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Abstract

We propose an efficient method for object localization andp®®e estimation. A
two-step approach is used. In the first step, a pose estinsagmaluated in the input
images in order to estimate potential object locations aygkp. These candidates are
then validated, in the second step, by the corresponding-gscific classifier. The
result is a detection approach that avoids the inherent gpensive cost of testing the
complete set of specific classifiers over the entire imageurthér speedup is achieved
by feature sharing. Features are computed only once anberaised for evaluating the
pose estimator and all specific classifiers. The proposetadédias been validated on
two public datasets for the problem of detecting of cars usdeeral views. The results
show that the proposed approach yields high detection watids keeping efficiency.

1 Introduction

The problem of efficiently testing multiple specific classi§i has recently gained popularity
for tackling the problem of detecting multiple object caiggs or specific objects seen from
different viewpoints. In these problems, each object ¢lasobject view, is commonly
considered as a different topic represented by a distiassler. As a result, a large number
of discriminative and specific classifiers are computed.hddgh these classifiers can be
learned quite efficiently, testing each of them over an imagemputationally expensive.

In this work we propose agfficient strategyor testingmultiple specific classifierfor
object detection. We study the problem more closely on theatien of cars from mul-
tiple views. This category includes challenges such as iiggr-class variations, lighting
changes, several car sizes or different aspect ratios dfdheding box. In order to address
all these issues, we use a decoupled approach consistigeop@se estimator and (ii) a
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Figure 1: Efficient localization and pose estimation in tHel0O databasel5]. Our approach
allows localizing cars and estimating their pose despitgelanter-class variations and in
about 1 second. Correct detections are depicted by grenrges, whereas false positives
are indicated by red ones. The ground truth is shown by a lelctamgle. The circle and car
toy located at top and left indicate the estimated viewpoint

set of pose-specific classifiers. The estimator acts asdiftéprevents of having to evalu-
ate all the specific classifiers at every position. Furtheenwe use feature sharing for the
estimator and all classifiers. Both these characteristald ya remarkable efficiency to our
approach while keeping high detection rates. Eiglepicts some detection results and the
corresponding estimated poses.

Related Work. Several strategies have been proposed in the past for aremwiffabject
detection. Some of them mainly rely or) features that can be calculated very fast over
images, and thus, increase the speed of the sliding windassifier that is evaluated at
multiple scales and locationd?, 21, 24]. Other methods use specific cascaded classifier
structure®.g [17, 24] which allow rejecting background windows at early stageslaence,
also reduce the computational effort. In other words, tlaggeoaches aim foiij reducing

the search space during the detection phase. This is algvadiby means of branch and
bound techniques3[ 9], using object priors]] or splitting the process in two consecutive
phases of object estimation and specific detectidn13, 14, 22]. Finally, other works i)
have proposed to share features across object classesvsr[2i& 23, 25)].

Contribution. We propose an efficient method for the 3D object detectiohittiagrates
synergically the strategies reviewed above. More speliificaur method computes fast
Random Ferns (RFs)LP] over local histograms of oriented gradients. These festare
simple comparisons whose binary outputs encode objectsappce. These Random Ferns
are shared among objects and used for the computation ofvthetep detection approach,
that is, the pose estimator and the set of pose-specifidgfi@assUnlike other previous works
that use Hough-based approaches as object classBietsli[1], we use a novel Hough-RFs
for building an efficient and robust 3D pose estimator. Tistingator uses the Hough trans-
form to learn and map the local appearances of objects (eddog RFs) into probabilistic
votes for the object center. This methodology overcomesdwipus works which compute
rough estimators or predict the object size at fits P2].

The resulting method is able to learn and detect objectstiraghktforward and efficient
manner. In particular, the estimator and specific classifi@n be learned in a couple of
minutes, while the object detection is performed in aboutdosd, using a non-optimized
code based on Matlab. In addition, this efficiency is accamgzhwith a high detection rate,
comparable and even better than existing approaches.
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2 Overview of the Method

The main ingredients of our approach are (i) a shared featpresentation and (ii) an object
pose estimator that limits the search space for (iii) objexte specific classifiers. Fig.
depicts an overview of the method, which we describe in iet#ie following sections.

.... Pose-specific Classifiers
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Figure 2: Overview of the proposed approach. To detect thp@®, given an input image
we initially compute a set of shared RFs (Feature ComputatigVe then apply the pose
estimator to generate several object/pose hypotheses arecverified by the pose-specific
classifiers. Non-maximal potential detections are finaltgriéd out.

Since features are shared among classifiers, their congutatperformed in an initial
step thatis pose independent. This allows an efficient coatipn of both the pose estimator
and the classifiers. For the pose estimation step, eactrdeiatevaluated over the entire
image, and casts probabilistic votes for the object/posteceThis yields a set of potential
hypotheses (clusters within the voting space), which aea thalidated according to a set of
specific classifiers. Finally, multiple detections are reatbusing non-maxima suppression.

3 Feature Computation: Random Ferns

The first key element of our approach are the kind of featuresise: the Random Ferns.
They consist of sets of binary features resulting from semg@mparisons on the intensity
domain [7, 12]. Yet, and drawing inspiration from2p], we compute RFs over local his-
tograms of oriented gradients (HOG), that is, our binaryuess are simple comparisons
between two bins of HOG. The co-occurrence of all featurpuatstencodes differentimage
appearances that are used for building the estimator arftdasof the classifiers. More
formally, each Random Fenn captures the co-occurrencerobinary features, whose out-
puts determine the Fern observatiomherefore, each Fern maps the image appearances
aK = 2'-dimensional spacé, : x — zwherex is an image sample armd= 1,2, ... K.

In addition, in order to gain in efficiency we share the sames &fong different classes.
This was already proposed i2J, although as we will show in the results section, this
previous work does not scale properly for a large numberaxfsifiers since every classifier
is independently tested.

4 The Pose Estimator

Based on the response of the RFs on an input image, the pasatestwill provide image
regions with a high probability of object/pose. For that,wikt need to map from the feature
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Figure 3: The Hough-RFs Estimatdreft: The computation of the estimator is carried out
by selecting the most discriminative appearance locatgasnst the background category
B. Each Fern outpufz = k) describes a specific image appearance that has associated
list of distancesdik indicating where this appearance has occurred over taisamples.
Right: In runtime, each Fern is evaluated in every image locatjda cast probabilistic
votes for diverse image locations according to its outphe flesult is a voting space where
its maximum values correspond to possible object instances

domain of the RFs to spatial image locations. This is aclidwemeans of what we call
Hough-RFs

4.1 Hough-RFs

In the spirit of Hough-Forestgl| 11], our Hough-RFs encodes the local appearance captured
by RFs and casts probabilistic votes about the possibl¢itocaf object poses. Specifically,

for every Fernf; each outputz = k) represents a specific image appearance that has as
sociated a list of displacemen{tdi"} where that appearance has occurred in images. These
displacements are measured from the image center and aeetext during the learning
phase as those ones with higher occurrence over traininglsam

Training. The computation of the Hough-RFs is carried out by evalgadiriixed set of
m RFs for every image location of training samples and selgdtie most discriminative
object appearances and their displacements. This is doreabth object viewV; and an
additional background clag& Assuming probability independence among Fef$§, [we
can define the estimaté&y, as:
Mt P@zaW.Fi) &, P@aW.Fi)
nrilp(gvz||BaFl) i; P(gaZ||BvFI) ’
wherex represents the possible location of the object (image cémtéraining) andg de-
notes the image locations where the Fgiris calculated. These locations are always mea-
sured from the image center of the object ppse

The aim is to compute the estimator in order to maximize ttie &t probabilities be-
tween the object view and background classes (E}). With the objective of selecting the
most important image appearances and their locations éctinrent pose. This is done
by selecting the most discriminative locations againstihekground samples. Fig(Left)
shows a simple example where discriminative locations &nutputk; andk, are cho-
sen. These locations form the lists of displacemedi'fé} and{dikz} which are used to cast
probabilistic votes in runtime. These votes are weightedating to their occurrences over
training images,

P(df,,) = log

1)

Ew; (X) = log

P(g:CIn,Z:kWVJvFl)
. k=12,

whered¥, is a displacement in the ligdf}.

K i=12,..,m )
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Testing. Once the estimator has been constructed for every objeet fids evaluated in
runtime as follows: given an input image, a HOG is computeer akie whole image for
then to test then RFs. For each image locatian(in the HOG space), each Fefn casts
votes for different image locations according to its obationz (q) and its voting list{d*}.
This voting procedure is illustrated in Fig(Right). The result of evaluating all RFs is a 3D
voting space where their maximum values correspond to tpjese candidates.

4.2 Efficient Pose Estimation

As it was exposed in the previous section, the cost of thenastir depends on the number
of poses given that each RF must cast votes for the diffeiemtsv In order to speed up the
process, similar to the work o], we propose to evaluate the estimator in two consecutiv
steps. For each Fem;, the first step predicts the most likely object pose accagytinits
observation. The second step cast votes only for the egtithpatse. In this way, the cost of
evaluating the estimator for multiple poses is reducedidenably.

The most likely object pos@/! for a Fernf ; tested in locatiom is calculated by

W, = argmaP(z(q) =KW =W;), j=1,2,..,J (3)
i

whereW is the object pose variable adds the total number of poses. Rewriting the Eq.
the estimator can be defined as:

E(x) = iilog

beingq every location in the image.

P({dfq}.z(q) =kB,Fi)’

(4)

Search Space ReductionIn order to reduce the possible locations where a time-aoirgy
pose-specific classifier (see SBrhas to be evaluated, we look for the most remarkable hy
potheses. This is done by filtering the estimator outB(x) > S, beingfe a sensitivity pa-
rameter. The choice of this parameter is, however, a tréideetween speed of the approach
and an increment of false negatives. For instancpg; i£ 0 each pose-specific classifier is
tested on every image position. In this case, the objecttisnigsed but it implies a high
computational cost given that all classifiers are tested.c@ytrast, for increasing values
of Be we speed up the detection phase but with the risk of filterikejyl object locations.
The estimator in this case reduces the search space and eldyalse negatives (missed
objects). The effects of this parameter are evidenced iremetail in Sec6.

5 The Pose-specific Classifier

Each one of the pose-specific classifiers is built indepethdesing a boosting combination
of RFs R2). Hereby, a classifier is a set of weak classifiers, where eaehof them is
based on a Fern selected from the common pool of RFs. Thispoohstructed at random
and is shared by all classifiers in order to reduce the cosalotiating a large number of
pose-specific features and to reuse features for constgudififerent weak classifiers.

The specific classifielrw, (x) is built in order to find the Fernsi and locationsy; that
most discriminate the positive class from the backgrounkle positive class corresponds
to a collection of image samples extracted from the speclijeat viewW;, whereas the
background imageB are used for extracting negative samples. The classifiepatation
is done by means of the Real AdaBoost algorithify][ that iteratively assembles weak
classifiers and adapts their weighting values with the airfoofising all its effort on the
hard samples, which have been incorrectly classified byigueweak classifiers.
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Figure 4: UIUC Dataset. Car detection and pose estimatiefi. ROC curves using differ-
ent evaluation approachd3enter, Right: Confusion matrices for Test 1 and Test 2.

The boosted classifier is then defined as:
T
Hu (x) = Zr\%ﬁx) > Bu (5)
t=
wherepy; is its threshold and\(,f,? is a weak classifier computed by
(t) X) = }IO P(Ft|VVJ,gt,Zt :k)+£
)= 3 BB gz — K T e
wherefF is the selected RF that is evaluated at fixed locagjofmeasured from the image
center), and the parameteis a smoothing factor. At each boosting iteratipthe probabil-

ities P(F¢|Wj,at,z) andP(F¢|B,g,z) are computed using a distribution of weigBtver
the training samples. This is done as follows,

P Wi, 0,2 = k) = De(x), P(Ft[B.gz =k = Z} D) (7)
iz (x)=k i1z (x )=k
yi=+1 yi=—-1

. k=1

b K (6)

beingx; andi = 1,2,..,N the set of training samples. To select the most discrimiaatieak
classifier at each iteration we use, as other previous wthksBhattacharyya distance. In
this way, the weak classifieb{,f,i that minimizes this distance is chosen.

In the present work all pose-specific classifiers are leaus@#ty the same parameters,
that is, 300 weak classifiers and 10 shared RFs. Since thdgareed independently for
extracting the most relevant features for each pose, thétiresclassifiers are very discrim-
inative for each pose and focus on the most relevant objets.pa

6 Experimental Results

We validated using two public and recent datasets: (i) THé@dlataset]5], and (ii) EPFL
dataset 13]. Both datasets contain car instances under multiple viesales and harsh
image conditions such as light changes.

6.1 UIUC car Dataset

Dataset. This dataset has multiple views of 10 cars in outdoor sedtifgr each car, images
under 8 different angles, 2 camera heights and 3 distaneewailable. We train and test our
detector using two different sets of images, Test 1 and Test @one in other state-of-the-art
approached[0, 15]. Test 1 is made by 320 car images without the largest distambereas
Test 2 contains the entire set of 480 images. For both téstdjrst 5 cars of each set are
used for training and the rest are used for testing.
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Figure 5: UIUC Dataset. Comparison against state of thelagft: ROC curves for our
method and some recent work3enter: The comparison is done using the Recall-Precisiol
plots. Right: Comparison in terms of the diagonal values of the confusiatrim
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Figure 6: UIUC Dataset. Detection and efficiency in termshef sensitivity parametese.
Left: Detection rates.Center: Detection times.Right: Computational reduction of the
proposed approach.

Results. The detection performance of our approach is shown in the R@@es of
Fig. 4(Left). We depict the results of just detection (Test 1,2) detection plus pose es-
timation (Test 1,2 + Pose Verif). Note that for images with targest distance (Test 2) the
detection rates are slightly reduced. HgCenter,Right) show the confusion matrix both
for Test 1 and Test 2. Observe that only a small fraction ofiéstections are incorrect, and
usually correspond to confusions of the true with the symimpbse.

Comparison. The ROC curves of Figh(Left) and the Recall-Precision plots of FE(Center)

compare our approach with state of the &rtd, 10, 15, 18, 19. In both cases, our method
outperforms the detection rates of other approaches 5ERight) compares the methods in
terms of pose classification. Note again that the proposdtadeyields better results. A
few sample results are shown in Fig.

Speedup. Fig. 6(Center), depicts the detection times of our approach fiferéint values
of the sensitive paramet@:. We also show an additional method that would test all the
pose-specific classifiertndep. Classifiefs It can be seen that the efficiency of our method
is increased for larger magnitudesf&f(see Fig6(Right)). However, this is at expense of a
reduction in the recall rate, because the estimator missesat object hypotheses. This can
be observed at Figi(Left).

6.2 EPFL car Dataset

Dataset. This dataset contains cars under multiple views, light gearand varying back-
grounds. The set of images is formed by images collected #0specific cars rotating on
a platform. The first 10 cars are used for learning the estimetd each one of the pose-
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Figure 7: EPFL Dataset. Detection and efficiencgft: Recall-Precision plots of the pro-
posed method and the state-of-the-art work1d [ Center: Detection times for several
values of the paramet@ . Right: Computational reduction of the proposed approach.
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Figure 8: EPFL Dataset. Car pose estimatidreft: Confusion matrix. Incorrect pose
estimations occur mainly at opposite views because of gtging similaritiesRight: Dis-
tribution of error for each pose bin.

specific classifiers. The remaining 10 cars are used fonte§ti3]. For this dataset, 32
pose-specific classifiers corresponding to 16 views andf@rdiit aspect ratios have been
learned.

Results. Detection rates for this dataset using several valugs afe shown in Fig7(Left).
Also the performance curve reported 3] is depicted for comparison purpose. We see
that our method consistently outperforms this work. On ttreeohand, Fig. 7(Center)
plots the detection times, and shows the efficiency of ouhoteby reducing the time of
evaluating the set of classifiers. This efficiency is alsdented in Fig7(Right), where the
percentage of computational reduction across the valugs afe shown. We see that the
main computational reduction of our method lies in the eatatun of pose-specific classifiers.

Viewpoint Estimation. To measure the viewpoint estimation accuracy of our apfroac
on this dataset we build again the confusion matrix (Bid.eft)). We can see that most
estimations are correct, showing a diagonal line. Thisguerénce is similar to the results
reported in 3], where most of incorrect estimations appear on symmetiotp of view.
This is because there is a strong similarity among thesesvielhis issue is represented
in Fig. 8(Right), where the distribution of error among pose binshisven. Most of pose
estimations are correct (i.e., they belong to bin 0), butadéthem appear at opposite and
adjacent pose bins. Fi§.shows some sample detections on this database.

7 Conclusions

This work has presented an efficient strategy for testingtiplelclassifiers by means of
a decoupled approach consisting of a pose estimator andad pese-specific classifiers.
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B s
Figure 9: EPFL Dataset. Sample Results. Please se€l Fay.the interpretation of the
results.

This method has reported high detection rates and efficiemdlie problem of detecting car
under multiple views. The estimator filters out image lomagito yield potential candidates
where specific classifiers are then evaluated.

To increase efficiency, it has been proposed to compute alspiecific classifiers and
the estimator using a reduced set of features (Random FeTig3 allows to reduce the
cost of evaluating a large number of features and to decoenfh@sdetection process into
two stages. The first one tests the RFs over the input imagereah the second one calcu-
lates the estimator and the corresponding specific classiflee benefit lies in the feature
computation is independent of the number of classifiers.
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