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Abstract—An important aspect for a robot to interact with the most innovative and characteristic papers that hava bee
humans is to detect a person in the environment with which it published on this topicAppearance template methods, in
is interacting and to estimate her/him head pose. These aspects which, a new image of a head is compared to a set of exemplars
made possible to a robot know if it will alone and execute some  (gach labeled with a discrete pose) in order to find the most
‘#ﬁg:eoéré“tseer\?ecrtalsevco'ﬁg c;’f‘"ﬂl‘e;j p%fgréscgi?r'lg%oi Ji?lbthoer Iil:)e/r;liﬂfe similar view. Detector array methodsthat consist in to train a
but we focus on work that useF:j local histogram of oriented’ serigs of h.ead detectors each attuned t(.) a specific pose and 1
assign a discrete pose to the detector with the greatesbgupp

gradient and support vector regression to solve this problem. ? g -
In this paper, we are proposing an adaptation of this method Nonlinear regression methodsthat make use of nonlinear

proposed using only histogram of oriented gradient in order to ~ regression tools to develop a functional mapping from the
classify the head pose estimation and the presence of a person image or feature data to a head pose measureriviartifold
in the environment. Then, the new method has been evaluated in embedding methodsthat consist in to seek low-dimensional
a offline and online way. The results showed that the proposed manifolds that model the continuous variation in head pose.
approach has great capability to classify head pose and identify New images can be embedded into these manifolds and ther
when a person is present in the environment. used for embedded template matching or regressitaxible
models that fit a nonrigid model to the facial structure of
.~ INTRODUCTION each individual in the image plane. Head pose is estimated

Human beings are capable to detect the richness of thisom feature-level comparisons or from the instantiatibthe
environment and use it in their favor. The eyes are resplmsib model parameters§seometric methods that use the location
for acquiring the information which will be evaluated by of features such as eyes, mouth, and nose tip to determine
the human to decide what is important for him/her in apose from their relative configurationfracking methods
given moment. Some events are simple and processed withotgcover the global pose change of the head from the observec
learning process, such as, identify when are interactirth wi movement among video frameblybrid methods , where
other person. But, in other cases, for a more complex evengur method is inserted, that combine one or more of these
such as, shared attention, the vision system is an importaaforementioned methods to overcome the limitations inftere
part of the process of learning it. The vision system can helgn any approach.

in the process of identification of an object or the head pose |, ,rger to select an algorithm of one category presented
estimation to determine the place of partner's focu withakihi above, the application’s limitations must be known. In case,
are interacting. the main idea is to use this vision system on NAO robot, which
Head pose estimation is an important ability of humanit has support to the Opencv library, as an extension of this
beings commonly use to detect a type of non-verbal comwork. Then, the estimation needs to be fast, the model need:s
munication. It can be defined as a process of inferring théo recover when a person is not detected and the structuee doe
orientation of a human head from digital imagery. It is pdrt o not GPU programing.
a mechanism that helps a person to understand other intsntio
confirm ideas or some dangers. Then, it should be considerc—*{g
as an important aspect when the goal is to create an humanob%
robot capable to interact socially [13].

In this paper, we are proposing an adaptation of [12]
classify the head pose estimation and the presence of &
rson in the environment. For this, we are combining the
following methods: cascaded-Adaboost face detectiontircon

In the literature, the area concerned on the developmentously adaptive mean shift (Camshift) tracking, some image
system that emulates a human vision system is known b{reatment, histogram oriented gradient and support vector
computer vision. In the context of computer vision, headepos classification, to composed our vision system to be inserted
estimation is most commonly interpreted as the ability ferin  in our architecture to control a robotic head. The diffeeenc
the orientation of a person’s head relative to the view ofeen  from this propose to the original by adding the Camshift and
[13]. Generally, it has been used as sensors camera(s) or lging classification, where Chutorian use regression.

combining camera(s) with infrared. This article is organized as it follows. In section Il, some
In their survey, Chutorian et. all [13] divided in eight related works are presented about face detection, trackesyl
categories presented to follow each approach and spans 90 mdse estimation approaches proposed so now. After, inogecti



lll, each part of the computer vision system proposed in thissecond step, the learning method uses de descriptor tafglass
paper is described. Afterward, in Section VI, the experitaen correctly the environment’s state.
results are presented, from a set of experiments carrietbout ] o

and online data. Finally, in Section VII, conclusions antufe  fight min, right max, down right max, down right min, down
works are presented. frontal, down left min, down left max, left max, left min and

out. They are represented in the Figure 1.

Il.  RELATED WORK All of the stages are described in details to follow.

Face detection is the ability to find the locations and
sizes of human faces in arbitrary images. The boostingebase )
detector, proposed by Viola and Jones [16], using Haar-liké Face detection

features, is most used by the real-time performance [6]eSth . , :
works include neural networks [5], [15], the use of three- To detect the location of the partner’ss head, it was used

dimensional properties in the images with curvature aiglys the Adaboost cascades method to find the frontal face profile
[4] and adaboost algorithm based on MB-LBP features witr1[1(.3]’ [10]. The r_nethod uses Haar-like featurgs tha_t encb_de ¢
skin color segmentation for face detection [6] existence of orlen}ed contrasts between regions m_theemag
’ The name Haar-like features are related with their process,

Tracking property is the capability of recovering the glloba computed in similar way of the coefficients in Haar wavelet
pose change of the head from the observed movement amotiginsforms. A set of these features can be used to encodk
video frames. There are two kinds of general methods ofhe contrasts exhibited by a human face and their spacial
tracking function. One is the method based on recognitiorielationships. [2]
or motion. The other is the tracking method based‘on edges . i )
and areas [17].The works include a neural network utilized !N the next step, a classifier is trained. It can be applied to a
to learn the skin and nonskin colors to track [15], adapgivel "€gion of interest (of the same size as used during the tigini
builds a target model reflecting changes in appearance [9] arPhase) in an input image. The classifier outputs “1" if the

on methods of face bounding box and Convolutional Neura[€9i0n likely contains the object (i.e., face), and “0” athise
Networks (CNNs) [1]. [2]. In this point, the algorithm is responsible to define the

rectangle of the face, that is, the representation of featur
Head pose estimation is the capacity to estimate the hegdolor) distribution will used by the Camshift algorithm.
pose of another person that can be done by a video scenario or
using images dataset, such as, the MultiPIE [8] or Head Pose Camshift algorithm is a robust method of finding local
Image Database [7]. In the literature, some works propdsed t €xtrema in the density distribution of a data set. This is an
image treatment using explicit 3D models [11] or 2D view- €asy process for continuous distributions; in that contiéxs
based models [12], [1]. essentially just hill climbing applied to a density histagr of

. .. . the data [2].
As far as we know, no previous work addressed jointly

the tasks of face detection, tracking, head pose estimatidn The algorithm works as it follows. Firstly, the feature
identification of the human being presence in the environmendistribution to represent an object is chosen (e.g., cotben
as we are addressing in this paper. the camshift window is started over the feature distributio
generated by the object, and finally, the chosen feature-dist
I1l. COMPUTER VISION SYSTEM bution over the next video frame is computed. Starting from

) ) ) ) the current window location, the mean-shift algorithm will

In this section, the system that is being proposed byind the new peak or mode of the feature distribution, which
estimating the head pose and the presence of a human beingigesumably) is centered over the object that produced the

presented. The process for head pose estimation is cdedltitu color and texture in the first place. In this way, the camshift

by the following stages: window tracks the movement of the object frame by frame [2].

1) Face detection- Front facial regions are found by Al this process is responsible for tracking face in differe
cascaded-Adaboost face detectors. head position, such as, presented in the figure 2, 3 and 4.
2) The process of tracking- This is done by using
Camshift (adopting color) applied to the video im-
ages; . . B. Image treatment
3) Image treatment - The detected facial region is
scale-normalized to a fixed size and converted to The process of face detection result of two rectangles
grayscale; because the Camshift process has the property of resize th
4) Histogram oriented gradient - A gradient orienta- density distribution. Then, the algorithm merged the neglas
tion histogram is computed and the descriptors areof the face with a limitation of high and width size with the

generated,; same value of the first detection.
5) Learning method- The descriptors are passed to ] . . ]
Support Vector Classification (SVC) in cascade. The final rectangle is used to create the region of interest.

This region is down-sampled to a fixed size of 32x32 pixels,
All process are divided in two steps. First, the descriptordo ensure that the system is invariant to scale. Furtherntioee
are used by the learning method to create a model and in theage is converted to grayscale.



Fig. 1. States defined to be classified by our system. First finatal face, right min, right max, down right max, down rightrmSecond line: down frontal,
down left min, down left max, left max, left min. Last state: out

Fig. 2. Tracking head position in the center position. At tiye of the figure are the original captured by webcam and tt®imoone is down-sampled images
of region of interest

Fig. 3. Tracking head position in the left position of image.the top of the figure are the original captured by webcam hedobttom one is down-sampled
images of region of interest

Fig. 4. Tracking head position in the right position of imagéthe top of the figure are the original captured by webcamtaedbottom one is down-sampled
images of region of interest



C. Histogram oriented gradient where gamma, coef0 and degree are constants and are

To provide a robust description of each facial region, aempmcally defined by0.00308642, 0 and3, respectively.

histogram of gradient orientation is computed. This metisod We use ten SVCs in cascade with five level. At first level,
based on evaluating well-normalized local histograms @fgen  the system classifies if there is a person in the environmeifit o
gradient orientations in a dense grid. the robot is alone. If there is a person, the system verifigrgeif

The basic idea is that local object appearance and it8€ad of the person is up or down. In the sequence, the systen
shape can often be characterized rather well by the digimipu  €valuates if frontal face or left and right face profile, left
of local intensity gradients or edge directions, even witho 9Nt face profile, efth0 degrees o5 degrees of face profile,
precise knowledge of the corresponding gradient or edg@nd finally, right90 degrees or5 degrees of face profile. It
positions. In practice, this is implemented by dividing the WOTks like a decision tree.

image window into small spatial regionee{ls), for each cell For the implementation of the proposed system, it was

accumulating a local 1-D histogram of gradient directions o ysed OpenCV library and an optimized software package for
edge orientations over the pixels of the cell. The combinedypport vector classification [3].

histogram entries form the representation. For betterianae
to illumination, shadowing, etc., it is also useful to castr
normalize the local responses before using them. This can be IV.  RESULTS
done by accumulating a measure of local histogeamergy,
over somewhat larger spatial regiortsogks), and using the
results to normalize all of the cells in the block. The normal
ized descriptor blocks are referred by Histogram of Ori@nte jg showed the result of each folder and the mean and standar
Gradient (HOG) descriptors. deviation (S.D.) is showed in the Table II.

The HOG representation has several advantages. It captures
edge or gradient structure that is a characteristic of Iskape,
and it does so in a local representation with an easily cbntro
lable degree of invariance to local geometric and photametr
transformations: translations or rotations make littliéetience
if they are much smaller that the local spatial or orientatio
bin size.

To validate the proposed system, first was analyzed the
performance of the database by using R software [14]. For
this, we use a k-fold cross validation, whére= 10. In Table |

The Table I is composed by the accuracies of each classi-
fication type done by a SVC in each folder. In general, SVCs
using polynomial kernel classify correctly, with the lowes
value 78,12 acquired. Moreover, this table showed also the
importance of the database for this problem. This assumptio
is corroborated by de difference d2.51 among accuracies in
the same SVC.

D. Learning method TABLE Il. M EAN AND STANDART VARIATION OF TEN CROSS

. . . . VALIDATION USING R SOFTWARE
Support Vector Classification (SVC) is a popular machine

. s . : : . Mean S. D. Mean S. D.
Iearnlng_ method for classification. It is looking for the mpn_il . oUW 8513 160 Right MaxMin 9456 4.26
separating hyperplane between the two classes by maxmgnizin Up-Down 8970 142 D Frontal - LR 84,27 3,91
the margin between the classes’ closest points. It is cagabl Frontal - LR~ 92,44 1,87 D LeftRight ~ 89,74 3,02

Left-Right 97,74 1,72 D Left Max-Min 91,33 3,22

classify a input data in two-class and multi-class. The dasi Left Max-Min 9710 230 D Right Max-Min  89.39 410

concept is to use a nonlinear kernel function to project the
input data into a high-dimensional space and then to usarline
regression to fit a hyperplane, as given by:

One can noted from the results obtained in Tables | and
I, that the proposed system is appropriated.

fz)=w- d(x) —b (1) After this offline evaluation, a group of tests were prepared
in which the system needed to classify new states. For this,
where- denotes the dot product and the normal vector four evaluations were executed in front of the camera, where

to the hyperplane. The parameﬁf,v‘h determines the offset of the sequence of states were: frontal, right min, right max,

P down right max, down right min, down frontal, down left
the hyperplane from the origin along the normal veator min, down left max, left max, left min and out. Futhermore,

This is accomplished by simultaneously flattening the hy-in all experiments, the time spend in each position was not
perplane, e.g. minimizingw?||, whereas also minimizing the concerned. The Table Ill showed the results of mean of ten
sum of the error from data points which lie outside a marginjmages analyzed in the center of each position. In other syord
¢, surrounding the hyperplane. Then, one can use nonlineahis mean that if for the test, 30 images for frontal face were

kernel functions of the form: considered, the images analyzed, in this case were betweel
image 10 and 20. The Table IV presents all images analyzed
k(a,b) = B(a) - B(D) 2) by the value of mean. A total df825 images were analyzed.

The results of Table Il showed that the best elements
The classification kernel used by the system is known bylassified were FRONTAL, R-MIN, R-MAX and OUT. In spite
polynomial kernel 3, it was chosen by better performance irof get expressive value in the table, the result of right side
previous comparative analyses with other kernels. is not representing the values of primary test in R software.
Moreover, the down right profile does not follow the accueaci
of up right profile. The other side profile (left), the sitwati
Fpolynomial (@, b) = (gamma  a’ x b+ coef0)%97°¢  (3)  is worst if compared to the result got with R software.



TABLE I.  TEN FOLDER CROSS VALIDATION USINGR SOFTWARE
1 2 3 4 6 7 8 9 10
Outin 89,72 8696 86,56 89,72 88,93 90,51 91,30 88,14 90,91 5488
Up-Down 8854 8878 9260 89,26 9045 89,26 90,21 87,35 88,59,02
Fronta-LR 92,59 90,37 89,63 91,85 90,37 9407 9333 93,33 6959333
Left-Right 95,23 100 9524 9762 100 97,62 97,62 988l 96,43 8198,
Left Max-Min 97,37 97,37 9474 9210 100 97,37 100 97,37 97,37 3®7,
Right Max-Min 97,82 100 89,13 97,83 8696 91,30 9565 97,83 635, 9348
D Frontal - LR 78,12 84,38 90,625 8229 79,17 86,46 84375 87,5228 87,5
D Left-Right 91,03 8461 92,31 93,59 84,61 89,74 91,03 91,03 01, 88,46
D Left Max-Min 9556 91,11 8889 8667 8889 91,11 8889 9556 1B1, 9556
D Right Max-Min 96,97 9394 87,88 87,88 8485 87,88 93,94 87,887,88 8485

The values seen in Table IV confirmed what was presented7]
in Table lll. The diagonal which contains the correct classi
cation get considerable, 61) with some misrepresentations
(three results abové&l,61) what can be considered as an
interesting start point of study. (8]

V. CONCLUSION 9]

In this paper, it was presented an ongoing work for the
development of a computer vision system to turn able a robot
to identify the presence of a person in an environment ang
in such case, to classify the head pose. This system will be
inserted in a social robotic architecture inspired on Béarav
Analysis. A complete analyze of data accuracies was predent
fo offline data.

The experimental results showed that the proposed system
has great capability to classify to identify the presenceaof
person and her/him head pose. In the real time executioas, tf!2]
system showed have flexibility of the head position, but the
classification accuracies need to be improved.

[11]

As a future work, we intend to improve the classification [13]
accuracy and stability of the system. Moreover, identiitzat
of objects will be added to the system. This complex visua
system will able to percept all important information from
environment to our robotic architecture.

I[14]
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TABLE IIl. A CCURACIES OF TEN EXAMPLE CLASSIFICATION

FRONTAL R-MIN R-MAX D R-MAX D R-MIN D FRONTAL D L-MIN D L-MAX L- MAX L-MIN OUT

FRONTAL 5,50 0,50 0,00 0,75 0,25 0,50 0,50 1,00 0,00 0,75 0,25
R-MIN 1,75 5,00 0,75 0,00 0,25 0,75 0,75 0,75 0,00 0,00 0,00
R-MAX 0,75 0,75 5,00 0,50 0,75 0,25 0,75 0,25 0,00 0,00 1,00
D R-MAX 1,00 1,00 0,00 2,50 0,25 1,00 0,25 2,75 0,00 0,25 1,00
D R-MIN 0,75 1,25 0,50 1,00 0,75 1,50 0,50 1,50 0,50 0,00 1,75
D FRONTAL 2,25 1,75 0,00 0,75 0,25 2,75 0,75 1,00 0,00 0,00 00,5
D L-MIN 2,25 0,50 0,00 0,25 0,50 2,00 2,75 1,25 0,00 0,00 0,50
D L-MAX 1,50 0,50 0,00 0,25 0,00 1,50 0,75 4,50 0,50 0,25 0,25
L-MAX 3,00 1,25 0,25 0,50 0,50 0,75 0,25 1,25 0,00 0,50 1,75
L-MIN 4,25 0,75 0,00 0,00 0,25 1,50 0,25 1,25 0,25 0,25 1,25
ouT 0,75 0,25 0,25 0,50 0,00 1,25 1,25 0,75 0,00 0,00 5,00

TABLE IV.  ACCURACIES OF ALL DATA CLASSIFICATION
FRONTAL R-MIN R-MAX D R-MAX D R-MIN D FRONTAL D L-MIN D L-MAX L- MAX L-MIN OUT

FRONTAL 54,59 3,87 0,00 8,08 6,68 3,26 2,46 9,74 0,00 1,69 29,6
R-MIN 17,88 34,81 7,22 2,86 3,54 10,66 3,55 13,86 1,72 0,23 67 3,
R-MAX 20,04 6,70 40,41 3,87 3,02 5,40 6,00 7,40 0,66 1,10 5,40
D R-MAX 8,15 7,77 1,00 21,61 3,62 10,58 3,95 19,62 0,00 5,27 ,438
D R-MIN 8,36 7,22 4,80 11,08 9,25 13,13 9,23 20,21 3,00 0,37,333
D FRONTAL 15,77 7,91 1,57 4,06 1,82 32,85 6,05 15,86 1,74 1,21,16
D L-MIN 15,94 3,33 0,00 0,76 2,57 17,83 26,49 17,72 0,68 3,22,41
D L-MAX 13,34 3,26 0,00 1,09 0,83 15,73 5,89 49,55 4,61 2,56 143,
L-MAX 22,03 8,26 1,48 3,28 1,88 3,44 10,40 22,63 5,35 6,05 185,
L-MIN 33,89 11,07 1,32 1,77 4,78 16,52 4,54 9,88 1,97 715 171
ouT 8,83 4,46 2,40 0,56 0,69 10,73 7,30 14,67 1,81 1,87 46,69




