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Abstract

Component-based detection methods have demonstrated
their promise by integrating a set of part-detectors to deal
with large appearance variations of the target. However,
an essential and critical issuée., how to handle the im-
perfectness of part-detectors in the integration, is not we
addressed in the literature. This paper proposedetec-

ﬂ ;‘ | A '
tor ensemblanodel that consists of a set of substructure- ,
detectors, each of which is composed of several part- ‘ 3

detectors. Two important issues are studied both in theory Figure 1. Appearance variations.
and in practice, (1) nding an optimal detector ensemble,
and (2) detecting targets based on an ensemble. Based o
some theoretical analysis, a new model selection strategy i
proposed to learn an optimal detector ensemble that has a
minimum number of false positives and satis es the design
requirement on the capacity of tolerating missing parts. In
addition, this paper also links ensemble-based detection t
the inference in Markov random eld, and shows that the
target detection can be done by a max-product belief prop-
agation algorithm.

ijthiC graphs. This approach may provide a powerful means
to overcome the limitation of the holistic object detectors
mentioned above, because the variability of the appearance
of the entity is decomposed into the local variability of the
appearances of its parts and the variability of the stractur
among these parts. Thus, the combination of multiple part-
detectors may ease the learning requirement based on an
impractical amount of training data.

However, an essential and critical issue,, how to han-
dle the imperfectness of part-detectors in the integration
step, is not well addressed in the literature. Although the
training of part-detectors is more likely to converge, part
detectors generally tend to produce larger number of false

The success of learning-based methods for face detecpositives, because the parts tend to be less discriminétive
tion motivates the exploration of these methods for generaladdition, parts may be missing due to occlusions and/or the
targets. However, it is found that these methods are oftenimperfectness of part-detectors. These situations hasle ch
limited when it is impractical to include suf cient repre- lenged many existing component-based detectors. To han-
sentative training data to cover the large uncertainty ef th dle the false positives, geometrical constraints among the
target's visual appearances. Such challenging situatioms  parts usually need to be considered. But the missing parts
not uncommon in practice, and occur when the target ex-bring dif culties. If the constraints are de ned on all (or a
periences large deformations, or when the target is plgrtial large portion) of the parts, a small number of missing parts
occluded (some examples are shown in EjgIn these sit-  (or even a single one) will make these constraints invalid.
uations, since the variability in appearance changes is eno Thus detectors based on such constraints are not likely to
mous due to, for example, virtually unlimited possibilitie have good properties in tolerating missing parts.
of partial occlusion, it is generally very dif cult, if notn- This has motivated our idea of usisgbstructureso dis-
feasible, to train such holistic detectors. tribute the geometrical constraints. It tends to be more ro-

This has motivated the investigation of component-basedbust because a small number of missing parts is less likely
detection [, 2, 3,4, 7,9, 10, 12, 13, 15, 17, 18, 19, 20, 25, to invalidate all the substructures. In this paper, we pro-
26], where the detection of the entire target is through the pose adetector ensemblmodel that consists of a set of
integration of the detection of its parts by matching isomor substructure-detectors, each of them consisting of severa

1. Introduction



part-detectors. A substructure-detector provides aigesit consistency, pairwise model is widely used due to its sim-
detection only when all the related part-detectors are-posi plicity. The relative position of two parts is usually moel!
tive and the constraints among those parts are satis ec Thi as a Gaussian distributio®,[10, 17]. To achieve rotation
integration rule tends to reduce the false positives inaete invariant, triple [L3, 20] or higher order §] relation is also
tion. Moreover, the ensemble provides a positive detectionexplored. To compromise between ef ciency and accuracy,
when at least one substructure-detector is positive. Thésr various subset selection strategies are proposed, mainly
tends to increase the probability of detecting the target. based on methods from graph theory. The entire graph

This detector ensemble should not be arbitrarily com- topology can be constructed by a mixture tree modé], [
posed, because different compositions of the ensemble willacyclic graph 4], star model §], k-fan model P], mini-
certainly have different capacities of tolerating missing mal spanning tree2fg], or triangulation method1[3, 17].
parts and have different detection performances. Thesefor A compositional model]6] is another distributed method
we ask the following interesting question: given a toleeanc motivated by the study of human vision, where intermedi-
capacity, does there exist an optimal detector ensemhie thaate abstraction of images is learnt in a generative manner fo
has the minimum false positive rate? object category recognition. Although the existing method

In this paper, we analyze the capacity of tolerating miss- can achieve the missing part tolerance ability to some ex-
ing parts based on the concept of a covering set in graphtend, as far as we are aware, no quantitative analysis of the
theory, and obtain an analytical form that characterizes th relationship between model selection and detection perfor
tolerance capacity. Combining this tolerance capacity andmance has been constructed in the literature.
our analysis on the detection rates and false positive mea-
sure of the substructures and the ensemble, we formulateg' Detector ensemble
a novel constrained optimization problem, whose solution 3.1. Model overview

gives the optimal ensemble. Based on that, a new model The overview of the proposetbtector ensembl@odel

selection strategy is proposed. In addition, we show theis shown in Fig.2. Suppose an obje@ containsn parts

relation between the ensemble-detector and the inferéfnce of PLip2:::i:png. Each par is associated with part-

Markov random eld, thus the detection task can be done by getectorwhose detection rate i and false positive rate
the max-product belief propagation algorithm ef ciently. P The part-detectors could be any existing detectors, and
The proposed detector ensemble approach has severahey are generally far from perfect. A lot of false positives
advantages. First of all, its training is relatively simple  may be present since a part is less discriminative than the

does not require a huge training set to cover virtually un- entire object. In addition, parts are likely to be missing du
limited cases of partial occlusion. In addition, as demon- o appearance variations and occlusions. Here we do not

strated in our experiments, even if the part-detectorsatre n gjfferentiate between these two cases, andfige charac-
ne-tuned and only trained on very limited cases, the entire tgrize both of them.

ensemble_ can still achieve a better performance t_han n_ely- A substructure-detectois composed of a set of part-
tuned holistic detectors on many dif cult cases including detectors and the constraints among those parts. A
partial occlusions. More importantly, the proposed method gy pstructure-detector is positive only when all its part-
has a theoretical guarantee for the detection rate. detectors are positive and the constraints are satis e On
key feature of the substructure-detectors is that they do no
2. Related work allow missing parts. In other words, all related parts must
Various algorithms have been proposed to integrate com-be detected in order to form a valid detection of the sub-
ponent detection results. Global methods try to charamteri structure. The detection rate and false positive measuae of
the relationship among all parts simultaneously. The modelsubstructuré; are denoted by’ andf *, respectively.
can be deterministic by placing the component detectors at The detector ensembleonsists of a set of substructure-
speci ¢ locations [L5, 18], or probabilistic, such as mod- detectors. It gives a positive detection if and only if askea
eling the relative position among parts as a joint Gaussianone substructure is detected positively, and none of them ha
distribution 5, 12]. In [1], the spatial relations of the parts a negative response. We denotedSyandf  its detection
are encoded as a high-dimensional feature vector to train arate and false positive measure, respectively.
sparse network of Winnows. Mutual occlusion is investi-
gated in P5] under a Bayesian framework. 3.2. Substructure detectors
To decompose the model variety, and achieve highertol- Assume that there adg detections for parp;, which
erance for missing part, distributed methods have been exwe call part candidates Each object candidate can be

by choosing a number of such part subsets. For part subsep;, andl; = 0 if p; is missing.



'u Detector In our experiments, the positive substructure likelihood
Detector ; ; ; ; etri ;
- is de ned as a combination of the inner angle distribution
tll;';ile— (@ f5) (2D distribution), the pair-wise scale ratios (three ofithe
oR and the pair-wise scale to distance ratios (three of them).
o \r/ Only the inner angle distribution is considered for negativ
S, ®. kel = . .
; Substructure ikelihood. j is chosen to guarantee a high detection rate
B detectors ( 99%) in training.
5
@mn 3.3. Ensemble detector
Although each substructure requires that all related parts
must be present, the cooperation of multiple substructures
Part will enable the entire detector to be robust to missing parts
detectors The ensemble-detectdt consists of a set of substructure-
(dz, 5 detectors. The decision for a labeling statean be made
by fusing the decisions of all substructures. It is positive
and only if: (1) there exists at least one valid substruditure
Figure 2. Architecture of detector ensemble the labeling staté, and (2) no substructure gives negative

decision orL_.

How should substructures be chosen to compose the en-
semble? Does there exist an optimal one? To answer these
guestions, we need to analyze the detection rate and false
positive number of the ensemble based on the fusion rule.

Detection rate: Including more substructure-detectors

Each substructur§; = fP;;h;(L;)g has two compo-
nents,P; O contains all the related parts; is the pro-
jection of labeling staté on P;, andh; (L) is a decision
function that determines how well the candidatelsetts
the training data. The decision function is as follows:

( 9i;pi 2 P51 =0 in the ensemble tends to raise the detection rate of the en-
hj (L) = g "LLiD otherwis (1) semble in general, because more occlusion cases can be
9H, o J & covered. The quantitative analysis is given as follows.
whereH; is the likelinood term derived from the training It |sdreatsofnabltra] tcihassurne thatttr:je tmlst,smg palits :re In-
- CH (LD - ependent of each other, since part-detectors work indepen
dgta, and the log likelihood ratiog Hi(Lj0) 'S compared dently. Then the detection rate of the ensentbie
with a pre-de ned threshold; . X
A labeling state. is valid for substructuré; if and only d= = p(D)d(D) ; 2)
if hj(L;) is positive. A valid substructur§; must satisfy D O

two conditions: (1) no part ir§; is missing, and (2) the  \hereD is a detection event indicating which parts are
log likelihood ratio must be larger than to enforce the  resent, the sum is over all possillle(2” cases),

part consistency. For a substructure-detector, we deryote b % v

djS the detection rate of; (the probability that the set of p(D) = dip (1 dip) (3)
parts from a real object is detected as valid substructure by p2D  p 2D

this detector, given that no related part is missing) and by . . .
fjS the false positive measure (the false positive number on'tf] the prok)_a}blllty that the everi? happens, .and(D) IS
negative training set). The bene t of using substructure- e probability that one of the substructures is actuallidva

detectors is that its training is quite easy since no missingg'ven the detection evel. If each substructure-detector
part need to be considered.

reaches decisions independently, we have
Y
It is critical to chose an appropriate substructure pool. If dD)=1 (1 djS): (4)
a substructure contains too many parts, the chance to detect S|2EP; D

such a substructure is low. On the other hand, if it has very, . . . . .
: - . Without the independency assumption, a conservative esti-
few parts, the corresponding decision function can be eas-

ily satis ed and thus tends to induce many false positives. mation gives:

We choose part triples as substructure candidates, because d(D) 1 min (1 djS) (5)
. . . Sj 2E ;Pj D

they can achieve a trade-off between modeling ef ciency (

and false positive control. In addition, this is also consis _ maxs; 2e p; D djS 9 suchj

tent with our intuition: if three parts are detected, theis it B 0 otherwise. 6)

likely that there exists a real object. Even more so, the use
of part triples can achieve rotation invariance during-nte Furthermore, if we assume that all part-detectors have
gration, which is not achievable in pairwise modeling. roughly the same detection rate, df = d°, and all



in Fig. 3(b), two triples cannot cover all the “unfair” cases
where one missing part (A) will lead to the missing de-
tection of the entire target. But once more substructures
are involved, these “unfair” cases are less likely to hap-
pen. Fig.3(c) shows an ensemble that has three triple-
substructures, and this ensemble has a better capacity of

(b)
Figure 3. lllustration of the idea of covering set. tolerating missing parts. No matter which part is missing,

there always exists at least one valid substructure. As long

substructure-detectors have roughly the same detectien ra as such remaining substructures are detected, the emtire ta
d® = d° (since they are all close to 1), the detection rate get can be detected. This implies a fairly high detection

for the ensemble can be further simpli ed as follows: rate. Besides, the number of substructures in this covering
X set is much smaller than the total number of all possible
df = (P)Pi@ dP)"I Pia (1 dS)fiIP DAy : triple-substructures § = 10). This example explains that
D O the capacity of tolerating missing parts and detectionohite

the ensemble are closely related to some set covering prop-
erty. Next, we formally introduce the concept of covering
set, and show that a high detection rate can be guaranteed
by this covering set property.

De nition 1 Given a seD containingn elements, denoted
byCy = fcjc  O;jcj = mgthe set containing all sub-
sets oN with cardinalitym. We callaseS C, a(t;m)
coverof setO if and only if for anyc 2 Cq, there is at least
ones 2 S, satisfyings ¢, whereC; is the set contain-

ing all subset oD with cardinalityt (t m). Aminimum

(t; m) covering seis the covering set which has no other
(t; m) covering set as its subset.

False positive Since each substructure—detectogglone
can make positive decisions for the entire detector en-
semble, the total number of false positives is approxi-
mately equal to the summation of the false positive numbers
from all substructure-detectors. Although all substruetu
detectors have similar detection rates, their false paesiti
numbers can be very different. Substructure-detectors in
which the parts present large shape deformation of rela-
tive position tends to have a high false positive measure,
as the requirement for making positive decision has to be
relatively loose to accommodate deformation.

To summarize, an ensemble with more substructure-
detectors tends to have a higher detection rate, as well as [notherwords, t; m) covering setis a set of element
a larger number of false positives. Therefore, there mustsubsets, such that for artyelements, there must exists at

exist a trade-off that gives the best ensemble. least one subset in this covering set, whose elements are
) ) all included by those¢ elements. If we select the ensemble
4. Learning the optimal ensemble as a(t;m) covering set of the part s@, then for a real

Selecting a subset from all possible triple substructuresobject, and ift parts are correctly detected, there must exist
has a combinatorial complexi®(2"°). This poses a great &t least one substructu_re, Whose cprrespondmg partslare al
dif culty in nding the optimal solution. Before we can detected. Thus the entire obJept will have a good chance to
learn the optimal ensemble, we need to characterize its caP@ detected, and a high detection rate can be guaranteed.
pacity of tolerating missing parts. To answer this question ~ 1his de nition is closely related to the conceptGiiran
we introduce the concept of the covering set that is related"Umber in graph theory], which is de ned as
to the graph topology and can be used to characterize the T(n;t;m)=min fj cjj cis a(t;m) cover ofOg: (8)

tolerance capacity. It is the minimum size of &; m) covering am element set
4.1. Covering set (n t m). SomeTuran numbers for smalh are shown

| . hoi fih i tin| in Tablel [8]. Whent = 3, T(n;3;3) = g , all triples
nappropriate choice of the ensemeievill result in fow should appear in the covering set. Fijc) is an example

detection rate due to vulnerability to missing parts. Eg.

shows a simple example to explain this phenomenon. In

of a(4; 3) covering of a 5 element set. Although tfigran
. o . 'number is not achievable for all the minimum covering sets,
Fig. 3(a), E, containing four substructures (each of which g
is a part-pair), is used to detect a ve-part object. If part

those with the same covering property usually have roughly
A is missing, none of the substructures will be valid and

the same cardinality as con rmed experimentally.
) . . . . For object detection, we de ne the missing tolerance
the enyre _obJect can_not be approprlately detec_ted. This 'SnumberK(E) for a given ensemblE as follows:
not “fair” since the miss detection of the target is only be- o
cause of the missing of one particular part. In this case, K(E)=maxfpjEisa(n p;3)coverofOg:  (9)
the detection rate of the ensemble is no more than that oflt means that even iK(E) parts are missing, there is still
partA, which can be very small i is a frequently miss-  at least one substructure in the ensentbiich that all its

ing part. Similarly, if we use triple-substructures as show parts are detected.



Table 1. T(n;t; 3) and upper bound of missing ratmo) es- Input Part numbern, substructure candidate s&t =

timated by Eqni0whend® = 0:8, d° = 0:95. The values are fS1;S2;:::; Sm g, false positive measurfg® for S, missing
shown in the formal, , and * marks the value higher than dP. tolerance number(n  t  3).
[tnn ] 5 6 7 8 9 10 ] Output Optimal ensembl& (1)  T.
3 [ 1005 20s 354 5651 840 1200 1. Fori=1toN
4 | B0  6uas 125 20s0 303 45 (@) Initialize& = T. _
5 | legig  237:7 5191 8104 129 205 (b) WhileE is not a minimum(t; 3) covering set
6 - 1751 245:2 Aoy.3 7131 10g:1 i. Find all removable substructures
. fSi.;Si,; ;S0
For any given ensemblg, based on EqrZ and Eqn6, ii. Choose one of them with probability
the lower bound of the detection rate of the entire object can "% =z, with z a normalization factor and
be further estimated as follows: a constant. Assum®;, is chosen.
E X P\iDj p\nj Dij S ii. B =EnSi,.
d (Y@ o) @ @ dv) _ : s
iDj q 2. Eype (t) =argmin g f SjZEifj j1 i Ng.
X Figure 4. Learning the optimal modgl
= K ()@ )" K (10)

k=g Given the model complexityi.€., the number of sub-
h _ K (B Th | K(E) wil | structures), there are some other model selection stestegi
whereq = n (E). us a largek (E) will result such as the triangulation-based model, star moé@lelK-

'r? ilaré;etr t?” of "‘I blr;(;mal c:_lstr![bunotn. Asb a result,ta Jfan structure 7], or random selection. It s easy to see that
\gher detection rale ot the entire target can be guaranteetiy o o parts are shared by many substructures in the en-
The above analysis is only a conservative estimation, since

in th Il th diDi < semble, the risk of detection failure can be high if these
In the st step, & .t © terms correspon JtB_J ,t are common parts are frequently missing parts. In view of this,
dropped. Some missing rates estimation with given para-

listed in Tablé. It sh hat b i i th the triangulation-based model, star model, &dn model
meters are listed in Table. It shows that by integrating the ¢ |ggg preferable. The random selection strategy might be

pgrt-detectors, the detection rate of the object can be mucrbetter than these methods, due to the decentralizatiorof th
higher than that of each part. substructures, although this is not guaranteed. The concep
4.2. Model selection strategy of covering set constructs an explicitly connection betwee

the topology of substructures and the detection rate of the

There is a trade-off between detection rate and false posi- ble. As sh . : ts th del selected
tive number. In general, more substructures in the ensemblegnsem €. AS shown In our experiments, the modet selecte
y the proposed algorithm outperforms others.

E will resultin a higher detection rate and a larger number of
false positives. Given the missing tolerance ability regjui

: O 5. Ensemble-based object detection
mentt, i.e., to cover or tolerate all cases at mbshissing

parts, the optimal ensembiigy (t) is de ned as follows: Detecting the target from the part candidates is a combi-
) X s natorial optimization problem. In this section, we connect
Eope () = argmin f  f7g (1) this task with the inference of a Markov random eld which
Sj 2& can be solved ef ciently with belief-propagation.
stt K(E) n tE T, De ne the energy of a labeling state w.r.t. the given

whereT = fS;;Sp; 1 Sng is the set of all substructure ensemblé as follows

candidatesrh = 7 for triple substructures), arfq6 is the
false positive measure & de ned in Sec.3.2. The opti-
mal ensemble has the minimum number of false positives
while satis es a required tolerance ability of missing gart ~where ;(l;) is the likelihood computed by thieth part-
FindingEqp (t) is a combinatorial optimization problem.  detector, which can be ignored given the binary decision.
A randomized strategy is used for searching. The ensem-The second term measures the consistency with each sub-
ble E is initialized toT. In each step, one substructure is structure. The MAP labeling state is the one with minimal
removed if the covering property can be maintained. It is energy, which corresponds to the most likely object in the
randomly selected according to the false positive measureinputimage.
Those with a larger false positive measure have a larger Positive detection decision is made if and only if the
probability to be removed. This is done until a minimum MAP labeling statel satisesE(L) < , where is a
covering set is obtained. The entire process runsNfor  pre-determined energy threshold. We have the following
(= 1000) times, and the ensemble that gives the least valueremark which can relate the above MAP decision strategy
of the objective function in EdL1is selected. with our ensemble-detector.

X X
E(L)= i(h) hj (L;); (12)
pi S; 2E



Remark 1 The MAP labeling staté satisesE(L) > 0O, corresponding ROC curves are shown in Fig. They
if and only if there exists a valid substructurelin are compared witlf3; 3) covering ensemble (ali6 triples
Proof: if no valid substructure exists, then &jj(L;) will included), AdaBoost.1 (AdaBoost face detector trained

be non-positive&S; 2 E), thusE(L) O, for all possi- by [14]) and Ad_aBoost.Z (AdaBoost detector trained on the
ble L, including the MAP one. On the other hand, if there Same set of training data). The ROC curves are obtained by
is a valid substructure, then assume thatis the labeling changing the operating point of part-detectors.
state that contains parts that are only present in this valid The proposed algorithm shows a better performance than
substructure and all the other parts are missing. Then thed nely-tuned AdaBoost detector (AdaBoost.1). The im-
energy ofL o will be equal to theh value returned by this ~ pProvement is basically from faces with large appearance
valid substructure, which is positive. So the MAP labeling Variations or severe occlusion. Since such extreme cases
state must also have positive energy. only take a small portion of the entire testing set, the im-

The searching, therefore, of valid substructures can bePprovement over the entire testing set is not signi cant. For
transformed to the searching of the MAP labeling state those relatively easy cases, similar results can be achieve
which is the inference problem of a Markov random eld The improvement over the holistic face AdaBoost detec-
de ned by Eq.12. We employ the max-product belief prop- tor trained on the same data set (AdaBoost.2) is substan-
agation algorithm 11, 24] to nd the MAP labeling state tial, since our method can work very well on cases with
on a factor graph, where each variable node corresponds t@ppearance change and occlusion, which are not included
one part label, and each function node corresponds to a subin the limited number of training data. Some example re-
structure. If and only a part is included in a substructure, t ~ Sults are shown in Figl. Various appearance changes due
corresponding variable and function nodes are connected. t0 occlusion, illumination, rotation are included. Sinbe t

Assume that each part candidate can only belong to atPart-detectors are only trained with up-right samples,esom
most one object, then multiple objects can be detected sefaces with large in-plane rotation (such as in the third imag
quentially. In each iteration, the most likely object is de- Of Fig. 7(c)) are not detected due to failure of part-detectors,
tected. Those part candidates overlapped with previous dehowever, the proposed ensemble framework itself is rota-
tections are removed before detecting the next one. tion invariant given rotation variant part-detectors.

. Compared to th€3; 3) covering ensemble, the perfor-

6. Experiments mance of the learned optim@}; 3) covering ensemble and

The proposed approach is tested on frontal face detecoptimal (5;3) covering ensemble degrades slightly, with
tion for comparison with the state-of-the-art detectioitme g much simpler ensemble structure. Given the same part
ods [L4, 23], and further on car rear detection to demon- detection result(4;3) and (5;3) covering ensemble can
strate its general applicability. Part-detectors areralhed  greatly suppress the false alarm number without much drop
by AdaBoost [4]. of the detection rate.

6.1. Experiments on frontal face detection Figure 6(b) and (c) show the comparison of our model
For face, the training set contains 995 frontal upright selection strategy with others. The performancé ohn-

faces collected from the Caltech-101 Object CategoFis [ domly generated ensembles with the same number of sub-

the GTAV Face Databas@]], and the Internet. Eight parts structures as in the_ optiméd; 3) and (5; 3.) covering en-
(forehead, left/right eye, nose bridge, nose tip, leftitig semble are shown in (b) and (c) respectively. Besides ran-

check, lips) are manually labeled. The rst image in dom selection strategy, (c) also shows the performance of a

Fig. 7(a) shows an example of these parts. The baselinetnangulatlon—based substructure selection strategy €th-

detector for the entire face and the part-detectors forithe e s_emble contain§ substructures from Delaunay triangula-
semble are all AdaBoost detectors with extended Haar-like "™ and two more other randomly selected substructures,
feature [L4). Each part-detector has 16 stages, and the train_to make the total number of substructures the same as the
ing time is about 10 hours. Some results for part detection
are shown in Fig5. The testing set is composed of 561 im-
ages (225 images from GTAV with appearance variations,
39 images taken by ourselves in of ce environments, and
other images collected from the Internet). Our ground truth
data contairb86faces that exhibit appearance variations to
different extents. This set only contains faces with height
larger than 100 pixels, since we do not expect part-based
detectors to work on low-resolution objects.

The learned optimal ensembles {dr 3) and(5; 3) cov- ; |
ering contain22 and 10 substructures respectively. Their Figure 5. Sample detection results of the parts of the face.

optimal (5; 3) covering ensemble), which is very low. The

optimal ensemble found by our algorithm outperforms oth-
ers with a considerable gain in detection rate and a relgitive
small false alarm number.
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Figure 6. Performance comparison for (a) face detectioncéd rear detection, and (b) comparison between optighz8) covering
ensemble with random ensemble, (¢c) comparison betweemal(t; 3) covering and random generated or triangulation-based imode

(a) Some results with (3,3) covering ensemble. The rst imatgo illustrate the part selection.

(b) Some results with optimal (4,3) covering ensemble.

(c) Some results with optimal (5,3) covering ensemble.
Figure 7. Face detection results and corresponding parts.



6.2. Experiments on car rear detection

For car rear detection, seven parts are selected (plate,
left/right light, left/right base, left/right window). Tdre are
652 images from the Caltech image database. We randomly

select 225 and label them as training data, and use 336 ofigure 8. Car rear detection results with optini4i3) covering
them as testing data (some very similar images looking like ensemble and corresponding parts.

successive frames from a video are removed). We label
those whose widths are greater tfdIpixels as the ground
truth, and there are 414 ground truth cars in total. The above
ground truth selection makes the task more challenging than [3]
the traditional object recognition task, since those cats n

in the center of each image exhibit large appearance varia-
tions due to occlusion, illumination changes, and car direc [5]
tion changes. The ROC curves and some sample results are
shown in Fig.6(d) and Fig.8 respectively. The proposed
algorithm has an excellent generalization ability.

(2]

(7]
(8]

6.3. Complexity

On a PentiumlV 3.4 PC, without code optimization, the
speed is evaluated on 266 car rear imag&0( 240),
since they have the same image size. On average, there argg)
7:57 candidates for each part. Part detection takB9 sec-

onds. The average time for detector ensemblei$ sec- (10]
onds for(3; 3) covering ensemble36 substructures)):58 [11]
seconds for optima#; 3) covering ensemblel@ substruc-

tures),0:17 seconds for optimdb; 3) covering ensembles( 121

substructures). The complexity is approximately lineghwi
the number of substructures in the ensemble. In fact, with [13]
the idea of sharing featurg?)], the complexity for detecting

multiple parts could potentially be largely reduced. [14]

7. Conclusion

In this paper, to detect objects under severe occlusion,
the detector ensemble model is introduced as a set of co{16]
operative substructure-detectors. Our theoretical aisaly
provides the condition that guarantees the tolerance abil-17!
ity of missing parts, based on which, the optimality of the [1g]
detector ensemble is studied, and a randomized search al-
gorithm is designed to nd the optimal ensemble. Encour- [19]
aging results demonstrate the merits and advantages of th&o]
ensemble-detector that only uses very limited trainingdat

[15]
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