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Abstract. In this paper, a boosted cascade person detection framework with het-
erogeneous pool of features is presented. The boosted cascedeiction and
feature selection is carried out using a modified AdaBoost that takegitation

time of features into consideration. The final detector achieves a low Migs R

of 0.06 at 10° False Positive Per Window on the INRIA public dataset while
achieving an average speed up @xi.on the classical variant.
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1 Introduction

Person detection is one of the prominent problems considar€omputer Vision. It
has a vast pool of applications spanning surveillance systéuman-robot interac-
tion, biometric data acquisition, and pedestrian protecsystems in the automotive
industry, to name a few. At the same time, it is a very chaileggask owing to the
physical variation of persons, variable appearancesusicai, background clutter, and
many more. Designing a detection system that is capable erfcoming these chal-
lenges while fulfilling real time detection requirementswdiny applications is still an
open problem [3].

Depending on the type of sensor(s) utilizedietient approaches could be employed
for person detection. In this work, we focus only on monocirteages which could be
from a classical camera either fixed or mounted on a movinglee(no static camera
assumption). We present a person detection system thatsnuskeof heterogeneous
pool of features—five of the most commonly used featuresr Hea features [14],
Edge Orientation Histograms (EOH) [4], Local Binary Paite(LBP) [17], Histogram
of Oriented Gradients (HOG) [1]-with a boosted cascadecti®teonfiguration [14].
Contrary to classical approaches which only take detegigmformance into consid-
eration, our boosted cascade detector is constructedgtakitection performance and
feature computation time into consideration simultanBo@ur implementation shows
very promising detection performance on the INRIA publitagat [1] with only a 6%
Miss Rate at 16 FPPW while on average taking8k less time than that of a similar
detector constructed without computation time considnat

1.1 Related Works

The problem of person detection has been studied for monestacade by researchers.
Through these times, a large number dfefient approaches have been proposed; it is



practically impossible to mention all due to space constsalWe will restrict this sec-

tion by highlighting works on monocular images that emple@yenogeneous features
in a sliding window candidate generation scheme (see recemey papers [3, 5] for a

broader review).

The interesting pioneering works on person detection weseréported using Haar
like features [11,15]. Since then, person detection hasdugal a lot. The work of Dalal
and Triggs [1] which introduced and used HOG features wasindine to set the bar
high. To date, HOG is the most discriminant feature, anddt, tamajority of detectors
proposed hence-after make use of HOG or its variant one wanother [3]. Most
of the works that have improved over [1] combine HOG with nplét other features
(e.g. with LBP [17], with edgelets and covariance descr{t8]),i.e., they consider
heterogeneous features.

Different features try to capturefidirent facets of a given image: edge distribution,
intensity diferences, appearance variatioats, Using heterogeneous features, thus,
helps acquire complementary information that could beuldefhandle challenging
detection tasks. This has clearly been demonstrated int¢natlre. To mention a few:
Walk et al. [16] considered HOG, Histogram Of Flow, and CS&uees and carried
out different experiments by combining them combinatorially. Téstbesults were re-
ported when considering a feature set made up by concatgrhé three sets. Schwartz
et al. [13] presented a detection system composed of HO@r &@lquency features,
and co-occurrence features, asserting similar conclasibhne same goes to Hussain
and Triggs [7] whom considered feature sets made up of HO®, laBd Local Ternary
Patterns (LTP).

The main issue to consider with heterogeneous featuresnsd@ombine them.
The trivial approach is to concatenate all features to makerg high dimensional
vector and use SVM as a classifier [16]. The downside withigttise high computation
time required to extract the complex features and to apmyS¥M weights on each
candidate window which inevitably leads to low frame ra#splying a dimensional
reduction scheme [7, 13] might help performance and speetaimng period, but,
it still suffers during detection because of the data projection indol/@ addition,
different features could possibly be best dealt witfiedént classifiers—they could for
example lie in linear or non-linear spaces which may reqdifierent classification
techniques [18].

A second approach is to gather all heterogeneous featuceeibig pool and learn
an ensemble classifier using a boosting technique. Emgaymattentional cascade
configuration [14] is natural with this as it speeds up débeadrastically. This has the
added advantage thatfidirent classifier types well suited to a specific feature could
be used as weak learners in the boosting framework. Repeagisenworks include the
works of Dollar et al. [2], which used heterogeneous integral channélifes in a
boosting framework, and Geronimo et al. [4], which combi&€H and Haar like fea-
tures via AdaBoost. At each iteration of the boosting leagrdycle, the feature which
reflects the best detection performance on the trainingmsessured by the weighted
classification error, is added to the ensemble. Evideffiytends to favor complex fea-
tures amongst étierent candidates irrespective of the associate computttie. The
preferred way would be to weigh detection performance agaiomputation time and



privilege features that make a compromise between the twithi$ vein, Jourdheuil
et al. [8] proposed to add a multiplicative factor to permlize criterion to minimize
in AdaBoost with a normalized computation time correspongdob each feature. This
way features are selected only if their combined detectefopmance and normalized
computation time are better (have the minimum value) tharother candidates. The
authors used this to detect persons in a stereo camera gsihgds extracted from
depth maps and images. Their implementation led to a detettio an acceptable de-
tection performance and reduced computation time. Indfisethis, we use a similar
formalization to learn a cascaded person detector on lggremus features extracted
from monocular images. This workftirs from [8] in three main aspects: First, it is
intended for monocular images and hence employs five commuseld heterogeneous
features that have never been considered all togethern8eanlike [8] which use a
single node, it uses a cascaded configuration to allow egjggtion for improved detec-
tion speed. Third, evaluations and results are presentdtediNRIA public dataset [1].
These points conglomerated make the gist of the contribulis paper tries to make.
This paper begins by highlighting thefidirent heterogeneous pool of features prop-

erly categorized in section 2. In section 3, it describesctassifier learning algorithm
with emphasis on computation time consideration. Finakperimental results are de-
tailed in section 4 finishingf®with concluding remarks in section 5.

2 Heterogeneous Pool of Features

The heterogeneous pool of features considered are a mixtbfdoalar and multi-
dimensional features. Fiveftirent families of features are used. Scalar features: Haar
like and Edge Orientation Histogram features; multi-disienal features: Color Self
Similarity, Local Binary Patterns, and Histogram of OriemthiGradients. Each feature
family is extracted within a given fixed size image candidaitedow of 64x128 pixels.
To generate the overcomplete set of features, the positidrseale (width and height)
of the region the features are computed is exhaustivelgdavithin the candidate win-
dow. The computation time of each feature is determinedpeetive of any imple-
mentation optimization that can be done during detectian,ese of caches to Her
some features. This helps establish an upper bound on iedeadr feature considered,
the computation time is made up of two components. A partcatsal with image pre-
processing (including rudimentary feature preparatiba) is mostly shared by features
of the same family, and a second part pertaining to the featxiraction and necessary
computation during detection (e.g., multi-dimensionakfge projection). For a feature
indexed byj, these are representedgsg andrej consecutively; the combined com-
putation time of that feature becomes= 7,; + 7¢j. These values are determined by
averaging over J000 times repeated computation iterations.

2.1 Scalar Features

Haar like Features Haar like features represent a fast and simple way to compute
region diferences. These features have been extensively used fop&asen, and var-
ious object detections, e.g. [4,9,11, 14]. For a given fegtine response is obtained
by subtracting the sum of pixels spanned by the black regiom fthe sum of pixels



spanned by the white region. In this work, we have used theneetd Haar like fea-
tures from Viola and Jones [14] and Lienhart and Maydt [9]jchicontains upright
and tilted filters of various configurations as shown in figinlour implementation, a
horizontal and vertical stride of 2 pixels is used to gerestia¢ overcomplete sefnay; -

As these features furnish scalar feature values, a dedigeris used as a weak classi-
fier. Computationally, these features are very cheap taetxtFhe pre-processing stage
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Fig. 1: Set of extended Haar like features used.

for this family of features corresponds to the integral imagmputation. The feature
extraction is carried outficiently with a few additions and subtractions on the inte-
gral image; feature evaluation (prediction) during detects done via a table lookup
operation (using a table expanded from the decision tree).

Edge Orientation Histogram (EOH) EOH is another feature set that has been used
for person detection [4]. These features represent rafigganlients computed from
edge orientations histograms. Within a given overlaidaegfirst gradients are com-
puted. Then, a gradient histogram is built by quantizingghelient orientations. Fi-
nally, the ratios of each histogram bin with one another makeindividual features.
The overcomplete EOH feature pool set, denofedy, is constructed by extracting
feature values for all possible combinations of overlagior location and size within
the candidate window.In this work, gradient orientatiomfization levels of 4 (shown
to give best results in [4]) and horizontal and verticaldgs of 4 pixels are used. Owing
to the scalar feature values, decision trees are used askeclasaifier.

The pre-processing step, here, corresponds to the gradiemgutation (this is also
shared by HOG features). The feature extraction relatdsetgradient histogram con-
struction and bin ratio computation. Similar to Haar likatigres, the feature evaluation
during detection is merely a memory lookup operation.

2.2 Multi-dimentional Features

Color Self Similarity (CSS) CSS features, proposed by Walk et al. [16], encode color
similarities in diferent sub-regions. To compute the features, first the imagow is
subdivided into non-overlapping blocks of 8x8 pixels. Théthin each block, a 3x3x3
color histogram inrHSV space is built with interpolation. Then, similarities a@c
puted by intersecting individual histograms. In [16], ditbgram intersections values
are used to define one feature vector. But, here, we definatiesection of one his-
togram block with the rest of the blocks as a single featuri#gh\ah 8x8 block size
and 64x128 candidate window, there are 128edént blocks. The intersection of one
block with the rest gives 127 scalar values (excluding sgetion with itself). These
scalar values all together make the feature vector comgatete block location. This

is repeated for each block resulting in 12&elient features, the CSS feature pool set
(Fess), of 127 dimensions each. Fig. 2a shows an exemplar featmputed at the
crossed block position. The figure at the bottom is an urdal@resentation of the fea-
ture shown at the top right; observe how neighboring blocksanilar. These features
are few in number and multi-dimensional, hence, SVM is usea weak classifier.
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Fig. 2: Sample extracted multi-dimensional features.

The complete set of features extracted from this family miya histogram com-
puted once for each block. If one feature is extracted, etit@another feature involves
using the same histogram with changed reference block éohigtogram intersection.
Keeping this in mind, the pre-processing stage encompéssbsstogram computation.
The rest of the computation time is consumed by the extna¢listogram intersection)
and the multiplication by the SVM hyperplane during detacti

Local Binary Pattern (LBP) Local Binary Patterns were initially proposed as a texture
characterization features [10]. Since then, they have beed in many applications—
primarily facial analysis, e.g. [19], and person detectyg. [17]. To date, many vari-
ants of LBP have been proposed. In this work, we adhere toe€G&yimmetric Local
Binary Pattern (CS-LBP) as feature because of the shortguatus it furnishes and
its demonstrated good performance on person datasets [@]r implementation, CS-
LBP is computed over a 3x3 pixel region (best results replart¢6]) by comparing the
opposite pixels and adding a modulated term accordingly[@or detail). This gives
a scalar value less than 16 which is assigned to the centr pixis is done for all the
pixels in the candidate window, top right image in fig. 2b (& are scaled to aid vis-
ibility). Finally, the actual feature is constructed by stmicting a CS-LBP histogram
over a given overlaid region. Fig. 2b bottom shows an exenigktogram obtained
from the overlaid rectangular region shown on top. Simjldoly varying the position
and scale of the overlaid region exhaustively within thedidate window gives the
LBP feature pool, denotefic gp. The histograms have 16 bins corresponding to CS-
LBP quantization levels. Since the feature vectors are nerscalar, Fisher's Linear
Discriminant Analysis (LDA) with decision tree is used as aWwelassifier. Fisher LDA
is preferred over SVM because of its comparatively shomitng duration. Given the
large number of features in this feature pool family (table employing SVM would
lead to an overwhelming training period.

The pre-processing stage for this feature family corredpdo the raw CS-LBP
feature computation. The rest is made up of histogram aact&dn (extraction phase),
and LDA projection during detection.



Histogram of Oriented Gradients (HOG) HOG features are extracted first by com-
puting the gradient, then by constructing a histogram weiglby the gradient in an
atomic region called a cell. Histograms of neighboringsalle grouped into a single
block, cross-normalized and concatenated to give a featatr per block. The final
extracted feature within a given detection window is theczd@nation of the vectors
from each feature block (details in [1]). In this work, we tise original HOG features
as proposed by Dalal and Triggs [1] with a cell size of 8x8 [sixa feature block size
of 2x2 cells and an 8 pixel horizontal and vertical stride. &given overlaid region, the
feature vector corresponds to a concatenation of all bleakufes within it. The over-
complete setfhog, is then generated by varying the location and scale of tedaid
region. Fig. 2c demonstrates a sample feature computedsimiginner. Computation
time wise, the gradient computation falls in the pre-pregesstep and the rest in the
extraction part.

Table 1: Feature pool summary with minimum and maximum featomputation time
in each feature family. Time is reported as a multiple of theapest feature computa-
tion time of 0.0535us.

T

Tmin max g
Feature Type No of features Tl i oo AT Weak Classifier
Haar like 672,406 0.6 0.4 1.88 1.6 Decision Tree
EOH 712,960 2.72 211 315.65 2.1 Decision Tree
LBP 59,520 1.24 14.26 111.6 282.04 LDA + Decision Tree
CSS 128 560.75 457.19 560.75 457.19 SVM
HOG 3,360 10.59 479.12 315.75 51103.8SVM

Table 1 summarizes the characteristics of the heterogenamul of features con-
sidered. The total number of features in each family, themmim and maximum fea-
ture computation time (both pre-processityg,and extractionts)—scaled with 0.0535
ust which corresponds to the combined computation time of obstafeature, a two
boxed horizontal Haar feature—along with the weak clasgifsed are listed. Finally,
the complete feature pool is determined by merging all logtemeous feature pool
sets,i.e. F = {Fuaar» FEOH, FeLep, Fess, Froc)- The computation time of each indi-
vidual feature is denoted ag, wherej € {1,2, ..., |7|}. Each feature is also associated
with a weak learneh; that maps each instance of the training set to a discreté, labe
hj : X = {-1,+1).

3 Classifier Learning Algorithm
3.1 Feature Computation Time

Equation 1 shows the smoothed normalized computation tiimefor each feature
which will be used within AdaBoosg € [0, 1] is an exponential smoothing déieient.
Tmaxi denotes the maximum computation time registered withir efistinct feature
pool family,i.e., i € {Haar, EOH, CLBP, CSS, HOG}.

) ®

it .

1 Computed on a core i7 machine running &iGhz



The computation time associated with each feattires 7, + 7ej, iS not constant
(consequentially“changes too). The exact value evolves during the classifening
stage. It changes in two cases. The first is when a featurbaisadlready been selected
is considered in future cascade nodes, and the second isaMeature from the same
family gets selected. In the prior case, the computatior tifithe selected feature is
replaced by a constant timey, in future references which accounts for only memory
access. In the latter case, the computation time for all®ofeatures in the same family
gets d@fected, specifically, the time associated with the pre-msiog stager, j, is set
to zero for all the features in that family. This is logicaldais done to favor features
of the same family. For example, if a Haar feature is seledtedll better to consider
another Haar feature so the integral image computation eatohe once for the area
spanned by the two features, rather than considering anfgatire from a dierent
family which will require a diferent pre-processing step. This way the computation
time of the features within the same family will be leviedrsfgcantly speeding up
detection. Accordingly, the normalized computation tini@lbaffected features is up-
dated. The computation tim&y, of a trained cascade no#lés determined straightfor-
ward by adding the computation time of each selected comydeatures (associated

weak learners),e., T = Z 7t. Here, an indexis used to signify reference of a selected
feature andr represents the total number of features in this cascade node

3.2 Modified Discrete AdaBoost

Given the complete heterogeneous feature pboland associated computation time,
{Ti}{j=12...71)» @ modified version of Viola and Jones Discrete AdaBoost {[d4ked to
learn a strong classifier for each node of the cascade. Asstied in section 2, each
feature is associated with a unique weak learngrthat maps the given training s¥t
to a discrete label,e, h; : X — {-1, +1} 2. The original Discrete AdaBoost algorithm
constructs a strong classifier by iteratively selectingttest weak classifieh,, based
on the error distribution on the training set, weights it, withay, and adds it to the en-
semble. Each subsequent addition tries to correct thesemade by previously added
weak classifiers. The modification here is to select the beskvelassifier that mini-
mizes the error weighted with a normalized computation triéhe features, equation
2. This modification enables AdaBoost to select the featweak learner) thatfters
the best compromise between computation time and detestion This is detailed in
algorithm 1 (main modifications on the classical one are shiovibold typeface).

he = argminT; = ¢; (2)
hjE?‘

Given the vast number of features involved, looping throeghh feature set at each
iteration of AdaBoost is infeasible. Hence, as is commonolye] e.g. in [18,20], at each
AdaBoost iteration 3000 features are randomly sampleghgstimnal to the number of
features from each family, to build the strong per node diassncrementally. 3000 is
well way above the suggested number of trial299, required to obtain amongst the
best 005 estimates of random variables with a probability @012](pp. 180). Once,

2 Because of this we can use a weak learner and a feature interchngeab



the required detection performance, specified a priori Wade Miss Rate (NMR) and

Node False Positive Rate (NFPR), is achieved on a sepaiidati@n set, the feature

addition stops and the node is retrained using both thamigand validation set up until

the previously validated number of features have been agded14] for details). The

final ensemble obtained is the strong classifier for this resdkconstruction proceeds
to the next node.

Algorithm 1 Modified Discrete AdaBoost

Given: A set of labeled example®xm, Ymlim=1,... (n, + n_)} Wheréxn € X, ym € Y =
=1, +1}

Extract Featurest” = {Fuaar. Feon, FeLep, Fess, FHoc)

Initialize: D;(m) = m \\distribution over training samples
L+ N

Fort=1,..,T

. Select 3000 features randomfy; c ¥
. Find the best weak learnfy: X — {-1, +1}

~ j
. Computetj = ———
max,i
Ny +n-

. hy = argmin 7; * €; whereej = Z D(M)[ym # hj(%m)]
hje’f*

m=1
. Update the computation time of the selected feature; to 7o
. Update the computation time of the features in the same family as #hselected feature
by setting their pre-processing time to Qi.e., 7} « g

1|n 1- €
L=z
! 2 €t
D - . L
. Dea(m) = «(m) exp(zatymht(xm)) \\Z isa normalization factor used to make Dy, 1
a distribution [
T T
Strong classifietd (x) = sign(}; athi(X)) Computation time of cascade node7 = } 7,
t=1 t=1

3.3 Cascade Construction

The cascade detector construction is inspired by the wdrta and Jones [14]. The
detection performance requirement of each cascade nodpecdied by two param-
eters, the NMR and NFPR. Given a totalldf andN_ cropped positive and negative
training windows respectively (bear in mid. >> N.), the construction begins by
randomly selecting a subset of negative windows, and using all positive training
windows,n, = N,. This is divided into a training and validation set, in ouse®0%
and 40% respectively. Following, the modified AdaBoost isduto learn the strong
classifier for this node using the heterogeneous featutes se

This learning is monitored via the validation set; at eacbdtiog iteration the zero
threshold is lowered to see if the strong classifier meet®N& and NFPR criteria.



When that is achieved, the AdaBoost is retrained using thdeatraining and valida-
tion set to the point determined during validation. This ptetes the construction of
the first node. Henceforth, a\_ are tested with the trained node and all those that get
misclassified (harder examples) are used in consecutigest# the cascade. The pro-
cess continues until such a point where the number of nepativdows is less than the
positive windows, in which case the construction termisdtgnishing the whole de-
tector cascade. The MR and FPR of the entire cascade aregsarfuhe nodes NMR
and NFPR consecutively.

4 Experiments and Results
4.1 Evaluation metrics

To evaluate the detection performance, Detection Erroddaé (DET) curves with
Miss Rate versus False Positive Per Window (FPPW) on a logdate are used [1].
To determine these values the True Positives, False Resifivue Negatives, and False
Negatives of the test set are determined via a per-windowoapp [3]. The per-window
approach relies on cropped labeled positive and negatiirednd test set. The training
is performed using these cropped images and the test like{pisase refer [3] for
details).

4.2 Dataset

Experiments are carried out using the public INRIA persorectéon dataset [1]. The
training set for this dataset consists Q426 cropped positive instances and@18
images free of persons (out of which many negative train medpwindows are gen-
erated). The test set containslB2 positive instances and 453 person free images for
testing purposes. This is the most widely used dataset fesppeletector validation and
comparative performance analysis. For constructing teeatke the complete positive
instances and randomly sampled, afatient scales and locations53x 10° negative
cropped instances from the training set are used. Durirgadasconstruction, the num-
ber of negative windows per each node, has been kept equal to the positive windows
n,,i.e, 2,416. For testing, the, 132 positive instances and uniformly sampled 20°
cropped windows from the test set are used.

4.3 Results

Validation: In our framework the parameters that need to be specifiedaaraqde
NMR and NFPR and the depth of the decision tree to use. Sinaeantthe cascade to
detect all possible positive instances,.@ BMR is used for each node. The NFPR on
the other handféects the number of cascade nodes built. Higher values liesmitre
number of nodes to exhaust the training set. As a comproBER of 05 is used so
each node is required to discard at least 50% of the incongindidate windows.

The best depth of the decision trees for Haar like featur@,Eand LBP features
is determined empirically using a 1 fold cross validatiordécision tree depths of 2, 3,
and 3 are used for Haar like features, EOH features, and L&Rrfes respectively. The
weak classifiers learned using these deptfiisr@ better trade fb between detection
performance and overfitting on the validation set. CompuEiisher LDA weights, for



LBP features, per each node makes the classifier overfit omaiméng set with deteri-
orated performance on the validation set. Hence, the LDAyltsifor LBP computed
at the first node are used throughout the cascade by learnipgew decision trees.

Similarly, the exact value g8, the computation time smoothing exponential factor,
to use in the modified AdaBoost is determined empiricallptigh a validation step.
The modified AdaBoost is used to learn a single nodal cascsidg diferents values
on a subset of the training set. Then the classification €oora validation set and the
conglomerated computation time of the trained node is detexd to select the best
value that @fers a good tradetb Fig. 3 shows the validation result plots forfferent
values ofg. Clearly, highe reduces smoothing, irfiect, features with low computa-
tion time dominate improving speed but with poor detectierf@mance. Lower values
favor complex features. As a compromisg ealue of 02 is used to train the final cas-
cade classifier.
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fied algorithm. tion of the cascade detector on the INRIA
dataset.

Table 2: Proportion of features in the final cascaded detecto

Haar like EOH LBP CSS HOG Average Time Improvement
Classical AdaBoost2536% 5379%  1016% 400%  667% 1.0x
Modified AdaBoost 86.72% Q00%  914%  240%  390% 1.8x

Test results: A complete boosted cascade detector is learned using tinevvark pre-
sentedj.e., with a modified computation time weighted AdaBoost, ushgyt¢ombined
training and validation dataset (referred as modified AdeBdereafter). As a bench-
mark, a second complete cascade detector is also learnaglthsi classical Discrete
AdaBoost (referred as classical AdaBoost hereafter). Todified AdaBoost cascade
has ten nodes with a combined total of 821 features. The raimignd maximum num-
ber of features per node are 6 in the first and 350 on thedde, respectively. The pro-
portion of selected features from each family is shown itet@bThe most used features
are Haar like features, 882%, and the least are CSS feature402. Compared to the
classical cascade, there is smaller number of the complétt-dimensional features.
No EOH features are selected. This is because, Haar like andl féatures exhibit
comparable detection performance but Haar like features less computation time
thus are privileged. The selected features for the first dbe cascade are shown
in fig. 5. For HOG and LBP, the illustrations show the suppedion of the selected



features. The four selected Haar like features are alsorsiofig. 5¢ and 5d. Indeed,
four out of six selected features are from the computatlgichleapest feature category.

(@) HOG (b) LBP (c) Haar like  (d) Haar like

Fig.5: The features selected and used in the first node ofatbeade superimposed on
an average human gradient image.

The performance of this modified detector on the test setpgtil as an MR vs
FPPW plot in fig. 4. It achieves a@ MR at 10° FPPW. This is a 2% loss compared to
the detection performance achieved by the classical AdsiBaidhe same FPPW. But,
this reduction results on an averag&xl accelerated speed. The final detector misses
only 97 persons out of the total 1132 tested instances. Anitajof these mistakes
correspond to persons with non-uprigitan-conventional poses. Some of the detection
mistakes are shown in fig. 6 for both positive and negativepbesa

@ ® © @ @ O @ 0
Fig. 6: Sample misclassified positive (a to d) and negative (g instances.

5 Conclusion

In conclusion, in this work, a computation time weighted Bdast has been presented
to learn a cascaded person detector using heterogenedusf peatures. The final de-
tector achieves.8x average speed up compared to a classical AdaBoost basedieasc
with only a 2% detection performance loss at36PPW. At this point, it is capable
of detecting persons with a very low Miss Rate of 6% as dematest on the INRIA
public dataset.

3 Sample detections are not shown here due to space constraints. PlsiisBome-
pages.laas faamekonfacivg for illustration.



Currently, investigations are on the way to use this detéct@tracking-by-detection
framework in the context of Robotic navigation in crowds.
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