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Abstract

Human detection is a key ability to an increasing number of aplications that op-
erates in human inhabited environments or needs to interactwith a human user.
Currently, most successful approaches to human detectionra based on background
substraction techniques that apply only to the case of static cameras or cameras
with highly constrained motions. Furthermore, many applications rely on features
derived from speci ¢ human poses, such as systems based orafieres derived from
the human face which is only visible when a person is facing # detecting camera.
In this work, we present a new computer vision algorithm desjned to operate with
moving cameras and to detect humans in di erent poses under artial or complete
view of the human body. We follow a standard pattern recognifon approach based
on 4 main steps: i) Preprocessing to achieve color constan@nd stereo pair calibra-
tion, ii) Segmentation using depth continuity information , iii) Feature extraction
based on visual saliency, and iv) Classi cation using a newal network. The main
novelty of our approach lies in the feature extraction step,where we propose novel
features derived from a visual saliency mechanism. In congéist to previous works,
we do not use a pyramidal decomposition to run the saliency glorithm, but we im-
plement this at the the original image resolution using the ®-called integral image.
Our results indicate that our method: i) Outperforms state-of-the-art techniques
for human detection based on face detectors, ii) Outperforma state-of-the-art tech-
niques for complete human body detection based on di erent st of visual features,
iii) Operates in real time on-board a mobile platform, such & a mobile robot (15

fps).

Key words: human detection, visual saliency, visual features, movingcameras.

Corresponding Author.
Email addresses:samontab@puc.cl (Sebastian Montabone), asoto@ing.puc.cl
(Alvaro Soto).

Preprint submitted to Image and Vision Computing 9 January 2009



1 Introduction

Human detection is a key ability to an increasing number of ggications that

operates in human inhabited environments or needs to intezawith a human

user. As an example, cars provided with pedestrian proteoti systems require
some type of human detection capability [12]. In the same wagn autonomous
mobile robot, such as a social robot [8], needs to detect hunsato perform

tasks like aid for rehabilitation in hospitals [21], assisince in o ces [1], or

guidance in museums [4].

There is an extensive list of works dedicated to the problent buman detection

[24]. Most of these works are based on static cameras, whehne goal is not
only to detect but also to track humans [39]. In this case, thenost popular

approach is to detect humans using background subtractionethods. These
methods require that the image background does not changeveeely between
frames. Systems using background subtraction rst build adckground model
of the controlled environment. This has been done in many derent ways [24];
one example is generating a Gaussian distribution of the HBaground as seen
in [39]. When the platform is mobile, however, as in the casé @ mobile robot,

none of the background subtraction methods can be applied.

An important aspect of human detection is that the system shdd be able
to detect a human under di erent poses, however, most curresolutions still

rely on detecting human faces [3,14,23,20]. This has the alilvantage that a
human can only be detected when is facing the camera. In patiar, in the

case of a mobile robot this leads to a loss of several socigdexds. For instance,
if the robot wants to initiate a conversation, the user has t@lready be paying
attention to it, which is not always the case. Similar problens might arise in
the case of a pedestrian detection system where the human danin any pose
with respect to the detecting system.

In this way, although important advances have been achieved the develop-
ment of algorithms for human detection, there is still spacéor further im-
provements, particularly in the case of a mobile platform tht needs to detect
humans under di erent poses [13]. Furthermore, many appktions also re-
quire real time operation, stressing the need for an e cienhuman detection
system that can provide a timely detection. These are the maichallenges
that we face in this work.

In this work we present a human detection system able to: i) Ggrate on a
mobile platform, ii) Detect humans under di erence posesncluding frontal,
back, and pro le views of the complete and upper human bodyii) Operate
in real time (15 fps). The key principle that provides such eibility in the

detection is the use of novel features for human detectionrie=d from a visual



saliency mechanism. We call these features: Visual Saligrieeatures or VSFs,
and we refer to the method to extract them as VSF. These feates are based
on a biologically inspired attention system. Due to this, tke size and shape of
the Iters used for calculations of the proposed features arnot user de ned
like most previously used features for human detection [B4]. Experiments in
real life scenarios show that the proposed system: i) Outgerms state-of-the-
art techniques for human detection based on face detectoig, Outperforms
related systems based on di erent set of visual featuresj)iOperates in real
time on-board a mobile robot.

This paper is organized as follows. Section 2 reviews relevarevious work on
human detection using computer vision techniques. Secti@presents relevant
background material. Section 4 discusses the main detail§ @ur approach.
Section 5 shows the results of testing our algorithm under drent real case
scenarios. Finally, Section 6 presents the main conclusgof this work.

2 Previous Work

The state of the art in human detection systems can be dividedhto two
main categories: i) Methods that require background subsiction as a rst
step to detect the interesting objects. ii) Methods that peiorm the detection
using uncontrolled moving cameras. Our method belongs toighlast category,
hence, we concentrate our review in methods that do not rely ibackground
subtraction techniques. For a more extensive review refeo {13,11].

In 2004, Gavrila et al. proposed a pedestrian protection dgsn for moving
vehicles [12]. Human bodies are detected using a shape-dasethod known
as the Chamfer system. Every detected shape is then passedatpreviously
trained neural network as a veri cation step using texture a the feature. As
stated by the authors, this system requires more accuracyrfase in the real
world.

Rajagopalan and Chellappa proposed an statistical apprdador describing
the shape of humans using clusters [29] and later generatizefor detecting
humans and vehicles [30].

In 2000, Zhao and Thorpe presented an interesting work wheteiman de-
tection is accomplished using the complete human body [40.uses a neural
network fed with the intensity gradient of the objects. Steeo information is
used for removing areas of the image that do not belong to théject itself
in order to diminish the negative e ects of background cluter. The reported
detection rate of this system is 85.4%.



In the work proposed by Papageorgiou and Poggio, human detien is per-

formed using Haar-like features over a previously trainedipport vector ma-

chine classi er [27]. Haar-like features are intensity derences at user de ned
rectangular regions. The size of these rectangular regiosobject dependent.
The authors manually select this parameter on their trainig data obtaining

a detection rate of 90%.

In 2001, Viola and Jones constructed a fast frontal face det&n system based
on an extended set of Haar-like features and an AdaBoost cdasr [34]. It
also presents the use of an integral image in order to speed e feature
calculation process (Ref. Sec. 3.1). This system was latesad in many works
due to its real time operation and accuracy [14,3,23,37]. #d, this system was
later updated to use motion in order to increase the detectiorates [35].

Color cues have also being used to detect humans, mainly nvatied by the
robustness of skin color detection techniques [33]. In [28]szczolkowski and
Soto present a human detection system for a mobile platformabed on depth
segmentation and a new color based technique to detect facks[23], Munoz-
Salinas et al. also use color and depth information for humatetection by
combining plan-view map information and a color face deteat.

3 Background Information

In this section, rst the concept of an integral image is ex@ined. Afterwards,
attention systems and saliency maps are presented. Finallpomputational
models of visual saliency are introduced and compared.

3.1 Integral Image

This concept was rst referred to as summed-area tables orxeire mapping
in the eld of Computer Graphics [5]. Later, this idea was braght to image
processing in the work of [34]. They presented a revolutionainvestigation in
the object detection area, producing results up to 15 timeaster than previous
works.

Given a grayscale imagg each pair ; y) of the integral imagel ofi represents
the sum of the image values above and to the left of x,y:

y)= o ieay: 1)

x0 xy0 'y



Therefore, given any particular rectangular area de ned by 1 = (x1;y1) and
P2 = (x2;y2) its sum can be calculated in constant time using the integt
image:

rectSum(xl;yl; x2;y2)=1(x2;y2) |(x1;y2)
I (x2;y1) + | (x1;y1): (2)

3.2 Attention Systems and Salience Maps

Attention systems are used to compute interesting areas ofgaven image or
video. This is done because of the vast amounts of informatithat a computer

vision system normally needs to process. It is impracticabif those systems
to exhaustively search through all the data. Therefore, onlthe interesting

regions computed by an attention system are used, consideladecrementing
the complexity of the tasks.

The most common attention systems are based on biological deds [32]. These
models suggest that the human visual system uses only a portiof the re-
ceived information in order to achieve faster results whenedling with com-
plex scenes. This portion is known as the Focus of Attentio®ne of the most
accepted theories about the Focus of Attention is the Treisam's Feature-
integration Theory of Attention [32]. Basically, he proposs that a saliency
map is built by mixing parallel feature maps.

The retina of the human eye contains ganglion cells which m&ge the visual
information from photo receptors through the bipolar cells The receptive
elds of the ganglion cells are composed of two areas, the saund and the
center. There are two types of ganglion cells: i) On-centeagglion cells which
respond to bright areas surrounded by a dark background, ang o -center
ganglion cells which respond to dark areas surrounded by agint background
[26]. Most attention systems build upon the base of the Theprof Attention
using center-surround di erences [17,9,32].

3.3 Computational Models of Visual Saliency

Computational models of visual saliency often try to mimic e behavior of
the receptive elds of ganglion cells. Because of calculatis of on-center and
o -center di erences, expensive computations needs to beode. Commonly,
there is a trade-o between accuracy and speed of computatioAs a result,
usually attention systems only deliver coarse grained infmation to decrease
processing time.



One of the most accepted and widely used computational modedf attention
was proposed by [17]. This system has a solid theoretical kgoound, is able to
integrate di erent visual cues, [32] and performs relativg well. In addition to

this, a completely documented and supported implementatioof the system,
the iLab Neuromorphic Vision C++ Toolkit (iNVT), is publicl y available [16].

Over the past few years, the original work of [17] was improgen the system
called VOCUS proposed by Frintrop [9]. Retaining the same #ory from the
work of [17], but implementing it in a di erent manner, Frintrop managed to
deliver more accurate results, but at the expense of more cpuotational time.

The center-surround di erences calculated by INVT and VOCW are slow.
To increase the speed of the systems, both works adopted twppaoxima-

tions: i) squared regions, and ii) image pyramidal decompitisn. In terms

of squared regions, center-surround calculations in the man eye are circu-
lar [26]. For simplicity, INVT and VOCUS approximate these egions with
squares. No substantial di erence is presented in the ressiwhen using circu-
lar areas instead of squared ones [10]. In terms of pyramidéécomposition,
as the system works only with the most downsampled scales imet pyramid,

the output quality gets compromised. This normally leads tgoorly de ned

borders of the objects in the resulting saliency map. Althah VOCUS uses
the same concept of image pyramids as iINVT, the particular nigod used by
Frintrop yields better results [9].

@ On-Center (b) O -Center
ganglion cell ganglion cell

(c) On-Center ap- (d) O -Center ap-
proximation proximation

Fig. 1. On-center and o -center ganglion cells and their appoximation on compu-
tational models of visual saliency.

INVT and VOCUS use center-surround di erences to calculatsaliency maps
based on di erent visual cues. For simplicity, only intengy map computation



will be described next for each system. The use of center-saund di erences
for the calculation of other saliency maps is analogous.

3.3.1 iNVT

This system rst generates a grayscale version of the inputmiage. Then, it
calculates an image pyramid of eight grayscale images, eaxte of them scaled
to one quarter of the previous one.

After that, center-surround di erences are calculated asraacross-scale dif-
ference between coarse and ne scales. Fine scales are dé s a scale
s 2 f 2;3;4g and coarse scales are de ned as a scal@ f 5; 6; 7; 8g.

An across-scale di erence is calculated by scaling the csarscale into the ne
scale and then executing pixel by pixel subtraction. Next, lathe maps are
summed up to obtain the nal intensity map. This yields fast ut very poor
feature maps [17].

Also, center-surround di erences are calculated as abstduvalues. In other
words, no di erence exists between on-center and o -centedi erences for
this system. This can be calculated faster, but lacks the ekility of separated
maps [9].

3.3.2 VOCUS

In VOCUS [9], the intensity map is calculated as follows: r§ the original
color image is converted into grayscale. Then, a Gaussiandage pyramid is
created. This is achieved by applying a 3x3 Gaussian lter téhe grayscale
Image, and after that, scaling it down by a factor of two on edcaxis. The
Itering and scaling are repeated four times, yielding ve mages:io, i1, i2,
i3, and is. From this moment on, the system only takes into account the
information present in the smallest scales; images, i3, and i, (See Fig. 2).

The system now calculates on-center and o -center di erems in the three
images that represent scales 2 f 2; 3; 4g respectively. Centers are represented
as a pixel and two surround values, , are used: 3 and 7, based in the work of
[17]. Therefore, 12 intensity submaps are generated. Thegmess of calculating
these submaps is as follows: rst, center and surround are ded:



(a) Original Image (b) VOCUS iy (c) VOCUS i1
(d) VOCUS i, (e) VOCUS i3 (f) VOCUS g4

Fig. 2. VOCUS Image Scales. In VOCUS, the original image is awerted into
grayscale. Next, ve di erent image scales are created i(;:::;i4). The system then
works with the smallest scales {2;i3;i4), represented in the bottom images.

S . _
is(x+ xSy +y)  is(xy)
e V= XE= =

surround(x;y;s; )= o D7 1 3)
center(x;y;s) = is(X;y); (4)

then, every pixel of each intensity submap is calculated:
Int ons: (X;y)=maxfcenter(x;y;s) surround(x;y;s; );0g (5)
Int ofr.s:  (X;y)=maxfsurround(x;y;s; ) center(x;y;s);0g; (6)

wheres 2 f 2; 3; 4g represents the image scale, 2 f 3; 79 the surround, and
On, Off , the on-center and o -center di erences respectively.

After that, an on-center intensity map is calculated. This $ done scaling the
six on-center intensity submaps into the largest scalé;, and then summing
pixel by pixel. An o -center intensity map is generated the ame way, using
the o -center submaps.

S; Int Off;s; (8)

Int of



where denotes the across-scale sum previously explained.

3.3.3 Discussion

The are two main di erences between VOCUS and iNVT: The rst me is
that VOCUS generates independent on-center and o -cententensity maps,
whereas iINVT only calculates the absolute di erence betwaecenter and sur-
round. This gives VOCUS the advantage to distinguish betweethese two
features [9].

The other main di erence is that when INVT calculates the ceter surround
di erences, it subtracts images from ne and coarse scalagsizing to the nest
scale, therefore yielding less de ned borders. VOCUS insi# rst calculates
center surround di erences in every scaled image and thensiees the images
to the largest scale, adding all the computed intensity subaps pixel by pixel.
This technique yields better results than the work of [17] duthe processing
time is slower [9].

3.3.4 Drawbacks of iINVT and VOCUS

The main drawback of INVT and VOCUS is that the resulting featire maps
are very poor. They do not contain the same level of resolutigorovided by
the original image. These works rst scale down the image by factor of 16
resulting in considerable detail loss. Then, they proceea tbuild an image
pyramidal decomposition, further decreasing the details.

Generating good quality feature maps is needed in order totain ne grained
information of the objects. Until now, all attention systens only provide coarse
grained information in their feature maps. This is the de céncy that we ex-
ploit to use saliency information as a novel feature desctgr mechanism to
directly achieve classi cation instead of only as a visualtgention mechanism
[36,17,9,7] or a relevant region detector [18,22,31] as irepious works.

4  Our Approach

Our approach for human detection follows a standard pattermecognition
scheme based on 4 main steps: i) Preprocessing for sterea palibration, ii)
Segmentation using depth continuity information, iii) Fedure extraction based
on visual saliency, and iv) Classi cation using a neural netork. An overview
of the overall approach is shown in Fig.3. We describe nextehdetails of each
step.



Stereo Camera/
Image Pair

il

Object 1 Feature Set 1|
Right View Object 2 Feature Set 2
> > | Feature Set 2 3
Preprocessing Obiject Segmentation g Feature Extraction 2 Object Classification
Module Module o Module o Module
Left View Object n Feature Setn

Object 1 = Non Person / Person
Obiject 2 = Non Person / Person

Object n = Person

Fig. 3. General diagram of the proposed system.

4.1 Preprocessing Module

4.1.1 Rectication

The original images taken from the stereo camera are rst ré@d using
the calibration parameters obtained using the Small Visio®ystem (SVS) [19]
calibration routine. A standard chessboard printed image &s used to calibrate
the device.

4.2 Object Segmentation Module

Stereo information obtained from the SVS is used to segmertjects from the
scene. The system uses a segmentation approach based on thekwef [15].
There are three steps involved in this module: (i) Depth segentation, (ii)
Analysis of connected components on each previously segtednlayer, and
(iif) Application of set of lters in cascade. A diagram of this module can be
seen in Fig. 4. The details of the di erent steps are preserdenext.

First, the system calculates the disparity image for the eime frame and a
disparity histogram is generated. Each local maxima of theigparity image
represents the existence of one or more solid objects at a tiarar depth.
The original depth image is segmented into layers, wherei is the number
of local maxima in the histogram of disparities. Closer obgts often present
more variable depth values than distant ones. When extractg the ith layer
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from the depth map a depth dependent value d; is generated rst. This

value is calculated using a polynomial t on previously obtaned correct hu-
man segmentation values at di erent depths. Only values thalie inside the

depth range de ned by (; di;di+ d) are present in theith layer. Every

layer is separated from the original depth map generatingdtated images of
di erent objects at di erent distances. Afterwards, every layer is segmented
using standard connected components analysis.

As a nal post-processing step, every blob is passed throughcascade set of
Iters. The system lters out candidate blobs using size anghape constraints.
An estimate of the object's real height, width and depth can & obtained
using stereo vision. Also, the bounding box that de nes eachlob provides
aspect ratio information. In this way, using thresholds adated to the expected
dimensions of a human in an image, the system lIters out blobthat: (i)
Present a real world height that is less than 40 cm, (ii) Are wier than its
height, or (iii) Have a height that is more than three times is width. Filtered
out blobs are split using a simple method. This method consssin measuring
the valid height for every line in the blob, yielding a maximm valid height.
Every line that is shorter than half of the maximum height is &minated,
splitting the blob.

It is worth to mention that the previous scheme provides a higlevel of free-
dom to move the video cameras, as opposed to other segmematimethods
commonly used to detect human by a mobile robot, such as meti® based
on oor plane assumptions [15].

Object Segmentation Module

alayer 1 coe
v Layer2 ooe

Right View | o Depth
Left View Segmentation

o[Blob 2—4 gy, || Segmented
o Filter Objects

Fig. 4. Object segmentation module diagram. First, layers @e obtained through

depth segmentation using stereo analysis. Then, connectedomponents analysis is
used in order to extract blobs from each layer. Each blob is tlen Itered using size

and shape constraints.

4.3 Feature Extraction Module

Attention systems are commonly used in computer vision apphtions as pre-
processing modules (Ref. Sec. 3.2). As we explained befdhe high com-
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putational cost of running visual attention systems at fullimage resolution
has avoided the use of saliency mechanisms as direct featexéraction meth-
ods. This explains why most common attention systems provedonly coarse
grained information.

This work proposes the use of visual saliency as direct feaeds for human
detection. In order to obtain high quality features, a novelvay of calculating

visual saliency is presented. The proposed features or VShkse the same
biological theory as [9] and [17] but uses an integral image ¢he original

scale in order to obtain high quality features in real time (Rf. Sec. 3.1).

First, a Gaussian lter with a 3x3 window is used twice, in or@r to smooth
the image and obtain the same robustness to noise as the pmis works [9],
[17]. Then, the system calculates on-center and o -center drences separately
using a unique integral image with variable size lter windas over the original
grayscale image (See Fig.5).

(a) VOCUS i, (b) VOCUS i3 (c) VOCUS i

ees

(d) VSF emulating VO- (e) VSF emulating VO- (f) VSF emulating VO-
CUSi, CUSij3 CUS i,

4.3.1 Filter Windows

Fig. 5. Top: Iter windows used in VOCUS for scales 2, 3, and 4,respectively.
Red windows (larger) represent = 7, and green (smaller), = 3. Bottom: lter
windows used in VSF, red windows represen&values of 28, 56, and 112 respectively,
while green windows represen®& values of 12, 24, and 48, respectively. Notice how
the Iters in VOCUS loose detail as the size of the Iter window grows larger, in
contrast, the ones in VSF preserve all their details at all sales.

VOCUS lter windows are de ned by the scales 2 f 2; 3; 4g and the surround
2 f 3;7g9. Therefore there are 6 dierent sized Iter windows in VOCUS

12



Using them in order to calculate on-center and o -center dierences yield the
12 intensity submaps previously referred to.

The VFS method implements all of the same lIter windows usechiVOCUS.
The main di erence is that the lIter is applied to the entire original image,
instead of scaled down versions. Therefore, the system usedy a single pa-
rameter to de ne all the Iter windows that will be calculated on a single
integral image:

&= 2% 9)
Where represents the surround and, the scale, both used in the VOCUS

system. Also,&denotes the surround to be used in VSF in order to cover the
same window as the VOCUS window.

4.3.2 Feature Calculation

In order to calculate the intensity submaps, we rst de ne ceter and surround
using Eq. 2:

rectSum(x &y &;x+ &;y+ & i(x;y)

surround(x;y; & = e+ 1) 1 (10)
center(x;y) = i(x;y) (12)

Then, every pixel of each intensity submap is calculated asliows:
Int on.e(X; y) =maxfcenter(x;y) surround(x;y; &;0g (12)
Int ofr.¢ (X; y) =maxfsurround(x;y; & center(x;y); 0g (23)

Where &2 f 12, 24; 28, 48, 56; 113 represents the surround, and®n, Off , the

on-center and o -center di erences respectively. Note thathe values of&are

specially calculated using eq.(9) in order to process themsa windows as the
VOCUS system (See Fig.5).

Then, an on-center intensity map is calculated. This is donsumming the
Six on-center intensity submaps pixel by pixel. An o -cente intensity map is
generated the same way, using the o -center submaps. Finglboth maps are
summed up.

X
Inton = Int on:& (14)
&
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X
Int off = Int Off:& (15)
&

All the details of the image are preserved because the surrsbwindow varies
according to the surrounding and scaling values proposed WMOCUS. This is
done in order to calculate the same center-surround di erees but in a highly
accurate way.

4.3.3 Center-Surround Calculation Results

The results shown in Fig. 6 and Fig. 7 demonstrate the posigve ects of
not scaling the images when calculating the center-surrodrdi erences. VSF
provides ne grained feature maps and much more de ned borde Other
systems, such as VOCUS, only generate coarse grained featmnaps with
poorly de ned borders.

(a) Original Image

(b) VOCUS O -Center (c) VSF O -Center Sur-
Surround round
(d) VOCUS On-Center (e) VSF On-Center Sur-
Surround round

Fig. 6. Comparing Results of VOCUS and VSF. Notice how the dedil is preserved
in VSF (right) and how the VOCUS results are poorly de ned (left).

In this work, a novel feature set is proposed: VSFs. Each segnted object is

14



(a) Original Image  (b) VOCUS O -Center (c) Proposed O -Center
Surround Surround

Fig. 7. Image Details. VOCUS (center) only calculates coars grained center sur-
round di erences, loosing important details of the image. Instead, VSF (right) uses
all the available information to provide a ne grained feature map.

passed to the feature extracting module, obtaining VSFs. ®se VSFs repre-
sent the most salient parts of each object. As these featurase biologically
inspired, lters size and shape are obtained from previousestigations on
how the retina perceives light stimuli [26] instead of beingser de ned as most
previously used features for human detection. Examples ofS¥s can be seen

in Fig. 8.
W i “ | '-ll [}
e

(a) Humans feature sets

BECRIEGE

(b) Objects feature sets

!

Fig. 8. Examples of VFSs. Top row shows the resulting VFSs foseveral humans in
di erent positions. Bottom row shows the resulting VSFs sets for random objects
such as windows, walls, and doors.

4.3.4 VSF vs VOCUS computational costs

VOCUS explicitly uses Eg. 3 to determine its features for eadmage pixel
at every scale. Given a center-sorround Iter window of? pixels, VOCUS
feature calculation has ordefO(n?) for each Iter because it sums every term
individually. On the other hand, VSF uses the integral imag€Ref. Sec. 3.1) to
obtain the same calculation in constant time ©(1)). This provides VSF the
ability to calculate features with Iters of any size at congant speed. Using
this ability, VSF calculates the same features as VOCUS butitthout the need
to down sampling the original image. Instead of keeping theme size of the

15



Iters and resizing the original image as VOCUS does, VSF uselters of

di erent size (emulating the ones from VOCUS) applied at theoriginal image
resolution. The overhead of VSF is the initial calculation bthe integral image,
however, this needs to be calculated only once by a straighrfvard scan over
the whole image.

4.4 Object Classi cation Module

The system uses a feedforward neural network trained with blepropagation
in order to classify objects. The inputs of this module are # VSFs, scaled
into 18 x 36 pixels. Example images can be seen in Fig. 8. Theursd network
is composed of three layers: (i) The input layer with 648 neans, one for each
pixel, (i) The hidden layer with 5 neurons, and (iii) The oufput layer with 2
neurons, where the likelihood of being a human or non humanssored. The
criteria for human acceptance is calculated by comparing booutput neurons.
The one that has the largest value represents the output of ¢hneural net.
In order to obtain faster calculations Sigmoid activation dinctions were used.
Therefore every pixel in the input image has to be scaled intthe f 1::1g
range. The values selected are similar to standard ones usadother works
that rely on a neural network for object classi cation [13].

5 Implementation And Results

In order to test the proposed system, we measure its performze on 3 main
experiments: i) Detection of humans under di erent poses,)i Comparison
with a commonly used technique to detect humans based on fagetection,
and iii) Comparison with other human detection systems badeon di erent

visual features.

The system was mounted on top of a mobile robot. This robot wasxposed to
real life scenarios in di erent human inhabited environmets. Figure 9 shows
some of the environments used to test our method. The base aktrobot is a
Pioneer P3-DX. A stereo camera is placed on top of the robot diit is able to

take up to 30 frames per second. The stereo camera is con guii@ order to

deliver valid range data from around 1.5 m to 10 m. The systens iexpected
to operate in non crowded scenarios. The stereo camera isqad on top of a
pan-tilt system. A saccadic control to manipulate the motia of the camera is
used. The stereo camera is connected via rewire directly ®notebook which
processes the information in addition to controlling the patilt system. The

system is implemented in C++ on a laptop with an AMD Sempron 179 GHz,
1.12 GB of RAM, running Linux Ubuntu 7.04 with a rewire interface to the
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stereo camera. This implementation allows us to achieve tg¢ane operation.

(a) Outdoor: Pub- (b) Outdoor:
lic Park Street

(c) Indoor: House (d) Indoor: O ce

Fig. 9. Di erent environments where the system was run.

As training data, several images were acquired from diversmvironments
segmenting di erent objects from the scenes. In order to olin these images,
the system wandered around those environments and storecegy segmented
object. Using this output, the authors manually labeled 2,29 object images,
where 985 of them represented humans and 1,254 representesh thuman
objects, such as trees, windows, doors, light posts, etc. dges were taken in
both indoor and outdoor locations, such as o ces, parks, andtreets. In the
set, humans appear under six di erent poses: frontal, baclgnd pro le, with
full and upper body views for each case. An example of thesespe can be
seen in Fig. 10 and further examples can be seen in Fig. 12. Teb1 and 2
present further details of the training images. Example triaing images can
be seen in Figure 11. Each image has been masked with the alalé stereo
information and resized to a common size of 18x36 pixels. Thiatabase is
publicly available at http://samontab.googlepages.compedDatabase.rar.

It can be seen in Table 1 that the number of training images fdrontal poses
are slightly higher than the rest. This is explained becaus# the social nature
of the robot. While obtaining training data, most people appared in front of
the robot staring at it. This di erence in proportion that naturally appeared
is kept in the training set in order to represent the real typeof interaction
expected with people.

5.1 Dierent Poses Detection

The idea of this experiment is to test the performance of theystem under
di erent human poses. According to the training set describd before, each
human detection was archived in one of the following six cageries: i) Full

17



(a) Full Body, Frontal (b) Full Body, Back (c) Full Body, Prole

(d) Upper Body, Frontal (e) Upper Body, Back (f) Upper Body, Pro le

Fig. 10. Di erent poses detection. These images show the dierent poses that the
system can detect.

(&) Human examples

(b) Non human examples

Fig. 11. Training set. Examples of the training images usedn this work. Top row
shows humans while bottom row shows non-human objects.

body, frontal; ii) Full body, back; iii) Full body, pro le; i v) Upper body, frontal;

v) Upper body, back and vi) Upper body, pro le. As this systemis designed
for a social robot with live video input instead of still images, every detection
is considered only as one per human per pose. This means tlgven a video
sequence, a single human can only generate up to six detection the system,
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