which may castshadavs or recectlight onit. Lastbut not
least,real-timeprocessings required. On-roadvehicle de-
tectionconsistof two main steps:(i) hypothesigyeneration
and(ii) hypothesisreriEcation.Duringthehypothesiggener
ation step,the locationof oneor morevehiclesin animage
are hypothesizede.g., using motion informationor vertical
andhorizontaledgeq?2] [3]). In the hypothesisveri£cation
step,the true existenceof vehiclesat the hypothesizedoca-
tionsis tested. In this paper our emphasigss on improving
the performancef the hypothesisseriEcationstepassuming
rearvehicleviews.

detectors.Vehiclesdo containstrongedgesandlines at dif-
ferentorientationandscalesthus,the statisticsof thesefea-
turescould bevery powerful for vehicleveri£cation.Instead
of extractingthesestatisticsfrom the whole image,we col-
lect themfrom several subimage®btainedby subdving the
originalimageinto subwindavs. This providesrobustnesso
errorsin the hypothesisgeneratiorstep. Thesefeaturesare
thenusedto train a SVMclassiEer SVMsareprimarily two
classclassif£ersvhich perform structuralrisk minimization
in orderto maximizegeneralizatioron novel data[11] [12].
They have showvn superiorperformancen variousapplica-
tionsincluding objectdetection8] andgenderclassi£cation
[13, 14]. We have performedxtensive experimentsandcom-



parisonausingreal data. The proposedapproactasoutper
formedotherschemege.g.,usingPCA featuresor NN clas-
sifers),achiezing an averageaccurag of 94.81%on com-
pletelynovel testimages.

Therestof the paperis organizedasfollows: In Section
2, we provide brief overvien of Gabor£ltersandSVMs. The
proposedfeatureextraction methodis presentedn Section
3. A descriptionof therealdatasetisedin our experimentss
givenin Sectiord. Ourexperimentaflesultsandcomparisons
arepresentedh Sections. Sectioné containsourconclusions
andplansfor futurework.

2. GABOR FILTERS AND SVMS REVIEW
2.1. Gabor Filters
Thegenerafunctionalg(x; y) of thetwo-dimensionaGabor
£lter family canberepresentedsa Gaussiarfunction mod-
ulatedby anorientedcomplex sinusoidakignal:

059) = 5 o0l 505 * %)] expl2i W (1)

¥ = XCosp+ ysing and = j xsinpu+ ycospu (2)

where¥ and¥ arethescalingparametersf the£lter, W is

the centerfrequeng, andp determineghe orientationof the
flter. Gabor£ltersactaslocal bandpas£lters. Figures(1a)

and (1b) showv the power spectraof two Gabor£lter banks
(thelight areasndicatespatialfrequencieandwave orienta-
tion).

In this paperwe usethedesignstratgy describedn [10].
Givenaninputimagel (x; y), Gaborfeatureextractionis per
formedby corvolving | (X; y) with a Gabor£lter bank. Al-
thoughthe raw responsesf the Gabor£lterscould be used
directly asfeatures somekind of post-processing usually
applied(e.g.,Gaborenengy featuresthresholdedsaborfea-
tures,and momentsbasedon Gaborfeatures[15]). In this
paper we use Gaborfeaturesbasedon moments,extracted
from severalsubwindavs of theinputimage(seeSection3).
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Fig. 1. (a) Gabor£lter bankwith 3 scalesand5 orientations;
(b) Gabor£lterbankwith 4 scalesand6 orientations{c) Fea-

ture extractionsubwindavs.
2.2. SVMs
SVMsareprimarily two-classclassif£ershathave beenshavn

to be anattractve andmoresystemati@pproacho learning
linear or non-lineardecisionboundarieq11] [12]. Givena
setof points,whichbelongto eitherof two classesSVMEnds
the hyperplandeaving the largestpossiblefraction of points
of the sameclasson the sameside, while maximizing the
distanceof eitherclassfrom the hyperplane.This is equi-
alentto performingstructuralrisk minimizationto achiese
good generalizatio{11] [12]. Assumingl examplesfrom
two classes

(X1 yD)(X2;y2)(xisy); xi 2 RNy 2 ff L+1g  (3)

£ndingtheoptimalhyperplaneimpliessolvingaconstrained
optimizationproblemusingquadratigprogramming.Theop-

timization criterion is the width of the maigin betweenthe

classesThediscriminatehyperplands de£nedas:

X
f(x) = viaik(x; xj)+ b
i=1

(4)

wherek(x; xj) is a kernelfunction andthe sign of f (x) in-

dicatesthe membershipof x. Constructingthe optimal hy-

perplands equivalentto £ndingall thenonzeraa;. Any data
point x; correspondingo a honzeroga; is a supportvector
of the optimal hyperplane. The Gaussiarkernelis usedin

this study (i.e., our experimentshave shavn that the Gaus-
sian kernel outperformsother kernelsin the context of our
application).

3. GABOR FEATURE EXTRACTION

In this sectionwe describeour Gaborfeatureextractionpro-
cedure.Theinputto the featureextractionsubsystenarethe
hypothesizedrehiclesubimagesgextractedmanuallyhere;see
Section4). First, eachsubimageis scaledto a £xed size
whichis 64 £ 64. Then,it is subdvidedinto 9 overlapping
32£ 32subwindavs. Assumingthateachsubimageconsists
of 16 16 £ 16 patcheqseeFigure1(c)), patchesl,2,5,andb
comprisethe £rst 32 £ 32 subwindav, 2,3,6and 7 the sec-
ond,5, 6,9, and10thefourth,andsoforth. The Gabor£lters
arethenappliedon eachsubwindav separatelyThe motiva-
tion for extracting-possiblyredundant-Gaborfeaturesrom
several overlappingsubwindavs is to compensatéor errors
in the hypothesisgenerationstep (e.g., subimagescontain-
ing partially extractedvehiclesor backgroundnformation),
makingfeatureextractionmorerohbust.

ThemagnitudesftheGaborElterresponsearecollected
from eachsubwindav andrepresentedy threemomentsthe
mean?; , the standarddeviation % , andthe skewness: j;
(i.e.,i correspondso thei-th £Iter and]j to thej -th subwin-
dow). Usingmomentdmpliesthatonly thestatisticalproper
tiesof a grouppixelsis takeninto considerationyhile posi-
tion informationis essentiallydiscarded.This is particularly
usefulto compensatéor errorsin the hypothesisgeneration
step(i.e., errorsin the extractionof the subimages)Suppose
we areusingS = 2 scalesandK = 3 orientations(i.e.,
S £ K £lters). Applying the £lter bank on eachof the 9
subwindavs, yields a featurevectorof size 162, having the
following form:

(5)

We have experimentedvith usingthe£rsttwo momentsonly,
however, much worst resultswere obtainedwhich implies
thatthe skewnessnformationis very importantfor our prob-
lem.

[ 11%1- 11,1 12%2- 12; 000! 69¥s0- 6]

4. DATASET

Theimagesusedin our experimentsverecollectedin Dear
born,Michiganduringtwo differentsessionspnein theSum-
merof 2001andonein theFall of 2001,usingFord's propri-
etarylow-light camera.To ensurea goodvariety of datain
eachsessiontheimageswerecaughtduring differenttimes,



different days, and on £ve different highways. The train-

ing set containssubimagesof rear vehicle views and non-

vehicleswhich were extractedmanuallyfrom the Fall 2001
dataset. A total of 1051 vehicle subimagesnd 1051 non-

vehicle subimagesvere extractedby several studentsn our

lab. AlthoughspeciEdnstructionsveregivento thestudents,
thereis somevariability in the way the subimagesvere ex-

tracted.For example,certainsubimagesover thewhole ve-

hicle, otherscover the vehicle partially, and otherscontain
thevehicleandsomebackgroundIn [8], thesubimagesvere
alignedby wrappingthe bumpersto approximatelythe same
position. We have not attemptedo align the datain our case
sincealignmentrequiresdetectingcertainfeatureson the ve-

hicle accurately Moreover, we believe that somevariability

in the extractionof the subimageganactuallyimprove per

formance Eachsubimagevasscaledo 64£ 64 andprepro-
cessedo accountfor differentlighting conditionsand con-

trast[16].

To evaluatethe performanceof the proposedapproach,
the averageaccurag (AR), false positives (FP9), andfalse
negatives (FNs), wererecordedusinga three-foldcrossval-
idation procedure.Speci£cally we split the training dataset
randomlythreetimes(Set] Set2andSet3 by keeping80%of
thevehiclesubimagesnd80%of the non-\wehiclesubimages
(i.e.,841vehiclesubimagesnd841non-wehiclesubimages)
for training. Therest20% of the datawasusedfor validation
duringthetrainingof the neuralnetwork classiEemwhichwas
usedfor comparisorpurposes.For testing,we useda £xed
setof 231 vehicleandnon-\ehiclesubimagesvhichwereex-
tractedfrom the Summer2001dataset.

5. EXPERIMENT AL RESULTS AND COMPARISONS

First, we comparediwo different Gabor £Iter banksusing
SVMs oneusing4 scalesand6 orientationg G243 andone
using3 scalesand5 orientationg G159. Figure2 shovs the
averageAR, FPs andFNsfor eachcase. Although the AR
is almostthe samein both casesit is interestingto notethat
the G24S£Elter bankyielded higherFNs while the G15S£I-
terbankyieldedhigherFPs Obviously, thenumberof scales
andorientationsieedto bechosercarefullyfor optimumper
formance Figures3-4 shav someexamplesof correctdetec-
tionsaswell assomeFP andFN examples.

Next, we comparedGaborfeatureswith PCA features,
and SVMvs NN classifers.Two setsof PCA featureswere
usedwith the NN classi£eronepreserving®0%information
(P9ON andone preservingd5% of the information (P95N).
TheNNclassiEeusedwasafully connectediwo-layer feed-
forwardneuralnetwork trainedby theback-propagtionalgo-
rithm. We variedthe numberof hiddennodesto obtainopti-
mum performancendusedcross-alidationto stoptraining.
Then,wetriedthesamePCAfeatureaisingSVMs (P90Sand
P959 for comparisorpurposesFigure2 shaws clearly that
Gaborfeaturesare superiorto PCA featuresboth in terms
of accurag and numberof FPs or FNs Finally, we used
Gaborfeaturesvith NNs(G24N G15N. Comparingheper
formanceof NNswith SVMs SVMsoutperformedNsusing
eitherPCA or Gaborfeatures.In particular the SVMclassi-
£erachieredapproximately9% higheraccurag thanthe NN
classiferusing PCA features,and 11% higheraccurag us-
ing Gaborfeatures.In termsof SVMcompactnesghe aver

agenumberof supportvectorsusingGaborfeaturesvas200,
1441 lessthan using PCA features. This meansthat SVMt
basedvehicledetectionusingGaborfeatureds fast.
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Fig. 2. Performancef variousmethods(a). Detectionaccu-
ragy rate.(b). FPsandFNs
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Fig. 3. Someexamplesof successfutletection.

Figure 3 shavs somesuccessfutletectionexamplesus-
ing Gaborfeaturesand SVMs The resultsillustrate several
strongpoints of the proposedmethod. Figure 3(a) shawvs a
casewhereonly the generalshapeof the vehicleis available
(i.e.,no details)dueto its far distancefrom the camera.The
proposednethodseemso discardirrelevantdetails,leading
toimprovedrobustnessin Figure3(b), thevehicleis detected
successfullyfrom its front view, althoughwe have not used
ary front views in the training set. This demonstrategood
generalizatioproperties Also, theproposednethodcantol-
eratesomeillumination changesgscanbe seenfrom Figures



3(c-d). SomeFP and FN examplesare shawvn in Figure4.
The majority of the FNs were due to the lack of represen-
tative examplesin the training setanddueto someextreme
rotations.We believe thatsomeof the FPsarealsodueto the
relatively small numberof "non-vehicle” exampleswe used
for training. Giventhatthe”non-vehicle” classs muchlarger
thanthe"vehicle” class,t would make moresenseo include
more”non-vehicle” examplesin thetrainingsets.Bootstrap-
ping [17] would de£nitelybe very usefulin choosinggood
"non-vehicle” examplesto improve generalization.
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Fig. 4. Someexamplesof FNs(aandb) andFPs(c andd)

6. CONCLUSIONS AND FUTURE WORK

We have consideredhe problemof on-roadvehicle detec-
tion from rearviews of gray-scalémages.Centralto our ap-
proachis theideaof usingGabor£lter banksto extractedge
andline featuresat differentscalesand orientations. These
featuresencodethe coarsestructureof a vehicle,canhandle
within-classvariations,and are not very sensitve to global
illumination. In our approachGaborfeaturesvereextracted

from subwindavs of the input imageandwere represented [15]

usingstatisticaimeasure§i.e., mean standardieviation,and
skewness).ClassiEcatior(i.e., vehicleveri£cation)wascar
ried out using SVMs Comparisonaising PCA featuresand
NN classifershave demonstratethe superiorityof the pro-
posedapproach.For future work, we planto performcom-
parisonausingothertypesof featureqe.g.,waveletfeatures),
optimize the parameter®f Gabor£lters, and apply feature
selectionand/orfusion (e.g., using GeneticAlgorithms like
in [18]).
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