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Abstract
the region across the mouth and nose, see the human face

Viola and Jones \(J) cascade classification methods have in Figure 1(a)) from these thousands of possible candidates
proven to be very successful in detecting objects belonigira and uses them to build classifiers.
single class —e.g, faces. This paper addresses the more chal-  LetC; =~ {03}7:1k be a classifier based drlinear sep-
lenging “many class detectiérproblem: detecting and identify-  arators. Here(; classifies any sub-imad& of a testimage
ing objects that belong to any of a set of classes. We use a se@s a face ift (C;, W) = Zle ab (W) > 5 Zle o
of learned weights (corresponding to the parameters of aofet  for some set of weighte; = {a;{} c RF learned during
binary linear separators) to identify these objects. Wevsbioat — training, where! (W) is the boolean classification result of
objects within many real-world classes tend to form clustethis ¢; on W as a face or non-face (see [9] for details). We re-
induced “classifier space”. As the result of a sequence ofsila  fer tg this V(C;, W) as theSCOvalue (“sum of classifier
fiers can suggest a possible label for each object, we forraula output values”) ofC; on .
this task as a Markov Decision Process. Our system first uses  Thig approach can be used to detect objects that belong
a “decision tree classifier” (e., a policy produced using dynamic many other single classes (like cars, motorbikes, etc.) as
programming) to specify when to apply which classifier tdee el g5 just faces. “Many Class Detection”, which tries to
a possible class label for each sub-imageof a testimage. This  getect and identifyi(e., assign a class label to) objects that
corresponds to a leaf of the decision tree. It then uses aathesc belong to any of a set of different classes, is more challeng-
of classifiers, specific to this leaf to confirm th&tis an instance ing. One possible approach to solve this problem is to build
of the proposed class. We present empirical evidence téy\thet one “single class Viola-Joness¢-vJ) cascade for each of
our ideas work effectively: showing that our system is dssgn the M class during training and run theai 7 during per-
as accurate as running a set of cascade classifiers (one ftn ea  f5rmance to identify objects of multiple classes. (We refer
class of objects), but is much faster than that approach. to this as the M-sc-vJ” approach.) However, this does not
scale up well; it requires running one cascade for each class
of objects and is therefor®/ times more expensive. More-
over, it can be ambiguous if more than one classifier cas-

The pioneering work of Viola and Jones [9] has led to cade labels an instance as positive. Another approach is to
a successful face detection method based on “cascade cla®uild one cascade of classifiers and use it to detect objécts o
sifiers”, where each classifier is a binary classifier that is multiple classes. Thatis, I&t = 7" UT~ be a training set
learned by applying Adaboost [3] to a database of training images of positive example§'{) and negative examples
images of faces and non-faces. Thelearning algorithm (T7), such thaf'* = UM, T; whereT; has images of class
takes as input several thousands of images correctly kdbele i and7~ does not have any images of any of thfeclasses.
as faces versus non-faces and produces a cascade of boosti#¢e can run thesJ algorithm on this set to produce a clas-
classifiers. Every classifier consists of several “linegiase  sifier cascade, such that each classifier can detect obfects o
rators”, each built using features on a rectangular subregi anyoftheM classes (with a certain false positive rate). This
(which vy call “rectangle features”) of the training image. approach has two problems: (1) since this classifier return
The learning algorithm selects the rectangle features thata single bit at performance time it just labels any detected
can best separate faces in training data from non-faces (lik object as a positive instance, but cannot identify this ctbje

1. Introduction



as belonging to a specific one of the classes. (2) A single
classifier, built using objects of different classes astp@si
examples, can have a high false positive rate. This is not
surprising: Many of these individual classes will natyrall
correspond to disjoint clusters (see below), and this elass
fier corresponds to theimion Any algorithm that attempts

to form a convex hull around such disjoint clusters is likely
to include many extraneous instances.

Our approach begins by using thie learning algorithm
to build N classifiers that each attempt to distinguish the
positives (here the union aoff different classes]'™ =
UM, T;) from the negatived’ ~. We define its “classifier
space” as theV-dimensional space formed by using the
SCOvalue of each ofV classifiers as a dimension. That
is, the N classifiers collectively map each input image to a
point in the N-dimensional classifier space. We anticipate
that theSCOvalues of objects in a single class should be
similar, and that objects from different classes shouldehav
different SCOvalues. Our results show that this holds —
in that many individual classes will form “clusters” in the
classifier space; see Figure 1(b). If we can place a new im-and proceed to the next sub-image.
age within a cluster, we can then assign that image the class 1o identify objects belonging to any df/ classes, we
label? associated with that cluster; see Section 3.1. can use the1-sc-vJ approach: computé/ class specific

Figure 1(b) shows clusters of four classes of objects cascades, each having arouNdclassifiers, for a total of
(cars, leaves, motorbikes and faces), plotted usinG @@ M x N classifiers. Using our detection method, however,
values of 2 of the classifiers, on training images of these by choosing classifiers carefully in the first stage, we can
four classes of objects. Of course, tREGvalues ofev- assign a tentative class label usihfg < M classifiers (re-
ery pair of classifiers will not necessarily form clusters. It call clusters in Figure 1(b)), then raumecascade of length
is possible that only one subset of classes form clusters wrtN; < N, for a total ofM; + N; < M + N classifiers; this
one subset of classifiers, while some other subset of classes significantly faster than the-sc-vJ approach.
may form clusters wrt another subset of classifiers. Further  Using four classes of objects, we show that our detection
there may be no unique set of classifiers that yields thesemethod has a detection rate comparable to a class specific
clusters. We therefore use a dynamic process, that sequerviola-Jones cascade. We also show that the performance
tially decides which classifier to apply next when dealing time of our algorithm is much better than running class
with an inputimage, based on the values observed from thespecific cascades. After Section 2 provides the framework,
classifiers previously executed on this instance. The chal-Section 3 overviews how we address this “many class de-
lenge is tolearn the dynamic sequence of classifiers that tection” task and Section 4 gives the results. Section 5 sum-
can effectively distinguish the clusters of different sles. marizes related work.

We formulate this task as a Markov Decision Process
(MDP), and use dynamic programming to find an optimal 2. Framework
policy — i.e, sequence of classifiers to use to partition the
training images into clusters. At run time, wgnamically

T o D ooy 211 SAleSd o, 1) e Setof actons
2 decision tree (seé Figure ,2) that is built using 80O M: & x Ax S —[0,1] is the state transition probability
values of the learned c?assifiers as features V\?e appl thisfunCtion O, = P(s'|5,a)is the probability that taking
tree to each sub-imad# of a given test imaée If aIFI)F'zhye actiona in states leads fo state”) and i : & x A — R
o i . is the reward an agent gets for taking an actiog A in
classifiers on the path from the root to the leaf label this ! W gentg N9 # Al

. . . states € S. A policyn : § — A is a mapping from states
positively, we tentatively assign td” the class labet of to actions. [7] presents a good description of MDPs and

th_e corresponding Ieafj We then a_pply a cascade specific tc}he different ways to solve them. In this section, we explain
this leaf, tolV’, to comjrm FhatW IS an instance of class how we formulate many class detection as an MDP.

¢. If any of the classifiers in the decision tree or the class
specific cascade lab8l negatively, we stop processifig States: We identify each node in @TC with a state

SCO-value of C3

SCO-value of C6
SCO-value of C8

SCO-value of C5

Figure 1. (b) Clusters of objects of the same
class in classifier space

A Markov Decision Processan be described as a 4-
Fuple (S, A, M, R) whereS = {s1,52,...,5,} Is afinite



depth

. any classifierC, we partition all the images of; that
[V],\,;]/ 0, Ca \wi,\m 0 C classifies as positives into two equal halves based on

s | ver | s | V(C,s1). This results in two other states, andsy (see
e v S Vv Section 3 and also [11] for detall_s_). As both g_nd sy are
equally likely, we have the transition probabilify( W <
S e S 2 S IWes,Cp) = P(Wesl|Wes;,Cr)=05
(ve - viol] ¥ v -ve) ' . e
s & ; 3. Many Class Detection and Identification
car, ace, leaves

(clusters)

_ _ This section briefly describes how to learrpac and
Apply cars - Apply faces explains how to use it to detect objects of multiple classes.
Please see [11] for details.

Figure 2. Decision Tree Classifier ( DTC)

s = <ﬁ; C11 : [Vmin,h Vmam,l] s Ck : [Vmin,k:7 V’maT,kD ) .
that specifies the range d®COvalues of the classi- We usevJ to build N classifiersC = iCl,C_z...CN}
fiers (Cy,...,Cy) already applied to reach this node, USingtheimages of the training sét="T"UT".

and a Qosterior probability distribution over the class Exploring sequences of classifierswe explore every pos-
labels, P = (F), where P, = P(class(W) = sible sequence af classifiers o™ to find the sequence
V(G W),..., V(Cy, W))) is the probability that — a¢ yields the best clusters. That is, we first apply some
¢ will be the label of an instancdV that reached classifier C; on each image € T+. We remove all
this node s, based on the evidenceiV'(Ci,W) & the images thaC; labels as negatives. We sort the re-

[Vinin,i, Vinaz.i] }i=1..1 here. We are seekinggolicy  : maining images based on th&CGvalues,V (Cy,t), on
S — A that specifies which classifier to apply in each state {nege imagesi.e, (t1, ..., tm/2: tm/241,-- > tm), Where

s, with the aim of reaching a leaf whose instances all belong V(Ci,t;) > V(Ci,t) whenj > k. We split them into
to the same class. Figure 2 shows a singpte. TheSCO two equal halvesTE) and (77%) (denoting the left and

3.1. Learning DTC classifier

value of the classifier determines which branch to take. right branches), such th&f") contains{t , tm2} and
Actions: The set of actions correspond to the classi- (717) contains{t,, 11, ...,tm}. We then apply a classi-
fiers that can detect objects of many classes; A = fier Cy # C1 on(T) resulting in(T", T3") and(T{", T,%)
{C1,Cs,...,Cn}. that each represents one half of the imagegZgf) that

) . . _ (3 labeled as positives. Similarly, we apply any classifier
Reward: We assign a high reward to states that group ob (i,  C, on (TF) resulting in(T', L) and(T®, TR).

jects of the same class together. We use the reward function .
We repeat the process fdisteps, applying a sequence of

R(s,C;) = { max {P(class(s) = £)} if depth=d d classifiers{C1, ..., Cy). For each sequence, the resulting
—o - FN(Ci,s) otherwise 24 |leaves are clusters. Note that this is for one (random)

. - _ _ (1) sequence ofl classifiers. When we consider thieg) =
We assign the probability of the most likely class depth N1/(N — d)! different sequences dfclassifiers, it leads to

= d, otherwise we penalize by x FIN(Ci,s) Wherea is 5 yqta1 of PN x 24 clusters. Note that many clusters can
a constant (we set it t0.1), and F N (C;, s) is the fraction have the same class label

of false negatives of’; on the training images that would

arrive in states. Assigning utility to states: Each state, resulting after ap-
plying any random sequence dfclassifiers,(C; . .. Cy),
represents a cluster. We want to determine the best de-
cision tree within this tableau, using those clusters that
group images of only one class together. While exploring
N!/(N — d)! sequences of classifiers, lgtbe the state re-
sulting after applying classifiers, forl < ¢ < d. We use
Equation 1 to comput¥ (s,), i.e., we set

Transition Model: ~ The transition model M¢, is
the probability that taking action i.é, applying
some classifier)a in state s leads tos’. Let s =
<P,Cl : [Vmin,la Vmaw,l] v Ck : [Vmin,kfla Vmaw,k71]>:
ands’ = <ﬁ7 Cl : [Vmin,la Vmaa:,l] cee Ck : [Vmin,ka Vmaa:,k]>-
Consider attempting to classify a test subimage
W. To reach s, we must have applied the se-

quence of classifiers(Cy,C>...,Cx—1) and found d
V(Cla W) € [Vmin,ia Vmaw,i] where ‘{Vmin,ia Vmaw,i]" U(Sd) = max; {P(ClCESS(Sd) = E)} — Q- Z FN(C“ 81')
labels the associated arc for< i < (k — 1). Note im1
P(W e s'|W € s, V(a, W) = o) = 0for all actions  wherea = 0.1. Note thatF"N (C;, s;) = > wheren is the
a # Cy, since we can reach staté from s only by ap- total number of images in andm is the number tha€;

plying C). During training, in any state;, after applying misclassified as negatives. (see the example given later).



We use a dynamic programming approach to assign util-
ities. That is, we first comput€ (s,), use those values to
computel/(sq—1) and so on. Using th& (sq) ... U(si+1)
values, we set the utility/ (s;) of any states; resulting after
applying: classifiers. Let there blepossible classifiers that
can be applied in;, i.e, none of thesé: classifiers were
applied to reacls;. We apply any classifiel’; in s; re-
sulting in two statess; jz, ands; jr. We computd/(s;) =
{P(C) = Lisi) x U(sijr) + P(Cj = Rlsi) x U(sijr)} =
0.5 x {U(sijr) + U(sijr)}.r. HereL and R denote the
left and right transitions ta; ;;, and s; jr, respectively.
We computdl(s;) after applying each of thg classifiers
and setl/(s;) to the maximum of those values. Similarly,
we computd/(s;—1), ... ,U(so).

Building pTc: We collect the(s;, C;) pairs and also the
corresponding utilities for various states. Hetedenotes
the state resulting after applyinigclassifiers,C; denotes
the classifier that, when applied #g, transitions it to an-
other states;, |, with the maximum utility among the states
resulting after applying one additional classifier to thes s
guence. Note that the variogs, C;*) pairs tell us precisely
thei classifiers applied so far, their individuaCOvalues
and the best classifi€r; to apply ins;. This corresponds
precisely to theoTC.

Example: We illustrate the learning algorithm with the
help of a simple example. L&t™ = UM, T; be the set
of positive examples such thaty = {t;...ti0}, 71 =

contains 1 leaf, 10 motorbikes and 8 ca(%;*) will be
sir = ({0, 1/19, 10/19, 8/19),[C} : 131,200]).

We then applyC, from the sequencé’y, Cs) to (TE),
and assume it classifies all the images, exdept pos-
itively, i.e, FN(C2,51L) = 15 0.11. Now as-
sume that/ (Cs, -) is also monotonic intq, ..., t1s) (i.e,
V(Ca,t;) < V(Ca,tj) forl < i < j < 18). Once split
into two halves(TE, Tf) = {t1,...,to} and(TL, Tf) =
{t10,...,t18} with SCOvalue ranges of [10, 60] and
[61, 90], we have the state representation @Y, Ti)
is S1L,2L <<10, 0,0, O>, [Cl : 100, 130] [CQ : 10, 60]>
Statessir2r andsir2r are clusters (sincé = 2 clas-
sifiers are applied), with class labels “face” and “leaf™, re
spectively. We can compute their utilities using Equation 1
U(SlR’QL) = 1.0 — 0.1 x (005 + 011) = 0.984 and
U(SlR’QR) =0.89 — 0.1 x (0.05 + 0.11) = (0.874.

We also considetC, Cs3). Here, this means applying
Cs to (TF), resulting in two clusterssiy, 3, and s1z 3r,
with utilities of sayU (s11,3r.) = 0.6 andU (s11,3r) = 0.7.

In 517, we can apply one of’s or C5. So,U(syy,) is the
maximum of the utilities that can be achieved by apply-
ing either of these classifiers. That §(s1;,) = 0.5 X
(0.984 + 0.874) = 0.929, if C5 is applied ins;;,. We can
similarly computeU(s11,) = 0.65, if Cs is applied. As
Cs results in the maximum utility, it is the best classifier
to apply insiz, i.e, m(s1z) = Ca. We similarly compute
U(sir2r),U(s1r2r), U(sir,ar) andU(si1r,3r); and use
those values to computes1 ) = Cs.

{t11...tao}, Trn = {to1...t30},Te = {t31...ts0} bE IM- We also compute the utilities for sequences starting with

ages of faces, leaves, motorbikes and cars, respectively. L C2 and determine policies for other states, likésay,) =
C4, C, andCj be three classifiers that can identify objects C1, m(s2r) = C3 and then for sequences starting with,
of all these classes. Further, lét= 2, ie, we builda  7(ssr) = m(ssr) = C2. Finally, we would then compute
DTC to depth 2. We explore every possible sequence of twothe optimal action aty is 7(sp) = C1. All these policies
classifiers, o'+ to build DTC. Let us consider one se- resultin thenTc similar to the one shown in Figure 2.
quence(Cy, Cs). Let sy be the initial state with all the 40
images ofT'*; P(class(sy) = ¢) = % for each of the
four classes({. As no classifier is applied to reach the ini-
tial statesg, we setsg = ((0.25,0.25,0.25,0.25); []). We
first apply C; to each image iff’"*, and assume it classi-
fies {t1, ..., t3s} correctly, but misclassifiegg andtso as
negatives; heré’N(C1,sp) = & = 0.05. We useSCG
valueV(C1,t) to sort the remaining 38 images}. As-
sume thatV'(Cq,t;) < V(Ci,t;) fori < j. We split
them into two halvesT}) = {t;...t19} with a SCG
value range of [100, 130] an@@?) = {ta9...t3s} with

a SCOvalue range of [131, 200]. Noticg'%) has 10 im-
ages of faces and 9 of leaves and no images of any othe
class, which mean#, (10/17,9/17, 0, 0) denoting
the probability of class label for each of faces, leaves, mo-
torbikes and cars, respectively. Hence the state represe
tation for (T'F) is i, = (Pp,[C) : 100,130)). As (TF)

3.2. Detection

Our “many class detection algorithnfi€DbA) examines
each24 x 24 pixel window of a testimagé;; it then rescales
by a factor0.8 (i.e, resizes the current height and width of
I by a factor of0.8) and repeats. For each winddw,
MCDA first applies the classifier; associated with the root
of DTC (see Figure 2). This might lab& as a negative
instance; if ssMCDA continues with the next window. Oth-
erwise,MCDA computes/ (Cy, W) and uses this value to
find the resulting state'. It then applie€”; associated with
s', onW. Again this could rejed, if not, V(Cy, W) iden-
fifies the next state” and classifiet’; to apply onWW. This
continues ford steps, untill’ reaches a cluster. If all the
d classifiers labelV as a positive instanceicDA finds the
"lass label associated with the cluster. It then runs@vJ
cascadeCy, C%, ... C%) associated with this leaf node and
declaredV to be an object of claséif it passes all these
classifiers. Otherwise, it reject® as a negative instance.

lWe use a slightly different approach, we &éts;) as the maximum
of U(s;,;1,) andU (s; ;1.), see [11] for updated results



4. Experimental Results

4.1. Experimental setup

Data Used: We used four classes of objects, cars (rear

view), leaves, motorbikes and faces in our experiments. The

training set of faced'r» contained1600 images of faces

(taken from popular face databases) and for test images

used the MIT-CMU database of faces, which has a total of
178 images with532 faces. We used images from Caltech

image database [1] for the other three classes. Our training

sets for cars, leaves and motorbikesi~ T, andT); have
476, 156 and776 images, while our test sets hau® 50 and

67 images, respectively, with a total 67 cars,50 motor-
bikes and67 leaves. Our training set for the negative ex-
amplesT— contains2320 images, none of which has any
pictures of faces or cars or leaves or motorbikes.

Building Classifiers: We usedl'c, 1, Ty, Tr andT—

to build 4 sc-vJ cascade classifier§one for each class),
that involved18,17,17 and 21 classifiers. We also built
N = 10 classifiers that can detect objects of any of the four

Figure 3. Performance on various testimages

leafs? are given in Table 1. These values are statistically

classes. Since we have four different classes, and with thendistinguishable ap < 0.05. MCDA is slower tharsc-vJ,

application of each classifier (carefully, usingc) we can
distinguish between two classes, we et 3. That is, we
built abTC upto a depth o8 using our learning algorithm.

Training time: Our system required abo8thours to build
each of thel class specific cascades and anothbour to
build the classifiers It then required aboui minutes to
build DTC, so the total training time was aboli hours.

Results: We comparedicDA to the standard set éff = 4

sc-vJ cascades, with respect to accuracy, ROC curves ancf thesc

efficiency. Note thatvcDA appliesd classifiers (within

by 63%, 83.7%, 67.7% and22.26%. we attribute this to:

(1) the time needed to run the extfa= 3 classifiers using
DTC and (2) the overhead involved in assigning a class label
to each sub-image of any test image. Note that this is much
better than the obvioug-sc-vJ alternative.

4.3. ROC curves

Figure 4 compares the ROC curvesmtDA with that
vJ detection algorithm. In the graph, we plotted
accuracy against the number of false positives per window

DTC) to determine which class label to consider for each Processed. Figure 4 shows that 8 vy detection method

test sub-image, and then applies a cascade specific to th
class. Each of the fousc-vJ detection algorithms has an
easier task, as we explicitly identify which single class of
objects it should seek for each image. This is why we do
not expect the performance BicDA to be better thaisc-

vJ, in terms of either efficiency or accuracy. However, our
results indicate thatcba does quite well in detecting ob-
jects as well as assigning class labels. In fact, our algworit
runs at least twice as fast as runnihfysc-vJ cascades to
detectM = 4 classes of objects; see Section 4.4.

4.2. Accuracy and Execution Time

Figure 3 shows some test images in whichbA could

successfully detect cars, leaves, motorbikes and faces. Ta

ble 1 comparesiCcDA with the sc-vJ andm-sc-vJ algo-
rithms in terms of accuracy and efficiency. The peak ac-
curacy, as we vary the number of cascade classifiers at th

2We use the Wu and Rehg [10] implementatiorsafvJ.
SAll results presented here were run on a 1 GHz. Intel Pentitoogs-
sor with 256 Mbytes of memory running Windows-2000.

6Ras a slightly better performance than the many class de-

tection method, while the overall detection for many class
detection is comparable g&c-vJ.

4.4. Comparison to M-sc-VvJ

On the test set of each class, we ran each of the four cas-
cade classifiers.e., M-sc-vJ). As expected, the execution
time of this algorithm (Table 1) is linear in the number of
classes, which means it will not scale up well. ®MsDA
does not need to run multiple cascades, it will scale up well.

5. Related Work

There has been a lot of recent interest in many class de-
tection. Torralbat al. present a many class boosting proce-
dure that shares features across different classes [8)y The

drain binary classifiers “jointly” (for several classesparse

the common features to detect objects of multiple classes.

4We define “peak accuracy” as the accuracy value with nedgigite
of increase with increasing values false positives. Wedatimanually.



Class TestData #Windows Peak Accuracy Av.Detcn.Time(sec)
#lmages| #Objects| Av.Image Size SC-VJ MCDA | SC-VJ | MCDA | M-SC-VJ
Cars 50 65 265x 360 10,114,613| 87.69% | 86.15% | 0.495 | 0.806 1.787
Leaves 67 67 318x 436 20,607,663| 97.01% | 95.52% | 0.454 | 0.834 2.006
Motorbikes 50 50 279x 297 8,680,218 | 97.0% | 92.0% | 0.574 | 0.963 1.912
Faces 169 532 403x 402 76,957,710 92.11% | 92.0% | 1.541 | 1.883 4.558
Table 1. Comparison of test results for ~ sc-vJ cascade and MCDA algorithm
90 T — 100 T T 100 T 100
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sc-vJ cascades and McDA for (a) Cars (b) Leaves (c) Motorbikes (d) Faces.

We have implicit feature sharing because we use rectangularithm in terms of accuracy, efficiency and ROC-curves, but
features of many classes to build classifiers. But our work is much faster than runningy/ differentsc-vJ classifiers.
significantly different, feature sharing is not our maindec
Fan [2] presents an algorithm that learns a hierarchical par
titioning of the hypothesis space. They test their algamith
to detect handwritten digits. lat al. [6] use a generative
probabilistic model to represent the shape and appearance,
of a constellation of features of an object. They learn the pa
rameters of the model incrementally in a Bayesian manner.
They test it onl01 different object categories. Our work is
significantly different from the two approaches given above
We used similar techniques to identify the facial expressio
of a face during face detection, by formulating the prob- [4)
lem as MDP and use dynamic programming to solve it [5].
We also addressed related issues in a feature-based face-
recognition system by posing the task as MDP [4]. Our [5
current work is similar to these two methods, but here, we
find the best sequence of classifiers to assign class lalvels fo
each sub-image, by matching them to clusters.
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