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Abstract

Feature misalignment in object detection refers to
the phenomenonthat features which r e up in some
positive detection windows do not r e up in other pos-
itive detection windows. Most often it is causeal by
pose variation and local part deformation. Previous
work either totally ignores this issue, or naively per-
forms a local exhaustivesearch to better position each
feature. We propose a learning frameworkto mitigate
this problem, where a boosting algorithm is performed
to seed the position of the object part, and a multiple
instance hoosting algorithm further pursuesan agge-
gatad feature for this part, namely multiple instance
feature. Unlike most previous boosting basel object de-
tectors, where each feature value produces a single clas-
si c ation result, the value of the proposed multiple in-
stance feature is the Noisy-OR integration of a bag of
classi cation results. Our approach is applied to the
task of human detection and is tested on two popular
benchmarks. The proposeal approach brings signi ¢ ant
improvementin performance, i.e., smaller number of
features usel in the cas@de and better detection accu-
racy.*?

1. Intro duction

Pose articulation and local part deformation are
amongthe most di cult challengeswhich confront ro-
bust object detection. For scanning-windav-basedob-
ject detectors, they produce one common issue which
we call feature misalignment It refers to the phe-
nomenonthat featureswhich re up in somepositive
detection windows do not re up in other positive de-
tection windows.

Holistic methods [1,8,15,19,25]that concatenatelo-
cal visual descriptorsin a xed order, such asHOGs[1],
are inevitably cursedby this phenomenon. Part-based
approachessuch as [7,11,22] handle misalignmert by

training part classi ers and assenbling their responses.

1The maijorit y of this work is carried out when Zhe Lin is an
intern at Microsoft Live Labs Researc.

2We illustrate and demonstrate our approach mainly in the
context of human detection while the general approach we pro-
posecan be directly applied to many other object categories such
as bikes, cars, animals, etc.
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(a) Global or Holistic (b) Local, Part-based
Figure 1. Multiple instances. (a) An example of global
(holistic) instances (9 instances from uniform neighbor-
hood); (b) An example of local (part-based) instancesfor a
two-part object (only 12 are shovn among9 9 instances).
It is obvious that part-based multiple instancesbetter cap-
ture articulation of a deformable object since each part can
have independernt placemernt.

Eventhough they can handle part misalignmert some-
how, training a classi er for every part might be com-
putationally expensive. Intuitiv ely, adopting a part-
basedrepresenation in the holistic method, if appro-
priately modeled, may largely alleviate the feature mis-
alignmert issue.

Previous work [2,4,6,18] has approadced this prob-
lem by allowing object parts to scaleand/or shift spa-
tially for better feature alignment, and leveraging ma-
chine learning algorithms to determinethe optimal con-
guration of the visual parts. However, most of these
approadces|4,6,18] manually pickedthe object parts to
learn the con guration. There is no guarantee that the
manual part selectionwould be optimal for detection.

On the other hand, some boosting-based ap-
proaches|[5,16,19,23,25] implicitly selectvisual parts,
but they do not take feature misalignment into consid-
eration. Meanwhile, multiple instance learning [14,21]
hasbeendemonstratedto e ectiv ely handle object mis-
alignment at the holistic level (i.e., the whole detection
window). A natural questionto askis: can we extend
the idea of multiple instance learning to handle the
problem of feature misalignmernt? The answerisindeed
quite straightforward by allowing multiple instancesat
the part levels. Figure 1 illustrates the di erence be-
tweenglobal [14,21] and local part-based multiple in-
stance schemes.



Hence,we intro duce a framework for learning part-
basedobject detectorswhich are robust to feature mis-
alignment, and thus are robust to pose variation and
local part deformation. The main ideais the introduc-
tion of a more powerful feature, or equivalertly weak
learner, into the Boosting framework for object detec-
tion. The new feature, called a multiple instance fea-
ture, is the Noisy-OR aggregation of the classi cation
results of a bag of local visual descriptors. Esserially,
ead bag of local visual descriptorsis consideredasone
local part of the targeted object.

To ecien tly utilize multiple instance features, in
cortrast to Dollar et al.'s work [2], which runs mul-
tiple instance learning on a randomly selectedset of
parts, we propose a novel seed-and-grow scheme. In
essenceat ead feature selection step of boosting, we
rst selectan optimal ordinary feature, e.g., a decision
stump or a decisiontree. Then basedon the position
of the ordinary feature, we grow out to de ne the local
part (i.e., a bag of descriptors). A multiple instance
boosting algorithm [21] is further performed to obtain
the optimal multiple instance feature.

Our learning processis very e cien t becauseof the
proposed seed-and-grav approach. Additionally , we
learn from multiple instancesof both negative and pos-
itiv e examplesand thus learning is done through very
tight and fair competition between positive and neg-
ative bags. An overview of our training and testing
algorithms is shawn in Figure 3. Our main cortribu-
tions are three-fold:

A novel boosting-basedlearning framework to au-
tomatically align featuresfor object detection.

Multiple instance features for modeling part mis-
alignment/deformations.

A seed-and-grow schemeto e cien tly construct
the multiple instance feature.

The approad is applied to the task of human de-
tection (seea survey [13]) and classi cation results are
obtained on commonly used pedestrian benchmarks.
2. Multiple Instance Features
2.1 AggregatingMultiple Instances

A multiple instance feature basically refersto an ag-
gregation function of multiple instances. More speci -
cally, given a classi er C, it is the aggregatedoutput,
y, of a function, f, of classi cation scores,fy;gj=1:J,
of multiple instances,fX; gj=1:3 :

y = f(yny2 iys) = £(C(x1); C(x2); ::C(x5)): (1)

Supposewe have a set of labeled bagsf xj;tigi=1 ::n
where label t; 2 f0;1g. A bag x; consistsof a set of

instances:x; ;j = 1::Nj. The nF;mber of bagsis n, and
the number of instancesisN = _; N;. Givenareal-
valued (real-valued output) classi er C, the scorey; of
an instancex; canbecomputedas:y; = C(xj ). The
probability of an instancex; being positive is modeled
by the standard logistic function [21] as: p; = pi‘j‘ =
1+ expl( Vi)'

In [9], a multiple instancelearning problem is formu-

lated asthe maximization of diverse density which is a
measureof intersection of the positive bags minus the
union of negative bags. The diversedensity is proba-
bilistically modeled using a Noisy-OR model for han-
dling multiple instance learning problems. Under this
model, the @robability of a bag being positive is given
bypi=1 “[l (1 py). Wemodify this by taking the

geometric mean to avoid numerica(lgissueswhen N; is
3 ) 1=N;
large, soinstead, we usep; = 1 ( J-N:'l @ pi)

Intuitiv ely, the model requires that at least one in-
stancein ead positive bag hasa high probabilit y, while
all instancesin ead negative bag have low probabili-
ties. In terms of scores,the multiple instance aggre-
gated scorey; is computed from instance scoresy;; as:

0 I l:Ni 1

Y
yi=log@  (1+¢) 1A; )
k

which can be easily derived from the relation between
pi andy;, i.e. p = W We refer to the above
aggregatedscorecomputed from Equation 2 as multi-
ple instance feature.

2.2 Learning Multiple InstanceFeatures

Learning multiple instance featuresinvolvesestima-
tion of the function f and instance classier C. As-
suming that the aggregation function f is given as
the Noisy-OR integration, we can learn the instance
classi er C via multiple instanceboosting (MILBo ost),
which was originally introduced in [21], as an applica-
tion of the diversedensity to rare evert detection prob-
lems to handle misalignmernt of examplesin training
images. In MILBo ost, eac training exampleis repre-
serted as multiple instancesresiding in a bag, and the
bag and instance weights are derived under the Any-
boost framework [10] which views boosting as gradient
descen.

Given an adaboost classier C = f {;h¢()0=1 7,
the scorey; of an instance xj is computed as a
weighted sum of scoresfrom all weak classi ers hy(x):

yi = C(Xjj) = the(Xij ); (3)

t

whereh¢(x) 2 f 1;+1gand the weight > 0.



The overall likelihood assignedto a set of labeled
training bagsis

ph@ p)t U (4)

L(C) =

Hence,the learning task is to designa boostedclassi er

C sothat the likelihood L(C) is maximized. This is
equivalent to maximize the log-likelihood

X

logL(C) = ti)log(l p): (5

tilogp + (1

According to the Anyboost framework [10], the weight
of eath exampleis given asthe partial derivative of the
likelihood function (which can be regarded as a nega-
tive cost function) w.r.t. achangein the instancescore
yij . Hence,the instanceweights w;; canbe derived (see
appendix for the detailed derivation) as:

7@0%,:((:) = wy = 14 P Pj ; (6)

Ni pi

where the weights for positive and negative examples
arewj = g-'sPp; andw; = gopj, respectively.
Interestmgly the formula for the welgrt valuesare ex-
actly 1-N;-scaledversionsof the onesderived in [21].
The boosting processis composed of iterativ e weight
updates and additions of weak hypotheses. Based
on [10,21], eat round of boosting is conductedthrough
the following two steps:

searc for the optimal weakclassier h(x) 2 f 1;+1g
which maximizes the energy function (h):

X
(h)y =" wj h(x) ™)
i

under the current weight distribution wIj and set the
optimal weak hypothesis as ht* .

P
given the previous classier C!(x) = U ohix)
and the currently chosen weak classier h'*! | search
for the optimal step size ,,; so that L(C'(x) +

t+1 h*1 (x)) is maximized, and set C'*l(x) =
CHX) + 14 NP (X).
We learn multiple instance features at the part level,
and adopt them as potential weak classi ers for learn-
ing boosted deformable object detectors, which is dis-
cussedin Sec.3 in detail.

3. Part-based Object Learning

Modeling deformable objects as a composition of
parts is a well-studied approach to object recognition.
For example, the pictorial structure model [3] rep-
reserts an object as a set of visual parts placed in
a deformable con guration, where the appearance of
ead part is modeled separately and deformation is
modeled as a set of spring-like connections between
parts. In object detection, most existing part-based
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Figure 2. An example of part-based object model learning.
The learning processconsists of iterativ e modules of dis-
criminativ e part selection and part classi er learning.

Learn
pan classifier
via MILBoost

D?:’;’e"“;‘;“‘o: part classmer
i Via MILBoost

approades [7,11,12,22] manually decompose an ob-
ject into semartic parts such as head-shoulder,torso,
and legs. In contrast, we aim for automatically select-
ing discriminative parts through training on labeled
examples.

3.1 Learning Framework

Suppose the object of interest to be modeled con-
sistsof L parts (L is given). Each part is assumedo be
squareor rectangular blocks or regions’. The learning
algorithm should automatically gure out the most dis-
criminativ e combination of L parts (or regions)among
the set of N, candidate visual parts: P = fP1;:::Py, Q.
A part P; is represerted asa set of instanceswhich cor-
respond to a set of locally neighboring (possibly over-
lapping) local image regions? From ead instance (an
image region) of a part, a prede ned feature set F;
is computed and a subsetof those features are chosen
to contribute to the nal strong classier. From ead
selectedpart, a xed number of weak classiers are
learned and addedto the nal strong classi er.

Our object model learning framework is visualizedin
Figure 2. It adopts an e cien t seed-and-grow scdheme
to boost multiple instance features. The framework
rst selectsthe most discriminativ e part by locating a
seed feature from the whole feature pool, and then
training the part's classi er using multiple instance
boosting by adding featuresto that part (i.e. growing).
The two modules are repeated to progressiwely select
parts and learn their classi ers. Note that the learning
processfocuseson a single part (region) at atime, i.e.,
multiple instancesare only consideredfor the currently
active part. After a part is learned, all featuresbelong
to that part are removed from the current feature pool
sothat it will not be selectedagain. The rst feature
(or weak classi er) for the next part is chosenfrom the
remaining (unexplored) feature pool asin the ordinary

3The regions can be arbitrary regions in a detection window
and need not to be semartic object parts.

4Given a potential part and a training example, a bag in-
cludes (feature) instances extracted from a set of neighboring
local image regions around the part's default location. The set
of neighboring image regions can be obtained either by jittering
the default part region or uniformly sampling regions in spatial-
scale space around the default location.



boosting approach. Then the region (or block) corre-
sponding to that part is localized. Next, subsequeh
(2nd, 3rd,...) weak hypothesesof that localized part
are learned using MILBo ost [21] (seeSec.2.2). In this
boosting framework, part selectionand weak classi er
training are simultaneously performed. Part selection
provides a weak learner pool for the current boosting
round. The nal strong classi ers are constructed by
boosting multiple instancefeaturesfrom selectedparts.
The multiple instance featuresare directly usedas ad-
ditiv e weak hypothesesto construct the nal strong
classi er (seeFigure 3).
3.2 WeakClassi ers for Multiple InstanceFeatures
As mentioned before, for constructing a cascade
classi er, the training algorithm needsto repeatedly
add weak learners h{(x) to the classier C. Each
weak learner h;(x) is g;]osen based on the criterion
of maximizing (h) = = ; wj he(x; ). Instead of bi-
nary stumps [20], we use more informative domain-
partitioning weakclassi ers asin [17], where eat weak
hypothesismakesits prediction basedon a partitioning
of a feature's domain X into disjoint regionsX 1;::: Xk .
Supposewe partition the domain of h(x) into K bins
and assignbinary valuesc, = f+1; 1gto ead bin
k=1;2:K, ie., ¢ = h(x) for x 2 Xx. The goalis to
nd the optimal weak hypothesish (x) (consisting of
the K 1 partition thresholds and the binary values
fCkOk=1:2:-k ) Such that (h) is maximized. Finding
partition thresholds is equivalert to learning a binary
decisiontree with blogpK c levels, e.g. for K = 8, we
learn a three-level decisiontree classi er. For eat fea-
ture, a greedyoptimization processis applied to adjust
the partition thresholds (by an iterativ e binary split-
ting algorithm) and optimal scorevaluescy for the par-

titioned intervals are determined sothat (h) can be
minimized for that feature.
For eah k and for b2 f 1;+1g, let
X
Wi = w; 8)

ij Xij 2 XMt =b

Then, (h) in Equation 7 can be rewritten as:
X
(h) = wi h(xj) = G(WE+ W¥):
k ijoixi 2Xk k
9)

This meansthat we only needto choosecy basedon
the sign of WX + WK i.e., o = sgn(Wk + Wk).

All that remainsis to estimate the step size  for
the chosenweak hypothesish;(x) = h (x) sothat the
objective function L(C + ht) is maximized. This is
done by line seard in someinterval [0; ] ( = 5 and
seard step size as 0:01 are shavn to be adequatein
our experimen).

Figure 4. Visualization of an example feature selection pro-
cess(better viewed in color). Red, green and blue square
blocks denote 1st, 2nd and 3rd scale/resolution level fea-
tures respectively. Columns from left to right indicate fea-
tures selectedin dierent stagesof the learning algorithm,
and the nal column shows accumulated evidence.

The resulting step sizes ; from the above process
are uniformly assignedto all intervals of a feature's do-
main. This posesthe questionof how we can generalize
it to con dence-rated step sizes(nonuniform step sizes

K for di erent interval k). We introduce a greedy op-
timization to improve the step sizesas follows:
initialize t;k = 1;2:K
for k=1:K

step sizes tx =

{ search overaninterval ( + ; t+ ), nd max-
imum likelihood estimation ¢ = ., sothat

L(C; 13t w10 tksi ) is maximized.

endfor

return t 1; o tK
The overall training and testing algorithms are showvn
in Figure 3. We assumethat both positive and nega-
tive examplesconsist of multiple instancesand reside
in bagssothat adiscriminativ e classi er canbelearned
via a tight competition between positive and negative
examples. An example visualization of part selection
is shavn in Figure 4. As we can see, most discrim-
inativ e parts are selectedin legs, head, head-shoulder
areasand more featuresare chosenfrom saliert regions
around human silhouette boundaries.

4. Implemen tation

We use multi-scale, multi-resolution shared HOG
feature descriptors as the feature pool of our object
learning and detection algorithms. The descriptor is
a multi-resolution generalizedversion of histograms of
oriented gradients (HOGs) [1] and is formed by ex-
tracting and concatenating densedescriptor elemers
from multiple resolutions. A descriptor elemen is a
36-dimensionalvector computed from a2 2-cell spa-
tial block. Descriptor elemens computed at higher
pyramid levels correspond to larger spatial blocks at
lower resolutions. We concatenate all descriptor ele-
ments (from three di erent resolution levels in which



the set of all features from all candidate parts.

Training:
For | = 1::L:

p
2 Train a MILBo ost classier C',y=C'(x) = [l

ElI+l = El

NNY Y YN

TRAINING ALGORITHM
Input:
? Labeled training examples fx;;tigi=1 :-n , Where t; 2 f0; 1g.
? The number of parts to learn L and a pool of candidate parts Pj;j = 1;2:Np. Each part j corresponds to a set
of bags fxjj ;tijgi=1 ::n , where each bag xjj consists of instances fX;j k;tigi=1 =N -
Initialization:
T . o _ _ N
? Initialize weights wj;i = 1::N such that wpos = Npos + Noeg™ and Wneg = ﬁ
? SetF! F, classier C (empty set), and example scoresy; 0;i = 1N, where F = F1 [ Faii[ Fn, is

=]
? From F!, form a weak learner h (corresponding to a feature fmn ) to maximize
adaboost setting (no multiple instances are allowed), and set h'l = h.

? Localize a part based on feature fmn and set the part index asIDX (I) = m.

oo = F T d.

Update the overall strong classier as: C C+ C'.
Use Equation 2 to compute the multiple instance features y; for all i = 1::N.
Update example scoresby boosting multiple instance features yj ;i = 1::N, y; yi + Vi -

Fm . (remove all features belonging to part m from the current feature pool.)
Set the rejection threshold rth(l) of stage | as the minim um positive score: ming; =1 fyjg .

iN=1 wih(x;) under the ordinary

? if y < rth(l), reject; else contin ue.

Decide positiveif | = L and y

Output:  Overall classier C = fC'g=; ... and the set of rejection thresholds frth(1)gj=1 .. .
TESTING ALGORITHM

For a test example x, set the initial scorey = 0

For | = 1::L:

? Use Equation 2 to compute the multiple instance feature y;, and update the scorey

rth(L); else negative. Detection con dence: prob=

y+ .

1
I+exp( y)*

Figure 3. Part-based Object Learning and Testing Algorithms.

consecutiwe levelsdi er by a factor of 2) which are rel-
evant to a detection window to form the descriptor for
that window. Hence,for a typical 64 128 pedestrian
detection window, there are total of 105+ 21+ 3= 129
spatially overlapping blocks. The dimensionality of the
descriptor is 36 129= 4644°

In the object learning algorithm implementation
(see Figure 3), ead training and testing example x;
represerns a 64 128image patch, and eat candidate
part P; is de ned asa HOG block (one of 129 multi-
resolution blocks) and its feature pool F; consists of
36 features (i.e. HOG featuresof a block). The overall
setof featuresis F = F1 [ Fz:i[ Fn, and the feature
set of eadh part P; is represered as the feature pool
Fj = ffj1::fjq9 for part j. Each part j of an example
X;j is modeled as a bag denoted as x;j and instancesof
the bag is denoted as x; k. We x the number of weak
learnersfor a part to beaconstart (T, = T;1 = 1;2:::L)
in our current implementation.

5In this section and the algorithm in Figure 3, the meanings
of subscripts i; j; k are example, part and part instance, respec-
tively, and are di eren t from previous sections.

In practice, instead of adding a xed number of
weak classi ers for ead part, we use an adaptive
method by adding weak learnersuntil the contribution
of the next weak hypothesisfalls below somethreshold

> 0, i.e. terminate adding weak hypothesis when

ik Wi khe(Xj«) < (wherei, j, and k denote exam-
ple, part, part instance, respectively) or the step size
issmall <

5. Exp erimen ts
5.1 Datasets

We usethe INRIA persondataset® [1] and the MIT-
CBCL pedestrian dataset’ [12,15] for performance
evaluation. In thesedatasets,training and testing sam-
ples all consist of 64 128 image patches. Negative
samplesare randomly selectedfrom raw (person-free)
images;positive samplesare cropped (from annotated
images) sud that personsare roughly aligned in lo-
cation and scale. The MIT-CBCL dataset contains

Shttp://lear.inrialpes.fr /data
7http://cbel.mit.edu/soft ware- datas ets /
PedestrianData.html
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Figure 5. Performance evaluation results on the INRIA dataset (nwls meansnumber of weak classi ers). (a) Evaluation of
our part-based detectors (18 weak classi ers for a part) with increasing numbers (72-432) of weak classi ers. (b) Evaluation

of our part-based detectors (24 weak classi ers for a part) with

increasing numbers (96-576) of weak classi ers. (c) Evaluation

of our (multi-line-search) part-based detector. (d) Two detectors trained using our part-based approach are compared to
HOG-Ker.SVM [1], HOG-Lin.SVM [1], HOG Cascade[25], and Classi cation on Riemannian Manifolds [19]. The results
of [1] are approximate and are obtained from the original paper, and the results of [19,25] are obtained by running their
original detectors on the test data. (e) Evaluation of the two detectors (trained on the INRIA dataset) on the MIT dataset.

Table 1. Other comparison results on the INRIA dataset.
Miss rates(%) (with respect to FPPW values) are com-
pared. Results of [2,6,8,14] are approximate and are ob-
tained from their original papers for comparison purp oses.

[FPPW | 2] | [141 ] [6] | [8] | nwls432 [ nwls648 |
le-6 N/A N/A 20.9 | 16.0 16.0 20.6
le-5 15.0 7.2 12.7 6.0 12.5 9.0
le-4 4.0 4.2 5.8 25 4.0 4.0
le-3 1.5 <15 1.6 <1.0 0.7 0.4

924 front/bac k-view positive images, and the INRIA
dataset contains 2416 positive training samples and
1218negativetraining imagesplus 1132positivetesting
samplesand 453 negative testing images. Comparedto
the MIT dataset, the INRIA datasetis much more chal-
lenging due to signi cant posearticulations, occlusion,
clutter, viewpoint and illumination changes.

5.2 PerformanceEvaluation

In training and testing, we quartize the scalespace
by afactor of = 2'%* = 1:1892and scanwindowsby a
stride of 8 pixels. Negative examplesare generatedby
exhaustively scanningthe original negativeimages. We
useDetection-Error-Tradeo (DET) curves[1], plots of
miss rates versusfalse positives per window (FPPW)
for detection performance evaluation. Note that all

of our result curvesare generatedusing 1281 di erent
thresholds ( 64 : 0:1 : 64) applied to the nal strong
classier.
5.2.1 Evaluation on the INRIA Dataset

Figure 5(a) and 5(b) shawv performance of our de-
tectors learned with 18 and 24 weak classi ers, respec-
tively. We can seethat the deeper into the cascade
(i.e. the more parts learned for the cascade),the bet-
ter the performanceachieved, while the di erence gets
smaller and performance generally corvergesat some
point (after adding certain number of parts). This indi-
catesthat parts learnedin earlier stagesof the cascade
take much more important role than oneslearned in
later stages. Figure 5(c) shows performanceof our de-
tectors extendedusing multi-line-search-basedlearning
algorithm. The sametrends of performanceimprove-
ment and corvergenceare obsened as in the casesof
Figure 5(a) and 5(b). On the other hand, even though
richer weak classi ers are learned and fewer parts are
required to complete training, the performance does
not improve comparedto the results of detectors us-
ing binary decisiontree (Figure 5(a) and 5(b)). This
implies that heavily exploring information in small por-
tions of all available parts can lead to over- tting; in-



steadit might be better to choosean appropriate num-
ber of weak learners for eat part sothat broader in-
formation can be utilized in training by exploring more
visual parts.

Figure 5(d) shows performance comparison of our
approach with previous techniques|[1,19,25]. Both of
our listed detectors perform better than the other ap-
proaches. The results are also comparedto [2,6,8,14]
on individual FPPW values (seeTable 1). The table
indicates that our approades are comparable to the
most recert pedestrian detectors.

5.2.2 Evaluation onthe MIT Dataset

For crossvalidating on di erent datasets, instead of
training on the MIT dataset, we usetwo of our trained
detectorson the INRIA datasetand tested them on the
MIT dataset; the result is shown in Figure 5(e). Even
though we have not directly trained on this dataset,
the performance of our detectors achieve near perfect
detection performance, comparableto the detector [1]
which is directly trained on the MIT dataset. This
indicates that our detectors have good generalization
performance.

5.3 Analysis on Training and Testing

We also provide detailed analysisof our soft cascade
learning and testing results using the cascadeclassi-
er inria-dim4644-nw Is4 32. Figure 6(a) shows fea-
ture information contents w.r.t. the number of weak
learners in the cascade. We can seethat the infor-
mation cortent® of weak classi ers monotonically de-
creasesin eadt part and increasesto a high value at
every part-to-part switching point. In cortrast, in the
part-level, as showvn in Figure 6(b), a part's informa-
tion content tendsto decreaseto 0. This is reasonable
becausewe constrain the feature pool to a selectedpart
when learning part classi ers (corresponding to the in-
ner loop of the learning algorithm), while a part's outer
loop is a greedyboosting algorithm, where eadh part is
a weak classi er.

The distribution and occurrence frequency of fea-
ture typesin the cascadeare shown in Figure 7. More
than half of the features are chosenfrom the 2nd and
3rd scales/resolutionsas shown in Figure 7(a). The
importance of features extracted at lower resolutions
(higher scales)is more clearly illustrated in Figure 7(b)
by showing the selection frequenciesof ead feature
type. Higher scale features are much more likely to
be chosenthan the 1st scale features. This further
validates the usefulnessof multi-scale, multi-resolution
descriptors. Figure 8(a) shows the scoretraces of the
rst 5000test windows basedon the learned soft cas-
cade classi er. We obsene that most of the positive
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Figure 6. Analysis on the learning result.
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Figure 8. Analysis on the testing results. (a) An example of
scoretraces for 5000 (1132 positive and 3868 negative) test
examples based on our learned soft cascade;(b) Detection
time w.r.t. the number of weak learners.
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and negative test windows are well separatedin earlier
stagesof the cascade.

5.4. Computational Requirements

Our systemis implemented in C++. Typically, the
training processtakeslessthan half a day and testing
a 320 240 image (scanning 913 windows) lessthan
0.3 seconds.Figure 8(b) shows a plot of computational
time with respect to the number of weak classi ers.
The propagation through the cascadeclassier takes
a negligible amount of time comparedto feature com-
putation. Our testing approach can be further opti-
mized for speed using the multiple instance pruning
techniques[24].

5.5. Qualitati ve Results

Somequalitativ e results of our detectors on the IN-
RIA test images are shown in Figure 9. Given raw
detection results, windows are simply mergedbasedon
their overlapping ratios.



Figure 9. Some qualitativ e detection results.

6. Conclusion

We proposeda part-based, deformable object model
learning approach. The approach models object shape
articulations by consideringmultiple instancesfor eath
part. Multiple part instancesare generatedby jittering
default local image patchesspatially around its neigh-
borhood. Specically, it selectsthe most discrimina-
tive visual parts and learns deformable part detectors
in a single, uni ed boosting framework. The frame-
work is constructed as soft cascadelearning with part-
level multiple-instance boosting. In contrast to previ-
ousholistic detection approacheswhich needa large set
of training examplesfor handling variations in posear-
ticulation and obtaining reasonabledetectors, our ap-
proach is more exible in dealing with large posevari-
ation or labeling misalignmert in the training set. Our
approach models an object as a set of parts, but is still
sensitive to sewere occlusion, hencethe combination of
our approach with occlusion analysis schemeswould
make detection of occluded objects more accurate. Ad-
ditionally, it is possibleto extend current part transfor-
mation (spatial translation) to more generalcasede.g.
similarity or ane transformation) in order to better
handle shape articulations.

App endix

Derivation of Equation 6:
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