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Abstract: On-roadvehicledetectionis animportantproblemwith applicationto driverassistancesystemsandautonomous,
self-guidedvehicles.Thefocusof this paperis on theproblemof featureextractionandclassi£cationfor rear-view vehicle
detection.Speci£cally, we proposeusingGabor£ltersfor vehiclefeatureextractionandSupportVectorMachines(SVMs)
for vehicledetection.Gabor£ltersprovide a mechanismfor obtainingsomedegreeof invarianceto intensitydueto global
illumination, selectivity in scale,andselectivity in orientation. Basically, they areorientationandscaletunableedgeand
line detectors.Vehiclesdo containstrongedgesand lines at different orientationand scales,thus, the statisticsof these
features(e.g.,mean,standarddeviation,andskewness)couldbevery powerful for vehicledetection.To provide robustness,
thesestatisticsarenotextractedfrom thewholeimagebut ratherarecollectedfrom severalsubimagesobtainedby subdiving
theoriginal imageinto subwindows. Thesefeaturesarethenusedto train a SVMclassi£er. Extensive experimentationand
comparisonsusingrealdata,differentfeatures(e.g.,basedonPrincipalComponentsAnalysis(PCA)), anddifferentclassi£ers
(e.g.,NeuralNetworks(NNs)) demonstratethesuperiorityof theproposedapproachwhichhasachievedanaverageaccuracy
of 94.81%oncompletelynovel testimages.

1. INTRODUCTION
Recognizingthatvehiclesafetyisaprimaryconcernfor many
motorists,severalnationalandinternationalprojectshavebeen
launchedover thepastyearsto investigatenew technologies
for improving safetyandaccidentprevention[1]. Robustand
reliablevehicledetectionin imagesacquiredby amoving ve-
hicle (on-roadvehicledetection)is an importantproblemin
many relatedapplicationssuchasdriver assistancesystems
or autonomous,self-guidedvehicles.

Themostcommonapproachto vehicledetectionis using
activesensorssuchaslasersor millimiter-waveradars.Proto-
type vehiclesemploying active sensorshave shown promis-
ing results,however, active sensorshave several drawbacks
suchaslow resolution,mayinterferewith eachother, andare
ratherexpensive. Passive sensorson theotherhand,suchas
cameras,offer a moreaffordablesolutionandcanbeusedto
trackmoreeffectively carsenteringa curve or moving from
onesideof the road to another. Moreover, visual informa-
tion can be very importantin a numberor relatedapplica-
tionssuchaslanedetection,traf£csignrecognition,or object
identi£cation(e.g.,pedestrians,obstacles).

Severalfactorsmakeon-roadvehicledetectionverychal-
lenging.Thelandscapealongtheroadchangescontinuously
while the lighting conditionsdependon the time of the day
andtheweather. Vehiclescomeintoview with differentspeeds
andmayvary in shape,size,andcolor. Theappearanceof a
vehicledependson its poseandis affectedby nearbyobjects
which may castshadows or re¤ectlight on it. Last but not
least,real-timeprocessingis required. On-roadvehiclede-
tectionconsistsof two mainsteps:(i) hypothesisgeneration
and(ii) hypothesisveri£cation.During thehypothesisgener-
ation step,the locationof oneor morevehiclesin an image
arehypothesized(e.g.,usingmotion informationor vertical
andhorizontaledges[2] [3]). In the hypothesisveri£cation
step,the trueexistenceof vehiclesat thehypothesizedloca-
tions is tested. In this paper, our emphasisis on improving
theperformanceof thehypothesisveri£cationstepassuming
rearvehicleviews.

Variousvehicledetectionapproacheshave beenreported
in the computervision literature. Bertozzi et al. [4], and
Zhao et al. [5] usedstereo-vision-basedmethods(e.g., in-
verseperspective mapping)to detectvehiclesandobstacles.
In Matthews et al. [3], PCAwasusedfor featureextraction
andneuralnetworks for detection.Goericket al. [6] useda
methodcalledLocal OrientationCodingto extract edgein-
formationandneuralnetworks for vehicledetection.Betke
et al. [2] usedmotion andedgeinformationto hypothesize
thevehiclelocationsandtemplate-matchingfor detection.In
Schneidermanet al. [7], thestatisticsof bothobjectappear-
anceand”non-object”appearancewererepresentedusingthe
productof two histogramswith eachhistogramrepresenting
thejoint statisticsof asubsetof waveletcoef£cientsandtheir
positionon the object. Papageorgiou et al. [8] proposeda
generalobjectdetectionschemeusingwaveletsandSVMs.

In this paper, we proposeusingGabor£ltersfor feature
extractionandSVMs for detection. In the past,Gaborfea-
tureshave beenusedfor facerecognition[9] andimagere-
trieval [10] demonstratinggoodsuccess.Webelieve thatGa-
bor featuresaremoreappropriatein the context of our ap-
plication. Gabor£ltersprovide a mechanismfor obtaining
somedegreeof invarianceto intensitydueto globalillumina-
tion, selectivity in scale,aswell asselectivity in orientation.
Basically, they areorientationandscaletunableedgeandline
detectors.Vehiclesdo containstrongedgesandlinesat dif-
ferentorientationandscales,thus,thestatisticsof thesefea-
turescouldbevery powerful for vehicleveri£cation.Instead
of extractingthesestatisticsfrom the whole image,we col-
lect themfrom severalsubimagesobtainedby subdiving the
original imageinto subwindows. Thisprovidesrobustnessto
errorsin the hypothesisgenerationstep. Thesefeaturesare
thenusedto train a SVMclassi£er. SVMsareprimarily two
classclassi£erswhich performstructuralrisk minimization
in orderto maximizegeneralizationon novel data[11] [12].
They have shown superiorperformancein variousapplica-
tions includingobjectdetection[8] andgenderclassi£cation
[13, 14]. Wehaveperformedextensiveexperimentsandcom-



parisonsusingrealdata.Theproposedapproachhasoutper-
formedotherschemes(e.g.,usingPCAfeaturesor NN clas-
si£ers),achieving an averageaccuracy of 94.81%on com-
pletelynovel testimages.

Therestof thepaperis organizedasfollows: In Section
2, weprovidebrief overview of Gabor£ltersandSVMs. The
proposedfeatureextraction methodis presentedin Section
3. A descriptionof therealdatasetusedin ourexperimentsis
givenin Section4. Ourexperimentalresultsandcomparisons
arepresentedin Section5. Section6 containsourconclusions
andplansfor futurework.

2. GABOR FILTERS AND SVMS REVIEW
2.1. Gabor Filters
Thegeneralfunctionalg(x; y) of thetwo-dimensionalGabor
£lter family canberepresentedasa Gaussianfunctionmod-
ulatedby anorientedcomplex sinusoidalsignal:
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where¾x and¾y arethescalingparametersof the£lter, W is
thecenterfrequency, andµ determinestheorientationof the
£lter. Gabor£ltersactaslocal bandpass£lters.Figures(1a)
and(1b) show the power spectraof two Gabor£lter banks
(thelight areasindicatespatialfrequenciesandwaveorienta-
tion).

In thispaper, weusethedesignstrategy describedin [10].
GivenaninputimageI (x; y), Gaborfeatureextractionis per-
formedby convolving I (x; y) with a Gabor£lter bank. Al-
thoughthe raw responsesof the Gabor£lterscould be used
directly asfeatures,somekind of post-processingis usually
applied(e.g.,Gabor-energy features,thresholdedGaborfea-
tures,andmomentsbasedon Gaborfeatures[15]). In this
paper, we useGaborfeaturesbasedon moments,extracted
from severalsubwindowsof theinput image(seeSection3).

(a) (b) (c)

Fig. 1. (a) Gabor£lter bankwith 3 scalesand5 orientations;
(b) Gabor£lterbankwith 4 scalesand6 orientations;(c) Fea-
tureextractionsubwindows.
2.2. SVMs
SVMsareprimarily two-classclassi£ersthathavebeenshown
to beanattractive andmoresystematicapproachto learning
linear or non-lineardecisionboundaries[11] [12]. Given a
setof points,whichbelongto eitherof two classes,SVM£nds
thehyperplaneleaving thelargestpossiblefractionof points
of the sameclasson the sameside, while maximizing the
distanceof eitherclassfrom the hyperplane.This is equiv-
alent to performingstructuralrisk minimization to achieve
good generalization[11] [12]. Assumingl examplesfrom
two classes

(x1; y1)(x2; y2):::(x l ; yl ); x i 2 RN ; yi 2 f¡ 1; +1g (3)

£ndingtheoptimalhyper-planeimpliessolvingaconstrained
optimizationproblemusingquadraticprogramming.Theop-
timization criterion is the width of the margin betweenthe
classes.Thediscriminatehyperplaneis de£nedas:

f (x) =
lX

i =1

yi ai k(x; x i ) + b (4)

wherek(x; x i ) is a kernelfunction andthe sign of f (x) in-
dicatesthe membershipof x. Constructingthe optimal hy-
perplaneis equivalentto £ndingall thenonzeroa i . Any data
point x i correspondingto a nonzeroai is a supportvector
of the optimal hyperplane. The Gaussiankernel is usedin
this study(i.e., our experimentshave shown that the Gaus-
sian kernel outperformsother kernelsin the context of our
application).

3. GABOR FEATURE EXTRACTION

In this sectionwe describeour Gaborfeatureextractionpro-
cedure.Theinput to thefeatureextractionsubsystemarethe
hypothesizedvehiclesubimages(extractedmanuallyhere;see
Section4). First, eachsubimageis scaledto a £xed size
which is 64 £ 64. Then,it is subdivided into 9 overlapping
32£ 32subwindows. Assumingthateachsubimageconsists
of 16 16£ 16 patches(seeFigure1(c)), patches1,2,5,and6
comprisethe £rst 32 £ 32 subwindow, 2,3,6and7 the sec-
ond,5, 6, 9, and10thefourth,andsoforth. TheGabor£lters
arethenappliedon eachsubwindow separately. Themotiva-
tion for extracting-possiblyredundant-Gaborfeaturesfrom
several overlappingsubwindows is to compensatefor errors
in the hypothesisgenerationstep(e.g., subimagescontain-
ing partially extractedvehiclesor backgroundinformation),
makingfeatureextractionmorerobust.

Themagnitudesof theGabor£lterresponsesarecollected
from eachsubwindow andrepresentedby threemoments:the
mean¹ ij , the standarddeviation ¾ij , andthe skewness· ij

(i.e., i correspondsto thei -th £lter andj to thej -th subwin-
dow). Usingmomentsimpliesthatonly thestatisticalproper-
tiesof a grouppixels is takeninto consideration,while posi-
tion informationis essentiallydiscarded.This is particularly
usefulto compensatefor errorsin thehypothesisgeneration
step(i.e.,errorsin theextractionof thesubimages).Suppose
we are using S = 2 scalesand K = 3 orientations(i.e.,
S £ K £lters). Applying the £lter bank on eachof the 9
subwindows, yields a featurevectorof size162, having the
following form:

[¹ 11¾11· 11; ¹ 12¾12· 12; ¢¢¢¹ 69¾69· 69] (5)

Wehaveexperimentedwith usingthe£rsttwo momentsonly,
however, much worst resultswere obtainedwhich implies
thattheskewnessinformationis very importantfor ourprob-
lem.

4. DATASET

Theimagesusedin our experimentswerecollectedin Dear-
born,Michiganduringtwodifferentsessions,onein theSum-
merof 2001andonein theFall of 2001,usingFord'spropri-
etarylow-light camera.To ensurea goodvariety of datain
eachsession,the imageswerecaughtduringdifferenttimes,



different days, and on £ve different highways. The train-
ing set containssubimagesof rear vehicle views and non-
vehicleswhich wereextractedmanuallyfrom the Fall 2001
dataset. A total of 1051vehiclesubimagesand1051non-
vehiclesubimageswereextractedby several studentsin our
lab. Althoughspeci£cinstructionsweregivento thestudents,
thereis somevariability in the way the subimageswereex-
tracted.For example,certainsubimagescover thewholeve-
hicle, otherscover the vehicle partially, and otherscontain
thevehicleandsomebackground.In [8], thesubimageswere
alignedby wrappingthebumpersto approximatelythesame
position.We have not attemptedto align thedatain our case
sincealignmentrequiresdetectingcertainfeatureson theve-
hicle accurately. Moreover, we believe thatsomevariability
in theextractionof thesubimagescanactuallyimprove per-
formance.Eachsubimagewasscaledto 64£ 64andprepro-
cessedto accountfor different lighting conditionsandcon-
trast[16].

To evaluatethe performanceof the proposedapproach,
the averageaccuracy (AR), falsepositives (FPs), and false
negatives(FNs), wererecordedusinga three-foldcrossval-
idation procedure.Speci£cally, we split the training dataset
randomlythreetimes(Set1, Set2andSet3) by keeping80%of
thevehiclesubimagesand80%of thenon-vehiclesubimages
(i.e.,841vehiclesubimagesand841non-vehiclesubimages)
for training.Therest20%of thedatawasusedfor validation
duringthetrainingof theneuralnetwork classi£erwhichwas
usedfor comparisonpurposes.For testing,we useda £xed
setof 231vehicleandnon-vehiclesubimageswhichwereex-
tractedfrom theSummer2001dataset.

5. EXPERIMENT AL RESULTS AND COMPARISONS

First, we comparedtwo different Gabor£lter banksusing
SVMs, oneusing4 scalesand6 orientations(G24S) andone
using3 scalesand5 orientations(G15S). Figure2 shows the
averageAR, FPs, andFNs for eachcase. Although the AR
is almostthesamein bothcases,it is interestingto notethat
theG24S£lter bankyieldedhigherFNswhile theG15S£l-
terbankyieldedhigherFPs. Obviously, thenumberof scales
andorientationsneedto bechosencarefullyfor optimumper-
formance.Figures3-4show someexamplesof correctdetec-
tionsaswell assomeFP andFN examples.

Next, we comparedGabor featureswith PCA features,
andSVMvs NN classi£ers.Two setsof PCA featureswere
usedwith theNN classi£er, onepreserving90%information
(P90N) andonepreserving95%of the information(P95N).
TheNNclassi£erusedwasafully connected,two-layer, feed-
forwardneuralnetwork trainedby theback-propagationalgo-
rithm. We variedthenumberof hiddennodesto obtainopti-
mumperformanceandusedcross-validationto stoptraining.
Then,wetriedthesamePCAfeaturesusingSVMs(P90Sand
P95S) for comparisonpurposes.Figure2 shows clearly that
Gabor featuresare superiorto PCA featuresboth in terms
of accuracy and numberof FPs or FNs. Finally, we used
Gaborfeatureswith NNs(G24N, G15N). Comparingtheper-
formanceof NNswith SVMs, SVMsoutperformedNNsusing
eitherPCAor Gaborfeatures.In particular, theSVMclassi-
£erachievedapproximately9%higheraccuracy thantheNN
classi£erusingPCA features,and11% higheraccuracy us-
ing Gaborfeatures.In termsof SVMcompactness,theaver-

agenumberof supportvectorsusingGaborfeatureswas200,
1441 lessthanusingPCA features. This meansthat SVM-
basedvehicledetectionusingGaborfeaturesis fast.

(a)

(b)

Fig. 2. Performanceof variousmethods.(a). Detectionaccu-
racy rate.(b). FPsandFNs

(a)

(b)

(c)

(d)

Fig. 3. Someexamplesof successfuldetection.
Figure3 shows somesuccessfuldetectionexamplesus-

ing GaborfeaturesandSVMs. The resultsillustrateseveral
strongpointsof the proposedmethod. Figure3(a) shows a
casewhereonly thegeneralshapeof thevehicleis available
(i.e., no details)dueto its far distancefrom thecamera.The
proposedmethodseemsto discardirrelevantdetails,leading
to improvedrobustness.In Figure3(b),thevehicleisdetected
successfullyfrom its front view, althoughwe have not used
any front views in the training set. This demonstratesgood
generalizationproperties.Also, theproposedmethodcantol-
eratesomeilluminationchangesascanbeseenfrom Figures



3(c-d). SomeFP andFN examplesareshown in Figure4.
The majority of the FNs were due to the lack of represen-
tative examplesin the training setanddueto someextreme
rotations.Webelieve thatsomeof theFPsarealsodueto the
relatively small numberof ”non-vehicle” exampleswe used
for training.Giventhatthe”non-vehicle”classis muchlarger
thanthe”vehicle”class,it wouldmakemoresenseto include
more”non-vehicle”examplesin thetrainingsets.Bootstrap-
ping [17] would de£nitelybe very useful in choosinggood
”non-vehicle”examplesto improve generalization.

(a)

(b)

(c)

(d)

Fig. 4. Someexamplesof FNs(aandb) andFPs(c andd)

6. CONCLUSIONS AND FUTURE WORK

We have consideredthe problemof on-roadvehicle detec-
tion from rearviews of gray-scaleimages.Centralto our ap-
proachis theideaof usingGabor£lter banksto extractedge
andline featuresat differentscalesandorientations.These
featuresencodethecoarsestructureof a vehicle,canhandle
within-classvariations,andarenot very sensitive to global
illumination. In our approach,Gaborfeatureswereextracted
from subwindows of the input imageandwere represented
usingstatisticalmeasures(i.e.,mean,standarddeviation,and
skewness).Classi£cation(i.e., vehicleveri£cation)wascar-
ried out usingSVMs. ComparisonsusingPCA featuresand
NN classi£ershave demonstratedthe superiorityof the pro-
posedapproach.For future work, we plan to performcom-
parisonsusingothertypesof features(e.g.,waveletfeatures),
optimize the parametersof Gabor£lters,andapply feature
selectionand/orfusion (e.g.,usingGeneticAlgorithms like
in [18]).
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