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Chapter 1 Introduction and Motivation

Chapter 1

Introduction and Motivation

The motivationof building machines which are able to understand the huimelp,

them in their daily life andvork in a same way as humgdo is datedback to
hundreds of/ears[1],[2]. This motivation is kept unachievaldee to the lack of the
advancedechnology, whichs needed to create such machiniighe middle of the

20" century George Devoldesigredthe first programmable robotic arm and sold it

to General Motorsin 1960; whileElmer robot (1949) could be consideredtlas

first mobile robot, whichis able to avoid obstaclesd move to charging station.
Since that time, the robotics made great strides; thanks to the powerful processors,
artificial intelligence, sensory systems and many other fields which offered
promising applications for the mobile robotics in ddilg. Nowadays the world is

on the doorof the fourth industrial revolutiorwhich roboticsis one of the
fundamental pillars in it. Thats why , t he amajesearchdnstimesa ni e s
are investing intensively in this field\ccording to the International Federation of
Robotcs (IFR), the total number of sold seer robots in 2014 is 24,2J3], and

this proves that the robotitéschnologybrings promising solution in the close future.

Many robotic systems are put into investment, as robotic arms, quadrotors, drones,
indoor mobile robots, surgery, and space robots. Thepfagress in mechanical
engneering, electrieengineering, computer systems, and artificial intelligence will
lead to have robots in many other fields such asdseling cars, military, industry

and life science laboratories.

In life science laboratoes, preparing andhandling of chemical and biological
samplesneedlong times, and it requires 24 hours monitoring and processing for
these samplesn recent yeargprogressivelyautomation systemisave beerapplied

in chemcal & biological laboratorief4-7]. Theseadvancedrought many facilities
and decreaskthe processig time and number of employees.

Current research is ongoing on the development of fully automated chemical,
biological or analytical laboratieswith minor human supervisid®-11]. To ensure
a complete automation, mobile robots are used as transport systemstfans$fer
of samples andab warebetween different automated and manual islaRent
results includeseveral steps toward having a complete autonomous transportation
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system based on mobile robotics, such as multi floor navigdt@jp arm
manipulation13], charging[14], andpath planning15].

Mobile Robots are advanced engineersygtems, whichiequire a high integration

of electronic engineering, mechanical engineering, computer systems, sensory
systems and artificial intelligencé&robots must be equipped with severaib-
systemdo work securelyin the real applications, such as path planniocglization

and mapping humanrobot interaction, manipulation, collision avoidance, and
charging. The good implementation of these -syftems, and the integration
between eachtber is the keysuccess for any mobile robotic system.

Unlike traditional automation andontrol systems, mobile robots will work in
unpredictedenvironments; i.e. the work conditions are changing so tass@&o
certain situations that the robot could jpeprogrammed to adopt itsontrol to

meet these situations. Taking into consideration that the robots will navigate nearby
human, this raisedurther challenges regarding the ability of the robots from
detecting the human and avoidiplgysical injury tohim.

The main requirement for any engineering systésnsafety. In mobile robotics,
safety means the ability of the robots from avoiding accidents which could occur
when the robot loses its locatiomithin the mapor when it collides with the
obstacles Wich might appear in its path.

The ability of the robot$or a secure navigation iimeir work area is highly required
taking into consideration that fature life science laboratoriegbots must navigate

in narrow paths, inside rooms with small freeasgs. Thus, a robusicalization
system is necessary tosure that these robots are able to identify their positions
despite of theexternal noise over the sensoifsa robot fails to accurately identify
its position within the map, it is too possibletit collideswith walls ordoors, or
loses the positions of grdiing, charging, and elevatorBurthermore, the narrow
corridors and the small free spaces increase dtin@ins of having a robust
localization system.

The robotsand the humawill work in the samerea Thus, the robots must detect
the human, interact with them and al/¢the collision when both are located in the
same place. Thus, a robimsimanrobot interaction is necessary to enable the robots
from detecting thehumanand communicate ah them. Furthermore, the robots
must be able to generate local paths to avoid the collision with thesanand
keep moving to their destinations.

The aim of thisdissertationis the development of suitable concefts indoor
mobile robots to eliminatfailures due to false localization in the work area, or due
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to the collision withhumanswhichare located near to the robots. Tiwsrk canbe
divided into three parts basing on the processed problem in mobile robots:

- Implemening a robust localizabn system for thendoor mobile rbots, by
surveying the relevant sensory systems which fit the requirements of laboratory
environments, evaluate the performance of the selected sensors and find the
suitable methods to improve the performance of the ilkata&dn system.The
StarGazer sensor is utilized for mapping and localization. The sensor is tested
under different conditions, and a modified Kalman filter algorithm is used to
eliminate the noisyneasurementeesuling from strong lights.The localizatio
system is discussed in chapter 4.

- Implementing numanrobotinteraction system based on gesture recognition to
enable the robdb recognze the humansandinteract with the orders given by
them via certain movements or the arms. The robot usessiih ¥o recognize
the human and Back Propagation Neural Network model processing the
data of the sensor. The interactisrused mainly to coordinatee generaibn of
the collisionfree pathsFurther details for thGumanrobot interaction system
are available in chapter 5.

- Designing a robust collision avoidance system for avoidindptimeansexising
in the path of the robofThe systemhas todetect thehuman calculate the
location of eactpersonfrom the robot, and generate a new local sah-free
path to aval accidents as will be describedn chapter 6.

Thefollowing thesis is organized as followsChapter 2presents the current state of
art in the field of secure navigatiand operation®f indoor mobile robotsThis
includes acomprehensivesurvey over current applications of the indoor mobile
robots, a review for the recent work of the localization and navigation systems,
humanrobot interaction irmobile robotics, and a review for the collision avoidance
systems for indoor mola robots.Chapter 3discusses the goals of the dissertation
and realization conceptChapter 4 shows a framework forimproving the
localization of indoor mobile robot&Chapter 5details the implementation of the
humanrobot interaction system. Irchapte 6, the new method of collision
avoidance based on the interaction between the human and thesrpboposed
Finally, chapter 7showsthe conclusia of the implemented work.
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Chapter 2

Current State of Research and Technology

Mobile robots aremachines, whichare able @ move in the navigation aeand
modify their behaviour basing on the changes in the waohkditionswithout the
needof human interventions. These robots could implement their tasks either in
small areas as homes and factories, or in vast areas as therspeee seaobotics.
Several research groups are working on inventing mobile robots which are
appropriateor certain tasks, asospitalg16], cleaning[17], material handling18],
agriculture[19], and outdor autonomous rob®{20]. Each of these robotseeds
sensory systems ftéocalizationand identifyng the working environment.

2.1Localization and Navigation of Indoor Mobile Robots

Different localization systems can be used in mobile robotics to serve the task of
indoor localization and mapping. These systems use different kinds of sensors which
work on providing the localizationinformation to the robot, such as ultrasonic
sensors, wireless sensors, vision sensors, and IR sensors. This section shows the
common sensors and localization systems which are used for indoor mobile robots.
Each of these methods have its advantages aitdtions

Ultrasonic sensors have the advantages of linear performance, cheap cost, and it is
not effected by light noiseStill, these sensors suffdrom the angle limitation
problem[21] since the transmittassues ultrasonic waves with a limited angel, and

this limits the width of the sensed ardmesides tmoise effects caused by sound
waves To compensate the limitations of thicheologyand overcome the noise
effects a sensory fusion is used with the other kind of sensors

Kim et al. [22] used a group of ultrasonic transmitters/receivers for robot
localization. A group of ultrasonic transmitteflseacons) were fixed in known

positions, and three ultrasonic receivers were fixed on the top of the fdimot.
receivers measure the floating time of the received signal from transmitters to
estimate the robotébés | ocati on) fusésxtheende d
measurements obtained from the encoder (in prediction phase), and ultrasonic
sensors (correction phase) to obtain optimal estimation of the robot poBigdhl

n

K a
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shows the robot localization basing on distributed ultrasonic sensors. The
perfaomance of this system is merely based on the efficient distributions of the
beacons in the navigation area. The localization system fails when the robot is
located in not covered areagurthermore, the experiments show that the
localization error couldeach to 2%, cm and 6°

Ti . Tu
Ceiling T, @ \ ,f‘!__/
—— B

— I\ Ultrasonic distance
iy measurements

d' =[d,.d,.d.]

3

_ Rohot's Pose

x =[x, y,9]
Figure2.1: Localization based on multiple ultrasonic senf22k

Alfonso et al. presented a comparison of EKF and unscented Kalman filter (UKF)
in estimating the localization of a mobile robot using a group of five ultrasonic
sensorg23]. The predictionphase of the filter is done basing on the readings of
encoders. The updastepis done basing on the measurements of ultrasonic sensors.
The study focused on improving the localization basing on switching the ultrasonic
sensors for saving the battery eneffgble 2.1 shows the localization error for each
sensor 1 to S5), the localization eor of switching these sensorand the
localization error of operating the whole sensors together (all).

Table 2.1 Localization error based on Ultrasonic sen$283

Fiter | S1 | s2 | s3 | s4 | s5 | Swiching| all
EKF
‘G0 4.354 6.698 5.056 4.964 4.784 6.007 3.358
‘@0.3 | 4.177 6.472 4.948 4.888 421 6.041 3.215
‘&07 4.42 6.1 4.734 4.628 4.037 6.088 3.298
UKF
‘@0 4.301 5.849 5.272 4.892 4.389 5.098 3.432
‘0.3 | 4.129 5.544 4.838 4.647 3.830 5.446 3.358
‘@07 4.244 5.585 4.546 4517 3.669 5.184 3.179
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“Qrepresents the ratio of lost measuremé®0(3 means 30% of measurements
were lost). Experiments show that both UKF and EKF have close performance, and
the proposed method provides a localization error aroundn3,.2hen the whole
sensors are operateaethel[24 - 26].

Dobrev et al. built a localization system for indoor mobile robots by using a
combination of radar, ultrasonic, and encoder serf@fs The radar localization
sysem is composed of a reference node, and a mobile node which is located on the
robot. This sensor works well in detecting the location of the robot in halls and
foyers, but the performance is degraded when the robot moves in corridors because
the radarwave wi | | reflect from the walls and thi
Thus, the ultrasonic sensors work on improving the performance of radar sensor by
measuring the distance of the robot from the side walls of the corridor and corrects
the localizatbn latency of the radar sensor. The measurements of the radar and
ultrasonicsensorsare then fused with the encoder by using extended Kalman filter.

In the first experiment, the robot is navigated in wide hall, and the experiment shows
that the measuremenof radar sensor is unreliable when the distance between the
reference and mobile nodes is more than 15m. Furthermore, the localization
accuracy is degraded when the robot moves in corridors by only using the radar
sensor. On the other hand, when usimg integrated system, the experiments show
that 68.3% of the measurements have a localization error less than 5.1cm when the
robot moves into corridors.

Wireless sensor networks can be seen as an infrastructure, which is composed of
distributed sensing einents, and communication elements, which collect data and
measurements in a real environmgB)]. Zigbee is a wirelestechnologywhich

uses the standard IEEE 802.154is technology allows building wireless networks

by using a set of Zighbee nodes over the work area. This technology could be used in
the indoor localization of mobile robots.

Lin et al. developed a localization system based on a group of ZigBee wiiltds
compose a wireless networdlistributed in the navigation area of the robot, and a
mobile node which is located over the rolj@®]. The positions othe reference
nodes are stored on the onboard PC. The mobile node broadcasts measurement
demand messages to all reference nottesreference nodesill then measure the
received signal strengtiRES) and send it back to the mobile node. The localization
system is divided into two phases: calibration phase and localization phase. The
calibration is implemented by finding the rateaship between the received signal
strength indicator RSSI and the distance of the mobile node from each reference
node. A 2D probability map is realized which plots the RSSI readings for different
distances for each reference point. In the localizagbase, the location of the
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mobile node is estimated by combining the 2D maps of different reference nodes.

Fig 2.2 shows the resiigaugment ed map with the esti mai
location. The experimental results show that the localization avenagdasearound

1.7m[30].

Mobile Node  Estimated Location

(cmy 170

180

190

200

210

220

230490 195 200 205 210 215 220 225 230 235 240

(cm)

Figure2.2: The combined 2D maps from different reference n{i¥s

Alhmiedat et al. presentea hybrid localization system basing on the measurements

of received signal strength im@ditor (RSSI) and Inertia systef@l]. A wireless

sensor network based on the ZigBee standard is used to obtain the measurements of
distributed RSSI. An onboard inertia system is comgaxdean acceleration sensor

and compass, which specify the direction and the speed of the robot. A hybrid
system is designed to integrate the RSSI and inertia systems. The results show that
using a hybrid localization system basing on data from wirelesose and inertia
system is higher than using RSSI aloRiy 2.3 shows the localization error using

the hybrid system. It can be seen that the localization error is around 0.6 meters
using the hybrid systei32] - [34].
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Figure2.3: The localization error inybrid systeni31]
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Vision sensorsare popular in mobile robotics. Common visisensordn mobile
robotics are Coloufi depth camerasRGB-D) [35], [36] and omnidirectional
camera$37].

Fernandez et al.implemented a simultaneouscalization and mapping system
(SLAM) for indoor mobile robot by processing the images provided by a visual
odometry[38]. In this systemthe robot moves in unknown environment, and it has

to build a topological map for the area by capturing certaiages which will
represent the reference nodes in thap. To describe each image, a Fourier
signature descriptor is employed. Each node represents a certain area, and contains
certain images describing After building the mapthe robot can find itposition

by comparinghe descripta of the currenimage with thedescriptors of the images
stored in the databasé&lonte-Carlo algorithm is used to combine thsual

|l ocalisation based on t hsoddmetfy ol ccegta c a | ma p
visud odometry.The experimental results show that the robot requires 200 to 2000
particles at each step of the robot to guarantee that it can always detect its position
within the map, and the computational cost is equal to 0.223s and 0.243s
respectively[39], [40].

In localization based on laser range finder (LRF), the robot uses a laser sensor to
draw a map for the environment and specify its position within the Mareover,
the LRF could be used in human detection and obstacle avoiddrice

Liu et al. presented a new method for indoor map building and localization using
2D laser scanng#?2]. To build the map ofhe working area, the robot implements a
primary scan for the room to find the center of the location; and it will tbtte

360 in the center to implement a complete 2D scan for the mmhrbuild the map

To reduce the processing time, the robsésgrid-based algorithm to remove the
redundant points, and then it will use lesgtiare algorithm to extract the lines and
the boundaries in the room. Aftbuilding the map, the robot usesetricbased
Iterative closest pointMbICP) algorithm to comparis current scan with thieuilt

map and derive its translatiah and rotational displacement. Furthermore, EKF is
used to estimate the location of the roddte EKF uses the measurements from the
odometer as a control input, and the observation from RE to estimatethe
location. The experimental results for mapping and localizing using LRF and EKF
show that localization based on EKF is better than using-eEkdningalone.Fig

2.4 shows the improved navigation results with the proposed system, ampar
the navigation with odometer sensor; it can be fe@inthe accumulative error in the
odometer will cause the robot tieviate from the path faround 30cm ory axis,

whi |l e t he navigati on wi t h t he I mpl ement ec

accumuléed error and it still has accurate localizatjié8], [44].
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Figure2.4: Comparison of the localization using odometer (red), and EKF (@)

In localization based on Infrared (IRandmarks, the robot identifies its location
based on a group of passive Landmarks (LMieselandmarksare composed dR
reflecting materials. An IR cameranalyseghe reflected IRight and specifies the
location basdon this analysigl5], [46].

Zhiwei et al. presented the use diie StarGazer sensor for the localization and
mapping of indoor mobile robofd7]. This sensor is composed of IR emitters and
an IR camera installed on a single boafthe emittes release the IR beam to the
passive landmarks, and the reflected beam is captured by the IR cahesudy
shows thathe sensor provides some false detection due to the noise whicls result
from strong light and his causes the robot to lose its lboa. To overcome this
limitation, threefilters areimplemented and the performance@npared: extended

Kalman filter (EKF),

particle filter (PF), and a new method which is based on

defining an error range for the sensbine proposed methatbnsidershatthefalse

detection

of t h eredresemtddnaavahike SSauss@m roidenThas, b e

t he PF and EKF wonot Is the wropasedilterstheact or y
measurement error is defined within a certain range rather than consideasg
Gaussian; thus, i& new measurement is within the estimated measurement + the

error, the measurement is considered true, else it will be consideredViaisever,

the filter will implement a senor fusion for the local data of the relative position of

the robot (encoder), and the global data maté from the StarGazer. Fig 2hows

the results of applyingxtended Kalmaifilter (EKF), and the proposed filter over

the measurements.

It could be seen that Eid failed to detect the dlse

measurements witerror > 3m. On the other handhe new filter was able to detect

¢

r
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the false measuremenwith error >3m,and provide an accuragstimation for the
location of the robof48 - 54].

(@) (b)

Figure2.5: The filtration result of applying (&xtended Kalmafilter, (b) thenew
filter. Blue dots represefthie raw measurements of StarGazer sensor, and the red
represents the filter outp[#7]

In summary, many localization and mapping methods and sensors aosequap

the field of indoor mobile robots; each has its advantages and limitations.
localization and mapping using ultrasonic technology, it shows fast processing time,
besides to its cheap cost. On thimer handthis technology requires a high number

of distributed transmitters due to ilisnited rang, and the landmarks are active,
which means there is a need to power each transmitter/receiver. Furthermore,
modifying the map will be more difficult compagrto the maps which use natural
landmarkdq22].

Localization based on wirelessensor network andigBee still need further
developments to cope the problems of fast fadmgvhich the signal strength is
decreasedignificantly due to the existence of walls, and mudihs, especiallyn

indoor environments which include wajJi5]. Furthermore, thigind of localization

has a low localization accurag39],[31], and this is not suitable for the tasks which
require accurate localization as in locations of grasping elements, and entering
narrow location as elevators.

Vision sensors provide rich information to the robot which could be used in
localization and mapping, obsta@deoidance, and human detection. Alternatively,
these sensorisavehigh computational coshesidedo its affect to the changing in
the light conditims in the navigation area.

Localization based on LRF is an accurate technolibgyuld be used fomapping,
localization and obstacle avoidance. Still, this technology requires high
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computational costsince it requires processing a high amount of measpoints
over the work are§42]. Furthermore, the laser sensor is not suitable to work in
environments, which include transparent surfacesdlkes and plastisince these
materialscoulddiffuse the beam rather thaeflecting it[44], [56].

Localization based on IR sensors has the adgast of covering a wide arasges
passive landmarks without the need to power them and it is not affected by radio
transmission. On the other hand, high fluorescent light or sunshine couldfaaase
detection of the landmark, and this will lead the tdbdose its location.

Table 2.2summarizeghe advantages and disadvantages of each method, and the
applicability of using this senséor mobile robotics in life science applications
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Table 2.2 Comparison between different localization sensors

Sensor Advantages Disadvantages
Type
Easy to use The accumulated error limit
Encoder Linearity the efficiency of this sensor fq

long distances

Easy to use, Need to power the transmitt
Ultrasonic Linear, and receiver, difficult tg
Low cost modify the map

Effected by changes i
humidity and temperature

Wireless ang Data transmission could [ Not constant, the existence
RSSI implemented together wit| walls effects the accuracy
sensing, no need for chan| this system

the direction of sensor f
measure the distance

Low cost, High computation,
Vision Implement localization an( Affected by light conditions
obstacle detection in on
sensor
High Accuracy Lower performance i
Laser Used for several tasks in ol detecing transparent materia
sensor sud as glass walls.
Easy to use Affected by ambient light suc

Stargazer Map could be extended easi as  strong  sunlight an
No need for powering th| fluorescent light.

landmarks

Automatic height calibration

2.2 Human-Robot Interaction

HumanRobot Interaction (HRI) is defed as the ability of a robdor recognizing
the humanand interacting with them by implementing suitabésponses to this
interaction.Several sensory systems and interaction methods are implemented for
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the interaction; interactiosystens are based onhe type of the robot, and the
interactionmethod

Ikemoto et al. presented a physical humesbot interaction system for teaching the
robotto stand ud57]. The human will help the robot in standing, and he will
inform it whether the attempt was correctwafong The robot consequently will
save the correct attempts in its database to train itself in a lateEsigp training
vector is 52dimentions which represent the angular valoef robotTés joints
accelerate the training process, principal component analysis is uskohémsioné
reduction of the training sefThe reduced data is passed to a Gaussian mixture
model (GMM) for adaptingthe performance of the robot in the standimytask.

The experimental results show that reducing the training data allows the GMM
model tobe trained online with fewrraining data, while the robot develops its
behaviour after each training stdfig 2.6 shows an experiment for the interaction
system.

Figure 2.6 Assisting the robot to standavinteractiorf57]

Wearable sensors are another common method for implementing the interaction
between théhumanand the robotCifuentes et al developed a humaiollowing
system to track the human using LRF and a wearabliaheneasurement unit
(IMU) [58]. Instead of following the human, the robot will movefiont of the
human enabling the humato monitor the motion of the robot without the need to
look behind. LRF is located over the robot, and it is used to tradedseposition

and orientatiorof the human, while the IMU unit is fixed on the trunk of the person

to provide the trunk motion and rotation tbe robot.The robot will adjust its
motion direction and velocity based on the obtained measurements to keep itself
moving in front of the hman. The experimental results show that the parameters
estimation was accurate with estimation error less than 10% undershaped

path.

Tseng et al presented a robotic system for tracking one person or a grdupran

and interacting with him/thenp59]. In this system, the robot will differentiate
between seven situations; basing on whether there is one person, or lsevenal

in front of it. Furthermore, the robot will alyae the distances between theman

and their orientations toward each other. For example, when the robot Heteets

M O
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facing each otherlnd having a discussipthe robot will come close to them, and
interact with them using voice commanmscommunicte availableservices as it

could be seen ifig 2.7. In contrary, when twbdiumars are close to each other, and
located in certain angles, the robot will know that these hwmanhave private

di scussi on, so it wonot I nt edetecting &nd t h e m.
tracking legs, high resolution color camera for face detection from far distances, and
depth camera for torso tracking. To decrease the processing time of face detection,
Haar feature based cascade classifier is used totdbte upper bodyand then a
particle filteris used for face tracking. Furthermore, Kalman filter is used to track
the position of each persoihe positions ofhumars, and their orientations are
analyzed using fformation toreceivethe social cues. A decision tree bk used

by the robot to select the correct response. The experimental results show that the
average time to identify the social situation for a groups is 4.78 seconds, and the
accuracy ranges between-80%.

interrupt — N need some
you g drink? > .

U v e
Would you "ﬁ

Figure2.7: The humarrobot tracking and interaction system. The retoegroup
situation, the robot specifies that theigsb situation is normal discussion, the robot wi
come closer and interrupt the discussion asking for a seovab@by itself[59]

Hortal et al. implemented a braimachine in¢rface for enabling a user to control a
robotic arm using brain signals without the need to implement any physical activity
by the usef60]. The task is to control the robot arm to move forward, backward,
right, and left. The robot has to move ttee right/left when the user thinks in
moving his right/left arm respectively; it will move forward when the user counts
down, and backward when the user thinks in alphabet in backward manner. The
brain signals are obtained using a wearable cap whichekannels to harvest the
signals from the scalp of the user. After amplifying and filtering the signals, it is
forwarded to a support vector machine model to classify the activities. The SVM is
trained offline first, and a-kold algorithm is used to thathe SVM and evaluate the
model before employing it online. To test the system, two users were asked to move
the robot between four points seqtielly as it could be seen in Fig 2ahd the
success rate is then averaged awiild be seen from table®which shows the
mean success rate for the two users are 74%, %2.78

M
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Figure 2.8 The experiment environment for controlling the robot arm to reach the f
locationg[60]

Table 2.3: Thexperimental results fapbot arm controbased on brain signgi80]

User RH LH CD AB Mean
A 85.00 91.10 51.27 68.64 74.00
B 78.39 89.41 61.86 61.44 72.78

Tsai et al. presented a humawbot interaction system for face identification, and
emotion recognition for four situations: sad, happy, anger, and $6iile The
training samples, which represent tlaed images for differeritumanare reduced

using the Harr wavelet transform. The principal component analysis (PCA) is used
to extract the features of faces from the images. While the Euclidean distance
method is applied to measure the shortest distarteeebe the training and testing
samples so the processing time is reduced. A support vector machine mode (SVM)
is then trained to classify the facial expressions of the user. The experimental results
show that when the model is trained with a higher nurobéraining samples, the
training will take more time, but the model will be able after training to define the
face and classify the emotions with a shorter time and higher accuraaie 4.4
shows two experiments for two SVM models, the first modelaméd with 120
samples, while the second model is trained using 240 sample. The first experiment
shows the face identification and emotion recognition success rates for the trained
SVM with the processing time when the model is trained with 120 sampbkshean
second experiment shows the success rate and processing time for the SVM model
when it is trained using 240 samples. It could be seen that the SVM model which is

Mp
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trained with a higher number of training samples (240) has a higher accuracy and
less pocessing time than the SVM model which &rted only with (120) samples.

Table 2.4 The experimental results of training and testingféoe recognition model

[61]
Number of Face Processing | expression Processing
training identification| time recognition time
samples
120 90% 5.73 p/sec 84% 6.9 p/sec
240 92% 5.5 p/sec 89% 6.5 p/®C

Voice recognition is another common method for the interaction between the human
and the robotDing et al. developed a voicand userecognition system to interact
with humanoidrobotsusing 10 command$2]. A support vector machine model is
trained for speaker verification, a Gaussian mixture model is used for speaker
identification, and a dynamic time warping algorit{®TW) is used for speech
recognition.When a user speaks, the SVM will dexmthether the voice is from an
invalid user, if the voice is from a valid one, the GMM in the next step will decide
whether the user is authorized to control the robot or not. If the GMM shows that the
user is authorized, the DTW will be used for the spemcognition. The system
uses Kinect microphone array to obtain the voices. The experimental results show
that the proposed system is able to recognize 85% of the voices successfully.

3D vision sensors are widely used nowadays in husyatem interactiorfor
gaming and robotics applicationSanal et al. used the Kinect 2.0 sensor in the
interaction task between the human and humanoid robots via recognizing the
gestures provided by the arms and the face ofitimean[63]. The system identifies

four gestures: pointing at, waving, nodding and negatidre gJointing is used to
guide the robot to detect certain objects, which are identified with waving gestures
by analyzing the angular displacements of the arm for certain frames, while the
negation and nodding gestures are recognized by using the dynaio/tapping
approach for analyzing the face movemeritse experiments were implemented
over the NAO robot, with a wheeled platform which is used to carry the robot and
the sensor to the goal destination as it could be seBigi@9. The experimental
reallts show that the facial gestures have low recognition rd&83% for negate,
73.33% for nod) due to the misalignment of the face and the sensor plane, while the
recognition rate for wave and point gestures are 83.33% and 96.67% respectively.
The recogition requiresprocessing times between 1.47 to 1.91 seconds.
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Figure 2.9 The integration between the Human and NAO robot based on ggétire:

Yang et al.presented the use of Kinect sensor in controlling NAO relaogestures

[64]. The first steps tracking the skeleton, and filtering the joint angle of the human
controller. Kinematic analysis is used to transfer the human arm joints angles to
control commands to the robot. Finally limit breadth method was applied to the
system to protect the robot whéime rotating angle of the controller exceeds the
permissible rotating angle of the robot. The experimental results show that the robot
is able to pass 92% of the experiments successfully.

Wang et al. presenteca humarrobot interaction system for contriolg the Khebra

Il robot by identifying the gestures of human arwisich are provided by a Kinect
sensor [65]. The systemdefines 11 gestures from the humaFhe gesture
recognition algorithm uses 6 of 20 joints and monitors the angles between joints for
defining the gesture. THaw of cosine is used for identifying the locations of joints

and identifieghe required respae. Theexperimental results show that the system

is able to successfully identify 96% of the experimental tests.

BouBou et al.implemented a new system for defininige actions(sit, standwave,

walk, pick up, stretch, use hammer, draw a circle, andda punishing]66]. The

skeletal data of the tracked person is obtained from Kinect sensor, while a new
method called Histogram of Oriented Velocity Vect@OVV) is implemented to
descrbe the activitiesFig 2.10 shows the concept of the HOVV methdal HOVV,

the velocity vector and orientation of each joint is extracted from tracking the 3D
positions of the skeletonds joints obtaine
grouped into apatial histogramThe histogram will be used to describe the actions.
The robot uses the built method to analyze the human activities. The experimental
results show that the system is able to classify the gestures with an average accuracy
of 88.75% and wh computational latency equal €0055 seconds for one sample

[67 - 73].
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Figure 210Ext racted velocity Vv[@fEtors

Du et al presented a humawbot interaction system for controlling two robotic
arms[74]. Therobotic arns imitate the movements of the rigandleft armsof the
humanoperatorremotely. The system uses Kinect sensor to getribneements of

the operatorés ar ms, specifically the thum
upper armThe reference pointoftheusser ms 6 coor di nates is the ¢
even I f the user body moved, the robotic al

and will consider only the movements of the arms related to the shoulder.
Furthermore, the system took into consideration theeitr i ng of the user h
adding a damping model which ignores the minor movements of the userfFagms.

2.11 shows the control of the robotic arms to catch an element without contact. The
experimental results show that the mean absolute error (NAB)65, 2.67, 3.83

mm) and (1.01°, 1.17°, 1.5°) for (X, Y, Z) respectively.

Figure 2.11The moti on i mitation of (t[Me u

In conclusion, many systems are proposed for the interaction betweénnttaam
and the robots existg in the same wrk area Designingthese systemis mainly

My
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based on the apphtion domain, ad the goal of using the roboTable 2.5
summarize the common methods which are used in hunodoot interaction.

Table 2.5 Summary of differensystemdgor humanrobot interaction

Advantages Disadvantages
Weardle | Obtain the measurements | Not applicable when the robot
Sensor directly from the user. works in social area since it
Not effected by noise resultg needed to let each person to weg
from light and sound the device
Voice Easy and natural iataction | Not suitable to detect humans on
recognition | method. large distances.

The robot could be trainedfCandt provi de n
a wide range of commands | the distance of human(s).
Not suitable in social environmen
in which include voice noises
C a ndsstinguish the voice of
different humans.

RGB Provides rich information Requires high processing
which could be used in othell Additional landmarks could be
tasks as obstacle detection | required to distinguish the humar
Cheap sensors

Kinect Provides diferent HRI as Affected by the vibration which
voice, gesture, and face. lead the sensor to lose the skelet
Low cost, with low frames

computational cost

I n conclusi on, the interaction using the
environments which marfyumanmove in itas restaurants, and laboratories, since it

requires a wearable device for eadw personentersthe work area. Moreover, the

interaction with voice orders is easy and natural method which is used between
human themselves. Still, this kind of interactionown 6 t suitbbée in work
environments which include noise of machines hachan since it will limit the

ability of the robot from recognizing the voice, and this will force inenanto

interact with the robot with short distances, dhdtwo n 6t & goal wfethist h
thesis to have a secure interaction. The
suitable when it is required to follow the gestures of severalan besides to the

high processing time to analyze the images and definduhen On the dber

hand, the Kinect sensor has several advantages which serve the interaction between

the human and the robot; dffers several possibilities for interaction, as voice,

gesture and facenteraction, besides to provide the 3d dimensions of the body.

M ¢
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Moreover, this sensor could be used for collision avoidance for mobile robotics.
Thus, in this research, the Kinect sensor is adopted to serve the task ofrobotan
interaction.

Table 2.6summarize the common methods for the gesture recognition using the

Kinect sensor. From the literature survey, it is noticed that the most methods which

are followed in gesture analysis are related to monitoring the angles between the
bodydés joints. These methods are suitabl e v
andfacing the human face to face. In the real work environment, the robot will meet

the humanwith different angle of views; theumancould meet the robot face to

face, or deviated with certain angles from fitwat plane of the Kinect sensor. Thus,
thepr# i ous met hods wonoét hel p, bec#asse the a
expected that using machine learning and artificial intelligence will improve the

gesture detection if the models arenealwith suitable training samples. Thus, two

modelsare lected in this research (Support Vector Machine, and Back Propagation

Neural Networks), and the performance of each model is analysed and compared.
Moreover, the modelwere trainedusing samples with different angle of views, to

enable the HRI system fmodefining the gesture even when the human and the robot

are not located face to face.

Table 2.6 Thecomparisorof differentHRI methodshased orKinectand gesture
recognition

Method Success Rate
Analysis the agular displacement of the arms [63 83.33% (waving)
96.67% (pointing at)
Extractingthg oi nt s6 angl es 0 92%

Law of cosing65] 96%
Histogram of Oriented Velocity Vectof§6] 88.75%
Hidden Markov Mode[68] 98.4%

2.3 Collision Avoidance for Indoor Mobile Robots

Collision avoidance is a primary requirement for any robotic sys#any methods

are used inmobile robotics for avoithg dynamic and static obstacles. Some

methods generate obstaftee path usingontrol theory algorithms such as PID and

Fuzzy Logic controllersOthest ake i nto consideration the
contrary, reactive collision avoidance methods avthd obstacles using the
information provided by the robotds sensor
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dynamic. Here is a review for the common methods of colliaidance, which
could be found in mobile robotics:

Fuzzy logic is a control algorithm wdh is developed by Lotfi Zadeh (1965) to

control the systems based on the fidegree o
which the vari abloe [Vl Misemtrober has beaentusedckim [0 0
many obstacle avoidance systems.

Lee et al used a fuzzy controller for navigation and obstacle avoidance in unknown
environments using ultrasonic and compass sefigéfsThe system is divided into
three layers: The orientation lay@L) which controls the robab reach thegoal
destination when no obstacles are existed in its, paghobstacle avoidance layer
(OAL) which modifies the rob@ s mo v e meaadeof pbstaclestared the
human control layer which has the highest priority anables the human to control

the robot.Each of OL and OAL represent a fuzzy controller, and the control output
of the robot is the fusion of the outputs of the both layers. The human control layer
represents a remote control panel which could be uséldeblyuman to control the
robot, and it has the highest priority over the other two layers. The experiments
showthat when the path has no obstacles, the robot will be dominated by OL to
reach the goal, when the robot faces an obstacle, the robot wiltlstaeasing its
speed and modifying its path due to the effect of the OAL layer, with the ability of
the human to interrupt the movement and control the robot at anyZifhe78]

[79].

Bug algorithm is one of the early work in the field of obstacle avoidance for mobile
robotics[80]. Two algorithms are proposed: Bugl, a@ddg2. In Bugl, tk robot
moves toward its goal locatiditi it hits an obstacle. The robot withenimplement

a complete avel around the obstacle, parallel to its boundaries till it reaches again
to the point that ihit the obstaclelf the goal is reached, the algorithm will stop, else
the robot will select the leaving pointhich has the shortest distance to the goal. In
Bug2 algorithm; instead of implementing a complete navigation around the obstacle,
the robot will move in parallel to the obstacle till it meets again the straight line
linking the starting point and goal point. It will then stop moving around the
obstacle and direct itslf to follow the startinggoal line.The experiments show that
each algorithm has some advantages and limitatidhs. performance that each
algorithm provides varies basing on the geometry of the path and the obstacle
distributions.Bug2 algorithm shows a faster performance than Bugl when the robot
navigates in open and wide paths, since it
turnaroundhe obstacle as in Bugl, rather it will leave the obstacle soon when it hits
the leaving line. On thetleer hand, Bugl algorithm shows faster performance when
the robot has to move in Maze paths, since the Bug2 will circulate several times till
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it reactesthe goalas it could be seen in fig 2.42 Moreover, the Bugl algorithia
more conservative than BRg

(a) Bugl (b) Bug2 (c) Maze path
Figure 2.12:The motion of the robot for the Bugl, Bug2, and Maze [&h

In methods, whichar e rel ated to the robotds dynami
location of the obstacles, then it implengetiite obstacle avoidance path basing on

the robotds dynamics ®wamic 8Mindows Apgproachbnd acc el
(DWA) is a wdl-known algorithmin obstacle avoidanci1]. In this methodthe

robot identifies the location of all obstacles in its path; then it will calculate the

whole admissible linear and angularogties. The admissible velocitieare the

velocities that the robot can use with the ability to decelerate and stop before

reaching to the closest obstaclée robot will then consider only the velocities that

the robot can reach given the accelerationtations of the robotFig 2.13shows

how the robot specifies the admissible velocities for a given work area; the grey area

\ 90 cm/sec

Y

=l corridoH

right wall |

Va

390 deg/sec 90 deg/se'g'

Figure2.13: The representation of velogispace in DWAS81]
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represents the nesdmissible velocit e s t hat t h e Finablybtleetrobahu st ndt u
optimizes its velocities by taking intconsideration the target direction, and the

distance of each obstacle from the rdig@]. The experiments show that the robot is

able correctly to avoidhe obstacles and move in narrow corridors without

oscillations. Furthermore, tuning the parameters of optimization equation plays a

major rule in the motion of the robot.

Claes et al.presented a new method for multibots collision avoidancié3]. Each

robot should calculate its position and velocity, and then a communication network
is ued to exchange the data of position and velodibe robots will calculate the
admissiblevelocities that each of theman use without collision.The research
focuses on solving the corridor problem, when two robots are moving in the same
corridor. Since each robot is moving, the collision avoidance system should be
reactive to update its motion, and to inform the other robots about its dird€sion

robot exchanges the uncertainty to specify the movements, whichoéablem
should implement to pass theorridor. The experiments were done over two
Turtlebot robots in a narrow corridor (around 140cm); the diameter of each robot is
33.5cmand proved the ability of these robots of passing each other without collision
[84].

Reactive collision avoidance methodse those, whichare basedmerely on the

sensory information rather than the roboto
uses the sensor 0 sentatienaaddiavog the abstacl@dmptee it s o

of reactivemethods areotential field[85], vector field histogranj86], nearness

diagram[87], smooth nearness diagraamdfollow thegap[88].

Potentialfield local path planningvhich is developed b. Khatib in 1985 is one

of the early reaimplementationrelated to obstael avoidancen robotics[85]. In

this method the goal location and the obstacles practiedtractive andrepulsive
fields over the robot. The goal locatioriels to attract the robot to, itvhile each
obstacle testo push the robot away from it. Tlembination of all fields which
effect the robot, will lead the robot to move away from the obstacles, and move
toward the goal location. Unfortunately, this method is suffering from local minima
problem in which the robot will get stuck when the robot got intosshaped
locations, besides to the oscillating motion of the robot in narrow corrigigr.14
shows the concept of the potential field.
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Figure2.14 The general concept of potential field method

In 1991, Borenstein et al developed a new methddr collision avoidance by
representing the obstacles in a histogi{&®]. This method is called Vector field
histogram (VFH). In VFH, the robot divides the senseshanto sectors; in each
sector, the robot measures the distance of the obstacle inside this sector. In a next
step, the sectors are plotted as a histogram which each bar of it describes the
distance between the robot and the obstacle existed in théiexbseictor.The 2D
histogramis mapped then to a ommEmensonal polar histogram around the robot as

it could be seen ifrig 2.15 A candidate valley is a group of sectors that are less
than a certain threshold which represent a possible free area e¢habbibt can
navigate in it. The robot will finally select the valley thatclosest to the goal
location The experiment is done by using a mobile robot with a diameter 0.8m, and
several obstacles are distributed in the work area with a spacing aroomdThé

Osteor (Steering command)

Obstacle

k {First free
n sector}

Figure2.15 The polar representation of the VFH and the direction seld@&&jn
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robot used ultrasonic sensors to detect the obstacles, and the velocity is set to
0.58m/s. The robot could successfully create the polar histofpara b st acl es 6
distribution after each measurement update, and it reached to the goal without
collisions. On the other hand, the method is still suffering from eeradl situations

(as U shaped obstacle) which lead the robot to move around in circular paths without

the ability to implement a path out of the trap. Another improvements were added to

the methd such a® FH+ [89] and VFH*[90].

Nearness Diagrans a reactive collision avoidance methadich is developed by

Minguez in 2004 and followghe divide and conquer strategy in implemegtthe

local path planning87]. In this method, the work area is represented in sectors; each

sector represents the nearness of the obstacle from the robot within thisasettor

be seen in Fig 2.16The robot defines thgaps which represents a border line

between two adjacent sectors that the absolute difference between them is greater

than the robotds diameter. TBasing andtheacent se
region distributions, nearness of obstacles to the rabut, the wideness of the

regions, the robot will select one of five situations which to calculate the angular and

linear velocities which allow the robot to avoid collision with the obstadlés.

experiments are done over a mobile robot with a diamet8nQ.which is equipped

with a laser rangefinder sensor, and a maximum velocity 0.3 m/s. The robot could

avoid obstacles keeping a distance 10cm from it. The time required by each path is

related to the density of obstacles and their nearness to eachsotberthe robot

will adjust its velocity based on the situations that it will face during its navigation

to the goal. Furthermore, the robot di dno
avoided U shapedobstacles and it doesnot havha | ocal n
improved version for the Nvasimplemented which added additional situation to

the previous ND method, and called N[®24].

Sgoal SELECTED VALLEY 2
VALLEY | { VALLEY VALLEY 3

20 0 60 I 80 100 120 140
SECTORS

Figure2.16 The representation of obstacles, gaps, regions, and valley in nearnt
diagram[87]
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Smooth nearness diagrai8ND) is an improved version of the NDmethod, and
developedby J. Durham in 2008[92]. The main goal of the improvements to
simplify the ND method by using single law which is valid for the whole scenarios
that the robot faces instead of ussig scenariosAfter detecting the regions, and
selecting the valley, the method definesethangles:he safe rising gap- , which

is the calculated angle from the s#éxl gap; the— which is the angle that
directs the robot to the middle of the selected valley, which is important to access
the narrow vallgs, and the desiring hemg angle— which is equal to— or

— whichever the closest angle to the angle of the rising lggp2.17 shows

the concept of the SNDhe experimental results show that the SND completed a
given narrow path successfullyithin 135 seonds while the ND+ crashed with the

last obstacle in the same path and it requiredsZsénddo finish it. Furthermore,

the experiments show a smoother path by SND than ND+, due to the transitions
between situations implemented by NDr.[93], it is shown thatthe SND suffers

from the deadlock problem which occusgice the method calculates the total
weighted deflection despite of thé ® t a distrwtian. Thus, when the robot
moves in narrow path and more obstacles in one side than the other side, the
calculation of deflection will lead the robtd move far away from the side with
higher risk, causing the robot to collide with thestacle with lower risk.

/. (bi Se __I_feftngap Becal

pE N
valley P N

\ e I"i:gi‘l'[ gap

region

Figure 2.17: The concept of implementing collisfore path using SND meth¢@2]

In 2010,Mujahad et al. presented a new collision avoidance system basdte

ND and SND meCQCldsestdgapC@)493]l Ire tthis method,nstead of
evaluating the whole gaps, the robot will ignore the gaps thanateledinto other

gaps. Furthermore, the method tries to overcome deadlock problem which is faced in
SND, bydistinguishing between the obstacles to tgbtrand leftsidesof the robot,

and calculate theeflection issued by the obstacles located at each sid¢éhand
calculate the total net deflection resulted from the right and left deflections. The
experimental results show that the proposed methsdmoothetrajectorythan the

ND and SND which caused by the motion oscillation of the robot when it tries to
plan its path to the godbesides to avoiding the deadlock problefmsthermore, a
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simulation is done to compare the time required by SND anda@it shows that
the SND could reach the goal in 140s, while the CG reach the goal with only 125s.

Kim et al. presented a collision avoidance methodeblam extracting the borders

of the path, and the location of obstacles in the |p24h. The robot uses CCD
camerato extract the boundaries of the lane that it navigates through. These
boundaries meet in a point called vanishing point as it cbeldeen irFig 2.18
Extraction of the continuous lines is implemented using Hough transform; while
boundaries recognition is implemented by RANSAC algoritiitre robot uses the
vanishing point to guide itself through the path. WhHenrobot meets an obsle, it

will calculate the steering angle taking into consideration the angle of the obstacle,
and the angle of the vanishing point. When the robot avoids the obstacles, it will
direct itself to meet the vanishing point and resume its path. The expeiment
results show that the method has a better performance than DWA and VFH in case
of travelling time, andravelling distance.

Figure 2.18 The vanishing poiAbased navigatiof94]

Hagiware et al. presented the use of Kinect sensor in navigation and obstacle
avoidancefor the indoor mobile robotf®5]. The robot records the pathathit will
follow, and then itwill detect its positionand avoid obstacleBy comparing the
capture frame with theecorded frames in its memory using three steps. In the first
step, he robotimplements view matching lsearcimg for the most similar recorded
frameto the current frame using SURF algorithmthe second step, the robot uses
egomotion algorithm to for estimating its relative linear and angular distances
between the recded frame and the captured one, and the rotational and positional
vector of the robot is then extracted. When an obstacle is detected in the path, the
robot will calcdate its positionand the position of the obstady comparing &
current frameto the stored frames, and implent a diagonal collisioravoidance

path aroundhe obstacle The experimental results show that the robot is able to
estimate its location emewhen it straysrom its recorded path, with the ability to
avoid the obstacles that it faces in its p§6 - 105].
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To summarize the obstacavoidancealgorithms,table 2.7shows theadvantages

and limiations of the most common methods in obstanleidance formobile
robotics; while table 2.8hows the common sensors which are used to detect the
obstacles located in the path of the robot.

Table 2.7 Comparison between collision avoidance systems

Advantages Limitations

Bugl Doesnot s uf f e Turning around each obstag
minima problems causes the method to be sl
Reliable method to reach th [106]
goal location

Bug2 Doesnot s uf fake The method shows Ilo
minima problems performance in maze path
Faster than Bugl in moj [106]
situations.

PF The integration of the wholl Trap situationil o c a l
obstacles together with the gq [107]
location to generate th Oscillations in narrow
collision-free path corridors[107]

VFH Insensitive to misreading of th Di f f i cul t t o
sensor$86] threshold which is good fg
Fast conputation with fasi cluttered path, not good fq
motion[86] obstaclef r e e [8F]at h ¢

Low performance with clos
obstacle$93]

DWA Takes into consideration th Difficult to tune the parameter
robot 6s p h 'y g Problems in avoiding the 4
(velocities accelerations,) | shaped obstacl¢87]

[81]
Experimental results show gog
performance for the method.

ND/ND+ Doesnot r equi|Not suitable for noncircula
parameter in one situatiof§7] | robots[87]
The method shows g@d| Changing between situatiof

performance in moving i limits the smoothness of th
cluttered and dens path(sharp transitiongp2]
environmentg$87]

SND Smoother paths compared | When the robot faces mo
ND Single motion law instea( obstacles in one side thi
of six in ND [92] other, the method will guid

the robot far from the side wit]
more obstacles causing it
collide with obstacles in th
other sidg93]

HY
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CG Reduced path calculatio| Since it is relatively ney
faster, with less oscillations| method, no prove for
compared to ND and SN@3] | limitation.

Remove the gaps that a
contained in other gaps.
Overcome the deadlog

problem.

VP Higher  travelling velocity | Implemented over straigh
compared to VFH and DW| paths, without tests for th
[94] curved paths with cluttere

Combine line following with | obstacles.

obstacle avoidance to gener{ Works only with vision-based
flexible obstacle avoidanc| sensors

paths.

Table 2.8 Comparison between differeninkls of collisioravoidance sensors

Advantages Disadvantages
Linear Performance Candét detect
Ultrasonic Easy to program Effected by voice noises
Low current consumption
Human detection Doesnot pr ¢
Low power consumption information about the bod
PIR location and distance.

Passive sensor.
Effected by ambient light.
Low cost Difficult to program
Vision sensors | Contains many data about t| Requires high computation
(Eyecameras for environment
the H20 robot)

Could be usd as vision sensor| Effect of ambient lights
Kinect Gesture Recognition High power consumption
3D vision (with depth) Depth camer a
Could be used for humamobot| obstacles located < 50 ¢
interaction and obstac| from the robot

detection. Noises over the skeleta
frames resul
vibration
LRF Accurate sensor with robufCan ot det ec
obstacle detection. obstacles.
Could be used for localizatia
and mapping.

In conclusion, many collision avoidance systems are proposeahdbile robots.
Each of them shows advantages with some limitations under certain conditions.

H ¢
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Moreover, different sensors are used in detecting the obstacles in the work area. It

could be seen that most of tbellision avoidancenethods gave much more fees

on the static obstacles, with minor experiments over the dynamic obstacles,
especially the human which are considered .
will also try to escape the robot by generating collisi@e path. This is a short

come in he majority of the obstacle avoidance methods. Thus, in this work new

concepts will be proposed for the task of collision avoidance in the existence of

human in the same work arééhe concepts will consider that both the human and

the robot have to incogpate in generating the collisidree paths, so they can avoid

each other safely.

Since the proposed collision avoidance system will be based on the interaction
between the robot and the human, the Kinect 2.0 sensor will be used in this work for
detectig the human and get the gestures from them. The Kinect 2.0 is a 3D sensor,

which has two cameras (RGB and Infrared) enabling the robot from identifying the
objects and humands skeletons, which are
provides the skeletahformation of up to sihumanwhom are located in the vision

area of the sensor. The detailed information regardiagtoposed system together

with the implementation and experiments sinewnin chapter 6.
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Chapter 3

Goals of the Dissertation and Realization
Concepts

3.1 Background and Work Description

The rew technologies which appeared in the last few decades, changed the
techniques and work methods in different work sectors, and boosted the production
speed and quality. Laboratais/one of the worlplaceswhich affected by treenew
technologieg6]. Engineering changed drastically the fundamentigfgeparing and
handling samples, with decreasing the processing time, and Tbsésincludes
sample processingnd sample managemefit08], sample handling8], laboratory
managerant[109], androbotics[110].

For any industrial prduct, the materials have to be processed and handled by
different machines, anttansferredbetween these machines as fast as possible to
decrease the processing time and increase efficiéxatyally, conveyor belts and
robotic arms are widely used nowgdan manipulating the products, in chemical
laboratories as examplen the other hand, there is a dilemma of manipulating these
samples between different laboratori@hus, oneof the important linkin the
integration chain is a global transportatiorsteyn which is able to manipulasad
transport the different samples between these laboratories at antiaesystem
must be flexible so it can Easilymodifiedto meet theadjustmentsn work area as
adding/removing laboratories or adjusting thekpand place locations. Furthermore,
the system has to be secitse0 i t d oes n o tor fasllmeudsreng thec ci dent s
manipulation tasks.

Fortunately,the fast achievements in the field of indoor mobile robotics bring a
promising solution for bridging the gaof mobile transportation of samples dad
warebetween the laboratories without the need for human help.

In mobile robotics, several taskave torun in parallel to guarantee a smooth and
safe operation for the robots during implementing the tratespmm tasks between

the laboratories. A global map for the work areeeguiredfor any mobile robot, to
enable the robot to define the goal location and the locations of other waypoints as
chargingor grasping location§l2]. Furthermore, the robot must be able to localize
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itself robusly within the global map despite of the noises which may affect the
sensor 6 s mglad]sThe rebote will work side by side to human; they
must be able to recognize theman interact with them, and obey the orders given

to the robot via interactioff12] [113]. Moreover, the robot must be able to avoid
the collision with the human located along its path using local path planning
stratgies[12]. Also, the robot has to define the objects that it has to transport, grasp
them using its arms, and place them in the right locafib8s Finally, the robot

must be able to work 24 hours, which means that they have to be able to reach the
charging stations and charge themselves autonompduigty, Fig 3.1shows the sub
systems which are working in H20 robots, and which allow the robarasp
objects, transport them safely between different floors, interact with saard
collisions by modifying its path temporallybesides to communi@twith the
process managemesystem to receive the transportation requests and send reports
to the process management system regarding the robot situation.

H20-Robot

Mobile Robot Transportation System

Avoid people Define people and Define people and Define people and Define people and
existed in the path receive arders via receive orders via receive arders via receive orders via
interaction interaction interaction interaction

Figure 3.1: The integration of robc tasks into the H20 robot

For achievingthe research goal (secure navigation), it should be taken into
considerationmplementing a robust localization@&mapping system which is able

to accurately localize the robot under different work conditions. Furthermore, it
should be taken into consideratithrat the work environment includes robuikich
areworking side by side with humans. Thus, safety is a n&jallenge to make the
manipulation system applicable.
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From the previous discussion, Pt owi |
applicable without being integrated with the other systems. Only this integration will
guarantee a successful traodption system based on mobile robotics. For instance,
the robot will move to the goal location based on the global map as long as no
obstacles are exiag in the work areaWhen a persorappears the collision
avoidance and the human robot interactigstesms must be activated and control the
robot and implement a local path to avoid the collision wWithhuman and return

the control to the global navigation system whermuamanare exising in the path.

The aim of this research is to improve theepafof the mobile robots which are
working in social environments, byinding robust sensors and developing
algorithms to enable the robot® identify their location, recognizing the
surroundhg environment and interact with the changes in the environrbgnt
modifying the behaviour in response to these changéss work focugson three
aspects, whiclare necessary for a safe navigation for indoor mabib®ts, which
are localization, humarobot interaction, and collision avoidanégg 3.2shows the
H20 humanoid robot, which is used in this dissertation for testing and
improvements.
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»
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Figure3.2: Thestructure oH20 Mobile Robot[115]

The H20 humanoid mobile robohasdual armswith 6 degree of freedom (DOF); a
moving head witleDOFandtwo RGB cameraslhe maximunspeedf the robois
0.75 cm/secMoreover, the robot is equipped withGPS localisatio sensor based
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on IR technology5 sonar sesorsfor collision avoidance task40 IR range sensors,
and two passive infrared sensors PHrthermore, the robot isquipped with a
powerful onboard computerwith Kinect 2.0 sensor, and additional ba#ésito
power the Kinect sensors.

3.2Improving the localization of indoor mobile Robots

For any mobile robotic system, robetqquirea mapof the work environment, and
they need to identifgheir location in real time within this magny error in the
localization system could lead the robot tesdats location, and move in wrong
directions, whichmight lead to accidents. It could be seen from the previous
literature survey,that many localization methods are available for the mobile
robotics,and eachhas its limitations and advantagésurthermoe, most of these
methodsrequire algorithms and further processing for the sensory datgood
selection for the localization system depends on the application and the work
environment.

In general, the localization sensoende divided into relative ssors and absolute
sensors. In relative sensothe updated measurement will be based on previous
ones. Thus, the error in any step will affect tblbowing measurements, and this

will lead to an accumulation of the errors, and the measurements wolldily false

after a time. Examples of relative sensors are encoders, inertia sensors, and dead
rocking sensors. In absolute sensors, the sensors don't have accumulated errors; they
provide measurements basing on the current state, without the needviougpre
knowledge of the location. On the other hand, the error in this kind of sensors will
be instantaneous, and could caaseidents when the robils in correctly detect

its location.In this work, StarGazer sensor from Hagisonic company (South Korea
is selected for the localization and mapp[A§]. This sensor is based on infrared
technology, andt is belongingto absolute sensory family. The sensor is composed
of an electronic chip which has an infrared camera and a group of infrared emitters,
ard passive landmarks which are distributed over the work area. The sensor works
on analysing the received infrared beam from passive landmarks to obtain its
location. Unfortunately, this sensor is affected by light noises negilom sunlight

and floresent lights. When the robot moves in noisy areas, the sensor will falsely
define its location in the global mapig 3.3 shows an example of a scenario for
false detection of a landmark for a certain period of time. The robot will start
moving from locatiorl to location 2, and thahwill move to location 3. Supposing

that the location 3 includes light noises, the robot will fail to detect the correct
location of the robot, and it will suppose that it is in location 6 as example.
Consequently, this will d the robot to adjust its path to direct itself to the next
waypoint following location 6, while it is still in location 3.
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b b -

Figure 3.3: False detection of landmark

To overcome this problenthe measurements of the StarGazer sensor must be
filtered to check the false measurements, and prastienation for the location of
the robot undethese noisy areaso allow the robot from keeping its movement to

the goal |l ocati on. In the |l iterature surve)
always follow white Gaussian noise, so implementirgcursive filters such as
Kal man filter wonot provide acdhus,ate estinm

modified Kalman filter is applied to the measurements of the StarGazer sensor.
this work,the adjusted filter will monitothe false measurementsich are far from

the expected location of the robot, and remove it before implementing the Kalman
filter over the measuremenithis filter uses the history measurements to predict the
location of the robot. When a new measurement is far from the meédcie, the

filter will know that this value is wrong, and the robot will use the predicted
measurement to keep moving in its path till the robot maway from the noisy
location.

3.3Human-Robot Interaction

HumanRobot Interaction (HRI)@nbe definedas the ability of a robot taeecognize

the human, interact witthem, and implement suitable activities asesponse for

the interactionThe task of HRI varies; it could be used to teach the robot how to
implement certain tasks as it could be found widel cognitive robotics; others
employ the HRI tchelp the human in their daily life as it could be seen in human

op
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assistive devices/robots, and in robotic arms which work with humassembly
lines Social robots also use the HRI to express the emotdther via voice
sentences or via physida¢haviorsas moving the headegebrowsand mouthand

the interaction which aims to control the motion of the robots and its behaviour.

For any engineering system, safety has the highest priority which tleenskists to
achieve. Furthermore, these systems must be equipped with facilities that enable the
human from interrupting the system and control it when needed. Such as stopping
the system, or controlling it in emergency situations.

In mobile robotics, robestwill navigate in social environments, and they have to
guarantee the safety of thamanwho are working in the same area, by recognizing
the humars, interacting with them when needadd avoiihg physical accidentto
them.Moreover, and as an engineggisystem, the robots must be controllable, and
interruptible by human when needed.

In the literature survey, there is no research took into consideration these concepts;
researches focused either on implementing collision avoidance systems which allow

the robot from navigating in narrow, cluttered areas with distributed obstacles, or on
implementing human o b o t interaction systems that do
operation.

In chapter 2it is shown that the collision avoidance serves as a locapfather; it
allows the robot from adjusting its path temporary to avoid the collision tivé¢h
obstacles that are located in the detection range of the sé@rsomajority of
collision avoidance systems handle the human as a dynamic obstacle, withat taki
into consideration the reality that the hu
also try to adjust its movement to avoid the roba.3.4 shows a scenario when the
robot and human meet in a certain location. It could be seen that the robaljwstl a

its path trying to avoid thbumanon its right/left. Simultaneously, the human will
also try to avoid the robot, so he will adjust its path to avoid the robot taking the
left/right direction. This will make both the robot and the human confused #i®u
motion direction that the other will follow.

In some scenarios, the human might have better information regarding the obstacles
that are located in the path, and if he can interact with the robot, he might give it
better direction for implementinthe collisionfree path. As example is when a
group ofhumanare located in the path of the robot; then with the previous collision
avoidance systems, the robot will try to avoid thenanautonomously, and this

will confuse thehumanwho are located neahe robot. If the human is able to
interact with the robot, and provisiéhe direction of the collision avoidance to it,
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then the robot and tHeumanwill know the behavior of the other and the direction
that each of them wiill follow.

y

Figure 3.4: The conflict in generating collisiefiee path between the robot and the
human

In bottleneckproblem which is described if104], it is likely that the robot and the
human meet in a narrow corridor or in small locations so it is not possible for any of
them to keep moving. Most researches proposed systems for enabling the robot t
recalculate its patand adjust iautonomouslywith the goal of avoiding obstacles
Consequently, when the robot meéuman ina narrow areawhich is not wide
enough for avoiding each othethe robotwill either stop, or keep movingnd
collide with the human Thus, theHRI will allow the humanto interact with the
robot, and adjust its motion temporarily. The user can ask the robot to move forward
or backward for a certain distance, till the robot reaches a wide location which is
enough for thdaumanto avoid the robot and keep moving.

In this work, the HRI will be employed to serve the task of secure operation of the
indoor mobile robots to guarantee the safety of the human and the robot, by
providing the facility for the human to interrupt the matiof the H20 humanoid
robot, and modify its motion in certain situations as guiding it to a certain location,
or to cooperate in avoiding collision when both of them located in narrow corridors
or in cluttered environments.

In this method, both the humamdithe robot will share the responsibility of
avoiding each other via interaction. The robot will execute the motion orders issued
by the human via interaction. When the robot mhataanin its path, it will receive

the orientation, which the robot must tp avoid the human. This will guarantee that
both the human and the robot know to which direction they have to go to avoid
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collision. Furthermore, it is taken into consideration the distraction of human while
he gives orders to the robot. This is donelibyiting the interaction to a single
person, and reading several gestures from the human for a certain period of time,
and executing the order when the whole gestures which are taken within this period
are identical.

From the literature survethe HRI ould be classified into three categories:

A The physical HRI: the robabbtainsthe interaction information from the
human using contact sensors which Brecontactto human as wearable
sensors, and touch sensors.

A The noncontact HRI: the robot gets theténaction information from the
human without contact as gesture and voice recognition methosisg
microphonesRGB, 3D and LRF sensors.

A A combination of the two previous methods: as fusing the sensory
informationof LRF and wearable sensor

Since the mteraction will serve the collision avoidance and human safety, it is

required to use a sensor which is able to detect the human and interact with them

remotely. Thus, the Kinect sensor is chosen for this work. 3é&isor provides

skeleton frametotheombot with a 3D description for th
describing the activities that a person is doing. Tites,robot hago process the

jointsdo orientations of each person in the
to extract and define ¢éhactivities that the human is doing and implement the correct

response for these activities

In literature survey, many methodgere used to classify the gestures using the
Kinect sensor; each of these metbbds itslimitations and advantagel method

which depend on analyzing the relative positions of the joints, and the geometry
analysis of the jointsd angles wildl provi d
other hand, such methods are sensitive toatigular displacement of the human;
when thehuman and the robot are not located face to face, the angles between the
joints will be distorted, and the HRI system will fail in detecting the gesTlumes,

in thisthesis,machine learning and artificial intelligence algorithwere adoptedo

train the models to detect the gesturehiomaneven if they are not located face to
face with the robot. Twalgorithms will be used and compared to classify the
gestures of the users. The first algorithm is Support Vector Machine (SVM), and the
second algorithn is Back Propagation Neural Network (BPNN). These two models
will be trained andemployedto classify thej o i nobmindtes of each person
detected by the Kinect sensdhenthe performancevill be compared to select the
suitable one for classifying ¢éhgestures.

oy
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SVM is amachinelearning method, which is based on st#tal learning theory
(Vapnik 1995) [116], [117], [118]. Briefly, the SVM principle is based on
classifying the data into classes using separation planes. When the data is not
linearly separable, the SVM maps it into a higher dimemsispa@ using kernel
functions asGaussian, radial basis function, and Polynork&hels,and thenthe
modelsearches for the optimal hyperplanes which are @bseparate the mapped
data.

Back Propagation Neural Networkassupervised Brning algorithm wigh isused

in several applications as in pattern classification, pattern recognition, and image
processing. The network mposed of three layers: Input layer, hidden layer and
output layer[119]. Each layer includes sevenmaéurons Each neuron existed in a
certain layer is interconnectedith each neuron in the following layer with a
weighted connection-urthermore, each of the neurons in the hidden and output
layer hasan activation function which stimulatéise neuron to provide the output.
To train the network, a set of training dataused to tune the weights of each
connection.The training sampkeareapplied to the input neurons, and the output is
compared with the expected output to calculate the error. This erroopagated
backward to update the weights of eachnemtion todecrease the model error.

To useSVM and BPNN in real applications, the mode&veto betrained before
usingthemin classifying the gestures of the users obtained by the KiGeoss
validation technigue are statstical learning algorithm which spli the available
training data into two sets: training set, and testing set. The training set is used to
train the model, while the testing set is usedvatidate and analyzethe trained
model, to check how its performance before putting it into real Gadjgn. The K

fold cross validation method will be used in this work to train the model. In this
method, the training set is divided irgqual subsets. At each training cycle, a subset

is selected as testing set, while the remaining data wilisee totrain the model.
Further details will belescribedn chapter 5.

After extracting the gesturesd classifying them by the HRI systethe robot has

to implement suitable resporsder each order issued by the user via interaction.

this thesis the inteaction aims to guarantee the safety of lthenan and avoid the

collision and bottleneck problem§.he or ders fAmove forward/ bac|
t he robot t o move toward/ against t he posi
r i ght / loelérthé robeto Iséarchfor the collision avoidance paths to the

rioght/ | eft of the wuser,; Astopo wild/l make t
which will be used to limit the interaction to one person in a gréupher details

canbe found in chapter 5.
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3.4 Collision Avoidance for Indoor Mobile Robots

Collision avoidance is a basic requiremémt any robotic system, to guarantee the
safety of the robot and tHeumanfrom physical accidents which could occur when
both of them meet in the same path.

Different mllision avoidance systems have been implemented for mobile robotics.

Many of these systems proved their validity in avoiding static and dynamic

obstacles, and navigating in cluttered environmeN®&vertheless, most of them

handle the human as dynamictdlzées r at her t han a.sThisis nt el | i ge
a short come since the human will also try to find a colli$iea path, and this

could causa confusion due to the lack of knowledge regarding the direction that the

other will take.

Out of this, atwo-level collision avoidance system h&s be implemented, which

takes into onsideration the human obstaeles an fAi nt el | isygtenmt obst ac
givesa common responsibility for both the robot and thenanin avoiding each

other.The method has twlevels:

A CooperativeCollision Avoidance: When the robot meets a person in the path, it
will ask the humarvia voice messagdsr interaction to supervise the collision
avoidance process. The user in this case will be ddddoy the robot to select
what it has to do. The user will then be ableorlerthe robot to either move
forwards/backwards whemey are located in narrow paths, or to move right/left
so the robot generates collistamoidance path to the right/left of the user. In this
case, bth the robot and the human know the motion of the other, and this avoids
a conflict when each one moves independently from the other.

A Autonomous Collision Avoidance: If nbumaninteracted with the robot for a
certain period of time, the robot will calculatket collision avoidance path
autonomously, taking into consideration finding the closelision-free path to
the goal location.

To realize these concepts, a robust collision avoidance system is implemented. In
this system, the robot will search for thdole navigableregionsthat are wide
enough to allow the robot from passing thenansafely, taking into consideration

the width of humanand the robot.Furthermore, the system will provide two
collision avoidanceptions: autonomous amdoperative

The robot will stop and askhe humanto interact with if allowing a time period

3000 ms for thehnumanto implement the interaction. If a user raiskee right arm
vertically (180°) for a period around0@ms, the robot will know that it has to
interact withthis user and execute his requests provided via the interaction, and the
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robot will switch to cooperativecollision avoidance. Thus the selection of the
collision-free path will be based on the direction provided by the master.

If no humaninteracted withthe robot within the given period of time, the robot will
switch to autaomous collision avoidance. Thuswill select the region that it will
generate the collision avoidance path across it basing on the nepowayhat the
robot has to move based the global map.

Finally, the collision avoidance system is equipped with a velocity controller which
adjusts the robotds | inear and angul ar

v el

C

Pt owi | pass. The contr ol kwhentheseletdted decr eas e

region isnarrow and vice versa, and this will promote the performance of the
collision avoidance system.
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Chapter 4

Localization of Indoor Mobile Robots

4.1 Introductio n

Localization is defined as the ability of the robot to estimate its position given a map
of the environment[120]. For successfuindoor robot navigation, the robot requires

a map building for the workspacand sensors for specifying its position within this
workspace. If a robot loseits position within a work environment, then it is
probable that fatal accidents occur, lta@liding with walls or doors. In life science
laboratories, accurate localizatigncritical, due to narrow corridors and small free
spaceswh i ¢ h don 6t tohawewaidelloealizationtaletasces

Furthermore, accurate localization is important to make sure that robots are able to
reach pickandplace stations elevators, and charging places. The accurate
localization will be based mainly on selecting suitable sensangch meet the
requirements of thevork area as specifyingthe possible disturbanceshich may

exist in the place. There is a wide option for senseashhasits benefits and
limitations, and a good selection for sensomsist take into consideratio the
application requirements.

For example, in life sciendaboratoriesjt shouldbe taken into consideration that
these laboratories are subjectelectromagnét noise,ambient light, the existence
of narrow corridorand small free spaceshesides to the need to modithe
navigation map due ta changen the work environmengtc.Based on the previous
survey,the StarGazer sensqHagisoni¢c South Koreais sdected for the tasks of
localization and mapping@5]. Fig 4.1shows the principle of the sensor.

The sensor is equipped wiém array of IR emitters, and an IR camera positioned in
one circuit. Furthermorey collection of the passivieandmarks idistributed along

the navigation area in celisca. The passarmmarks areomposed of 4x4oints,
which have a high reflective ability for IR beam. Each landmark hasntque 1D
based on disthbatiorpower théarslrbdark Figure4.2 shows the StarGazer
sensor and the landmarkehe StarGazer emits the IR beam toldredmark, which

in turn reflects the IR beam back to the StarGazer.IRimamera and the integrated
circuitanalyses he camer ads dat a t otatiorboftheirabott h e

posi
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Figure 4.1: The principle of StarGazer Localization sefsjr

From Hg 4.2, it could be seen that the passive landmarks are composed of several
small circles; each of these circles is composed of a refleni@erial which is able

to reflect the IR beam effectively. &hStarGazer will then identify the location,
direction and the landmark ID by analyzing telected beam from the circleBhe
StarGazer is able to recognize up to 4095 different landnfarkéhe landmarks
which are composed of 4x4 dofurther information of the sensor could be found

in appendix 1

ID recognition code
4 v
SICWON
/ o ® O
O 0 ¢

o e .0

Direction, location code

Figure 4.2: StarGazer sensor and the passive Landmarks

4.2 Improving the StarGazer Localization using Kalman Filter

As it is mentionedn chapte 3, it is noticed that the StarGazereffected from the
light noises which are resulted from strong sunlight, and from the fluorescent lights
when they are located near the landmarks of the StarGazer dagsb3shows an
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example of a noisy path thatcludes lights which are located near the landmarks,
and path that is subject to sunlight. When the robot moves in such path, the false
detection of the sensapuldoccur and thisvill lead the robot to lose its location as

it is exphined before in cher 3, and kg 3.3.

To improve the performance of the StarGazer sensor and filter the false
measurements, Kalman filter is employed for removing the false measusemdnt
providinge st i mati on for the robotds | ocation unc

Kalman filter is arecursive data processing algorithwhich is able tancorporate

all providedinformation. The filter is able to process all the available measurements,
to estimate the current value of the variables of interest. Furthermore, the filter is
able b predict the statof the system based on previous measurements.

Figure4.3 The navigtion under strong natural and fluorescent lights

The filter has been used in several applicatisash asrocket navigation121],
object tracking[122], wind energy[123], [124], power systemg125], speech
enhancemerjfl26] etc.

To implenent the Kalman Filteiif is required to model the system dynamics, and to
know theinitial state of tle s/stem The filter is composed of a set of mathematical
equationg127]:

() Ow 06606 0 (4.1)
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0 d06 OO0 O (4.2)
» Ok U (4.3)
0 0 6 & 0 6 Y (4.4)
& & O O & & (4.5)
0 p v 6 O (4.6)
Where:
0 D T
0 D mhyY

representhe observation and measuremantses, which are assumedhe zero,
mean Gaussian white noise.

State Prediction 'O Transformation Matrix
CovarianceMatrix Prediction 0 Control Vector

Vector Measurement 0 State Transition

Kalman Gain 0  Covariance Matrix Update
State Estimation Update

E:C-g: g

The estimation step of the Kalman Filter is generated basing on the system dynamic,

while the correction step will be generated basing on the measurements of the

StaGazer sensor and the estimated stht¢47], it is mentioned that the noise of the

StarGazer sensor comes from two resources, the noise which is resulted from the

vibration of the sensor when the robot moves, and the noise which is resulted from

false detection of the landmarks. Furthermore, it is shown that the first type of noise

could be considered as a white Gaussian noi
be repreented as a white Gaussianise so the recursive filters such as Kalman

filter wonét be suitable in filtering the n

In the following, additional improvement to the Kalman filter is implemented, to

cope the problem of her r or s t hat donodt fol I Bpw the wt
considering that any engineering system can run with certain lvéiscities,
positions €é) that it candét exceed with a gi
to detect and delete the wrongasurements that are far from #gpecifiedlimits of

the system for a given time period.
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4.3The Improved Kalman Filter

In Kalman filter, when the filtec o v a r iaadnhe ganseacthe steady state, it

will be able to smooth the measurements byiragithe magnified difference of the

actual measurement and the estimated one to the estimated measurement, as it can
be seen from equatiod.b). When a false measurement is forwarded to the filter, it

will update its parameters basing on this magnifid¢tkidince. Consequestlif the
difference is too bigt will affect the performance of the filter, and tlsisuldlead to
unsatisfied results from the filter.

To implement the Kalman filtethe state estimate is calculated, and thenufuate

equation $ calculatedbased on equation (4.5). In most dynamic systems, it is
possible toidentify some certain domains félne monitored parameters when it is

knownt hat t hese par eenentlimits fora givantime dorean.cFere d
example, in H20 rolis, sinceit is known that the maximum robaotelocity is 0.75

m/s,it is possibletojudge hat after 1 second, anOl¥® r obot
meters in any direction (considering that the robot is moving in indoor environment

with no sloping paths).

The proposed method aims to improve the performance of the Kalman filter by
monitoring the absolute difference between the updated &Gtateand estimated
state® or @ ® . When this difference is out of the knowamain, then

it is possible taneglect the updated state and use the predicted state as the new state
of the system. Since the updated stad a false measuremefig 4.4 shows the

flow chart for the proposed methdd.this casethis adjustment ovethe filter will
contributein providingbetter result®f the Kalman filtef111].

An example of the method is the H20 robot, the robot moves in a maximum speed
75 cm/sec.Thus, onsdering that the sampling time of the filter 200 ms, the
difference between two consequence statéso u lexdaed 15 cm. Consequently,

it is possible tagnore the updated state when the difference between the predicted
and updated states exceeds frb Im other meaning, a measurement is coersd

false when the differencéd @ p uda

This algorithm can increase the performance of the Kalman filter, since it will
monitor the updated state and reject it as long asatiiof the specified domain.
This condition could be justified and tuned for otlgplications, whichuse Kalman

fil ter for measurements filtration
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> Calculate the
estimation equation

v

Read the sensor
measurement

v

Generate the update
equations

KXinew) = Xis1 Xinew) = Xk+1

Figure4.4: The flow chart for the proposditter

4.4 Experimental Results

The experiments were implementeith the Stargazer sensousing20 landmarks
of type HLD1-L, which covera path of 25m. The experiments were dome the

path whch is shown in fig 4.3andtested in different light conditionglorescent
and sun light In each experiment, the complete distance the StarGaxzesdis

100m. The experiments have been implemented for five times in difidaghght

conditions.

Selecting the appropriate tolerance for the filter has a high importance for its
performance, and rejecting the false measurements. Thak, reeasurement is
considered false when the valde @ p vcm. Table 4.1shows the
experimental reults. The success rate represdhts performance of the filter in
detecting false measurements and providing estimated lbresld be seen that the
StarGazer provides higher false measurements in strong light conditions than when
the light is weak. Rahermore, it could be seen that the proposed fiteved the

ability from detecting the false measurements, and providing estimation for the
robotés position instead of the false

v al

ue
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Table 4.1: The experimental results of the Kalman filter over the StarGazer sensc

Experiment| Travelled Total Fale Light Success
Number | Distance(m) | measurement| measurement|{ condition Rate
1 100 405 14 weak sun + | 100%
lights off
2 100 407 21 moderate surp  100%
+ lights on
3 100 420 22 moderate sur;  100%
+ lights on
4 100 415 28 strong sun +| 100%
lights on
5 100 412 26 Strong sun +| 100%
lights on

To show the performance of the filter, the measurements otan@&er before and
after filtration are plotte as it could be seen in Fig 418 the figure, the blue dots in

(a, b, c)representhe raw measurementsf the StarGazer sensbro r

can be seen that some measurements are totally far froexgbeted motion curve

of the StaGazer

X,

Y

Fig 4.5(d, e, f) shows the results of applyitigfilter over these measurementhe
yellow dots represent the raw measurements from the StarGazer, senigorthe

blue dots represents the filtered measwentsof the sensorlt canbe seen clearly
that there are some irregular points which are not located on the expected barve.

and

goal of the filter is to detect these wrong measurements and provide estimation for
the StarGazetlocation.

It is clearly thatthd i | t er

di

dnot

f ol

| o wdetede@dthema |

S €

and providd approximaipnsfor the position basing on the estimated measurements
generated by the estimation equation, after neglecting the filtered measurements

resulted from the updatjuation under these false valuesgrthermore, it could be

seen that when the sensor provides correct measurement, the filter use this
measurement to update its state.

It is worthy to mention that the goal of the filter is not to improve the accurabs of

StarGazer sensor, but to detect the false measurements and provide an accurate

esti

mat i

on

measurements.

for

t he

robo

t 6s

position

In [47], the implemented EKF failed in detecting the false measurements, even when
these measurements have high localization error (>3m). This is because the false
f olh dordrary, ivdouldtbe se€ahats si an n

measur ement s

A

donot

me a ¢

even
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theimplementedKalman filteris able to detecthe false measurementandprovide
accurate estimation for the location of the robot under these false measurements.
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Figure4.5: The StarGazer measurements before and after filtering: (a, b, ¢) The
measurements of Stargazer sensor. The horizontal axis represents the number

measurements. The vertical axi s re
consequently. (c, f) The result of applying the proposed filter over the StarGa:
sensor
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Chapter 5

Human-Robot Interaction System for Indoor
Mobile Robots

5.1 Introduction

In the future work environments, robot ahdmanwill work side by side inthe

same place, and this raises big challenges related to the ability of each of them from
identifying the other, and interacting and exchanging the information when needed.
Thus, robots must be equipped with a robust huroaot interaction system to be

able from a secure work with the human.

HumanRobot Interaction is defined as the ability of a robot from distinguish a
human, understand his orders or emotions, and implement a suitable response as a
result of this interaction.

In recent years, the fashprovements in the field of artificial intelligence, machine
learning and computer engineering, led to several forms of the interaction with
human. It could be seen from the chapter 2, that the interaction formulation is based
on the goal of the interaot, the tasks that the robot is doing, and the used sensors
for the interaction.

In this work, theinteraction will serve the task of human safety, by implementing a
humanrobot interaction system which enables the robot from recognizing the
human and getig the motion information from him so both of them avoid the
collision when they meet in narrow locations.

Kinect V2.0 sensor (Microsoft, USA) is widely used in applications, which require
human and gesture detectifd?8]. This sensor has a RGB camera and an infrared
camera. The combination of these two cameras provides the robot with a 3D vision
of the work environment. The sensor uses {ofilight to measure the distance
between the sensor and the obj€di®9]. In this technology, the sensor sends
infrared beam, rad measures the time required by beam to travel back to the IR
camera. The Kinect 2.0 provides a skeleton frame, which incthdeskeletos for

up to 6humars to the robot. 3D dimensions for 25nts express each skeleton. The
sensor is able to detetiethumanwithin the distance between 0.8 t® dneters

pn
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5.2 System Description

It could beconcludedin the literature survey, that the HRI systems are either
designed taextract the emotions dfuman receivethe tasks from them via voice,
gesture, or ngrons, or to interact with human and learn from them how to execute
certain tasksFurthermorejt could be seen from the literatures that are related to
collision avoidance, thathe traditional collision avoidance systems are working
autonomously, withaugetting any kind of feedback from the hurmeabout their
motion direction, and withow possibility to interrupt the motion of the rolvaben
needed. Out of this a new robotic system which is based on HRI is implemented to
serve the task of collision adance for mobile robotidd.12].

In the implemented system, the robot will be equipped with a Kinect sensor to
monitor the human which exist in the navigation areand get the gesture
information from themThe person in front of the robthen will use gestures to
inform the robot about the procedure, which it has to execute (stop, move forward,
move backwards, go right, go left, resume). The robot will execute the orders based
on the detected gesture and move to its final destinatiolg gdobal path planner
system after avoiding the hum§tB0]. To implement the humarbot interaction,

seven @stures are used in this system. Table 5.1 depicts these gestures and the
roboobs response for each of them.

The Kinect sensor providgbe robotwi t h i nf or mati on about the
This information requires further processing to extract the corresponding orders

issued by the human. Thus, it is required to implement a toahwibk able to

interpret the skeletal data into usefoimmandghat the robot can understar®ince

the interaction i s bas efidejonts wilhbe mssechtds ar ms,
detect the gestures:

A The (y) values of the right and left elbows, and tiight and left wrists.
These values will provide sufficient information about the locations of the
left and right arms in the space.

A The (y, z) values for the neck joint. These two values are necessary to train
the model to classify the gestureshaimanwith different heights.

Fig 5.1 shows the human joints extracted by the Kinect
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Table 5.1 The gestures used in the HRI system and their corresponding functic

Gesture Function

Stop The robot willstop as long as the stop gesture is raised.

Move right The robot will generate the collision avoidance path
selecting the closest region located to the right side o
masterperson.

Move left The robot will generate the collision avoidance path

sdecting the closest region located to the left side of
masterperson.

Move forwards

The robot wildl move towar
forwardo gesture is raise

Move backwards

The robot will move backwards as long as the master pé¢
raises he fimove backwar dso gg¢

Master select

If severalhumansare in the path of the robot, the robot v
not know to which person it has to interact, since twd
more humanmight give different orders to the robot. ]
overcome this erebdt @ mge itV
When a person in a group raises the right arm 180°
robot will know that it has to interact with this person ¢
will ignore the gestures of otheumanin the work area.

Resume The resume gesture is used when riaster person orde
the robot to ignore the human existence and complet
path. This is the case when the person thinks that the
moves in a different path which he follows, or when
person wil |l |l eave to ano
pah.

To understand the gestures, a tool

shoul

coordinates to its classeBrom literature survey, many methods are adopted to
extract tle gestures of human from Kinect sensor.

d
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Stop Right Lett Resume Master Backward Forward

Figure 51: The gestures used for the interaction with the robot

It is also shown that the methods which are based on geometry analysis of the joints
wonoét wor k ¢ omhumanplanlisynot parakento thehsensor plan, since
the angles and the relative positions of jowi8 be different when the robot and
humanare not located face to face.

In real world, it is highly possible that the human is not adjacent to the robot, and the
robot should still be able to interact with themanand understand their gestures
correcty. Thus, it is expected that the methods which work on analyzingéate

and classifying it basing on a previous trainifiog these models could provide a
better performance inlentifying the corresponding order for a given gesture. In this
study, two nodels are adopted to classify the skeletal information provided by the
Kinect sensor. The first model Bupport Vector Machine (SVM)131] andthe
second model iBack Propagation Neural Network (BPNN)32] [133]. These two
models are trained and the performance is @eth

5.3 SupportVector Machine
5.3.1 Model Description

In SVM, the model works on searching for the line, which is able to separate the
data optimally in the current application, the data represents the measurements
obtained fronKinect sensarSupposg thedataof the sensor are plotted kg 5.2,

it could be seethat there isninfinite number of separation lines. Searching for the
line, which is able to keep the largest margin between the two classes, does

po
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\ Move Left
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Figure 5.2: The Principle of Support Vector Machines

optimization[117] [134]. To find the mathematical representation of this [@wobit
is supposd that the separation line has the following equation:

Qo 0 ® ® 5.1
Where0 represents theeight vectorpthe bias andvinput data.
Supposing that the line is able to separate the data into two classes:
0 ® P N ®  p
For all points which are located at the first class and:
0 @ p 0 w p
for the points which are located at the second class.

The margin , is defined ashe distance betaen the positive class and the negative
class.

0w — 52
$ s

The margin could be given as:

! — 5.3

an
an
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Optimization is done by searching for the line, which is able to keep the maximum

margin between classes withaaty error in classifying the training data. This is

equivalent to maximizing the margin, or minimizing thaince:

e U -0 0
Subject to

woe & plQ

5.4

5.5

Support vectors are defined as the training vectorschwiare located on the
auxiliary hypeplanes as it could be seen kg 5.2 and could be represented

mathematically as:
Qw L W

Qw L w

@

~

w

Y
Y

Usually, finding an optimal hypetane which is ableot separate the whole da& i
difficult, since some vectors could be correctly classified but watéd within the

boundary hypgalanes, or it could evelpe misclassified
defined which represents the distance between the misclassified vectoneand t

Thus a sl ack

correct boundary hypetane[117]. For the classification models which indes

misclassified vectors we define:

wouw ® p , DQ pitMs R

., T Q pltB R

5.6

Thus, br the vectors which are correctly classifiand within the boundary
hypeplane, 1, and for the vectors which are correctly sifisd but they are not

located withinthe boundary hypetanert

p, while ,

p for the vectors

which are misclassifiedThus the optimization problem takes the form:

| Edos 6B, DO pitis dr

5.7

Where C is the penalty factorhweh controls the tradeff between maximizing the
margin and minimizing the training error. Large C meanstti@imodel iSocusing
on minimizing the error rather than maximizing the margin, while small C nikans
model isfocusing on maximizing the mgin with less careabout minimizing the

training error.

The penalty factor C is selected manually, so to test the performance of the model

for different penalty factordraining algorithms are neededhich are able to train

PP

var.i
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and test the model. Many trang algorithms existed for this purpose as exhaustive
cross validation, Repeated Random -salmpling validation,and K-fold crosses
validation. In this research,-#ld crossvalidation algorithm is used for training the
model and selecting the appropripenalty factof135], [136].

5.3.2 Model Training

To put the SVM inb real applications, the model has to be trained given a set of
training inputs and the desired outputs which the model has to generate as a response
to the applied input. Thu$o train the model, a training set is required to tune the
parameters of the odel. It could be seen froffig 5.1 that the measurements of the

five joints in the body frames are extracted. For the right and left wrists, and the
right and left elbows, the (y) values are extracted. Furthermore, the (y, z) values of
the neck are alsoxegacted

To build the training set, the gestures of fpaoplewith different heights are taken;
each person is asked to implem#rg whole 7 gestures in Ifferent positions in
distances with range [1.8, 4] m. Thus, for each person thele gs X p @
training samples, and the total training set is equal to 448.

Since it is possible that the human is not totally facing the robot, the training
samples are taken with deviation angle&®f, 40°] between the participants and the
Kinect level. By training the model with training samples that are taken with
different angles of people, it is expected that the HRI will be able to recognize the
gesture of human even if they are not located-fadace with the front plane of the
Kinect sensor.

To train the §M, k-fold cross validation algorithm is useg-fold cross validation
is a training algorithm which is used for training and evaluating the trained classifier
given the available set of training data. In this algorithm, the dat® setlivided

into equal subset® . Each subseb includes— & samples of the training set:
0O B 0 DQ plth8 hQ 5.8

Since each) represents a subset of the dat&setFig 5.3 shows the flow chart of
training the SVM model.

In the next step, the data subsetsgs are used for training the model with the
given set of parameters; while the remaining Bets used to evaluate and validate
the model, and the number of misclassified samples for the sstcomputed.

pcC
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> C=exp( E)

K=0
Training=392 Testing=56
Train The module witt892
samples

Test the module with56
samples

Save the misclassified samples

Yes No

No

r € >70 \—

Calculate Average
Error

E++

End
Figure5.3: The flow chart for building and training theSYM model

In this work, k= 8 Fig 5.4shows the subsets distribution for traminoth the SVM
and BPNN models.

Figure 5.4: The ¥old sets for the tSVM model

NIANIANIANIANIANA] AN

5.4Back Propagation Neural Network
5.4.1 Model Description

BackPropagation neural network is a mu#tiyer network that is compog®f input
layer, hidden layers and output layer. Each layer is composed of several neurons;

pT
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each of thee neurons in a certain layer is linked to each neuron in the following
layer via weighted linksFurthermore, each neuron in the hidden and outputdaye
has an activation function, whidalculates the output of the neuron after receiving
the weighted inputs from the neurons in the previous layeyr.5.5 shows the
hierarchy of the BPNN.

i/E.W’ 000 Stop

001 Right
010 Left

011 Forward

100 Backward

101 Master

110 Resume

Figure5.5: The hierarchy of the BPNN

In the training step, the weights are selected aoarid with snall valuesp { N

T . Then the training vector i s appl i e
propagate these inputs via the layers to the output layer. The error of the network is
calculated as the deviation of the network output fronmd#étsredoutput. This error
is propagated inversely to update the weights of the layers.

Considering a three layer BPNNy, represents the weight of the connection
between the neuroiiin the input layer, and the neurdin the hidden layerd
represents the weight of the connection between the né(morihe hidden layer,
and the neurofQin the output layef132]. The inputand the outpubf a neuron in
the hidden layer is given as:

® B o8 5.9
W — 5.10
Where

@: the bias for the neuron

py
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¢: the number of inputs for the network

Actually, theright term of the output equation represents a sigmoid function which
is used widely in the BPNN for activating the neurons of the hidden and output
layers. For calculating the output of the network, the same steps are followed using
the eguations 5.9 and 5.10

After completing the feed forward step, the model error is cataif@r each output
neuron. The output error represents the difference between the desired output and
the actual output:

Q Q w 5.11

After calculating the error, the weights have to be corrected, to decrease this error.
Thus, the updated weights between the hidden and outpus isgiven as:

VEQL VEAQ Y 5.12
Where Y0 is the weight correction, and it is calculated as
Yo - @ 5.13

Wher¢g is the error gradient which represents the derivative of the multiplication
of activation function with the error of the output neufb83]:

1 — Q 5.14

Considering using the sigmoid activation function:
T 0 p O 0 5.15
The updated weights will be given as:
0 0 -808 5.16
In similar way, the error gradient of the neurons in the hidden layer is given as:
1 HOp ®B 0 8 5.17
Then, the weight corrections are given as:
Yo - @ 5.18
And the new weights of the hidden neurons will be calculated as:

0 0 Y0 5.19

p ¢
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Where-is the learning ratgnd t is takenas apositivevalue less than 1.

5.4.2 Model Training

In BPNN, the goal of training the model is to find the best number of hidden

neurons, with the best weights values that provide the minimum output error. The

model will have six inputs; oné o r each jointés wvalue, and
provide the gesture to the robot. To find the best number of hidden neurons, several

models have been trained and tested with number of hidden néuronsit p.

Similarly to SVM model, the BPNN is trained using the same training data set (448
samples). Furthermoréhe kfold cross validation with k = 8 will be used train
the model and test it for different number of hiddeanrons.

5.5 System Inplementation
5.5.1 Kinect Position

Kinect V2 sensor has 70° horizontal and 60° vertical fields of view. Times,
positioning of the sensdras an important te in detecting thdaumanin different
positions. The next chapter will show that the robot éaired to interact with the
humanand execute the procedures of collision avoidance when the distance between
the robot and a personasound2m. Thus, the Kinect has to be fixed in a position
that allows the robot to detect tHeumanwithin the distanc&-4m. Furthermore, it
should be taken into consideration that the robot has to detect the static obstacles on
the floor of the navigation area, which could be a future work for the implemented
system. Thus, it is decided to fix the Kinect sensor orgh Fhcm above the floor.

Fig 5.6depicts the position of the Kinect and the vertical distanceshtbabbot can
detect within the given positiofit. could be seen that for the distance 2m, the robot
can detect thumanwith heights around 2m.

5.5.2 HumanRobot Interaction SystemDescription

In the previous sections, it is mentioned that the robot interacts with the human

using seven gestures. Since it is possible to have sduaranin the path of the

robot, it is probable that each person gives a mdiffeorder to the robot. Thus, the

robot wonot be able to understand what It
speci al gesture fAMaster Selecto is allocat
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Figure 5.6 Position of Kinect sensor and detection range

person. When the master person is detected, the walbdimit the interaction to
this person and ignore the gesturestbeohumanin the area.

The Kinect sensor provides 30fps, this is a high rate for the interaction, since it is

not possible to the robot and the human to implement the interactiothvgitiate

Moreover, if the interactiois done in a short period of timé,i$ possible that the

robot mi st akenl y pogitionevhila theé sastér gpersonhie stilla r ms 6

moving them. For example, the robdtyomi ght
while the master person is still moving his arms to reach the move backward order
At wo arms verticalo. To overcome this prob

stored in a unique register. Each register records 6 gestures for each person. If the

whole values of the register are the same, then the robot will execute the saved
gesture in the register. This wil/l guar an
movements. When a person moves away from ¢t
will be clearedautomatically. Since the robot compares each 6 gestures, the human

has to fix his ar msod ptdeasi2@0ims.lfig 5f7showsa gi v en
the flow chart for thddumanrobot interaction system.

Once the robot detectmumanin the path, it willsave and update the positions of
humanand their distances from the robot, this data is important for the collision
avoidance system to be able to calculate the required path soon when an order is
assigned. The robot will then search for a master, bgityasy the gestures of all
humanin front of it, and compare the contents of each register to check whether a

CM
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Start Collision
Avoidance

l¢
<

H20 moves on the planned
path

Human No

Detected
Yes¢

Stop

No
Master

Detected

Yes¢

Wait for order

No
Order Received

Yesl

Execute the CA order

L

Figure 5.7: The control of the robot using HurRwbot Interaction

master is existed. When a master is detected, the robot will keep updating the
distances of each person to keep the CA system has the positeath person, but

it will limit the interaction with the master person. The system will then classify the
gesturs of the masteperson, and forward them tbe collision avoidance system

for executing the requests.

5.5.3 Sensofalsel nferred Data

In Kinect sensor, when the body is located near the vision limits of the sengbr, it

providean i nferred estimation of the jointséo
experiments show that this estimation is not accurate, and this leads to a false

detecton for the gestures when the Kinect provides false inferred joints to the HRI

system. FHj. 5.8shows an example of a falsgferred skeleton of the body. The

inferred joints are those which are marked with yellow dots. It is clear, that the

gesture will bemi scl assi fied when t he Kinect pr o
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(a) master (b) right (c) right (d) resume (e) resume () left

Figure5.8 The false skeletal joints due to angle view limits of Kinect

measurements to the classifi€éo overcome this problem, the system will check the

status of each joints of interest (neck, elbows, wrists), and whenattear®re than

two inferred joints, thene asur ement wonodét be forwarded to
the joints are not correctly detected.

5.6 Experimental Results

The experiments were done on two levels; the first expersrgmwthe training
results of the BPNN and SVM, including the timeguiredfrom each model to
implement the training, and evaluating the performance of each model in classifying
the samples. In the second experiment, the HRI model is tested in real environment,
and five humars with different physical shapassted the hmanrobot interaction
system with different positions and angles.

5.6.1 Training the SVM

In this work, a lineakernel support vector machine model is uskal.obtain the
best model of the SVM, the model is tested over a wide range of penalty values:

6 QUM Q ph ws&y &
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Fig 5.3 showedhe flow chart for training the model. Model training is done using
EMGU library, over aLaptop with the processor Intel-B5637U (2.0 GHz with 4
CPUs) and 8 GB RAMAppendix 3shows the compte experiments over the
model, while &ble 5.2summarizes the trainingsults for the model.

Table 5.2The training results for the-8VM model

C Total | Average | Success Train Test No.
Error Error Rate Time Time | Support
(%) (ms) (ms) | Vectors
1® pmnhl 379 47.3 15.53 | [103,112]| <1 21
8T T @ X
0.0183 355 44.3 20.9 102 <1 21
0.0497 156 19.5 65.17 88 <1 21
0.135 33 4.12 92.64 71 <1 21
0.367 8 1 98.2 68 <1 21
1, 2.718 9 1.125 97.99 49, 56 <1 21
7.389 8 1 98.2 45 <1 21
¢ Bt fug 16 2 96.4 [41, 53] <1 21
pT

In table 5.2 the total error represents the total misclassified samples for the
complete folds, while the average error represents the total error dividec by th
number of folds (here 8). To estimate the performance of the SVM model for the
given penalty value, the success ratevigluateds:

YO o 0bd P T pTT 5.20

Furthermore, the train time represents tbl time required to train the model for
the whole 8folds for the given penalty value. The test timepresents the time
required from the trained SVM model to test a given saniptmould be seen that
the test time for any sample after training the model is less than 1ms.

From the table 5,3t could be seen that setting the penaltgrwll values Iss than

0.13 will lead the model to show poor classification for the training sets. On the

other hand, the valueef the penalty in rangd0.367, 7.38] show the best

performance witheight to nine misclassified sampledvioreover, the table shows

thatusnghi gher penalty values wondét i mprove t h
since he model fails in classifying 1&st vectorslt could also beconcludedthat

after training the modethe total time required to predict a given sample is less than

1ms. From the apendix 3 it could be seen thdhe average training time for the

whole experiments is equal 50.95ms
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By comparingthe experiments in the table 5.2 could be seen that thieest
performance of the SVMnodelis with penalty value c#389 with only eight
misclassified samples, whiechequal toa success rate 98.2%.

5.6.2 Training the BPNN M odel

Fig 5.4 showedhe general structure of the BPNN model. The model has six inputs
which represent thg-values of right and left wrists and elbows, ides to the (yz)

values for the neck. Since the model has to distinguish seven gestures, three outputs
were selected for the mogdels it ould be seen from the table 5.3

Table 5.3: e outputs of the BPNN for the given gesture

Q2

Stop

Move Right
Move Left
Move Forward
Move Backward
Master Select
Resume

OHOHOHOQ
~lo|lo|k|r|olo

HHl—\oooog

To search for the best number of hidden neurons, the model is tested usingghe sam
training set and the samedd algorithm which were used taain and optimize the

SVM model. The optimization is done Bgarching for the best number of hidden
neurons for the modeand the best weights valud$us, the neuronseaselected in
therange 3 to 21Table 5.4summarizethe training results.

From the table 5.,4it could be seen that the BPNN could provide very satisfied
results for any number of hidden neurons. The model is able to classify the testing
sets with a successful rate equ@al100% with a classifying time less than 1ms.
While the average training time is equallt/.2 ms
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Table 5.4The result otraining and testing the BPNN for several hidden neurons

No. of Hidden No. Errors Train Time (ms) Test Time
Layers
3 0 101 <1
4 0 115 <1
5 0 112 <1
6 0 114 <1
7 0 115 <1
8 0 103 <1
9 0 107 <1l
10 0 109 <1
11 0 112 <1
12 0 123 <1
13 0 112 <1
14 0 129 <1
15 0 131 <1
16 0 128 <1
17 0 124 <1
18 0 111 <1
19 0 136 <1
20 0 126 <1
21 0 120 <1

5.6.3 Comparison between SVM and BPNN

In comparison between thebles 5.2 and 5,4the following results could be
concluded:

A The BPNN could classify & whole test sets successfully despite of the
number of hidden neurons.

A The L_SVM modekhowed better performance for penalty values close to 1.
Still, whatever the penalty val ue, [
successfully, with théestperformanceof the model isat ¢ = 7.389, with 8
misclassified samples.

A The L_SVM showed faster trainingpan the BPNN with average training
time 50.95ms for the L_SVM and 117m@s for the BPNN.

A Both models were able to class#ginput vector with less than 1sn

Thus, the BPNNwith 8 hidden neuronss chosen for gesture recognition in the
proposed HumaRobot Interaction System.
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5.6.4 Human-Robot Interaction SystemT est

After implementing the HRI system with the BPNN, it is required to test the system
over eal work conditionsFig 5.9shows the test area for the robot and the positions
which the humars whom implemented the testwere located Five humars with
different physical shapes (heights, widtle®thes..) were asked to implement the
tests. Each peos is asked to implement a certain gesture in eachigaswith a
deviation angle-40, -20, 0, 20, 4D The complete experinmés could be found in
appendix 4while the table 5.Summarizethese experiments.

Figure 5.9: Representation of the test environment (dimensions in meter)

By analyzing the experiments in the tatites following results could be outlined:

- The BPNN classifier shows 100% correct classification for the whole gestures
provided to it.

- Out of 90 experiments, the humawobot interaction system misclassifiégo
gestures. These two gestures are ragsified because of a false positions of the
joints which are provided by the Kinect sensor to the classifier.

- Out of 90 experiments, it shows th8% experiments needed a prosieg time in
the range [337, 396ns, while there arsix experiments redred processing time
in range [735,773] ms. The reason that #ie experiments required almost
double time thata user in the exper idumegnthe di dnot
experiment, and this lead from the HRI system to clear the register assigned to
the use and fill it again with new set of classified measurements.
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Table 5.5: The summary of experiments over the HRI system

Person Number of Height False gesture State
experiments transitions
1 18 165 1 0
2 18 170 1 3
3 18 177 0 1
4 18 179 0 1
5 18 188 0 1

By comparing the current results with the other methods wheslediscussedn the

literature survey, it could be seen that the proposed hwatent interaction system is

easier ananoreapplicablecompared t@ther methods ursg touchableand wearable
sensorsince it is not required to attach sensors to human to be able to interact with
the robot Moreover, the system could be used in social work environments easily

since there is no need féurther devices to be fixed on each person existed in the
same havigation area of the robot.

Moreover, by comparing the performance of the implemented HRI system, with the
otherHRI systems which were based on gesture recognition (table 2.6), it could be

seen that the previous systemsre implemented on th@ncept that the robot and
the human are located fateface, while in theealizedsystem, the robot can still

recognize the gesturssiccessfullyeven wlken a human is deviated witht 1tfdom

the staight sight between the robot and the hunvahile the other methods which

were based on geometry will fail when the person is not located face to face with the

Kinect plan.

In table 2.6 it is shown that the success rate of several methods ranges between
83.33% to 98.4%. While the success rate of the implemented SVM is 98.2% and

100% for BPNN.Despite of that the Hidden Markov Model shows a bit higher
success rat€98.4%) than the SVM, the implemented SVM model can recognize

people even when they are naredtly facing the robot. Thug, could beconcluded
that both classifiers SVM and BPNN show higher classification performance than
other methods which are used in literature

Finally, it could be seen that the only limitation from the huwabot interation
system comes mainly from the sensor itself. The experiments which were
implemented over the system showed that there were two misclassified gestures.
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detecing him. The user caknowt hat t he Kinect didndét detec
the robot 6s s teskektal frames of dach detected person.

c o
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Chapter 6

Collision Avoidance System for Indoor Mobile
Robots Basing on HumarRobot Interaction

6.1 Introduction

In future work environments, robots will work alongside to huspand this raises
challenges related to the robustness of these robots in detectimay) interacting
with them and avoidig physical accident® them.Thus, any robotic system must
be equipped with a robust collision avoidance system which entd@derobotto
detect the obstacles and avoid them, especially the human.

In chapter 3, it could be seen that many collision avadasystems have been

implemented for mobile robotics. The general coreegt these systemsre

summed up by detecting the obstiagghees d di st
regions between these obstacles that are wide enough for the robot tanphss,

selecing the region whichg closest to the godirection

Despite of the good performance of many of these methods, sohas short comes
especially when robots navigate in social environments which include inogmgn
moving and sharing the sameorking area of the robot as in laboratories,
restaurants, and hospitals.

When the robot moves in social environments, it is possible that a grdupmain

are located on the same path of the robot. Thus, the robot will try to avoid those
humars by adjustng its path severairhe to avoid collision with theras it could be

seen in fig 6.1 Thiswill cause the robot to move in the middle of this group in
curved paths, which will caugbe humanto get confused, besides to increase the
time required by theobot to reach its goal

Furthermore, it is possible to have a bottleneck problem whehutmanand the
robot are located in narrow locations such as corridors, so neither of them is able to
avoidtheother.
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Additionally, the performance of the collisi@voidance system is merely related to

t he s ens oradge Thdseih some situations, it is possible that the human

which is existed near to the robmt havemor e i nf or mati on about
locations in the path of the robot, and if thismanis able to inform the robot about

the best path it has to follow, this willhprove the performance of ehcollision

avoidance and avoithe situations as iRig 6.1.

Out of this a new collision avoidance system is proposed whaltes into
considerabn the human as an intelligentoving obstaclg113]. The proposed
system will allow the humaro interact with the robot angrovide it with the
suitable direction of the collisiefiee path when the human f&i is necessary.

Figure 6.1 Robot motion between agup of humans

In this system, when the robot mebtsnars, it will ask themto interact with it via

voice requests. If the user is interested in mastering the motion of the robot, he can
manage it via iteraction using the humaobot interaction system described in the
previous chapter

Thus, the user can order the robot to move backward/forward in case of narrow
corridors, or he can select the direction of the path that the robai has/e, so the

user moves to the other direction. On the other hand,hinzaninteracedwith the

robot for a certain period of time, the robot will calculate its local path
autonomouslytaking into consideration selecting the path that is closeststo it
original path The method is calledooperative collision avoidance Q@) since

both the robot and the human share the responsibility of avoiding eacHldtBer
[113].
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6.2 SystemDescription

The proposed system givesutual responsibilitiegor the robot anchumars to
avoid each other and search for the safe paths via interattiemmobot will interact

with the humanby sending voie messages to them, and receiving the responses
from the humanvia the humanrobot interactionsystem which is described in the
chapter 5.

When the robot detectsumargs) in its pathfor distance d >2m it will warn them

by sending a v oiisc ec omei snsgaoghemaisRatrtbeytorefiny t h e
the path of the robot. In this case, themars will be aware of the existence of the

robot, and theyan either move away from the path of the robot, or be ready for
interaction.

If the humanmoved awayrom the path of the robat, will continue its path to the
goal location. Else, if thumanstayed in the pathand the distance between the
robot and the closest person is less than 2em the robot will stop and sendice

me s s a g e .fnlthistcase, the bt gives the option to themanto either
cooperate in avoiding each other via interaction, or to implement the collision
avoidance autonomously. The robot gives a certain period of time tauthanto

interact A3 secondabsedhhbhbss rfght parmovert:i

gestureo within the 3 seconds, the robot
from the master user. If the period is passed, the robot will then implement the
collision avoidance path autonomouskfter executing the collisicavoidance
procedures, and if there is no mdneémanin the path of the roboit will complete

its path to the goal location using the mdiltior navigation systenil30]. Fig. 6.2

shows the flowchart for the proposed system.

6.3 Collision Avoidance System

In either thecooperativeor autonomous collision avoidance methods, the robot has
to find the free spaces that it can move between the humans withoubeollisus,

a robust collision avoidance system is developed which takes into consideration the
width of the humans and their distributions in the navigation area.

Wi
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Figure 6.2: The flow chart of the collision avoidance system

In this system, the robot detects the positions of the human in its path, and specifies
the dstance of each person from it using the Kinect sensor. Furthermore, the width

of each person is calculated by measuring the distance between the right and left
Sshoul ders of the human. Thus, the width

of
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T T (6.1)

i the radius of thperson®n the group

i h the wcoordination of the left and right shoulder

The robot will search for the available regiamhich composea potential space for
implementing the collisiolvoidance pi. The robot will distinguistbetween the
middle regions, which are thieee spacedetween thehumars, and the terminal
regions which are the regions to the left and right of the ternmunadanin the

group.

For the middle regionshé robot will check the width of the regions between
human

Y ® ) i i 0mMidQ plEE p (6.2)
Sincet represents the number lmfimars detected by the Kinect sensor.

Furthermore, the robot estimates the minimum region width required for the robot to
passwithout collision:

Y ¢ i i i Q (6.3)
Where:
i robotés radius.
Q the safety distance around the robot.
Fig 6.3shows the calculation of the middle regions.

In the next step, the robot checks tlesgbility of generating the avoidance path to
the right and left of the most right/left human in the group. This calculation is done
by considering the maximum detection angle of the sensor (70°), so the robot will
compare the width of the region betwdble terminal person and the last point that
the sensor can detect for the given depth, as it could be found in Fig 6.4, which
shows the calculation of the region for the ritgdrminal personTo calculate the
width of the right terminal region, the follomg equations are used:
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Figure 6.3: Calculation of middle region
® &AL J (6.4)
Y @ Qi (6.5)
Similarly, the following equations are used to calculatddfiderminal region:

) w8 ATouvJ (6.6)

n
term

X

y___ Y

Figure 6.4: Calculation of the terminal region

Tp
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Y oo i o (6.7)

After receiving the available terminal regions, the robot checks whether these
regions are wide enough to navigate or not using the following equations:

2R R e (¢ (6.8)
2R B T'e) (s (6.9)

The candidateegionsare the regions that are widban the minimum required
width which the robot needs to generate the colliiea path safely:

w B Y Y Y QW Y HRY Y hYy Y (6.10)

After detecting the whole candidategionsthat the robot can go through, it will
select theregion based on the collisioravoidance method c¢operative or
autonomous). Ircooperativecollision avoidancetheregionselection will be based

on the motion direction that the master person guided the robot to move through,
while in autonomous collision avoidancthe region selection is based on the
direction of the next wapoint obtained from the global navigation system.

As it is mentioned beforeyhen the robot detectaimars, it will warn them to move
away from its path. If the distance between the robot hediser is less than 2m,
the robot will stop fothreeseconds to guarantee the safety of the human. If a user
raised his/her right arm 180° within the given period, the robot will implement the
movement based on the orders issued by the master useevétion. Thus, it will
move forward/backward or will execute tkheoperativecollision avoidance when

the user activates the move right/left gestulfeso humaninteracted with the robot,

it will consider that théhumandelegated it to select the csibnfree path, so it will
implement the autonomous collision avoidance. In the following, the two collision
avoidancestrategiesre explainedh details

6.3.1 Cooperative Collision Avoidance based on HumarRobot
Interaction

In cooperativecollision aroidance, both the master user and the robot will cooperate
in finding a secure coBion-free path via interaction.
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When the distance between the robot and a person is less than 2m, the robot will ask
thehumant o i nter act using ttohe awmai cdeg rweduesstt ofp
seconds allowing thBumanto interact with it. Within the stopping timehd user

who wants to interact with the robbas to raise his right arm 180fotifying the

robot that it has to interact with hinThe robot will th&@ execute one of the

following actions:

A Move forwards/backwards: The user can use the move forward/backward by
raising his both arms 90°, and 180° respectiveln  t hi s case, the ro
search for the regions or generate collision avoidance pateathg will obey
the orders from the master user and move forwards / backwards as long as the
master is still raising these gesturébis action is very necessaty avoid the
bottleneck problemvhen the user and the robot meet each other in narrow areas
so neither of them is able to avoid each other due to the lack of tree ap it
could be seen ifrig 6.5 Moreover, this action is necessaviien the user wants
to guide the robot to move in dense and cluttered ditwas, the user can order
the robotto move either forward or backwhto another free walking area, then
he can either pass the robot, or can ordagainto move to its left or rightThe
robot n these orders will move for 1 and implement another reading for the
gesture. If the gegre is still raisedit will implement additional 1.&.

I
o

Figure 6.5: The bottleneck problem when the robottamdan are moving in narrow
places

A Move Right/Left: The user cancontributeto select the collision avoidance
path to the right or left ofim. Fig 6.6shows the concept of this ord&ach
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person is represented by the ellipsewhich represents the distance between
the right and left shoulders of the perd@an

Supposing that the master P2 asked the robot to movel&dt iside, the robot will
then search for the nearest region that it can go through to the left o$¢helt
could be seen that theandidateregion R2 between theepson P3 and P4 is the
selected oneThe robot will then calculate its path which will be discussed later.
After passing the region R2, the robot will give the control to the fflatir
navigation system to allow the robot to keep going to the goal location

|l f the master ordered the robot to move to
find a freecandidate regiom the selected direction, it will keep stopped and it will

sendaviie message fino f rhemanthatdhera ié notfree spacef or m t h e
In this case, thenaster person has to either give the robot another order, or to let the

humanto move for a certain distance to keep a space for the robot to move, and then

the mater has t@rovide again the motion direction to the robot.

Location of next waypoint

Candidate
Region R2

Figure 6.6:CooperativeCollision Avoidance via Interaction

The goal of this interaction is to allow themars who are working alongside with

the robot to supervise it to reach its goal location. Taking into consideration that the

worker can have morefinor mat i on regarding the robotds
robotés path and t he ruanas existingdin theesamtei ons o f
location. These circumstances could be faced in many places as laboratories,
museums, hospitals, and restaurants.
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6.3.2. Autonomous Collision Avoidance

If no humaninteracted with the robot within the given period of time, the robot will
consider that the users delegated it to search for thephthsFig 6.7 depicts the
flow chart of the proposed system.

Basing on lhe search equations amapter6.3, the robot will take into consideration
the wholecandidateregionsthat consist a potential collisiefnee path for the robot.
Then, it will get the diretion of the next waypoint on the original path of the robot
from the multifloor system, and select thegionthat is closest to this wagyoint. In
case that the robot couldndot find any
free pat hohumasthatthéydhavento kebpea space for it to move. If the
humanmoved allowing enough free space for the robot, it will generate the collision
avoidance path and keep moving to the goal location after finishing the path.

Autonomous Collision
Avoidance

—y

Search for the whole
Available Regions

Region Available
A 4

Voice Message Get the next way
fiNo Free Patho point from MFN

Select the region that|
is nearest to the way
point

Generate the
Collision Avoidance
Path

v

Provide the motion
commands to MFS

Figure 6.7: The flow chart of Autonomous Collision Avoidance

Fig 6.8 shows fourhumars located near the robot. The dashed lines represent the
horizontal feld of view for the Kinect 2.0 sensor which is equal to T0tanbe
seen that two regions are detected for fmumars. Since the robot has the freedom

in selecting the region, it will select R1 as candidate region since it is closest to the

original dobal path of the robot toward the goal location.

TP

free
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Location of next waypoint

Candidate
Region R1

Figure 6.8: Autonomous search for the collisfoee path

6.4 Collision Avoidance Path Calculation

After selecting the candidatesgion using either thecooperativeor autonomous
collision avoidance, the robot will start to calculate the collidrer path a@ss the
selected region

The calculation of the collisiofree path is based on whether the path will be
between twdumars, or it will avoid a single persorfig 6.9 shows the calculation
of the collisionavoidance path between tvimmars. To get the pén the robot has
to move, the following equations are used:

A — (6.11)

Figure 6.9: Collisiorfree path calculation between two humans

y n



Chapter 6 Collision Avoidance System for Indoor Mobile Robots Basing on HuRWalnot Interaction

% O & dadhd (6.12)

— OAT— (6.13)

A J— (6.14)

QO 1 i (6.15)
Where:

@ d, The middle of the selectedgion

®d, The distance of the farthermost person from the robot in the selected region.
—d The robotés or fegamt ati on toward the

@ d, The distance between the robot and the middle of the selecfien

Fig 6.10 shows the path calculation for the terminal regions. For these regions, the
robot uses the following equations for tightestperson:

Figure 6.10The generation of CA path for the termipalrson

o O 1 1 K (6.16)
— OAIT— (6.17)
W  — (6.189
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(o TR N (6.19)

Similarely, to calculate the terminal region ftite most left person in the group, the
following equations are used:

W o i O (§ (6.20)

— OAIT— (6.21)

@ _ (6.22)
Q GO i (6.23)

Moreover, the same termingdgionequations are used when there is only a single
person i the path of the robot with taking into consideration éhat @ .

65Robot 6s Linear and Anapul ar Vel ocities

In collision avoidance, the robot has to a@tlits linear and angular velocitiésised
on the risk ratio of th&llowed collisionfreepath. Thus, it has to decrease its linear
and angular velocities when the path is narrow in cluttered environmehtjian
versa.

In the implementedvelocity controller, the robot will tune its linear and angular
velocities based on the width of the region that it passes. This direct proportion will
lead the robot to decrease its linear and angular velogitiea theregionis narrow,

and increase it when thegionis wider. To do this, the following equations are used
to get the velocities of the robot:

b U 8— (6.24)
1 1 —— (6.25)
Where— the maximum vision angle of the Kinect sensor and eguald—the

angular width between two humans for middle regions, and between the terminal
human and the vision limit for the sensor (£35°) for feahregions.
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Fig 6.11 shows the simulation result of the linear and angular velocitths obbot
for different angles, given a maximum linear and angular velocities as
™ & Fi and ™i O

o UL 1 1 1 o LL |
] 10 20 30 40 50 60 78 a 10 20 30 40 50 60 78
Theta Theta

Figure 6.11: The linear and angular velocities for different widtiegibns

6.6 Software Implementation
6.6.1 Development Tools

Thewhole software implementatiaarealizedusing C# language which is an object
oriented programming languagepeared in 2000. Gzbuld be used to implement a
wide range of softwarapplicationswhich run on .Net frameworKl37]. C#is built
over the previous C, C++ languagegich make it more robust andhore
convenient for developing different applicatiomeluding embedded systems and
humanmachine intefaces.

Moreover, theExtensible Markup Language XML) is used for data exchange
between the collision avoidance system and the #iatir system. XML is a
supporting language which is used @rcodingdocuments and exchange the data
between programs.hls language uses a set of instructions and formats which are
easy to understariy both the human and machines

6.6.2 System Realization

The key success of any engineering system is the integration and synchronization
between its e@mponents. In mobile w©botics, several tasks have to run

y O
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simultaneously as cadion avoidance, path planningmm grasping, and charging, to
realize an effective autonomous manipulation system.

The overall goal of theesearchs to build an autonomous transportation system
which is able tdransport the labwareetween different laboratorieso realize this,
several partial systems have to run in parallel, and integrate with each other to
guarantee the success of transportation tasks. Fig. 6.12 shows the general
architecturdor the implemented mobile transportation system.

- The robot remote centdRRC) is responsible on connecting with theocess
management system, and sending transportation commands to each robot based
on thecharging status of the robot andnsarnes from the destinatiof110].

- The motion power contra a software which is located on the-B&ptop andt
is responsible of getting the sensorsoé i n
actuators.

Robot Remote Center (RRC)

! ! On-Board PC

Multi Floor Navigation System C:D

Motion
@ @ Power

Control

Arm Control
System

74N ZAS 7T
“ “ V4

Robot Hardware

- - Encoders, Motors, Battery,

SEensors ...

Figure 6.12: The general architecturelwd transportation system

- Themultif | oo navigation system provides the
within the global ma@nd guides it to the grasping and charging locatib8].
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- Thearm contr ol system is respoiogiadpl e on co
and place the labwaf&3].

- The colision avoidance system is a local path planner, which allows the robot to
adjust its path and avoid the unexpected obstacles \ahétbcated inits path to
the goal locatiofil12].

The collision avoidance system will receive the data frieenKinect sensor, and use

the algorithms which are discussed before to allow the robot frgplanming its
pathto avoid the obstacleSince the proposed collision avoidance system is related
to the HRI system, a robust combination must be implementagrtchronize the

work of these systems. Moreover, the collision avoidance system must be able to
exchange the data with the mflbor navigation system to get the next wayints

and send the motion orders to the robot. Fig 6.13 shows the block bdwe of t
implemented collision avoidance system.

HRI CA Controller TCP/IP Socket
*  Gesture Classification <:> * Monitor the requests from the HRI <:> . )
{B_PNN)_ e Synchronize between the CA and HRI *  Connection Establish
« Dimensions Update . . . between the CA and
& Manage the collision avoidance functions
* Registers Management MFS

e Send/Receive Data
U @ @ * XML Coding/Decoding

_— S
+ Calculate the candidate * Execute Linear

regions Movements

* Get the next way-point (Forward/Backward)
from MFS ® Execute collision

+ Execute the CA based on avoidance tasks with
the next way-point cooperation with human

o

Figure 6.13: Tie general architecture of the Coopera@adlision Avoidance System

e Send motion orders to
the MFS

To show the practical implementation of the collision avoidance system, the

compl ete code for the Aautonomous collisio
found in appendix 5. The other collision avoidance funstons uch as fimove
right/ 1 eftd hav eautsnomoud callisionawidanept s of t he

yp
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6.6.2.1 Collision Avoidance Controller

The collision avoidance controller is the core of tadlision avoidancesysem. It
analysisthe information received by thdRI system, monitors the connection state
of the client (MFS)andtrigs the collision avoidance functions based on the received
information from the HRIFig 6.14 shows thflow chart of this controller.

People in path

Ye:
es N
Stop_Processed
Yes No Voice Message
Master Select Call Stop Function: fi Robot is Comingd
- Messagédilnteracto

- Send XML_Stop to MFS.

- Save data to logfile

- Wait 3 sec interaction
period with people

- Stop_Processed- true

No - Release the function

Yes Call Forward Function: Keep moving to the
Backward Gesture® - MessageiForward o destination
- Send Forward motion Call ACA Function:

No
Forward Gesture*

Voice_Tag = true

orientation. - MessagdiAutonomousd

- Wait till motion is finished |[ - Get next way point

- Release the function orientation from MFS.

- Search for free regions

Call Backward Function: - Select the region based o
- MessageiBackward 0 nearness from waypoint.
- Send Backward motion - Send motion orientation
orientation. to the MFS.
- Wait till motion is finished - Wait till motion is finished
- Release the function - Release the function

Call Move Right Function:

- MessagdiRight o

- Get the people orientation
from HRI

- Calculate the free regions

- Select the region to the
right of the master.

- Send motion orders to MFS

- Wait till motion is finished

- Release the function

Stop Gesture’

Call Move Left Function:

- MessagefiLeft 0

- Get the people orientation
from HRI

- Calculate the free regions

- Select the region to the
left of the master.

- Send motion orders to MFS

- Wait till motion is finished

\ 4 - Release the function

Call ICA Stop Function:

- MessageiStop o

- Send stop request to MFS
- Release the function

Figure 6.14: The flow chart of collision avoidance controf&rmeans information
received from the HRI system
When a new process cycle starts, the controlecks whether ther@rehumars in
the path, and one of them at least has a distance less than 2 m. The controller will
activate the AStopo function which wil!/
time distance forthumant o i nt er pot fumbei det wi |l | be

y C

r el
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control will be given back to the CA controller. If the HRI shows thahoman
interacted with the robot, the controller will trig the autonomous collision avoidance
procedure or it will trig one of thecooperativecdlision-avoidancefunctions if a
person interacted with the robot. Each function wviiliplement the required
processesand send the motion commands to the MFS via the socket.

6.6.2.2.Communication with the MFS

For exchanging the data between the dollisavoidance system and the MFS, a
well-structured API is designed based on TCR#iétocol[112] [130]. Furthermore,

the data is ansferred using XML formaEach message omposed of a header,

and the message body, the header is composed of 4 bytes, and they save the message
length in bytes, while the message body is composed of the XML message coded
using UTF8 format.

The collision avoidance system represents the sg@astrof the socket, while the

MFS represents the client. The server will keep listening to the socketstdirta

me s s &keepOn Ini aerd A S taeerece@&dofrom the clientAfter each

message, the server will reply the client confirming receivirgy ressageand

establishing the connectionorrectly. The collision avoidance will therstart

monitoring the existence dfumars in the path. When an obstaételess than 2m,

theCCA systemwi | | Osbesntchcil e Det ect e dstop theaabataht he MFS
reply by providing the origations of the next wagoint as it could be seen iAg

6.15. TheCCA will then calculate the collisiofiree path,and it will provide the

motion orders to theMFS, by sending the angular anohdar distances, and the

velocities that the robot has to move. When the path is free of obstacles, the collision
avoidance system will send kéePrhovingathd e Fr ee 0 a

Connection Establishment

MFS: <MFS-Commands ID="@" Client="MFS-CA"><Transport CommandName="KeepOnline" /></MFS-Commands>

CA: <H2@M-Commands ID="@" Client="H2@-RBC-V2"»<Transport CommandName="KeepOnline" /></H2@M-Commands>
MFS: <MFS-Commands ID="@" Client="MFS-CA"><Transport CommandName="StartCA" /»></MFS-Commands>

CA: <Hz@M-Commands ID="@" Client="H2@-RBC-V2"»<Transport CommandName="StartCA" /»</H20M-Commands>

Collision Avoidance Data Transmission
CA: <H2@M-Commands ID="1@@1" Client="H2@-RBC-V2"»<Transport CommandName="ObstacleDetected” /»</H2@M-Commands:
MFS: <MFS-Commands ID="1@@1" Client="MF5-CA"><Transport CommandName="StartAvoidance” XCurrent="16.89"
YCurrent="-8.56" WP_X="17" WP_¥="@.82" /></MFS-Commands>
cA: <H2@M-Commands ID="1@@2" Client="H2@-RBC-V2"><Transport CommandName="CAParameters"><K5 Distance="8"
CADistance="8" CAAngle="2@8" CADistanceTime="@" CARotationTime="3281" /></Transport:</H2@M-Commands>
MFS: <MFS-Commands ID="1882" Client="MF5-CA"><Transport CommandName="CAParameters" EstimateTime="3981" /></MFS-Commands>
CA: <H2@M-Commands ID="18@3" Client="H2@-REC-V2"><Transport CommandName="CAParameters”><KS Distance="2"
CADistance="2.1" CAAngle="0" CADistanceTime="8414" CARotationTime="8" /></Transports</H2EM-Commands>
MFS: <MFS-Commands ID="1883" Client="MF5-CA"><Transport CommandMame="CAParameters"” EstimateTime="8414" /></MFS5-Commands:>
CA: <H20M-Commands ID="1884" Client="H2@-RBC-V2"><Transport CommandName="ObstacleFree" /></H28M-Commands>

Figure 6.15: The XML messages between CA and MFS

yT
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goal location.

6.6.2.3Collision Avoidance User Interface

Fig 6.16 shows theuser interfacefor the collision avoidance and human robot
interaction systemd he interface is implemented as simple as possible to allow the
user from handling the collision avoidance system easily. The upper part shows the
connection statugith the MFS the middlepart shows the humambot interaction
paremetersand the lower part shows the collision avoidgraeameters

The user interface allows the user from adjusting the parameters of the collision
avoidance system, such as adjusting the distance the rabtu ktop to implement

the collision avoidance, the maximum velocities for any collisieoidance
functions. Furthermore, the user can activate/deactivate the velocity controller, and
activate/deactivate theooperativecollision avoidance.

ad

Connection Statu

IP: |192.168.7.178 Port: (8032 Connected Stop+ Mo Master

Stop Server Server Info:

Received Data From H20 ACA - Dynamic Velocity

<%ml version="1.0"?><MFS-Commands ID="0" Client="MFS-CA"><Transport CommandName="KeepOnline" /></MF5-Commands> | | Gap_Candidate=-31.04648607462
<%l version="1.0"?><MFS-Commands ID="0" Client="MFS-CA"><Transport CommandName="StatCA" /></MFS-Commands>

<Pl version="1.0"7><MFS-Commands ID="1001" Client="MFS-CA"><Transport CommandName="Start Avoidance” XCument="16.98" Gap_Candidate=22.114051691267
YCument="-0.47" WP_X="17" WP_Y="0.82999998321069%" /></MFS-Commands>

<%l version="1.0"7><MFS5-Commands |D="1002" Client="MFS-CA"><Transport CommandName="CAParameters” v | | Way Point=0.881851068805678
Heading Angle=22.114051691267

Sent Data to H20 distance=3.12315038945671

<7 version="1.0"7><H20M-Commands ID="0" Client="H20-REC-V2"><Transport CommandName="KeepOriine” /></H20M- o | | R-AingleWicth=26.732168063090

Commands> -

<%aml version="1.0"?><H20M-Commands ID="0" Client="H20-RBC-V2"><Transport CommandName="5tartCA" /></H20M- ;&gﬁﬁg@zsmzﬁa

Commands> = 75614552606

<%l version="1.0"7><H20M-Commands ID="1001" Client="H20-RBC-V2"><Transport CommandName="ObstacleDetected"
v | | Time=29420

Human Robot Interaction

Kinect Status | Kinect Sensor is Connected ‘ x |0 x |0 = x |D ‘
P = z o \
The Master Index |No people in the path ‘
x |0 0 0
Al Body Indexes [There s nobody - " : *
dy in the robot’s path ‘ 2 o =23 0 6
E z |0
Kinect Output | ‘
Gesture ‘
Collision Avoidance Parameters
Depth. Min 22 m [J Autonomous CA only
DCA Linear Vielocity 0.14999992500003| cm/s L=y
Wiite to Log File
DCA Angular Velocity 0.20005096839959 | rad/s ] Straight Motion when available
Right/Left Linerar Veloity 0.14999992500003 | cm/s
Right/Left Angular Veloity 0.20005096839959.| rad/s
Forward/Backward Linerar Veloity 02 cm/s

Figure 6.16: The interface of the collision avoidance system
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6.7 Experimertal Results

To check the performance of the collision avoidance system, several experiments

have beenmplemented and the whole parameters of the system are recorded and

analysed. The tests have been implemented ondbperativecollision avoidance

fund i ons MAMove forward, move backward, mo v e
tests over the autonomous collisiamoidance. The whole experimental ri¢sare

collected in the appendix.

6.7.1 Tests over th&€ooperative Collision Avoidance

As it is shown kfore, thecooperativecollision avoidance is based on the interaction
between the robot and the master person. Furthermore, it is shown that there are four
motion orders which could be provided to the robot via interaction: Move
forward/backward, Move riy/left. Each of these functions tested and analysed
separately.

6.7.1.1 Move Forward

To test the move forward function, 30 experiments have been done on different

velocities of the robot as it could be seem t h e 6.Ao@nkhe appendix 6in

each experiment, the robot is asked to move 1.2m as a result of the inteFgtion

6. 17 shows an exper i nestAtperdororaises hiseighttmo v e f or v
180° to inform the robot that he will be the master, then the master orders the robot

(@) (b) ()

Figure 6.17: Theexperment f or @A move f orwardo f
gesture, (b) orders the robot to move forward, (c) the robot executes the orde

y ®
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to move forward to guide ito another location, since the robot and the people are
met in narrow corridor so neither of them is able to avoid each ofabie 6.1
summarizethese experiments.

Table6.1Summary of the experiments f
V(m/s) No. Experiments Time(sec) Note

0.1 10 12

0.2 10 6

0.3 10 4 Deviation [2°,4°]

Theexperiments showhat the robot successfully interactedhathe master, and
executed t

velocities( 0 . 3

m/ s)

he

from the straight path due to problems in the wheels of the.robo

6.7.1.2 Move Backward

Similar|l

y

backwar do
be used to solve the bottleneck problem, and guide the robotttteamode area so
the people and the robcn avoid each other. Fig 6.18 shows an experiment for this
function, a person raises his right arm 180° to allow the robot from interacting with
him, then the master moves his both arms 180° to order the rabotv®backward.

@)

Figure 6.18

The

t o i move

theuobatlh i loeawif ©a

(b)

f o mplementent, o 3tOe setx ptehred mfemd \

t he

i move

(©)

A f or wacoutt e searhdt¢he robotron highem e r mo r e,
d o e s npath anfl ibdeVviatesvarourfe4°]s t r ai g h't

f orwardo,

ex per ibatkward ffumcii me®wne ( a) s e
gesture (b) orders the robot to moveckward (c) the robot executes the order

dn
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T a b IA@B ofin appentk 6 shows the experimental results for this functfon
three velocitiesWhile the table 6.2 summarizes these experiments.

Table 6.2: Summary of the experim
V(m/s) No. Experiments Time(sec) Note

0.1 10 12

0.2 10 6

0.3 10 4 Deviation [2°,4°]

It can be seen from the table 6.2 thait velocity (0.3 m/s), the robot shows a
deviatonf r om t he straight path, due to the | ow

6.7.1.3 Move Right

I n Aimove righto function, the robot wi | | [
the regions that are located to the right of hlio.test the function, 30 peliments

were implementedand divided into three groups. Each group includes 10
experiments with a certairmaximum linear velocity U0 and angular

velocity] . Furthermore, it could be seen that in each group, the robot moved in

the middeé of two people for 5 experiments, and to the right of the last terminal

human for the other 5 experiments T a B8.Ce A6.DMA6.EO i n t he appendi
show the experimental results for these experiments, while table 6.3 summarizes the
experiments. Furtharore, Fig 6.19 shows the real test environment for the robot.

Table 6.3: The experimnt al summary for the 0
Table Number of V(m/s) | W(rad/s) Note
Experiments
A6.C | (10) 5 right, 5 middle 0.2 0.4 1 missed skeleton
A6.D | (10) 5right, 5 middle] 0.25 0.3 1 missed skeleton
A6.E | (10) 5right, 5 middle 0.3 0.5 3 deviations
1 missed skeleton

In each experiment, it could be seen that the robot searches for the whole regions

which are located to the right of the master, and they are wide enough to generate

the collisioravoidance pathThe availableregions could be found in the tables

under Airegion candidateo. Af ter selecting

™
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width — to computethe linear velocity (), and angular velocity () of the robot
Finally, the robot calculatethe heading angle and trki s t a rofctiee cdilisiom
avoidance patthat it has to move to pass the human

Ami s ked etsono i n t he experi ments foomeans t h;
interaction the Kinecttook a time to detect the people, and this megufrom them

to shake their bodies a bit to allow the Kinect from detecting thafmle the
deviation means that the robot didndét move
of the limitation in the wheels and the motors of the robot.

In summary, théunction was able accurately to select the whole available regions,
calculate the linear and angular velocities of the robot based on the angular width of
the selected region, and pass the people without causing collision with them.

(d) (e) ) (

Figure 6.19The experi ments f or (a & the niaMaer peesonk
selected, (b, e) the master orders the robot to move to the right, (c) the robot sele
terminal region to the right of the last person, (f) the robot seleetsiiddle region

between the master and the other person
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6.7.1.4 Move Left

Similarly to the tests over thé mo v e r i g h the sanfieuemperimentah |,
procedureslsofollowed to test thef mo v e | e f The 30 éxpenirments were.

divided into three groups. In each group tbbot is tested under different maximum

linear and agular collisioravoidance elocites Fi g 6. 18 shows t he
movement between two people, and to the left of the terminal hufnahermore,

the calculatedcandidate regionsgegionwidth, and the velocities could be found in

the tablesfA6.F, A6.G, A6HO i n a p and thel total expriments were
summarized in the table 6.4.

It could beconcludedhat out 0of30 experiments, there wetlereetimes the human
required to shake a bit to allow th€inect from recognizing the skeletons.
Furthermore, itis shown that at the higher velocity ( @ & 11) the robot
deviates for around 3° #° from its planned path. Still, in the whole experiments
the collision avoidance system svable to calculate the whagb@rameters correctly,
and avoid the @ople which are located in the path.

Figure 620:The exper i menlef® f omnad) ihenmstdd pevsen is

selected, (b, e) the master orders the robot to move to the left, (c) the robot sele

terminal region to the left of the last person, (f) the robot selects the middle reg
between the master and the other person

do
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Table6.4 The

experi ment allef®u rhmarcyt i fom

Table Number of V(m/s) | W(rad/s) Note
Experiments
A6.F (10) 5 left, 5 middle 0.15 0.3 1 missed skeleton
A6.G (10) 5left, 5 middle 0.2 0.4 1 missedskeleton
A6.H (10) 5left, 5 middle 0.3 0.25 2 deviations
1 missed skeleton

6.7.2Autonomous Collision Avoidance(ACA)

In autonomous collision avoidance, the robot will implement the collision avoidance
pathautonomouslyvithout interaction with théduman The robot will search for the
whole available regions, and then it will select the region that is closest to its
original path, by comparing the angle of the next waypamutthe headingangle of
eachcandidateegion.Fig 6.21shows two experiments for the autonomous collision
avoidanceThe robot in (a, b, cgould detect two free regions, and it will select the

Figure 6. 21:
found two free regions, (d) the robot could find three free regions, (b, d) the rob
selects the region that is closest to the nextpaigt, (c, f) the robot calculates the
collision-free path and avoid the people

The experiments for fa

dn
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regionto the right since it is nearest to its original path. In Fig 6.21 (d, e, f) the robot
detected three regions, and it selected the region that is to the left sinceatteist ne
to the next waypoint.

TablA6KA6Q,A6LKO i n a phow thedexperiméntal results of the ACA.
While table6.5 summarizethe total experiments.

Table 6.5 The experimental summary for the Autonomous Collision Avoidance

Table Number of V(m/s) | W(rad/s) Note
Experiments
A6.1 10 0.15 0.2 1 missed skeleton
A6.J 10 0.2 0.5 1 missed skeleton
A6.K 10 0.3 0.25 2 Deviations
1 missed skeleton

In the tablesthe i w apyo i Iankrepresents the angtkatthe robot has to move

to reachthe next waypoint on itsoriginal pathto the goal locationit could be seen
then that when theris more than oneandidateregion the robot will select the
regionthat is nearest to the angle of next wenmnt. The robot willthen use the
width of theselected regior~t o0 cal cul at e t Irieallyrtioebabdt 6 s
calculates the heading angle and the travelled distance to pass the people.

From table 6.5, it could béund that the people required to shake a bit to be
recognized from the Kinect in threxperiments. Furthermore, the robot deviated
for around 4°in two experimengthe higher velocity of the robot.

The experiments show that thetonomougollision avoidance system works wih
success rate 100%, andcan correctly select the region #t is closest to the next
waypoint, angrovide the collisiorfree paths to the robot.

6.7 3 Test of theCollision Avoidance for different Situations

To check the performance of the collision avoidance systero, additional
experiments have been implented. In each experimerhe robot is mowvein a
certain path wheréhumars are existed Furthermore, the collision avoidance
parameters anecorded to checthe system.

Pp

v el
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In the first experiment, the robot will mo¥em the charging station, #labormatory

to pick a sampleln Fig 6.22 the blue line represents the original path of the robot
that it had to follow when no people are existed in the,patiile the red e
represents thadjustedpath of the robot after avoiding the pé® The maximum
velocities @e set ta) & w i h ™ | I The total time the
robot needed to cross tpath withoutgeneratingcollision avoidance paths 207s.

Fig 6.22shows the experiment in the three locations.

Location 3: Right Location 2: Forward Location 1: Autonomous

< » »
< Lah L !

e ——

=

Laboratory

Charge Station

Figure 6.22: Théollowed pathin the first experiment

In location 1, the obot met twohumars, and no one interacted with it. Thus, the
robot implemented the collision avoidance autonomouBhe robot selectethe
right region since it is nearest to its original path.

In location 2 the robot met humans in the corridor, sinteré¢ is no free space for
implementing the collision avoidance, tmeasterraised higwo arns horizontally to
order therobot to move forward, till it reached to the location 3.

In location 3 the master person asked the robot to move to the right thiee is
enough space for both the robot and the human to avoid each other. The robot will
then execute theooperativecollision avoidance by searching for the region that is
located to the right of the master persbig 6.23 shows the motion of the rabo

the three locations. While Table 6.6 summarizes the three experiri@etdotal

time needed tamplement the experiment i$42s.
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Chapter 6
Table 6.6: The experimental results for tinst path
Location 1 Location 2 Location 3
CA Function ACA Move Forward CA Move Righ
Region 1(deg) 314 | - 9.9
Region2 (deg) I 34.5
Waypoint(deg) 84 | e e
d (de( 19.5 0 9.9
d(m) 3.28 1.2 3.14
—(deq) 279 | e 31.1
(m/s) 0.195 0.25 0.202
¥ (rad 0.31 0 0.323
Time(ms) 17863 4800 16060

Figure 6.23: The motion of the robot for three locations. (a, b, ¢) no people inters

with the robot, so it implemented the collision avoidance autonomouss, fidhe

robot met people in narrow path, so the master ordered the robot to move forwal
the end of the corridor. (g, h, i) the master asked the robot to move to the rigr

dT
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In the second experiment, the robot is asked to motee path which is shown in
Fig 6.24as a blue dashed lin€he required time to pass the path without collision
avoidance paths 94 secondsThe maximum linear ahangular velocities are set

to 0 & & Fi h ™1 O
(o
I ]
-»\O/ 2 i@
[ )
Location 1 Location 2 Location 3
Move Left Move Backward Autonomous

Figure 6.24: The followed path in the second experiment

In n the first location, the human is interacted with thleot and he asked him to
move to the left. In location 2, the robot is moved in narrow path, so the human
interacted with the robot and asked it to move backward. In the third location, the
robot faced two people in the path, and it implemented autonomallision
avoidance since none of the people interacted withTatble 6.7 shows the

Table 6.7 Theexperimental results for the second path

Location 1 Location 2 Location 3
CA Function CCA Move Backward ACA
Move Left
Region 1(deq) -22.3 | - -31.2
Region2 (deq) 0 14.6
Waypoint(deg) | — -—--—- | = - -25.0
d (de 111 | - -31.2
d(m) 2.81 1.2 2.90
—(deq) 36.0 | - 17.9
(m/s) 0.168 0.2 0.135
¥ (rad 0.252 0 0.202
Time(ms) 17438 6000 24092

Py
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experimental results of the complete experiment, while Fig 6.25 shows the motion
of the robot in the real environment. The robot successfully implemented the three
motions, and it required 156s to reach the goal.

@) (b) (©)
(d) (€) ()
(9) (h) ()

Figure 6.25: The motion of the robot in the three locations for the second experil
(a, b, ¢) the masr asked the robot to move to left, and the robot seleaithdie
region, (d, e, f) the master ordered the robot to move backward since there is nc
path, (g, h, i) no people interacted with the robot, so it implemented autonomc
collision avoidance

¢



