Journal of Computer Science 6 (10): 1144-1150, 2010
ISSN 1549-3636
© 2010 Science Publications

Security Guard Robot Detecting Human Using Gaussian
Distribution Histogram Method

Mbaitiga Zacharie
Department of Media Information Engineering,
Okinawa National College of Technology, 905 Henoko,
Nago, 905-2192, Okinawa, Japan

Abstract: Problem statement: The purpose of any robotic is to perform tasks th&auman would
prefer not to do or hopefully do it with precisionorder to avoid mistakes or when a human is éut o
duty due to fatigue or health reasons. The resdatothuman detection into images has paid the way
be aware of what is going on around the housesiitdtibgs where a front-line security is needed 24 h
a day. In this research a human detection secufitgt based on Gaussian distribution histogram was
proposed.Approach: The proposed method consisted of three steps: Hd)RGB color space
histogram was created by subdividing a color spakecertain number of bins and then counted the
number of pixels that each bin contains. (2) Tleatad RGB histogram was converted into HSV color
histogram using Gaussian distribution method. (B& Bell-shape curve of the Gaussian distribution
was used to calculate the detection probabilityket the standard deviatidResults: Experimental
evaluation had been tested on the images sequerness the experimental results revealed that the
proposed method was less sensitive to changesisdbne achieving higher performance detection
than traditional method of histogram creation amd fbeen found to be robusonclusion: The
results showed that the histogram based humantueteesists to any changes in the image scenes.
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INTRODUCTION body articulation and mutual occlusion. Althougte th
visual sensor gives a lot of information, many
Robotics today are advancing to the point wherdlifficulties appear during its use. We will not dm
many tasks that used to be for humans only have beexhaustive list of these difficulties but we widise the
supplements by machines that can do the same tasksin problems encountered during the development of
faster and safer than their human counterpartsqBye vision application. In order to detect a change in
Sanget al., 2008). Factories are using automated robotémages, computer vision programs store in memory a
that do repetitive tasks all day long leaving theren model which serves as background. Each image s the
skill oriented tasks for qualified personnel. Nowgs, compared with the background model to detect a
due to the recession that hits many security guardifference. However, if a lightning, snow or raimange
companies, security managers are turning to rotaots happens in the environment, the program will be
help get the job done in order to reduce persocosts.  disrupted by this sudden noise and weather comditio
This demand has driven the security robots to eadn and will not return good results. The task of ustird
the most important topics in the robotics reseaBit. human behavior can be approached from variousdevel
for the robot to be used in such domain, it needs tof details according to the complexity involvedthe
make a difference between objects and humansehavior. The overview article by (Aggrawal andkRar
Various modern control strategies have been afid sti2004)described the large variety of approaches, ranging
widely investigated to deal with this recognition from statistical modeling techniques such as Hidden
problem. The essence of this problem is the knogded Markov Model to biologically motivated recognition.
representation, that is to say, how to teach thetrto  (Park et al., 2008) applied these synergies in their
recognize human, or its motions and objects. Coenput approach for modeling motion. In this study we
vision based recognition of human activity involtee  proposed a new method of human presence detection
understanding of human behavior. Understandindor security guard robot using Gaussian distributimd
human behavior is a complex and challenging task istatistical probability method which consists of
computer vision due to ambiguity caused by nordrigi comparing two Hue Saturation Value (HSV) color
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histograms: (1) The HSV color histogram model thatthe other to the next state. The emission prokasili
serves as template. This histogram has been creatade modeled by Gaussian mixtures initialized byKhe
using Gaussian distribution on the basis of modeMeans algorithm based on the mutually segmentation
pictures taken with human presence. (2) The HS¥rcol data. Dia et al. (2007) proposed an approach for
histogram that is formed when the robot detecteab] pedestrian detection and tracking from infraredebas

or humans during its patrol mission. on joint shape and appearance cues. In their method
layer representation is first introduced and a gaired
MATERIALSAND METHODS Expectation-Maximization  Algorithm  (EMA) is

developed to separate infrared images into backgiou
Related work: A computer vision-based human (still) and foreground (moving) layers regardleds o
detection is a very difficult task especially inngglex = camera panning. In the two-pass scheme of detecting
and unstructured environments. To detect humampedestrians from the foreground layer: shape cfiests
presence or human motions many physical parametersed to eliminate non-pedestrians moving objects an
of human need to be perceived by the sensor moduléhen appearance cue helps to locate the exactquosit
These parameters can be summarized as follows: Skof pedestrians. These methods work well but have
color, face, body shape, voice, temperature andomot difficulties in environment changes.
But with the continuous development of technology,
many methods for solving this complexity problem Robot Platform: Robot mechanics: The robot shown
have started to be available over the internetkb@md in Fig. 1 consists of an iRobot originally develdger
conference proceedings. Most of the pursuedHumanoid Robot (HR).
approaches use a multi-modal strategy that combines Using this approach, high-level control of theabb
range sensors and color cameras in order to deteis maintained by a remote or local PC/server
human and its motions. In many projects, additionacommunicating by a secure wireless link. Low-level
hardware is used to improve the interaction cajias functionality is managed by an onboard Digital Sign
like for example microphones (Soltaual., 2001), pan- Processor (DSP) while computationally intensive
tilt units and unidirectional vision or an artifdiface  operations are performed off board. The resultrisbmt
for gesture expression. Brawet al. (2005)used the that is lighter, draws less power, runs longer &d
combination of color vision and a laser range fordramatically less expensive than fully or self-eomed
detecting and following human with mobile robots. | system. Moreover since primary processing resides i
their method, they used the Sequential Reducedd@upp server any hardware upgrades to the central umeit ar
Vector Machine (SRSVM) for classification of image shared by all robots it controls. With its high
space patches instead of regular one. Prior to thkeandwidth, Wireless Fidelity (Wi-Fi 802.11g) module
application of the SRSVM, the search space is redluc the robot can upload all sensors data to a PCreeisat
to image parts containing face candidates. Thesgates in excess of 10 Hz. Similarly, streaming awdid
candidates are determined using skin color filggand  video of up to 4 fps either for direct monitoring for
geometrical constraints. The search space is furthgrocessing by high-level Artificial Intelligent (Rl
reduced by fusing range information from the laserschemes is a snap. Commands and instructions sent t
scanner with the captured image. This yields thehe robot via the same wireless link also passatgsr
distance information for each face candidate which exceeding 10 Hz, providing real-time control andess.
then used to restrict the scale at which to lookdoes.
Gehrid and Schults (2008) focused on human motion
recognition as they appear in a kitchen and food
preparation scenarios, such as placing objects and
pouring fluid into container and discriminate 10
motions sequences. Each motion is described insterm
of a sequence of motion units, such as fetching,
maneuvering and placing back an object. Human
subjects were asked to perform these motions in a
controlled setting. To recognize these motions, the
features vectors are fed into 3-states from leftight
Hidden Markov Model which represents a motion unit.
Each state of the motion unit from left-to-right KM
has two equally likely transitions; one to the emtrand  Fig. 1: Integrated cameras and robot sensors
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Fig. 2: Samples photos for histogram creation

The wheels-based platform shown in Fig. 1 consits Fig- 3: RGB to HSV color space histogram (Fig. 2a)
two 12 V DC motors each supply 300 inches (22 kg s

cm) of torque to the robot's 18 cm (7 inch) wheels, T =7 -
yielding a top speed in excess of 1 m5¢8.3ft sech). b=
Two high-resolution (1200 count per wheel cycle)
guadrature encoders mounted on each wheel provide i -
high-precision measurement and control of wheel F
movement. Weighing only 6.1 kg (13.5 Ib), the sgste
is light, but it can carry an additional payload1df kg i
(22 Ib).
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I

Fig. 4: RGB to HSV color space histogram (Fig. 2b)
Robot sensors. The sensors consist of i90 that offer

full Wi-Fi 802.11g wireless, multimedia and sensing ~ This method results in a large number of bins
and motion capabilities and comes with a wide rasfge Which the color represented by adjacent bins would
sensor, camera and audio modules, sufficient teesar  reveal only a trivial difference. So when a chamge
any variety of applications. The robot offers broadillumination conditions or the presence of noise is
expandability as well for projects that may requireoccurred, it will determine a large number of pixéd
additional sensors, even specialized modules. Ralver drift from one bin to another bin. Using this medHor

by separate RC servo motors, the integrated camer&giman detection may give only a small difference of

head can pan and tilt independently. histogram for two different people with similar ski
. . tones. Consequently a good detection result maypaot
Human detection strategies: obtained. To obtain a robust detection system we

HSV histogram creation: Human detection in images converted the RGB histogram to Hue Saturation and
is one of the most difficult research topics in aer  value (HSV) color histogram as shown in Fig. 3 @nd
vision but has been proven useful in applicatiomshs  ysing Gaussian distribution method in order to egpa
as, monitoring pedestrian junctions, monitoringour application to multiple people with differerkirs
students at school, people at hospital and suave in tones. The HSV Gaussian color histogram is wetesui
various sites where there is a need for advanceg the task of human detection due to its varigbiio
frontline security. But human has been proven to bemplicitly capture complex multi-model patternsauflor
difficult to detect because of the wide variabiliily information. The value of Hue chosen ranges from O-
appearance due to clothing, articulation and350° and the corresponding colors vary from redubh
illumination condition that are common in outdoor ye||0W’ green, cyan, blue, magenta and black tosmd
scenes and the wide range of poses that they @pt.ad that there are actually red values in both at (®350
The first need is a robust feature set that allthes  Saturation varies from 0-1 and the correspondirigrso
human form to be discriminated clearly, even irttehed vary from unsaturated such as shades of gray tp ful
background under difficult illumination. We studitite  saturate. Values or Brightness have been chosemge
issues of feature sets for human detection, shotiay from 0-1 and let the corresponding colors become
using the Gaussian Distribution Histogram (GDH)increasingly brighter. We described the body color

provides excellent performance relative to othercandidate by one-dimension Gaussian model:
existing feature sets including wavelets (Molghral.,

2001; Viola et al., 2003). In the proposed method, A, 5?)
photos with human shown in Fig. 2 have been used to

create a histogram in Red, Green and Blue (RGB) byVhere:

equally subdividing a color space into a numbebio§ = Mean of hue

and counted the number of pixels that each binaiesit 3> = Variance of hue respectively
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That is to say: - .
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For a pixel i with value hyethe distance from to Cocalegion Accceptanc region Crical regon
hug is defined by: Fig. 5: Bell-curve and standard deviation

(hug -p ¥ o1 denotes the half area under the distribution curve
D=""—0 (3)  to the right of the center point ang represents the
other half area under the distribution curve frome t
center to the left. The coefficient skewness of the
The larger D is, the higher the probability tha t Gaussian distribution is set to zero, so that foy a
pixels belong to the different body colors (skimés) nhumber x, P(X = x) = Oand its kurtosis to 4. In
is. In the HSV color histogram the number of pixelsmathematics a special notation is used for calicigat
with the same hue color is computed between theeinodthe probability, but in this research the probapili
histogram Mo and the image histogram for each bodyetweens; ando,is written as P (2.2<t<5. 8). To find
color candidate region as follows: this probability we subtracted the area lomaeh by
t = 2. 2 to the area bounded by t = 5. 8. Using-tiable
by taking into consideration the mean value. Tdabl

A
;Min(lRi),Mo(i) used to find the probability that a statistic isselved
Chr=f—g—— (4) below, above or between values on the Gaussian
Zﬂ:(lRi) distribution. To get P (t<5.8), we scanned down tthe

column until we located 5. At 5 we read across ttovs
until we intersected the column that contains tlaee

Where: _ of the t-values. In our application the t-valueDi8. So
CF = The Confidence Factor for the currentin the body of the table, the tabulated probabftiyt =
Region 5.8 corresponds to the intersection of the rowbtwith
(Ir) and Mo(j) = The numbers of pixels in the i-th bin ¢column 0.8. This probability is 0.92814, that isstry, P
of the histogram (t<5.8) = 0.92814. Next to get P (2.2<t) the same
A = The number of bins method is used and the probability is 0.03593, that is
to say, P (2.2<t) = 0.03593.
Detection probability between standard deviation: Hence P = 0.92814-0.03593 = 0.9281 = 92.81%.

Once the RGB color histogram has been converted to Next the statistical inference is used to rejéet t
HSV histogram, the bell-curve is used to determiee  Critical region (Fig. 5) based on the following
detection probability between the two standardhypothesis:

deviations; = 2.2 ands, = 5.8 shown in Fig. 5.

These standards deviation have been calculated %:{GH H=4 (5)
follows: 0,<DP<o,
*  We calculated the square of the difference betweery :{GH nz4 ©6)
each pixel value and the sample mean DP<g,0rDP= 0,
e Added those values up
e Divided the sum by N-1(variance) Where:
* Took the square root to obtain the standardGH = Gaussian Histogram
deviation A = Alternative of the Gaussian histogram
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M = The mean value In the base station the security manager can viévea
DP = Detection Probability video sent by the robot and based on the live video
information the security guard can take an appaberi
Here we are dealing with a human detection in amiction. These images are recorded in both the robot
image with known standard deviatien andc,. We  board computer hard disk and the base station cempu

evaluated this hypothesis by supposing that théard disk as well and can last up to 15 days.
probability of detecting human presence is 92.81i#h w

an error of £7.19%. Even if the hypothesis is titiés  Experimental evaluation1:

unlikely that we would get exactly 92.81% of chanice |n aroom: The first experiment is done in a room with
The decision to accept H or reject H is based @n tha little girl seating on a chair where two compster
result of the HSV color histogram obtained durihg t display of 15 inches covered almost her face and
robot search mission. If the robot search resuttiobd  standing between objects. On the ceiling there are
is improbable H is rejected, that is to say, if Wadue of  artificial light sources. Figure 7 shows the expemtal
detection probability is less or equal to standardevaluation result for person seating on a chair and
deviation sigma 1, greater or equal to standarglaying around in a room.
deviation sigma 2 DP<o,0rDPz 0, ). But if the robot In Fig. 7a the head of the girl is well detectedHie
search result obtained is not improbable then, H igectangle box while in the Fig. 7b the entire bodliyhe
accepted. That is to say, if the value of the ditec girl is well appeared in the rectangle box as etqubc
probability obtained is between sigma 1 and sigma 2luring the algorithm implementation. Table 1 is the
(0,<DP<a,). detection probability output results of each experit.
In case 1, the detection probability output of a
RESULTS person seating on a chair is 90.13% and in cases? i

91.65% which agree with the Hypothesis H.
Two different experiments have been performed

to evaluate the performance of the proposed methoBxperimental evaluation2:

using image sensor camera with lens and digitaladig In a hall: The second experiment has been performed
processor LZOP390M. The resolution of the camera isn a hall where the little girl is walking at 20 ig. 8a
353x288 pixels in CIF format and the operation feam and b and 35 m, Fig. 8c and d from the robot
rate is up to 15 fps. The sampling time used in theespectively.

minimum time allowed by the camera frame is T =  On the ceiling there are an artificial light saesc
0.06 sec. Figure 6a shows the HSV color histogranfor experiments of Fig. 8a-c while for experimerit o
created during the robot patrol mission and Fig.isb Fig. 8d the light have been turned off to evalutie
the HSV color histogram model created with samplesobot detection capability in a dark environmernbri
photos. During the robot patrol mission, the data othese pictures we can see that the little girl besn
every detected objects, animals and humans argell detected by the robot including her bag with a
converted automatically to HSV color histogramsoutput detection probability ranges from 89.50-3%7
which are compared with the model histogram stamed respectively.

memory prior to make any decision. If the two

histograms match, a beep sound is sent to thesketfn ~ Tablel: Detection probability results

to warm the security manager that a humantextkrl. Casel PSCH DP: 90.13%
Case 2 PSBO DP: 91.65%
T T — i e Where: PSCH = Person Seating on a Chair; PSBO soR&tanding
7 T = Between Objects; DP = Detection Probability

A
L L

(@ 0 @ ()

Fig. 6: Match of robot HSV color histogram and Fig. 7: Robot detection results in a room (a) perso

sample HSV color histogram (a) robot HSV seating on a chair (b) person standing between
histogram (b) sample HSV histogram objects
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- Foreground Model involves the prediction of range
readings using the velocity and information frone th
previous scan as well as re-estimation of the wgloc
By repeating the above described process over a
sequence of scans the trajectories of the movifecth

is estimated. Panangadeinal. (2004) proposed a laser
range finders-based system for tracking peoplenin a
outdoor environment and detecting interactions
between them. In this approach to indentify anonmlo
behavior in the environment they build a model of
frequency at which similar activities and interans
are observed. During the monitoring phase, they
counted the number of times different activitieatth
rare observed in a small interval. If the prob#pibf
observing the detected number of activities in that
interval falls below a certain threshold, an anamual
behavior is detected. These techniques are singple t

) implement and require only a little processing effo
and detecting performance is limited to a very elan
Fig. 8a-d: Evaluation results in a hall Also detecting many people with similar or a little
different skin tones is difficult and may not résie
DISCUSSION changing in environment.

In our proposed system, the cameras that are

The Information Theory approach has proved to bénounted into the robot can turn for about 90° &id
effective in solving many computer vision and patte 90° right covering a wide range of detection aikee
recognition problems. Such as: Image matchingobot has been assigned to detect every objects it
clustering and segmentation, extraction of invarian€ncounters when patroliing the off-limit area toyan
interest points, feature selection, optimal claesif Suspicious human and report in real-time the defect
design, human detection or human detection andituation to the base station when moving. Theesyst
tracking, face detection (Blancet al., 2007), to Ccan make a very clear difference between humaik, roc
mention a few. The computational analysis of imagedrees including moving object and resist to any
task, which demands many inter disciplinary efforts dark environment with a detection performance otaip
Nowadays’ researchers are W|de|y exp|0|t|nggo% When a human is detected it StOpS and scarslth

Information Theory (IT) elements to formulate andarea around him before proceeding. This systeneng v
So|ve Computer Vision and pattern recognitionuseful for construction sites SeCUI’Ity Where a hmma
problems. Among these approach (Heisele and Wohleguard cannot study 24 h a day for the fear of tphfa.
1998) have used motion analysis for detecting walki
pedestrians in sequences of color images. Thisoappr

is based on custom models and study with a fixed
camera. A camera mounted on an autonomous rOb%E/st

will face difficulties separating human motion awttier distribution. The performance evaluation of the

moving objects. _ proposed method have been performed in a real
~ Laser based approaches use scanning laser ranggyironment whose the robot after detecting human
finders to detect and track human (Fadil., 2002). In presence sent a sound beep to warn the sentirieéin
this approach, the model consists of two parts: th@ase station so that the security guard can take an
Background Model and the Foreground Model. Thegppropriate action. The robot navigation has been
Background Model is used to filter background achieved by Map Based Route Planning method
information that is not immediate relevance to kiag. (Zacharie, 2009) where its sensors readings haga be
The Foreground Model is used to predict rangeused to decide the robot turning angle for obstacle
measurements that are not explained by the backdrou avoidance. Our future study is to continue to eatdu
model. The foreground maintains an estimate of théhe performance of the proposed method outside the
velocity of each object it tracks. The calculationthe  building for improvement.
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