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The motivation of building machines which are able to understand the human, help 

them in their daily life and work in a same way as humans do is dated back to 

hundreds of years [1],[2]. This motivation is kept unachievable due to the lack of the 

advanced technology, which is needed to create such machines, till the middle of the 

20th century. George Devol designed the first programmable robotic arm and sold it 

to General Motors in 1960; while Elmer robot (1949) could be considered as the 

first mobile robot, which is able to avoid obstacles and 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 daily life. Nowadays, the world is 

on the door of the fourth industrial revolution which robotics is one of the 

fundamental pillars in it. Thatôs why, the major companies and research institutes 

are investing intensively in this field. According to the International Federation of 

Robotics (IFR), the total number of sold service robots in 2014 is 24,207 [3], and 

this proves that the robotics technology brings 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. The fast progress in mechanical 

engineering, electric engineering, computer systems, and artificial intelligence will 

lead to have robots in many other fields such as self-driving cars, military, industry 

and life science laboratories.  

In life science laboratories, preparing and handling of chemical and biological 

samples need long times, and it requires 24 hours monitoring and processing for 

these samples. In recent years, progressively automation systems have been applied 

in chemical & biological laboratories [4-7]. These advances brought many facilities, 

and decreased the processing time and number of employees. 

Current research is ongoing on the development of fully automated chemical, 

biological or analytical laboratories with minor human supervision [8-11]. To ensure 

a complete automation, mobile robots are used as transport systems for the transfer 

of samples and lab ware between different automated and manual islands. Recent 

results include several steps toward having a complete autonomous transportation 
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system based on mobile robotics, such as multi floor navigation [12], arm 

manipulation [13], charging [14], and path planning [15].   

Mobile Robots are advanced engineering systems, which require a high integration 

of electronic engineering, mechanical engineering, computer systems, sensory 

systems and artificial intelligence. Robots must be equipped with several sub-

systems to work securely in the real applications, such as path planning, localization 

and mapping, human-robot interaction, manipulation, collision avoidance, and 

charging. The good implementation of these sub-systems, and the integration 

between each other is the key-success for any mobile robotic system.  

Unlike traditional automation and control systems, mobile robots will work in 

unpredicted environments; i.e. the work conditions are changing so there are no 

certain situations that the robot could be pre-programmed to adopt its control to 

meet these situations. Taking into consideration that the robots will navigate nearby 

human, this raises further challenges regarding the ability of the robots from 

detecting the human and avoiding physical injury to him.  

The main requirement for any engineering system is safety. In mobile robotics, 

safety means the ability of the robots from avoiding accidents which could occur 

when the robot loses its location within the map or when it collides with the 

obstacles which might appear in its path. 

The ability of the robots for a secure navigation in their work area is highly required 

taking into consideration that in future life science laboratories, robots must navigate 

in narrow paths, inside rooms with small free spaces. Thus, a robust localization 

system is necessary to ensure that these robots are able to identify their positions 

despite of the external noise over the sensors. If a robot fails to accurately identify 

its position within the map, it is too possible that it collides with walls or doors, or 

loses the positions of grabbing, charging, and elevators. Furthermore, the narrow 

corridors and the small free spaces increase the strains of having a robust 

localization system.  

The robots and the human will work in the same area. Thus, the robots must detect 

the human, interact with them and avoid the collision when both are located in the 

same place. Thus, a robust human-robot interaction is necessary to enable the robots 

from detecting the human and communicate with them. Furthermore, the robots 

must be able to generate local paths to avoid the collision with those human and 

keep moving to their destinations.  

The aim of this dissertation is the development of suitable concepts for indoor 

mobile robots to eliminate failures due to false localization in the work area, or due 
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to the collision with humans, which are located near to the robots. This work can be 

divided into three parts basing on the processed problem in mobile robots: 

-  Implementing a robust localization system for the indoor mobile robots, 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 localization 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 noisy measurements resulting from strong lights. The localization 

system is discussed in chapter 4.  

-  Implementing a human-robot interaction system based on gesture recognition to 

enable the robot to recognize the humans and interact with the orders given by 

them via certain movements or the arms. The robot uses 3D vision to recognize 

the human, and Back Propagation Neural Network model for processing the 

data of the sensor. The interaction is used mainly to coordinate the generation of 

the collision-free paths. Further details for the human-robot interaction system 

are available in chapter 5.  

-  Designing a robust collision avoidance system for avoiding the humans existing 

in the path of the robot. The system has to detect the human, calculate the 

location of each person from the robot, and generate a new local collision-free 

path to avoid accidents as it will be described in chapter 6.  

  

The following thesis is organized as follows: Chapter 2 presents the current state of 

art in the field of secure navigation and operations of indoor mobile robots. This 

includes a comprehensive survey over current applications of the indoor mobile 

robots, a review for the recent work of the localization and navigation systems, 

human-robot interaction in mobile robotics, and a review for the collision avoidance 

systems for indoor mobile robots. Chapter 3 discusses the goals of the dissertation 

and realization concepts. Chapter 4 shows a framework for improving the 

localization of indoor mobile robots. Chapter 5 details the implementation of the 

human-robot interaction system. In chapter 6, the new method of collision 

avoidance based on the interaction between the human and the robot is proposed. 

Finally, chapter 7 shows the conclusion of the implemented work.  
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Mobile robots are machines, which are able to move in the navigation area and 

modify their behaviour basing on the changes in the work conditions without the 

need of human interventions. These robots could implement their tasks either in 

small areas as homes and factories, or in vast areas as the space or deep sea robotics. 

Several research groups are working on inventing mobile robots which are 

appropriate for certain tasks, as hospitals [16], cleaning [17], material handling [18], 

agriculture [19], and outdoor autonomous robots [20]. Each of these robots needs 

sensory systems for localization and identifying the working environment.  

 

2.1 Localization 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 localization information 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 and limitations. 

Ultrasonic sensors have the advantages of linear performance, cheap cost, and it is 

not effected by light noise. Still, these sensors suffer from the angle limitation 

problem [21] since the transmitter issues ultrasonic waves with a limited angel, and 

this limits the width of the sensed area, besides to noise effects caused by sound 

waves. To compensate the limitations of this technology and 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 transmitters (beacons) were fixed in known 

positions, and three ultrasonic receivers were fixed on the top of the robot. The 

receivers measure the floating time of the received signal from transmitters to 

estimate the robotôs location. Extended Kalman Filter algorithm (EKF) fuses the 

measurements obtained from the encoder (in prediction phase), and ultrasonic 

sensors (correction phase) to obtain optimal estimation of the robot position. Fig 2.1 

Chapter 2 
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shows the robot localization basing on distributed ultrasonic sensors. The 

performance 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 areas. Furthermore, the experiments show that the 

localization error could reach to 25.7 cm and 6°. 

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 

sensors [23]. The prediction phase of the filter is done basing on the readings of 

encoders. The update step is 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 energy. Table 2.1 shows the localization error for each 

sensor (S1 to S5), the localization error of switching these sensors, and the 

localization error of operating the whole sensors together (all). 

 

Figure 2.1: Localization based on multiple ultrasonic sensors [22] 

 

 

Table 2.1: Localization error based on Ultrasonic sensors [23] 

Filter S1 S2 S3 S4 S5 Switching all 

EKF 

Ὥ=0 4.354 6.698 5.056 4.964 4.784 6.007 3.358 

Ὥ=0.3 4.177 6.472 4.948 4.888 4.21 6.041 3.215 

Ὥ=0.7 4.42 6.1 4.734 4.628 4.037 6.088 3.298 

UKF 

Ὥ=0 4.301 5.849 5.272 4.892 4.389 5.098 3.432 

Ὥ=0.3 4.129 5.544 4.838 4.647 3.830 5.446 3.358 

Ὥ=0.7 4.244 5.585 4.546 4.517 3.669 5.184 3.179 
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 Ὥ represents the ratio of lost measurement (Ὥ=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 around 3.2 cm, when the whole 

sensors are operated together [24 - 26]. 

Dobrev et al. built a localization system for indoor mobile robots by using a 

combination of radar, ultrasonic, and encoder sensors [27]. The radar localization 

system 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 radar waves will reflect from the walls and this cause to lose the robotôs location. 

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 localization latency of the radar sensor. The measurements of the radar and 

ultrasonic sensors are 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 measurements of 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 using the 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 elements, and communication elements, which collect data and 

measurements in a real environment [28]. Zigbee is a wireless technology which 

uses the standard IEEE 802.15.4. This technology allows building wireless networks 

by using a set of Zigbee 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 nodes which 

compose a wireless network  distributed in the navigation area of the robot, and a 

mobile node which is located over the robot [29]. The positions of the reference 

nodes are stored on the onboard PC. The mobile node broadcasts measurement-

demand messages to all reference nodes; the reference nodes will then measure the 

received signal strength (RSSI) 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 relationship 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 localization phase, 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 resulting augmented map with the estimation of the robotôs 

location. The experimental results show that the localization average error is around 

1.7m [30]. 

Alhmiedat et al. presented a hybrid localization system basing on the measurements 

of received signal strength indicator (RSSI) and Inertia system [31]. A wireless 

sensor network based on the ZigBee standard is used to obtain the measurements of 

distributed RSSI. An onboard inertia system is composed of an 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 wireless sensors and inertia 

system is higher than using RSSI alone. Fig 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 system [32] - [34].  

 

Figure 2.3: The localization error in hybrid system [31] 

 

 

 

Figure 2.2: The combined 2D maps from different reference nodes [29] 
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Vision sensors are popular in mobile robotics. Common vision sensors in mobile 

robotics are Colour ï depth cameras (RGB-D) [35], [36] and omnidirectional 

cameras [37].   

Fernandez et al. implemented a simultaneous localization and mapping system 

(SLAM) for indoor mobile robot by processing the images provided by a visual 

odometry [38]. In this system, the robot moves in unknown environment, and it has 

to build a topological map for the area by capturing certain images which will 

represent the reference nodes in the map. To describe each image, a Fourier 

signature descriptor is employed. Each node represents a certain area, and contains 

certain images describing it. After building the map, the robot can find its position 

by comparing the descriptors of the current image with the descriptors of the images 

stored in the database. Monte-Carlo algorithm is used to combine the visual 

localisation based on the topological map with the robotôs odometry to create a 

visual 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 map. Moreover, 

the LRF could be used in human detection and obstacle avoidance [41].  

Liu et al. presented a new method for indoor map building and localization using 

2D laser scanner [42]. To build the map of the working area, the robot implements a 

primary scan for the room to find the center of the location; and it will then rotate 

360° in the center to implement a complete 2D scan for the room and build the map. 

To reduce the processing time, the robot uses grid-based algorithm to remove the 

redundant points, and then it will use least-square algorithm to extract the lines and 

the boundaries in the room. After building the map, the robot uses metric-based 

Iterative closest point (MbICP) algorithm to compare its current scan with the built 

map and derive its translational and rotational displacement. Furthermore, EKF is 

used to estimate the location of the robot. The EKF uses the measurements from the 

odometer as a control input, and the observation from the LRF to estimate the 

location. The experimental results for mapping and localizing using LRF and EKF 

show that localization based on EKF is better than using dead-reckoning alone. Fig 

2.4 shows the improved navigation results with the proposed system, compared to 

the navigation with odometer sensor; it can be seen that the accumulative error in the 

odometer will cause the robot to deviate from the path for around 30cm on Y axis, 

while the navigation with the implemented system doesnôt suffer from the 

accumulated error and it still has accurate localization [43], [44]. 
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In localization based on Infrared (IR) landmarks, the robot identifies its location 

based on a group of passive Landmarks (LM). These landmarks are composed of IR 

reflecting materials. An IR camera analyses the reflected IR light and specifies the 

location based on this analysis[45], [46]. 

Zhiwei et al. presented the use of the StarGazer sensor for the localization and 

mapping of indoor mobile robots [47]. This sensor is composed of IR emitters and 

an IR camera installed on a single board. The emitters release the IR beam to the 

passive landmarks, and the reflected beam is captured by the IR camera. The study 

shows that the sensor provides some false detection due to the noise which results 

from strong light, and this causes the robot to lose its location. To overcome this 

limitation, three filters are implemented and the performance is compared: extended 

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

defining an error range for the sensor. The proposed method considers that the false 

detection of the landmarks couldnôt be represented as a white Gaussian noise. Thus, 

the PF and EKF wonôt show satisfactory results. In the proposed filter, the 

measurement error is defined within a certain range rather than considering it as 

Gaussian; thus, if a new measurement is within the estimated measurement ± the 

error, the measurement is considered true, else it will be considered false. Moreover, 

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

the robot (encoder), and the global data obtained from the StarGazer. Fig 2.5 shows 

the results of applying extended Kalman filter (EKF), and the proposed filter over 

the measurements. It could be seen that the EKF failed to detect the false 

measurements with error > 3 m. On the other hand, the new filter was able to detect 

 

Figure 2.4: Comparison of the localization using odometer (red), and EKF (blue) [42] 
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the false measurements with error >3m, and provide an accurate estimation for the 

location of the robot. [48 - 54]. 

In summary, many localization and mapping methods and sensors are proposed in 

the field of indoor mobile robots; each has its advantages and limitations. In 

localization and mapping using ultrasonic technology, it shows fast processing time, 

besides to its cheap cost. On the other hand, this technology requires a high number 

of distributed transmitters due to its limited 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 comparing to the maps which use natural 

landmarks [22].  

Localization based on wireless sensor network and ZigBee still needs further 

developments to cope the problems of fast fading in which the signal strength is 

decreased significantly due to the existence of walls, and multi paths, especially in 

indoor environments which include walls [55]. Furthermore, this kind of localization 

has a low localization accuracy [29],[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, obstacle avoidance, and human detection. Alternatively, 

these sensors have high computational cost, besides to its affect to the changing in 

the light conditions in the navigation area. 

Localization based on LRF is an accurate technology; it could be used for mapping, 

localization and obstacle avoidance. Still, this technology requires high 

             

(a)     (b) 

Figure 2.5: The filtration result of applying (a) extended Kalman filter, (b) the new 

filter. Blue dots represent the raw measurements of StarGazer sensor, and the red dots 

represents the filter output [47] 
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computational costs since it requires processing a high amount of measured points 

over the work area [42]. Furthermore, the laser sensor is not suitable to work in 

environments, which include transparent surfaces like glass and plastic since these 

materials could diffuse the beam rather than  reflecting it [44], [56].  

Localization based on IR sensors has the advantages of covering a wide area, uses 

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 could cause false 

detection of the landmark, and this will lead the robot to lose its location.  

Table 2.2 summarizes the advantages and disadvantages of each method, and the 

applicability of using this sensor for mobile robotics in life science applications. 
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2.2 Human-Robot Interaction 

Human-Robot Interaction (HRI) is defined as the ability of a robot for recognizing 

the human and interacting with them by implementing suitable responses to this 

interaction. Several sensory systems and interaction methods are implemented for 

Table 2.2: Comparison between different localization sensors 

Sensor 

Type 

Advantages Disadvantages 

 

Encoder 

Easy to use 

Linearity 

The accumulated error limits 

the efficiency of this sensor for 

long distances 

 

 

Ultrasonic 

Easy to use, 

Linear, 

Low cost 

 

Need to power the transmitter 

and receiver, difficult to 

modify the map  

Effected by changes in 

humidity and temperature 

 

Wireless and 

RSSI 

Data transmission could be 

implemented together with 

sensing, no need for change 

the direction of sensor to 

measure the distance 

 

Not constant, the existence of 

walls effects the accuracy of 

this system 

 

 

Vision 

Low cost, 

Implement localization and 

obstacle detection in one 

sensor 

 

 

High computation, 

Affected by light conditions 

 

Laser 

High Accuracy 

Used for several tasks in one 

sensor 

 

Lower performance in 

detecting transparent materials 

such as glass walls. 

 

Stargazer 

Easy to use 

Map could be extended easily 

No need for powering the 

landmarks 

Automatic height calibration 

Affected by ambient light such 

as strong sunlight and 

fluorescent light. 
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the interaction; interaction systems are based on the type of the robot, and the 

interaction method. 

Ikemoto et al. presented a physical human-robot interaction system for teaching the 

robot to stand up [57]. The human will help the robot in standing-up, and he will 

inform it whether the attempt was correct of wrong. The robot consequently will 

save the correct attempts in its database to train itself in a later step. Each training 

vector is 52-dimentions which represent the angular values of robotôs joints. To 

accelerate the training process, principal component analysis is used for dimensionsô 

reduction of the training set. The reduced data is passed to a Gaussian mixture 

model (GMM) for adapting the performance of the robot in the standing-up task. 

The experimental results show that reducing the training data allows the GMM 

model to be trained online with few training data, while the robot develops its 

behaviour after each training step. Fig 2.6 shows an experiment for the interaction 

system. 

Wearable sensors are another common method for implementing the interaction 

between the human and the robot. Cifuentes et al. developed a human-following 

system to track the human using LRF and a wearable inertial measurement unit 

(IMU) [58]. Instead of following the human, the robot will move in front of the 

human, enabling the human to monitor the motion of the robot without the need to 

look behind. LRF is located over the robot, and it is used to track the legs position 

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

to provide the trunk motion and rotation to the robot. The robot will adjust its 

motion direction and velocity based on the obtained measurements to keep itself 

moving in front of the human. The experimental results show that the parameters 

estimation was accurate with estimation error less than 10% under curve-shaped 

path. 

Tseng et al. presented a robotic system for tracking one person or a group of human 

and interacting with him/them [59]. In this system, the robot will differentiate 

between seven situations; basing on whether there is one person, or several humans 

in front of it. Furthermore, the robot will analyze the distances between the human, 

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

 

Figure 2.6: Assisting the robot to stand via interaction [57] 
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facing each other and having a discussion, the robot will come close to them, and 

interact with them using voice commands to communicate available services as it 

could be seen in Fig 2.7. In contrary, when two humans are close to each other, and 

located in certain angles, the robot will know that these two human have private 

discussion, so it wonôt interrupt them. The system uses LRF for detecting and 

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 to detect the upper body, and then a 

particle filter is used for face tracking. Furthermore, Kalman filter is used to track 

the position of each person. The positions of humans, and their orientations are 

analyzed using F-formation to receive the social cues. A decision tree will be 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 80-90%.  

Hortal et al. implemented a brain-machine interface for enabling a user to control a 

robotic arm using brain signals without the need to implement any physical activity 

by the user [60]. The task is to control the robot arm to move forward, backward, 

right, and left. The robot has to move to the 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 which has 16 channels 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 k-fold algorithm is used to train the SVM and evaluate the 

model before employing it online. To test the system, two users were asked to move 

the robot between four points sequentially as it could be seen in Fig 2.8 and the 

success rate is then averaged as it could be seen from table 2.3 which shows the 

mean success rate for the two users are 74%, 72.78%.  

 

Figure 2.7: The human-robot tracking and interaction system. The robot-to-group 

situation, the robot specifies that the social situation is normal discussion, the robot will 

come closer and interrupt the discussion asking for a service to do by itself [59] 
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Tsai et al. presented a human-robot interaction system for face identification, and 

emotion recognition for four situations: sad, happy, anger, and smile [61]. The 

training samples, which represent the face images for different human are 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 distance between 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 number of training 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 accuracy. Table 2.4 

shows two experiments for two SVM models, the first model is trained 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 samples, and the 

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 

 

Figure 2.8: The experiment environment for controlling the robot arm to reach the four 

locations [60] 

Table 2.3: The experimental results for robot arm control based on brain signals [60] 

Mean AB CD LH RH User 

74.00 68.64 51.27 91.10 85.00 A 

72.78 61.44 61.86 89.41 78.39 B 
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trained with a higher number of training samples (240) has a higher accuracy and 

less processing time than the SVM model which is trained only with (120) samples.  

Voice recognition is another common method for the interaction between the human 

and the robot. Ding et al. developed a voice and user recognition system to interact 

with humanoid robots using 10 commands [62]. A support vector machine model is 

trained for speaker verification, a Gaussian mixture model is used for speaker 

identification, and a dynamic time warping algorithm (DTW) is used for speech 

recognition. When a user speaks, the SVM will decide whether 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 speech recognition. 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 human-system interaction for 

gaming and robotics applications. Canal 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 of the human [63]. The system identifies 

four gestures: pointing at, waving, nodding and negation. The pointing 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 dynamic time wrapping 

approach for analyzing the face movements. The 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 seen in Fig 2.9. The experimental 

results show that the facial gestures have low recognition rates (33.33% 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 recognition requires processing times between 1.47 to 1.91 seconds. 

 

Table 2.4: The experimental results of training and testing the face recognition model 

[61] 

Number of 

training 

samples 

Face 

identification 

Processing 

time 

expression 

recognition 

Processing 

time 

120  90% 5.73 p/sec 84% 6.9 p/sec 

240 92% 5.5 p/sec 89% 6.5 p/sec 
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Yang et al. presented the use of Kinect sensor in controlling NAO robot via gestures 

[64]. The first step is 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, a limit breadth method was applied to the 

system to protect the robot when the 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. presented a human-robot interaction system for controlling the Khebra 

III robot by identifying the gestures of human arms which are provided by a Kinect 

sensor [65]. The system defines 11 gestures from the human. The gesture 

recognition algorithm uses 6 of 20 joints and monitors the angles between joints for 

defining the gesture. The law of cosine is used for identifying the locations of joints 

and identifies the required response. The experimental results show that the system 

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

BouBou et al. implemented a new system for defining nine actions (sit, stand, wave, 

walk, pick up, stretch, use hammer, draw a circle, and forward punishing) [66]. The 

skeletal data of the tracked person is obtained from Kinect sensor, while a new 

method called Histogram of Oriented Velocity Vectors (HOVV) is implemented to 

describe the activities. Fig 2.10 shows the concept of the HOVV method. In HOVV, 

the velocity vector and orientation of each joint is extracted from tracking the 3D 

positions of the skeletonôs joints obtained from Kinect. The obtained vectors are 

grouped into a spatial histogram. The 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 with computational latency equal to 0.055 seconds for one sample. 

[67 - 73]. 

 

Figure 2.9: The integration between the Human and NAO robot based on gestures [63] 
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Du et al. presented a human-robot interaction system for controlling two robotic 

arms [74]. The robotic arms imitate the movements of the right and left arms of the 

human operator remotely. The system uses Kinect sensor to get the movements of 

the operatorôs arms, specifically the thumb finger, index finger, wrist, elbow, and 

upper arm. The reference point of the user armsô coordinates is the shoulder joint, so 

even if the user body moved, the robotic arms wonôt be effected by this movement, 

and will consider only the movements of the arms related to the shoulder. 

Furthermore, the system took into consideration the dithering of the user handsô by 

adding a damping model which ignores the minor movements of the user arms. Fig 

2.11 shows the control of the robotic arms to catch an element without contact. The 

experimental results show that the mean absolute error (MAE) is (3.65, 2.67, 3.83 

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

In conclusion, many systems are proposed for the interaction between the human 

and the robots existing in the same work area. Designing these systems is mainly 

 

Figure 2.11: The motion imitation of the userôs arms by the robotics arms [74] 

 

Figure 2.10: Extracted velocity vectors of the action ñsittingò [66] 
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based on the application domain, and the goal of using the robot. Table 2.5 

summarizes the common methods which are used in human-robot interaction.  

In conclusion, the interaction using the wearable sensors isnôt applicable in work 

environments which many human move in it as restaurants, and laboratories, since it 

requires a wearable device for each new person enters the work area. Moreover, the 

interaction with voice orders is easy and natural method which is used between 

human themselves. Still, this kind of interaction wonôt be suitable in work 

environments which include noise of machines and human, since it will limit the 

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

interact with the robot with short distances, and that wonôt serve the goal of this 

thesis to have a secure interaction. The interaction using color cameras wonôt be 

suitable when it is required to follow the gestures of several human, besides to the 

high processing time to analyze the images and define the human. On the other 

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

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

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

Table 2.5: Summary of different systems for human-robot interaction 

 Advantages Disadvantages 

Wearable 

Sensor 

Obtain the measurements 

directly from the user. 

Not effected by noise resulted 

from light and sound  

Not applicable when the robot 

works in social area since it 

needed to let each person to wear 

the device 

Voice 

recognition 

Easy and natural interaction 

method. 

The robot could be trained for 

a wide range of commands 

Not suitable to detect humans on 

large distances.  

Canôt provide more information as 

the distance of human(s).  

Not suitable in social environment 

in which include voice noises 

Canôt distinguish the voice of 

different humans. 

RGB Provides rich information 

which could be used in other 

tasks as obstacle detection 

Cheap sensors 

 

Requires high processing 

Additional landmarks could be 

required to distinguish the human 

Kinect Provides different HRI as 

voice, gesture, and face. 

Low cost, with low 

computational cost 

Affected by the vibration which 

lead the sensor to lose the skeleton 

frames 
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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 of human-robot 

interaction.  

Table 2.6 summarizes 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 

bodyôs joints. These methods are suitable when the Kinect is fixed in static position, 

and facing the human face to face. In the real work environment, the robot will meet 

the human with different angle of views; the human could meet the robot face to 

face, or deviated with certain angles from the front plane of the Kinect sensor. Thus, 

the previous methods wonôt help, because the angles will be different. Thus, it is 

expected that using machine learning and artificial intelligence will improve the 

gesture detection if the models are trained with suitable training samples. Thus, two 

models are selected in this research (Support Vector Machine, and Back Propagation 

Neural Networks), and the performance of each model is analysed and compared. 

Moreover, the models were trained using samples with different angle of views, to 

enable the HRI system from defining the gesture even when the human and the robot 

are not located face to face. 

 

2.3 Collision Avoidance for Indoor Mobile Robots 

Collision avoidance is a primary requirement for any robotic system. Many methods 

are used in mobile robotics for avoiding dynamic and static obstacles. Some 

methods generate obstacle-free path using control theory algorithms such as PID and 

Fuzzy Logic controllers. Others take into consideration the robotôs dynamics. In 

contrary, reactive collision avoidance methods avoid the obstacles using the 

information provided by the robotôs sensor only, without care about the robotôs 

Table 2.6: The comparison of different HRI methods based on Kinect and gesture 

recognition 

Method Success Rate 

Analysis the angular displacement of the arms [63] 83.33% (waving) 

96.67% (pointing at) 

Extracting the jointsô angles of the skeleton [64] 92% 

Law of cosine [65] 96% 

Histogram of Oriented Velocity Vectors [66] 88.75% 

Hidden Markov Model [68] 98.4% 
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dynamic. Here is a review for the common methods of collision avoidance, which 

could be found in mobile robotics: 

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

control the systems based on the ñdegree of truthò rather than the ñcrisp valuesò in 

which the variable values are either ñ0ò or ñ1ò[75]. This controller has been used in 

many obstacle avoidance systems.   

Lee et al. used a fuzzy controller for navigation and obstacle avoidance in unknown 

environments using ultrasonic and compass sensors [76]. The system is divided into 

three layers: The orientation layer (OL) which controls the robot to reach the goal 

destination when no obstacles are existed in its path, the obstacle avoidance layer 

(OAL) which modifies the robotôs movement in the case of obstacles, and the 

human control layer which has the highest priority, and enables 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 used by the human to control the 

robot, and it has the highest priority over the other two layers. The experiments 

show that 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 will start decreasing 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 any time [77], [78] 

[79].  

Bug algorithm is one of the early work in the field of obstacle avoidance for mobile 

robotics [80]. Two algorithms are proposed: Bug1, and Bug2. In Bug1, the robot 

moves toward its goal location till it hits an obstacle. The robot will then implement 

a complete travel around the obstacle, parallel to its boundaries till it reaches again 

to the point that it hit the obstacle. If the goal is reached, the algorithm will stop, else 

the robot will select the leaving point which 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 itself to follow the starting-goal line. The experiments show that 

each algorithm has some advantages and limitations. The performance that each 

algorithm provides varies basing on the geometry of the path and the obstacle 

distributions. Bug2 algorithm shows a faster performance than Bug1 when the robot 

navigates in open and wide paths, since it doesnôt need to implement a complete 

turnaround the obstacle as in Bug1, rather it will leave the obstacle soon when it hits 

the leaving line. On the other hand, Bug1 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 reaches the goal as it could be seen in fig 2.12-c. Moreover, the Bug1 algorithm is 

more conservative than Bug2. 

In methods, which are related to the robotôs dynamics, the robot specifies the 

location of the obstacles, then it implements the obstacle avoidance path basing on 

the robotôs dynamics as velocity and acceleration. Dynamic Windows Approach 

(DWA) is a well -known algorithm in obstacle avoidance [81]. In this method, the 

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

whole admissible linear and angular velocities. The admissible velocities are the 

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

reaching to the closest obstacle. The robot will then consider only the velocities that 

the robot can reach given the acceleration limitations of the robot. Fig 2.13 shows 

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

                
(a) Bug1                          (b) Bug2                                                 (c) Maze path 

Figure 2.12: The motion of the robot for the Bug1, Bug2, and Maze path [80] 

 

Figure 2.13: The representation of velocity space in DWA [81] 
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represents the non-admissible velocities that the robot mustnôt use. Finally, the robot 

optimizes its velocities by taking into consideration the target direction, and the 

distance of each obstacle from the robot [82]. The experiments show that the robot is 

able correctly to avoid the 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 multi-robots collision avoidance [83]. Each 

robot should calculate its position and velocity, and then a communication network 

is used to exchange the data of position and velocity. The robots will calculate the 

admissible velocities that each of them can 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 direction. Each 

robot exchanges the uncertainty to specify the movements, which each of them 

should implement to pass the corridor. The experiments were done over two 

Turtlebot robots in a narrow corridor (around 140cm); the diameter of each robot is 

33.5cm and proved the ability of these robots of passing each other without collision 

[84].  

Reactive collision avoidance methods are those, which are based merely on the 

sensory information rather than the robotôs dynamics. In these methods, the robot 

uses the sensorôs reading to update its orientation and avoid the obstacles. Examples 

of reactive methods are potential field [85], vector field histogram [86], nearness 

diagram [87], smooth nearness diagram, and follow the gap [88].  

Potential field local path planning which is developed by O. Khatib  in 1985 is one 

of the early real implementation related to obstacle avoidance in robotics [85]. In 

this method, the goal location and the obstacles practice attractive and repulsive 

fields over the robot. The goal location tries to attract the robot to it, while each 

obstacle tries to push the robot away from it. The combination 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 into U shaped 

locations, besides to the oscillating motion of the robot in narrow corridors. Fig 2.14 

shows the concept of the potential field.  
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In 1991, Borenstein et al. developed a new method for collision avoidance by 

representing the obstacles in a histogram [86]. This method is called Vector field 

histogram (VFH).  In VFH, the robot divides the sensed area into 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 the specified sector. The 2D 

histogram is mapped then to a one-dimensional polar histogram around the robot as 

it could be seen in Fig 2.15. A candidate valley is a group of sectors that are less 

than a certain threshold which represent a possible free area that the robot can 

navigate in it. The robot will finally select the valley that is closest 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 around 1.4m. The 

 

Figure 2.15: The polar representation of the VFH and the direction selection [86] 

 

 

 

Figure 2.14: The general concept of potential field method 
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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 histogram for obstaclesô 

distribution after each measurement update, and it reached to the goal without 

collisions. On the other hand, the method is still suffering from dead-end 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 method such as VFH+ [89] and VFH* [90].  

Nearness Diagram is a reactive collision avoidance method which is developed by 

Minguez in 2004 and follows the divide and conquer strategy in implementing the 

local path planning [87]. In this method, the work area is represented in sectors; each 

sector represents the nearness of the obstacle from the robot within this sector as it 

be seen in Fig 2.16. The robot defines the gaps which represents a border line 

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

than the robotôs diameter. Two adjacent sectors represent a region. Basing on the 

region distributions, nearness of obstacles to the robot, and 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 obstacles. The 

experiments are done over a mobile robot with a diameter 0.48m, 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 each other, since the robot 

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

to the goal. Furthermore, the robot didnôt face the deadlock problems when it 

avoided U shaped obstacles, and it doesnôt have local minima problems. An 

improved version for the ND was implemented which added additional situation to 

the previous ND method, and called ND+ [91].  

 

Figure 2.16: The representation of obstacles, gaps, regions, and valley in nearness 

diagram [87] 
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Smooth nearness diagram (SND) is an improved version of the ND+ method, and 

developed by J. Durham in 2008 [92]. The main goal of the improvement is to 

simplify the ND method by using single law which is valid for the whole scenarios 

that the robot faces instead of using six scenarios. After detecting the regions, and 

selecting the valley, the method defines three angles: the safe rising gap — , which 

is the calculated angle from the selected gap; the —  which is the angle that 

directs the robot to the middle of the selected valley, which is important to access 

the narrow valleys, and the desiring heading angle — which is equal to —  or 

—  whichever the closest angle to the angle of the rising gap. Fig 2.17 shows 

the concept of the SND. The experimental results show that the SND completed a 

given narrow path successfully within 135 seconds, while the ND+ crashed with the 

last obstacle in the same path and it required 254 seconds to finish it. Furthermore, 

the experiments show a smoother path by SND than ND+, due to the transitions 

between situations implemented by ND+. In [93], it is shown that the SND suffers 

from the deadlock problem which occurs since the method calculates the total 

weighted deflection despite of the obstaclesô distribution. 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 robot to move far away from the side with 

higher risk, causing the robot to collide with the obstacle with lower risk. 

In 2010, Mujahad et al. presented a new collision avoidance system based on the 

ND and SND methods called ñClosest gapò(CG) [93]. In this method, instead of 

evaluating the whole gaps, the robot will ignore the gaps that are included into other 

gaps. Furthermore, the method tries to overcome deadlock problem which is faced in 

SND, by distinguishing between the obstacles to the right and left sides of the robot, 

and calculate the deflection issued by the obstacles located at each side and then 

calculate the total net deflection resulted from the right and left deflections. The 

experimental results show that the proposed method has smoother trajectory than the 

ND and SND which caused by the motion oscillation of the robot when it tries to 

plan its path to the goal, besides to avoiding the deadlock problems. Furthermore, a 

 

Figure 2.17: The concept of implementing collision-free path using SND method [92] 



Chapter 2  Current State of Research and Technology 

нт 
 

simulation is done to compare the time required by SND and CG, and 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 method based on extracting the borders 

of the path, and the location of obstacles in the path [94]. The robot uses CCD 

camera to extract the boundaries of the lane that it navigates through. These 

boundaries meet in a point called vanishing point as it could be seen in Fig 2.18. 

Extraction of the continuous lines is implemented using Hough transform; while 

boundaries recognition is implemented by RANSAC algorithm. The robot uses the 

vanishing point to guide itself through the path. When the robot meets an obstacle, 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 experimental 

results show that the method has a better performance than DWA and VFH in case 

of travelling time, and travelling distance. 

Hagiware et al. presented the use of Kinect sensor in navigation and obstacle 

avoidance for the indoor mobile robots [95]. The robot records the path that it will 

follow, and then it will detect its position and avoid obstacles by comparing the 

captured frame with the recorded frames in its memory using three steps. In the first 

step, the robot implements view matching by searching for the most similar recorded 

frame to the current frame using SURF algorithm. In the second step, the robot uses 

ego-motion algorithm to for estimating its relative linear and angular distances 

between the recorded 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 calculate its position and the position of the obstacle by comparing its 

current frame to the stored frames, and implement a diagonal collision-avoidance 

path around the obstacle. The experimental results show that the robot is able to 

estimate its location even when it strays from its recorded path, with the ability to 

avoid the obstacles that it faces in its path. [96 - 105].  

 

 

Figure 2.18: The vanishing point-based navigation [94] 
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To summarize the obstacle avoidance algorithms, table 2.7 shows the advantages 

and limitations of the most common methods in obstacle avoidance for mobile 

robotics; while table 2.8 shows 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 

Bug1 Doesnôt suffer from local 

minima problems 

Reliable method to reach the 

goal location  

 

Turning around each obstacle 

causes the method to be slow 

[106] 

Bug2 Doesnôt suffer from local 

minima problems 

Faster than Bug1 in most 

situations. 

 

The method shows low 

performance in maze paths. 

[106] 

PF The integration of the whole 

obstacles together with the goal 

location to generate the 

collision-free path  

Trap situation ñlocal minimaò 

[107] 

Oscillations in narrow 

corridors [107] 

VFH Insensitive to misreading of the 

sensors [86] 

Fast computation with fast 

motion [86] 

Difficult to tune threshold ña 

threshold which is good for 

cluttered path, not good for 

obstacle-free pathò [87] 

Low performance with close 

obstacles [93] 

DWA Takes into consideration the 

robotôs physical limits 

(velocities, accelerations,...) 

[81] 

Experimental results show good 

performance for the method. 

Difficult to tune the parameters  

Problems in avoiding the U-

shaped obstacles [87] 

ND/ND+ Doesnôt require tuning (one 

parameter in one situation) [87] 

The method shows good 

performance in moving in 

cluttered and dense 

environments [87] 

Not suitable for noncircular 

robots [87] 

Changing between situations 

limits the smoothness of the 

path (sharp transitions) [92] 

SND Smoother paths compared to 

ND Single motion law instead 

of six in ND [92] 

 

When the robot faces more 

obstacles in one side than 

other, the method will guide 

the robot far from the side with 

more obstacles causing it to 

collide with obstacles in the 

other side [93] 
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CG Reduced path calculation, 

faster, with less oscillations 

compared to ND and SND [93] 

Remove the gaps that are 

contained in other gaps. 

Overcome the deadlock 

problem. 

Since it is relatively new 

method, no prove for a 

limitation. 

VP Higher travelling velocity 

compared to VFH and DWA 

[94] 

Combine line following with 

obstacle avoidance to generate 

flexible obstacle avoidance 

paths. 

Implemented over straight 

paths, without tests for the 

curved paths with cluttered 

obstacles. 

Works only with vision-based 

sensors 

 

Table 2.8: Comparison between different kinds of collision-avoidance sensors 

 Advantages Disadvantages 

 

Ultrasonic 

Linear Performance 

Easy to program 

Low current consumption 

Canôt detect human body 

Effected by voice noises 

 

 

 

PIR 

Human detection 

Low power consumption  

Doesnôt provide rich 

information about the body 

location and distance. 

Passive sensor. 

Effected by ambient light. 

 

Vision sensors 

(Eye cameras for 

the H20 robot) 

Low cost 

Contains many data about the 

environment 

Difficult to program 

Requires high computations 

 

Kinect 

Could be used as vision sensor 

Gesture Recognition 

3D vision (with depth) 

Could be used for human-robot 

interaction and obstacle 

detection. 

Effect of ambient lights 

High power consumption 

Depth camera canôt detect 

obstacles located < 50 cm 

from the robot 

Noises over the skeletal 

frames resulted from robotôs 

vibration 

LRF Accurate sensor with robust 

obstacle detection.  

Could be used for localization 

and mapping.  

Canôt detect transparent 

obstacles.  

 

 

In conclusion, many collision avoidance systems are proposed for mobile robots. 

Each of them shows advantages with some limitations under certain conditions. 
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Moreover, different sensors are used in detecting the obstacles in the work area. It 

could be seen that most of the collision avoidance methods gave much more focuses 

on the static obstacles, with minor experiments over the dynamic obstacles, 

especially the human which are considered as ñintelligentò dynamic obstacle which 

will also try to escape the robot by generating collision-free path. This is a short 

come in the 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 area. The concepts will consider that both the human and 

the robot have to incorporate in generating the collision-free 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 

detecting 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 humanôs skeletons, which are existed in the area. Skeleton frame 

provides the skeletal information of up to six human whom are located in the vision 

area of the sensor. The detailed information regarding the proposed system together 

with the implementation and experiments are shown in chapter 6.  
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3.1 Background and Work Description 

The new 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. Laboratory is one of the work places which affected by these new 

technologies [6]. Engineering changed drastically the fundamentals of preparing and 

handling samples, with decreasing the processing time, and costs. This includes 

sample processing and sample management [108], sample handling [8], laboratory 

management [109], and robotics [110]. 

For any industrial product, the materials have to be processed and handled by 

different machines, and transferred between these machines as fast as possible to 

decrease the processing time and increase efficiency. Actually, conveyor belts and 

robotic arms are widely used nowadays in manipulating the products, in chemical 

laboratories as example. On the other hand, there is a dilemma of manipulating these 

samples between different laboratories. Thus, one of the important link in the 

integration chain is a global transportation system which is able to manipulate and 

transport the different samples between these laboratories at any time. Such system 

must be flexible so it can be easily modified to meet the adjustments in work area as 

adding/removing laboratories or adjusting the pick and place locations. Furthermore, 

the system has to be secure so it doesnôt cause accidents or failure during the 

manipulation tasks. 

Fortunately, the fast achievements in the field of indoor mobile robotics bring a 

promising solution for bridging the gap of mobile transportation of samples and lab 

ware between the laboratories without the need for human help.  

In mobile robotics, several tasks have to run in parallel to guarantee a smooth and 

safe operation for the robots during implementing the transportation tasks between 

the laboratories. A global map for the work area is required for any mobile robot, to 

enable the robot to define the goal location and the locations of other waypoints as 

charging or grasping locations [12]. Furthermore, the robot must be able to localize 

Chapter 3 
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itself robustly within the global map despite of the noises which may affect the 

sensorôs measurements [111]. The robots will work side by side to human; they 

must be able to recognize the human, interact with them, and obey the orders given 

to the robot via interaction [112] [113]. Moreover, the robot must be able to avoid 

the collision with the human located along its path using local path planning 

strategies [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 locations [13]. 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 autonomously [114]. Fig 3.1 shows the sub-

systems which are working in H20 robots, and which allow the robot to grasp 

objects, transport them safely between different floors, interact with humans, avoid 

collisions by modifying its path temporally, besides to communicate with the 

process management system to receive the transportation requests and send reports 

to the process management system regarding the robot situation.  

For achieving the research goal (secure navigation), it should be taken into 

consideration implementing a robust localization and mapping system which is able 

to accurately localize the robot under different work conditions. Furthermore, it 

should be taken into consideration that the work environment includes robots which 

are working side by side with humans. Thus, safety is a major challenge to make the 

manipulation system applicable. 

 

Figure 3.1: The integration of robotic tasks into the H20 robot 
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From the previous discussion, it will be clear that any implemented system wonôt be 

applicable without being integrated with the other systems. Only this integration will 

guarantee a successful transportation 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 existing in the work area. When a person appears, the collision 

avoidance and the human robot interaction systems must be activated and control the 

robot and implement a local path to avoid the collision with the human, and return 

the control to the global navigation system when no human are existing in the path.  

The aim of this research is to improve the safety of the mobile robots which are 

working in social environments, by finding robust sensors and developing 

algorithms to enable the robots to identify their location, recognizing the 

surrounding environment and interact with the changes in the environment by 

modifying the behaviour in response to these changes. This work focuses on three 

aspects, which are necessary for a safe navigation for indoor mobile robots, which 

are localization, human-robot interaction, and collision avoidance. Fig 3.2 shows the 

H20 humanoid robot, which is used in this dissertation for testing and 

improvements.  

Figure 3.2: The structure of H20 Mobile Robot [115] 

The H20 humanoid mobile robot has dual arms with 6 degree of freedom (DOF); a 

moving head with 6DOF and two RGB cameras. The maximum speed of the robot is 

0.75 cm/sec. Moreover, the robot is equipped with a GPS localisation sensor based 
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on IR technology, 5 sonar sensors for collision avoidance tasks, 10 IR range sensors, 

and two passive infrared sensors PIR. Furthermore, the robot is equipped with a 

powerful on-board computer, with Kinect 2.0 sensor, and additional batteries to 

power the Kinect sensors. 

3.2 Improv ing the localization of indoor mobile Robots 

For any mobile robotic system, robots require a map of the work environment, and 

they need to identify their location in real time within this map. Any error in the 

localization system could lead the robot to lose its location, and move in wrong 

directions, which might lead to accidents. It could be seen from the previous 

literature survey, that many localization methods are available for the mobile 

robotics, and each has its limitations and advantages. Furthermore, most of these 

methods require algorithms and further processing for the sensory data. A good 

selection for the localization system depends on the application and the work 

environment. 

In general, the localization sensors can be divided into relative sensors and absolute 

sensors. In relative sensors, the updated measurement will be based on previous 

ones. Thus, the error in any step will affect the following measurements, and this 

will lead to an accumulation of the errors, and the measurements will be totally 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 need for previous 

knowledge of the location. On the other hand, the error in this kind of sensors will 

be instantaneous, and could cause accidents when the robot fails in correctly detect 

its location. In this work, StarGazer sensor from Hagisonic company (South Korea) 

is selected for the localization and mapping [45]. This sensor is based on infrared 

technology, and it is belonging to absolute sensory family. The sensor is composed 

of an electronic chip which has an infrared camera and a group of infrared emitters, 

and 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 resulting from sunlight 

and florescent lights. When the robot moves in noisy areas, the sensor will falsely 

define its location in the global map. Fig 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 location 1 to location 2, and then it will 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 lead 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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To overcome this problem, the measurements of the StarGazer sensor must be 

filtered to check the false measurements, and provide estimation for the location of 

the robot under these noisy areas, to allow the robot from keeping its movement to 

the goal location. In the literature survey, it is shown that the false detection doesnôt 

always follow white Gaussian noise, so implementing recursive filters such as 

Kalman filter wonôt provide accurate estimation for the robotôs location. Thus, a 

modified Kalman filter is applied to the measurements of the StarGazer sensor. In 

this work, the adjusted filter will monitor the false measurements which are far from 

the expected location of the robot, and remove it before implementing the Kalman 

filter over the measurement. This filter uses the history measurements to predict the 

location of the robot. When a new measurement is far from the predicted one, 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 moves away from the noisy 

location. 

 

3.3 Human-Robot Interaction 

Human-Robot Interaction (HRI) can be defined as the ability of a robot to recognize 

the human, interact with them, and implement suitable activities as a response for 

the interaction. The task of HRI varies; it could be used to teach the robot how to 

implement certain tasks as it could be found widely in cognitive robotics; others 

employ the HRI to help the human in their daily life as it could be seen in human-

 

Figure 3.3: False detection of landmark 
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assistive devices/robots, and in robotic arms which work with human in assembly 

lines. Social robots also use the HRI to express the emotions either via voice 

sentences or via physical behaviors as moving the head, eeyebrows, and mouth; and 

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

For any engineering system, safety has the highest priority which the system has 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, robots will navigate in social environments, and they have to 

guarantee the safety of the human who are working in the same area, by recognizing 

the humans, interacting with them when needed and avoiding physical accidents to 

them. Moreover, and as an engineering system, 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-robot interaction systems that donôt serve the task of secure 

operation.  

In chapter 2, it is shown that the collision avoidance serves as a local path planner; it 

allows the robot from adjusting its path temporary to avoid the collision with the 

obstacles that are located in the detection range of the sensor. The majority of 

collision avoidance systems handle the human as a dynamic obstacle, without taking 

into consideration the reality that the human ñas an intelligent moving objectò will 

also try to adjust its movement to avoid the robot. Fig 3.4 shows a scenario when the 

robot and human meet in a certain location. It could be seen that the robot will adjust 

its path trying to avoid the human on 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 about the 

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 a 

better direction for implementing the collision-free path. As example is when a 

group of human are located in the path of the robot; then with the previous collision 

avoidance systems, the robot will try to avoid the human autonomously, and this 

will confuse the human who are located near the robot. If the human is able to 

interact with the robot, and provides the direction of the collision avoidance to it, 
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then the robot and the human will know the behavior of the other and the direction 

that each of them will follow.  

 

In bottleneck problem which is described in [104], 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 to 

recalculate its path and adjust it autonomously with the goal of avoiding obstacles. 

Consequently, when the robot meets human in a narrow area which is not wide 

enough for avoiding each other, the robot will either stop, or keep moving and 

collide with the human. Thus, the HRI will allow the human to 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 the human to 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 motion of 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 human and the 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 meets human in its path, it will receive 

the orientation, which the robot must go to avoid the human. This will guarantee that 

both the human and the robot know to which direction they have to go to avoid 

 

Figure 3.4: The conflict in generating collision-free path between the robot and the 

human 
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collision. Furthermore, it is taken into consideration the distraction of human while 

he gives orders to the robot. This is done by limiting 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 survey, the HRI could be classified into three categories:  

Á The physical HRI: the robot obtains the interaction information from the 

human using contact sensors which are in contact to human as wearable 

sensors, and touch sensors. 

Á The non-contact HRI: the robot gets the interaction information from the 

human without contact as gesture and voice recognition methods, using 

microphones, RGB, 3D and LRF sensors.  

Á A combination of the two previous methods: as fusing the sensory 

information of LRF and wearable sensor. 

Since the interaction 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. This sensor provides 

skeleton frames to the robot with a 3D description for the jointsô positions, without 

describing the activities that a person is doing. Thus, the robot has to process the 

jointsô orientations of each person in the skeletal frames provided by Kinect sensor 

to extract and define the activities that the human is doing and implement the correct 

response for these activities. 

In literature survey, many methods were used to classify the gestures using the 

Kinect sensor; each of these methods has its limitations and advantages. In methods 

which depend on analyzing the relative positions of the joints, and the geometry 

analysis of the jointsô angles will provide fast recognition of the gesture. On the 

other hand, such methods are sensitive to the angular displacement of the human; 

when the human 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 gesture. Thus, 

in this thesis, machine learning and artificial intelligence algorithms were adopted to 

train the models to detect the gestures of human even if they are not located face to 

face with the robot. Two algorithms will be used and compared to classify the 

gestures of the users. The first algorithm is Support Vector Machine (SVM), and the 

second algorithm is Back Propagation Neural Network (BPNN). These two models 

will be trained and employed to classify the jointsô coordinates of each person 

detected by the Kinect sensor. Then the performance will be compared to select the 

suitable one for classifying the gestures.  
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SVM is a machine learning method, which is based on statistical 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 dimensional space using kernel 

functions as Gaussian, radial basis function, and Polynomial kernels, and then the 

model searches for the optimal hyperplanes which are able to separate the mapped 

data.  

Back Propagation Neural Network is a supervised learning algorithm which is used 

in several applications as in pattern classification, pattern recognition, and image 

processing. The network is composed of three layers: Input layer, hidden layer and 

output layer [119]. Each layer includes several neurons. Each neuron existed in a 

certain layer is interconnected with each neuron in the following layer with a 

weighted connection. Furthermore, each of the neurons in the hidden and output 

layer has an activation function which stimulates the neuron to provide the output. 

To train the network, a set of training data is used to tune the weights of each 

connection. The training samples are applied to the input neurons, and the output is 

compared with the expected output to calculate the error. This error is propagated 

backward to update the weights of each connection to decrease the model error.  

To use SVM and BPNN in real applications, the models have to be trained before 

using them in classifying the gestures of the users obtained by the Kinect. Cross 

validation techniques are statistical learning algorithms which split 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 used to validate and analyze the trained 

model, to check how its performance before putting it into real application. The K-

fold cross validation method will be used in this work to train the model. In this 

method, the training set is divided into equal subsets. At each training cycle, a subset 

is selected as testing set, while the remaining data will be used to train the model. 

Further details will be described in chapter 5.  

After extracting the gestures and classifying them by the HRI system, the robot has 

to implement suitable responses for each order issued by the user via interaction. In 

this thesis, the interaction aims to guarantee the safety of the human, and avoid the 

collision and bottleneck problems. The orders ñmove forward/backwardò will allow 

the robot to move toward/against the position of the user; the orders ñmove 

right/leftò will order the robot to search for the collision avoidance paths to the 

right/left of the user; ñstopò will make the robot keep stopped; and ñmaster selectò 

which will be used to limit the interaction to one person in a group. Further details 

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

Collision avoidance is a basic requirement for any robotic system, to guarantee the 

safety of the robot and the human from physical accidents which could occur when 

both of them meet in the same path.  

Different collision 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 environments. Nevertheless, most of them 

handle the human as dynamic obstacles, rather than as ñintelligent obstacleò. This is 

a short come since the human will also try to find a collision-free path, and this 

could cause a confusion due to the lack of knowledge regarding the direction that the 

other will take.  

Out of this, a two-level collision avoidance system has to be implemented, which 

takes into consideration the human obstacle as an ñintelligent obstacleò. The system 

gives a common responsibility for both the robot and the human in avoiding each 

other. The method has two levels:  

Á Cooperative Collision Avoidance: When the robot meets a person in the path, it 

will ask the human via voice messages for interaction to supervise the collision 

avoidance process. The user in this case will be delegated by the robot to select 

what it has to do. The user will then be able to order the robot to either move 

forwards/backwards when they are located in narrow paths, or to move right/left 

so the robot generates collision-avoidance path to the right/left of the user. In this 

case, both the robot and the human know the motion of the other, and this avoids 

a conflict when each one moves independently from the other. 

Á Autonomous Collision Avoidance: If no human interacted with the robot for a 

certain period of time, the robot will calculate the collision avoidance path 

autonomously, taking into consideration finding the closest collision-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 the whole navigable regions that are wide 

enough to allow the robot from passing the human safely, taking into consideration 

the width of human and the robot. Furthermore, the system will provide two 

collision avoidance options: autonomous and cooperative. 

The robot will stop and ask the human to interact with it; allowing a time period 

3000 ms for the human to implement the interaction. If a user raises the right arm 

vertically (180°) for a period around 400ms, the robot will know that it has to 

interact with this user and execute his requests provided via the interaction, and the 
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robot will switch to cooperative collision avoidance. Thus the selection of the 

collision-free path will be based on the direction provided by the master.  

If no human interacted with the robot within the given period of time, the robot will 

switch to autonomous collision avoidance. Thus, it will select the region that it will 

generate the collision avoidance path across it basing on the next way-point that the 

robot has to move based on the global map. 

Finally, the collision avoidance system is equipped with a velocity controller which 

adjusts the robotôs linear and angular velocities based on the width of the region that 

it will pass. The controller will decrease the robotôs velocities when the selected 

region is narrow, and vice versa, and this will promote the performance of the 

collision avoidance system. 
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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 successful indoor robot navigation, the robot requires 

a map building for the workspace, and sensors for specifying its position within this 

workspace. If a robot loses its position within a work environment, then it is 

probable that fatal accidents occur, like colliding with walls or doors. In life science 

laboratories, accurate localization is critical, due to narrow corridors and small free 

spaces, which donôt enable robots to have wide localization tolerances. 

Furthermore, accurate localization is important to make sure that robots are able to 

reach pick-and-place stations, elevators, and charging places. The accurate 

localization will be based mainly on selecting suitable sensors, which meet the 

requirements of the work area, as specifying the possible disturbances, which may 

exist in the place. There is a wide option for sensors, each has its benefits and 

limitations, and a good selection for sensors must take into consideration the 

application requirements. 

For example, in life science laboratories, it should be taken into consideration that 

these laboratories are subject to electromagnetic noise, ambient light, the existence 

of narrow corridor and small free spaces, besides to the need to modify the 

navigation map due to a change in the work environment etc. Based on the previous 

survey, the StarGazer sensor (Hagisonic, South Korea) is selected for the tasks of 

localization and mapping [45].  Fig 4.1 shows the principle of the sensor. 

The sensor is equipped with an array of IR emitters, and an IR camera positioned in 

one circuit. Furthermore, a collection of the passive Landmarks is distributed along 

the navigation area in celisca. The passive landmarks are composed of 4x4 points, 

which have a high reflective ability for IR beam. Each landmark has its unique ID 

based on the pointsô distribution over the landmark. Figure 4.2 shows the StarGazer 

sensor and the landmarks. The StarGazer emits the IR beam to the landmark, which 

in turn reflects the IR beam back to the StarGazer. The IR camera and the integrated 

circuit analyses the cameraôs data to obtain the position and orientation of the robot.  

Chapter 4 

Localization of Indoor Mobile Robots 
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Figure 4.1: The principle of StarGazer Localization sensor [45] 

From Fig 4.2, it could be seen that the passive landmarks are composed of several 

small circles; each of these circles is composed of a reflective material which is able 

to reflect the IR beam effectively. The StarGazer will then identify the location, 

direction and the landmark ID by analyzing the reflected beam from the circles. The 

StarGazer is able to recognize up to 4095 different landmarks for the landmarks 

which are composed of 4x4 dots. Further information of the sensor could be found 

in appendix 1.  

Figure 4.2: StarGazer sensor and the passive Landmarks 

 

4.2 Improving the StarGazer Localization using Kalman Filter 

As it is mentioned in chapter 3, it is noticed that the StarGazer is effected 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 sensor. Fig 4.3 shows an 
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example of a noisy path that includes 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 sensor could occur and this will lead the robot to lose its location as 

it is explained before in chapter 3, and Fig 3.3. 

To improve the performance of the StarGazer sensor and filter the false 

measurements, Kalman filter is employed for removing the false measurements and 

providing estimation for the robotôs location under wrong measurements. 

Kalman filter is a recursive data processing algorithm; which is able to incorporate 

all provided information. 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 to predict the state of the system based on previous measurements. 

The filter has been used in several applications such as rocket navigation [121], 

object tracking [122], wind energy [123], [124], power systems [125], speech 

enhancement [126] etc. 

To implement the Kalman Filter, it is required to model the system dynamics, and to 

know the initial state of the system. The filter is composed of a set of mathematical 

equations [127]:  

ὢ ὃὢ ὄό   ύ     (4.1) 

 

Figure 4.3: The navigation under strong natural and fluorescent lights 
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ὖ ὃὖὃ ὋὗὋ     (4.2) 

ὤ Ὄὢ ὺ     (4.3) 

ὑ ὖ ὅ ὅ ὖ ὅ Ὑ   (4.4) 

ὢ ὢ ὑ ὤ ὅ ὢ   (4.5) 

ὖ ρ ὑ ὅ ὖ     (4.6) 

Where: 

ύ Ḑ πȟὗ  

ὺ Ḑ πȟὙ  

represent the observation and measurement noises, which are assumed to be zero, 

mean Gaussian white noise. 

ὢ     State Prediction Ὄ    Transformation Matrix 

ὖ      Covariance Matrix Prediction ό    Control Vector 

ὤ         Vector Measurement ὃ    State Transition 

ὑ      Kalman Gain ὖ  Covariance Matrix Update 

ὢ      State Estimation Update  

 

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 

StarGazer sensor and the estimated state. In [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 noise, while the second type of noise canôt 

be represented as a white Gaussian noise so the recursive filters such as Kalman 

filter wonôt be suitable in filtering the measurements of the StarGazer sensor.  

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

cope the problem of the errors that donôt follow the white Gaussian noise. By 

considering that any engineering system can run with certain limits (velocities, 

positions é) that it canôt exceed with a given period of time, so it would be possible 

to detect and delete the wrong measurements that are far from the specified limits of 

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

In Kalman filter, when the filter covarianceôs and the gain reach the steady state, it 

will be able to smooth the measurements by adding the magnified difference of the 

actual measurement and the estimated one to the estimated measurement, as it can 

be seen from equation (4.5). When a false measurement is forwarded to the filter, it 

will update its parameters basing on this magnified difference. Consequently, if the 

difference is too big, it will affect the performance of the filter, and this could lead to 

unsatisfied results from the filter. 

To implement the Kalman filter, the state estimate is calculated, and then the update 

equation is calculated based on equation (4.5). In most dynamic systems, it is 

possible to identify some certain domains for the monitored parameters when it is 

known that these parameters canôt exceed certain limits for a given time domain. For 

example, in H20 robots, since it is known that the maximum robot velocity is 0.75 

m/s, it is possible to judge that after 1 second, the robot wonôt move more than 0.75 

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 state ὢ  and estimated 

state ὢ  or ὢ ὢ . When this difference is out of the known domain, then 

it is possible to neglect the updated state and use the predicted state as the new state 

of the system. Since the updated state used a false measurement. Fig 4.4 shows the 

flow chart for the proposed method. In this case, this adjustment over the filter will 

contribute in providing better results of the Kalman filter [111]. 

An example of the method is the H20 robot, the robot moves in a maximum speed 

75 cm/sec. Thus, considering that the sampling time of the filter is 200 ms, the 

difference between two consequence states shouldnôt exceed 15 cm. Consequently, 

it is possible to ignore the updated state when the difference between the predicted 

and updated states exceeds 15 cm. In other meaning, a measurement is considered 

false when the difference ὢ   ὢ ρυ ὧά. 

This algorithm can increase the performance of the Kalman filter, since it will 

monitor the updated state and reject it as long as it is out of the specified domain. 

This condition could be justified and tuned for other applications, which use Kalman 

fil ter for measurements filtration. 
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4.4 Experimental Results 

The experiments were implemented with the Stargazer sensor, using 20 landmarks 

of type HLD1-L, which cover a path of 25 m. The experiments were done in the 

path which is shown in fig 4.3 and tested in different light conditions (fluorescent 

and sun light). In each experiment, the complete distance the StarGazer moved is 

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

conditions. 

Selecting the appropriate tolerance for the filter has a high importance for its 

performance, and rejecting the false measurements. Thus, each measurement is 

considered false when the value ὢ ὢ ρυ cm. Table 4.1 shows the 

experimental results. The success rate represents the performance of the filter in 

detecting false measurements and providing estimated ones. It could be seen that the 

StarGazer provides higher false measurements in strong light conditions than when 

the light is weak. Furthermore, it could be seen that the proposed filter proved the 

ability from detecting the false measurements, and providing estimation for the 

robotôs position instead of the false values.  

 

Figure 4.4: The flow chart for the proposed filter 
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To show the performance of the filter, the measurements of the StarGazer before and 

after filtration are plotted as it could be seen in Fig 4.5. In the figure, the blue dots in 

(a, b, c) represent the raw measurements of the StarGazer sensor for X, Y and ɗ. It 

can be seen that some measurements are totally far from the expected motion curve 

of the StarGazer. 

Fig 4.5 (d, e, f) shows the results of applying the filter over these measurements. The 

yellow dots represent the raw measurements from the StarGazer sensor, while the 

blue dots represents the filtered measurements of the sensor. It can be seen clearly 

that there are some irregular points which are not located on the expected curve. The 

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

the StarGazer location.  

 It is clearly that the filter didnôt follow the false measurements, but it detected them, 

and provided approximations for the position basing on the estimated measurements 

generated by the estimation equation, after neglecting the filtered measurements 

resulted from the update equation under these false values. Furthermore, 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 accuracy of the 

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

estimation for the robotôs position even when the sensor provides false 

measurements. 

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 

measurements donôt follow white Gaussian noise. In contrary, it could be seen that 

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

Experiment 

Number 

Travelled 

Distance (m) 

Total 

measurements 

False 

measurements 

Light 

condition 

Success 

Rate 

1 100 405 14 weak sun + 

lights off 

100% 

2 100 407 21 moderate sun 

+ lights on 

100% 

3 100 420 22 moderate sun 

+ lights on 

100% 

4 100 415 28 strong sun + 

lights on 

100% 

5 100 412 26 Strong sun + 

lights on 

100% 
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the implemented Kalman filter is able to detect the false measurements, and provide 

accurate estimation for the location of the robot under these false measurements.  

 

 

Figure 4.5: The StarGazer measurements before and after filtering: (a, b, c) The raw 

measurements of Stargazer sensor. The horizontal axis represents the number of raw 

measurements. The vertical axis represents the value of (X, Y, ɗ) for (a, b, c) 

consequently. (d, e, f) The result of applying the proposed filter over the StarGazer 

sensor 
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5.1 Introduction  

In the future work environments, robot and human will work side by side in the 

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 human-robot interaction system to be 

able from a secure work with the human. 

Human-Robot 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 fast improvements 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 interaction, the tasks that the robot is doing, and the used sensors 

for the interaction. 

In this work, the interaction will serve the task of human safety, by implementing a 

human-robot interaction system which enables the robot from recognizing the 

human and getting 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 detection [128]. 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 time-of-flight to measure the distance 

between the sensor and the objects [129]. In this technology, the sensor sends 

infrared beam, and measures the time required by beam to travel back to the IR 

camera. The Kinect 2.0 provides a skeleton frame, which includes the skeletons for 

up to 6 humans to the robot. 3D dimensions for 25 joints express each skeleton. The 

sensor is able to detect the human within the distance between 0.8 to 4.5 meters.  

Chapter 5 
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5.2 System Description 

It could be concluded in the literature survey, that the HRI systems are either 

designed to extract the emotions of human, receive the tasks from them via voice, 

gesture, or neurons, or to interact with human and learn from them how to execute 

certain tasks. Furthermore, it could be seen from the literatures that are related to 

collision avoidance, that the traditional collision avoidance systems are working 

autonomously, without getting any kind of feedback from the humans about their 

motion direction, and without a possibility to interrupt the motion of the robot when 

needed. Out of this a new robotic system which is based on HRI is implemented to 

serve the task of collision avoidance for mobile robotics [112].  

In the implemented system, the robot will be equipped with a Kinect sensor to 

monitor the human, which exist in the navigation area, and get the gesture 

information from them. The person in front of the robot then 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 destination using global path planner 

system after avoiding the human [130]. To implement the human-robot interaction, 

seven gestures are used in this system. Table 5.1 depicts these gestures and the 

robotôs response for each of them.  

The Kinect sensor provides the robot with information about the humanôs joints. 

This information requires further processing to extract the corresponding orders 

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

interpret the skeletal data into useful commands that the robot can understand. Since 

the interaction is based on humanôs arms, the data of five joints will be used to 

detect the gestures: 

Á The (y) values of the right and left elbows, and the right and left wrists. 

These values will provide sufficient information about the locations of the 

left and right arms in the space.  

Á The (y, z) values for the neck joint. These two values are necessary to train 

the model to classify the gestures of human with different heights.  

Fig 5.1 shows the human joints extracted by the Kinect. 
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To understand the gestures, a tool should be used which is able to map the jointsô 

coordinates to its classes. From literature survey, many methods are adopted to 

extract the gestures of human from Kinect sensor. 

Table 5.1 The gestures used in the HRI system and their corresponding function 

Function Gesture 

The robot will stop as long as the stop gesture is raised. 

 

Stop 

The robot will generate the collision avoidance path by 

selecting the closest region located to the right side of the 

master person. 

 

Move right 

The robot will generate the collision avoidance path by 

selecting the closest region located to the left side of the 

master person. 

 

Move left 

The robot will move toward the person as long as the ñmove 

forwardò gesture is raised.  

 

Move forwards 

The robot will move backwards as long as the master person 

raises the ñmove backwardsò gesture. 

 

Move backwards 

If several humans are in the path of the robot, the robot will 

not know to which person it has to interact, since two or 

more human might give different orders to the robot. To 

overcome this problem, ñMaster Selectò gesture is assigned. 

When a person in a group raises the right arm 180°, the 

robot will know that it has to interact with this person and 

will ignore the gestures of other human in the work area.  

 

Master select 

The resume gesture is used when the master person orders 

the robot to ignore the human existence and complete its 

path. This is the case when the person thinks that the robot 

moves in a different path which he follows, or when the 

person will leave to another position far from the robotôs 

path. 

 

Resume 
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It is also shown that the methods which are based on geometry analysis of the joints 

wonôt work correctly when the human plan is not parallel to the sensor plan, since 

the angles and the relative positions of joints will be different when the robot and 

human are 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 the human and understand their gestures 

correctly. Thus, it is expected that the methods which work on analyzing the data 

and classifying it basing on a previous training for these models could provide a 

better performance in identifying the corresponding order for a given gesture. In this 

study, two models are adopted to classify the skeletal information provided by the 

Kinect sensor. The first model is Support Vector Machine (SVM) [131]  and the 

second model is Back Propagation Neural Network (BPNN) [132] [133]. These two 

models are trained and the performance is compared.  

 

5.3 Support Vector 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 from Kinect sensor. Supposing the data of the sensor are plotted in Fig 5.2, 

it could be seen that there is an infinite number of separation lines. Searching for the 

line, which is able to keep the largest margin between the two classes, does 

 

Figure 5.1: The gestures used for the interaction with the robot 
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optimization [117] [134]. To find the mathematical representation of this problem, it 

is supposed that the separation line has the following equation: 

Ὢὼ  ύὼ ὦ      5.1 

Where ύ  represents the weight vector, ὦ the bias and ὼ input data.  

Supposing that the line is able to separate the data into two classes: 

ύὼ ὦ ρ           ὭὪ           ώ ρ 

For all points which are located at the first class and: 

ύὼ ὦ ρ           ὭὪ           ώ ρ 

for the points which are located at the second class.   

The margin ִי , is defined as the distance between the positive class and the negative 

class.  

ὼ ὼ
ȿ ȿ

      5.2 

The margin could be given as:  

יִ
ȿ ȿ

      5.3 

 

Figure 5.2: The Principle of Support Vector Machines 
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Optimization is done by searching for the line, which is able to keep the maximum 

margin between classes without any error in classifying the training data. This is 

equivalent to maximizing the margin, or minimizing the • since: 

•ύ ύύ      5.4 

Subject to   

ώύὼ ὦ ρ   ᶅ Ὥ      5.5 

Support vectors are defined as the training vectors, which are located on the 

auxiliary hyperplanes as it could be seen in Fig 5.2 and could be represented 

mathematically as: 

Ὢὼ  ύὼ ὦ ρ 

Ὢὼ  ύὼ ὦ ρ 

Usually, finding an optimal hyperplane which is able to separate the whole data is 

difficult , since some vectors could be correctly classified but not located within the 

boundary hyperplanes, or it could even be misclassified. Thus a slack variable (ɝ) is 

defined which represents the distance between the misclassified vector and the 

correct boundary hyperplane [117]. For the classification models which includes 

misclassified vectors we define: 

ώύὼ ὦ ρ ‚   ḊὭ ρȟςȟȣȟὲ  5.6 

‚ π ᶅ Ὥ ρȟςȟȣȟὲ 

Thus, for the vectors which are correctly classified and within the boundary 

hyperplane ‚ π, and for the vectors which are correctly classified but they are not 

located within the boundary hyperplane π ‚ ρ, while ‚ ρ for the vectors 

which are misclassified. Thus the optimization problem takes the form: 

ÍÉÎȿȿύȿȿ ὅВ‚   ḊὭ ρȟςȟȣȢȟὲ  5.7 

Where C is the penalty factor, which controls the trade-off between maximizing the 

margin and minimizing the training error. Large C means that the model is focusing 

on minimizing the error rather than maximizing the margin, while small C means the 

model is focusing on maximizing the margin with less care about minimizing the 

training error. 

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

for different penalty factors, training algorithms are needed, which are able to train 
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and test the model. Many training algorithms existed for this purpose as exhaustive 

cross validation, Repeated Random sub-sampling validation, and K-fold crosses 

validation. In this research, K-fold cross-validation algorithm is used for training the 

model and selecting the appropriate penalty factor [135], [136]. 

 

5.3.2 Model Training  

To put the SVM into 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. Thus, to train the model, a training set is required to tune the 

parameters of the model. It could be seen from Fig 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 also extracted.  

To build the training set, the gestures of four people with different heights are taken; 

each person is asked to implement the whole 7 gestures in 16 different positions in 

distances with range [1.8, 4] m. Thus, for each person there is  ρφχ ρρς 

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 angles [-40°, 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 face-to-face with the front plane of the 

Kinect sensor. 

To train the SVM, k-fold cross validation algorithm is used. K-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 data set Ὀ is divided 

into equal subsets ὑ. Each subset  ὑ includes ά samples of the training set:  

Ὀ  В ὑḊὭ ρȟςȟȣȟὯ       5.8 

Since each ὑ represents a subset of the dataset Ὀ . Fig 5.3 shows the flow chart of 

training the SVM model. 

In the next step, the data subsets ὑȟȟȣȢ  are used for training the model ὓ with the 

given set of parameters; while the remaining set  ὑ is used to evaluate and validate 

the model, and the number of misclassified samples for the set  ὑ is computed.  
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In this work, k= 8. Fig 5.4 shows the subsets distribution for training both the SVM 

and BPNN models. 

 

5.4 Back Propagation Neural Network 

5.4.1 Model Description 

Back-Propagation neural network is a multi-layer network that is composed of input 

layer, hidden layers and output layer. Each layer is composed of several neurons; 

K=0 Test=56 Train = 392 

K=1  Test=56 Train = 392 

K=2  Test=56 Train = 392 

K=3  Test=56 Train = 392 

K=4 Train = 392 Test=56  

K=5 Train = 392 Test=56  

K=6 Train = 392 Test=56  

K=7 Train = 392 Test=56 

Figure 5.4: The k-fold sets for the L-SVM model 
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Figure 5.3: The flow chart for building and training the L-SVM model 
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each of these neurons in a certain layer is linked to each neuron in the following 

layer via weighted links. Furthermore, each neuron in the hidden and output layers 

has an activation function, which calculates the output of the neuron after receiving 

the weighted inputs from the neurons in the previous layer. Fig 5.5 shows the 

hierarchy of the BPNN. 

 

 

In the training step, the weights are selected randomly with small values, ύȟᶰ

πȢυȟπȢυ. Then the training vector is applied to the networkôs inputs, and 

propagate these inputs via the layers to the output layer. The error of the network is 

calculated as the deviation of the network output from the desired output. This error 

is propagated inversely to update the weights of the layers. 

Considering a three layer BPNN, ύ  represents the weight of the connection 

between the neuron Ὥ in the input layer, and the neuron Ὦ in the hidden layer; ύ  

represents the weight of the connection between the neuron Ὦ in the hidden layer, 

and the neuron Ὧ in the output layer [132]. The input and the output of a neuron in 

the hidden layer is given as: 

ὼ В ὼȢύ ὦ     5.9 

ώ
·

      5.10 

Where: 

 ὦ: the bias for the neuron 

 

Figure 5.5: The hierarchy of the BPNN 
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ὲ: the number of inputs for the network 

Actually, the right 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 equations 5.9 and 5.10. 

After completing the feed forward step, the model error is calculated for each output 

neuron. The output error represents the difference between the desired output and 

the actual output: 

Ὡ  Ὠ ώ      5.11 

After calculating the error, the weights have to be corrected, to decrease this error. 

Thus, the updated weights between the hidden and output layers is given as: 

ύὲὩύ  ύέὰὨ Ўύ     5.12 

Where Ўύ  is the weight correction, and it is calculated as 

Ўύ – ώ  5.13      ‏

Where ‏ is the error gradient which represents the derivative of the multiplication 

of activation function with the error of the output neuron [133]: 

‏ Ὡ       5.14 

Considering using the sigmoid activation function: 

‏ ώ ρ ώ Ὡ    5.15 

The updated weights will be given as: 

ύ ύ –ȢώȢ5.16   ‏ 

In similar way, the error gradient of the neurons in the hidden layer is given as: 

‏ ώ ρ ώ В ύ Ȣ5.17    ‏ 

Then, the weight corrections are given as: 

Ўύ – ὼ  5.18      ‏

And the new weights of the hidden neurons will be calculated as: 

ύ ύ Ўύ     5.19 
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Where – is the learning rate, and it is taken as a positive value 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; one for each jointôs value, and three outputs which 

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 neurons ὲ σȟςρ.  

Similarly to SVM model, the BPNN is trained using the same training data set (448 

samples). Furthermore, the k-fold cross validation with k = 8 will be used to train 

the model and test it for different number of hidden neurons.  

 

5.5 System Implementation 

5.5.1 Kinect Position 

Kinect V2 sensor has 70° horizontal and 60° vertical fields of view. Thus, the 

positioning of the sensor has an important role in detecting the human in different 

positions. The next chapter will show that the robot is required to interact with the 

human and execute the procedures of collision avoidance when the distance between 

the robot and a person is around 2m.  Thus, the Kinect has to be fixed in a position 

that allows the robot to detect the human within the distance 2-4m. 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 on a high 75cm above the floor. 

Fig 5.6 depicts the position of the Kinect and the vertical distances that the robot can 

detect within the given position. It could be seen that for the distance 2m, the robot 

can detect the human with heights around 2m. 

 

5.5.2 Human-Robot Interaction System Description 

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

using seven gestures. Since it is possible to have several human in the path of the 

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

robot wonôt be able to understand what it has to do. To overcome this problem, a 

special gesture ñMaster Selectò is allocated to enable the robot to detect the master 
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person. When the master person is detected, the robot will limit the interaction to 

this person and ignore the gestures of other human in 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 interaction with this rate. 

Moreover, if the interaction is done in a short period of time, it is possible that the 

robot mistakenly interacts to the armsô position while the master person is still 

moving them. For example, the robot might move forward ñtwo arms horizontallyò 

while the master person is still moving his arms to reach the move backward order 

ñtwo arms verticalò. To overcome this problem, the gestures of each person were 

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 will guarantee a stable interaction with the armsô 

movements. When a person moves away from the robotôs path, the assigned register 

will be cleared automatically. Since the robot compares each 6 gestures, the human 

has to fix his armsô position for a given gesture for at least 200 ms. Fig 5.7 shows 

the flow chart for the human-robot interaction system. 

Once the robot detects human in the path, it will save and update the positions of 

human and 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, by classifying the gestures of all 

human in front of it, and compare the contents of each register to check whether a 

 

Figure 5.6 Position of Kinect sensor and detection range 
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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 positions of each person, but 

it will limit the interaction with the master person. The system will then classify the 

gestures of the master person, and forward them to the collision avoidance system 

for executing the requests. 

 

5.5.3 Sensor False Inferred Data 

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

provide an inferred estimation of the jointsô positions of the body. Actually, the 

experiments show that this estimation is not accurate, and this leads to a false 

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

system. Fig. 5.8 shows an example of a false inferred skeleton of the body. The 

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

gesture will be misclassified when the Kinect provides these false jointsô 

Human 
Detected

H20 moves on the planned 
path

Stop

Wait for order

Execute the CA order

Start Collision 
Avoidance

No

Master 
Detected

Order Received

Yes

Yes

Yes

No

No

 

Figure 5.7: The control of the robot using Human-Robot Interaction 
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measurements to the classifier. To overcome this problem, the system will check the 

status of each joints of interest (neck, elbows, wrists), and when there are more than 

two inferred joints, the measurement wonôt be forwarded to the classifier as long as 

the joints are not correctly detected.  

 

5.6 Experimental Results 

The experiments were done on two levels; the first experiments show the training 

results of the BPNN and SVM, including the time required from 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 humans with different physical shapes tested the human-robot interaction 

system with different positions and angles.  

 

5.6.1 Training the SVM 

In this work, a linear-kernel support vector machine model is used. To obtain the 

best model of the SVM, the model is tested over a wide range of penalty values: 

 ὅ  Ὡ ύὬὩὶὩ  ρπȟω ȣȢȢȟφωȟχπ.  

 

(a) master       (b) right            (c) right             (d) resume          (e) resume            (f) left 

Figure 5.8: The false skeletal joints due to angle view limits of Kinect 
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Fig 5.3 showed the flow chart for training the model. Model training is done using 

EMGU library, over a Laptop with the processor Intel i7-3537U (2.0 GHz with 4 

CPUs) and 8 GB RAM. Appendix 3 shows the complete experiments over the 

model, while table 5.2 summarizes the training results for the model.  

In table 5.2, the total error represents the total misclassified samples for the 

complete folds, while the average error represents the total error divided by the 

number of folds (here 8). To estimate the performance of the SVM model for the 

given penalty value, the success rate is evaluated as: 

ὛόὧὧὩίί ὙὥὸὩρππ
 

    
ρππ   5.20 

Furthermore, the train time represents the total time required to train the model for 

the whole 8-folds for the given penalty value. The test time, represents the time 

required from the trained SVM model to test a given sample. It could be seen that 

the test time for any sample after training the model is less than 1ms. 

From the table 5.2, it could be seen that setting the penalty to small values less than 

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

other hand, the values of the penalty in range [0.367, 7.389] show the best 

performance with eight to nine misclassified samples. Moreover, the table shows 

that using higher penalty values wonôt improve the performance of the SVM model, 

since the model fails in classifying 16 test vectors. It could also be concluded that 

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

1ms. From the appendix 3, it could be seen that the average training time for the 

whole experiments is equal to 50.95ms. 

Table 5.2: The training results for the L-SVM model 

C Total 

Error  

Average 

Error   

Success 

Rate 

(%) 

Train 

Time 

(ms) 

Test 

Time 

(ms) 

No. 

Support 

Vectors 

τȢυ ρπȟ 
 πȢππφχ 

379 47.3 15.53 [103,112] <1 21 

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 

ςπȢπψȟωȢς
ρπ 

16 2 96.4 [41, 53] <1 21 
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By comparing the experiments in the table 5.2, it could be seen that the best 

performance of the SVM model is with penalty value c=7.389, with only eight 

misclassified samples, which is equal to a success rate 98.2%.  

5.6.2 Training the BPNN Model 

Fig 5.4 showed the general structure of the BPNN model. The model has six inputs 

which represent the y-values of right and left wrists and elbows, besides to the (y, z) 

values for the neck. Since the model has to distinguish seven gestures, three outputs 

were selected for the model, as it could be seen from the table 5.3. 

To search for the best number of hidden neurons, the model is tested using the same 

training set and the same k-fold algorithm which were used to train and optimize the 

SVM model. The optimization is done by searching for the best number of hidden 

neurons for the model, and the best weights values. Thus, the neurons are selected in 

the range 3 to 21. Table 5.4 summarizes the training results. 

From the table 5.4, it 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 equal to 100% with a classifying time less than 1ms. 

While the average training time is equal to 117.2 ms. 

 

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

 Q1 Q2 Q3 

Stop 0 0 0 

Move Right 1 0 0 

Move Left 0 1 0 

Move Forward 1 1 0 

Move Backward 0 0 1 

Master Select 1 0 1 

Resume 0 1 1 
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5.6.3 Comparison between SVM and BPNN 

In comparison between the tables 5.2 and 5.4, the following results could be 

concluded: 

Á The BPNN could classify the whole test sets successfully despite of the 

number of hidden neurons.  

Á The L_SVM model showed better performance for penalty values close to 1. 

Still, whatever the penalty value, it couldnôt classify the whole patterns 

successfully, with the best performance of the model is at c = 7.389, with 8 

misclassified samples.  

Á The L_SVM showed faster training than the BPNN with average training 

time 50.95ms for the L_SVM and 117.2 ms for the BPNN. 

Á Both models were able to classify an input vector with less than 1ms.  

Thus, the BPNN with 8 hidden neurons is chosen for gesture recognition in the 

proposed Human-Robot Interaction System.  

Table 5.4: The result of training and testing the BPNN for several hidden neurons 

No. of Hidden 

Layers 

No. Errors Train Time (ms) Test Time 

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 <1 

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 
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5.6.4 Human-Robot Interaction System Test  

After implementing the HRI system with the BPNN, it is required to test the system 

over real work conditions. Fig 5.9 shows the test area for the robot and the positions 

which the humans whom implemented the tests were located. Five humans with 

different physical shapes (heights, widths, clothes...) were asked to implement the 

tests. Each person is asked to implement a certain gesture in each position, with a 

deviation angle (-40, -20, 0, 20, 40). The complete experiments could be found in 

appendix 4, while the table 5.5 summarizes these experiments.  

By analyzing the experiments in the table, the following results could be outlined: 

-  The BPNN classifier shows 100% correct classification for the whole gestures 

provided to it.  

-  Out of 90 experiments, the human-robot interaction system misclassified two 

gestures. These two gestures are misclassified because of a false positions of the 

joints which are provided by the Kinect sensor to the classifier.  

-  Out of 90 experiments, it shows that 84 experiments needed a processing time in 

the range [337, 396] ms, while there are six experiments required processing time 

in range [735,773] ms. The reason that the six experiments required almost 

double time that a user in the experiment didnôt fix his arms during the 

experiment, and this lead from the HRI system to clear the register assigned to 

the user and fill it again with new set of classified measurements.  

 

Figure 5.9: Representation of the test environment (dimensions in meter) 
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By comparing the current results with the other methods which were discussed in the 

literature survey, it could be seen that the proposed human-robot interaction system is 

easier and more applicable compared to other methods using touchable and wearable 

sensors since 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 for further devices to be fixed on each person existed in the 

same navigation area of the robot. 

Moreover, by comparing the performance of the implemented HRI system, with the 

other HRI systems which were based on gesture recognition (table 2.6), it could be 

seen that the previous systems were implemented on the concept that the robot and 

the human are located face-to-face, while in the realized system, the robot can still 

recognize the gestures successfully even when a human is deviated with ᴜτπЈ from 

the straight sight between the robot and the human. While 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 rate (98.4%) than the SVM, the implemented SVM model can recognize 

people even when they are not directly facing the robot. Thus, it could be concluded 

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 human-robot interaction 

system comes mainly from the sensor itself. The experiments which were 

implemented over the system showed that there were two misclassified gestures. 

This is because the sensor provided wrong jointsô dimensions to the BPNN model. 

Moreover, it is noticed that the Kinect sometimes doesnôt detect the body, and it 

requires from the user to move a bit, or shake his body to allow the Kinect from 

Table 5.5: The summary of experiments over the HRI system 

Person Number of 

experiments 

Height False gesture State 

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 
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detecting him. The user can know that the Kinect didnôt detect him by monitoring 

the robotôs screen which shows the skeletal frames of each detected person. 



Chapter 6 Collision Avoidance System for Indoor Mobile Robots Basing on Human-Robot Interaction 
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6.1 Introduction  

In future work environments, robots will work alongside to humans, and this raises 

challenges related to the robustness of these robots in detecting human, interacting 

with them and avoiding physical accidents to them. Thus, any robotic system must 

be equipped with a robust collision avoidance system which enables the robot to 

detect the obstacles and avoid them, especially the human. 

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

implemented for mobile robotics. The general concepts of these systems are 

summed up by detecting the obstaclesô distribution in the work area, extracting the 

regions between these obstacles that are wide enough for the robot to pass, and 

selecting the region which is closest to the goal direction. 

Despite of the good performance of many of these methods, it has some short comes 

especially when robots navigate in social environments which include many human 

moving and sharing the same working area of the robot as in laboratories, 

restaurants, and hospitals.  

When the robot moves in social environments, it is possible that a group of human 

are located on the same path of the robot. Thus, the robot will try to avoid those 

humans by adjusting its path several time to avoid collision with them as it could be 

seen in fig 6.1. This will  cause the robot to move in the middle of this group in 

curved paths, which will cause the human to get confused, besides to increase the 

time required by the robot to reach its goal. 

Furthermore, it is possible to have a bottleneck problem when the human and the 

robot are located in narrow locations such as corridors, so neither of them is able to 

avoid the other.  

Chapter 6 

Collision Avoidance System for Indoor Mobile 

Robots Basing on Human-Robot Interaction 
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Additionally, the performance of the collision avoidance system is merely related to 

the sensorôs detection range. Thus, in some situations, it is possible that the human 

which is existed near to the robot to have more information about the obstaclesô 

locations in the path of the robot, and if this human is able to inform the robot about 

the best path it has to follow, this will improve the performance of the collision 

avoidance and avoid the situations as in Fig 6.1. 

Out of this, a new collision avoidance system is proposed which takes into 

consideration the human as an intelligent-moving obstacle [113]. The proposed 

system will allow the human to interact with the robot and provide it with the 

suitable direction of the collision-free path when the human finds it is necessary. 

In this system, when the robot meets humans, it will ask them to interact with it via 

voice requests. If the user is interested in mastering the motion of the robot, he can 

manage it via interaction using the human-robot 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 robot has to move, so the 

user moves to the other direction. On the other hand, if no human interacted with the 

robot for a certain period of time, the robot will calculate its local path 

autonomously taking into consideration selecting the path that is closest to its 

original path. The method is called cooperative collision avoidance (CCA) since 

both the robot and the human share the responsibility of avoiding each other [112] 

[113].  

 

Figure 6.1: Robot motion between a group of humans 
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6.2 System Description 

The proposed system gives mutual responsibilities for the robot and humans to 

avoid each other and search for the safe paths via interaction. The robot will interact 

with the human by sending voice messages to them, and receiving the responses 

from the human via the human-robot interaction system which is described in the 

chapter 5. 

When the robot detects human(s) in its path for distances d >2m, it will warn them 

by sending a voice message ñRobot is comingò, to notify the humans that they are in 

the path of the robot. In this case, the humans will be aware of the existence of the 

robot, and they can either move away from the path of the robot, or be ready for 

interaction.  

If the human moved away from the path of the robot, it will continue its path to the 

goal location. Else, if the human stayed in the path, and the distance between the 

robot and the closest person is less than 2m, then the robot will stop and send voice 

message ñInteractò. In this case, the robot gives the option to the human to either 

cooperate in avoiding each other via interaction, or to implement the collision 

avoidance autonomously. The robot gives a certain period of time to the human to 

interact ñ3 secondsò. Thus, if a person raised his right arm vertically ñMaster Select 

gestureò within the 3 seconds, the robot will keep stopped waiting for the next order 

from the master user. If the period is passed, the robot will then implement the 

collision avoidance path autonomously. After executing the collision-avoidance 

procedures, and if there is no more human in the path of the robot, it will complete 

its path to the goal location using the multi-floor navigation system [130]. Fig. 6.2 

shows the flow chart for the proposed system. 

 

6.3 Collision Avoidance System 

In either the cooperative or autonomous collision avoidance methods, the robot has 

to find the free spaces that it can move between the humans without collision. Thus, 

a robust collision avoidance system is developed which takes into consideration the 

width of the humans and their distributions in the navigation area. 
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In this system, the robot detects the positions of the human in its path, and specifies 

the distance 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 

shoulders of the human. Thus, the width of each obstacle ñpersonò is given as: 
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Figure 6.2: The flow chart of the collision avoidance system 
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ὶ  ὶ ὶ        (6.1) 

Where: 

 ὶ  the radius of the person Ὥ in the group 

ὶȟὶ  the ὼ coordination of the left and right shoulders 

The robot will search for the available regions which compose a potential space for 

implementing the collision-avoidance path. The robot will distinguish between the 

middle regions, which are the free spaces between the humans, and the terminal 

regions which are the regions to the left and right of the terminal human in the 

group.  

For the middle regions, the robot will check the width of the regions between 

human: 

Ὑ ὢ ὢ ὶ ὶ ύὬὩὶὩȡὭ ρȟȢȢȟὲ ρ  (6.2) 

Since ὲ represents the number of humans detected by the Kinect sensor. 

Furthermore, the robot estimates the minimum region width required for the robot to 

pass without collision: 

Ὑ  ς ὶ ὶ ὶ Ὠ      (6.3) 

Where: 

ὶ  robotôs radius. 

Ὠ the safety distance around the robot. 

Fig 6.3 shows the calculation of the middle regions.  

In the next step, the robot checks the possibility 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 between the 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 right-terminal person. To calculate the 

width of the right terminal region, the following equations are used: 



Chapter 6 Collision Avoidance System for Indoor Mobile Robots Basing on Human-Robot Interaction 

 

тр 
 

ὢ  ὤȢÔÁÎσυЈ               (6.4) 

Ὑ  ὢ ὢ ὶ     (6.5) 

Similarly, the following equations are used to calculate the left terminal region: 

ὢ  ὤȢÔÁÎσυЈ     (6.6) 

 

Figure 6.3: Calculation of middle region 

 

Figure 6.4: Calculation of the terminal region 
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Ὑ  ὢ ὶ  ὢ         (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: 

Ὑ ὶ ὶ ὨȾς         (6.8) 

Ὑ ὶ ὶ ὨȾς         (6.9) 

The candidate regions are the regions that are wider than the minimum required 

width which the robot needs to generate the collision-free path safely: 

ὠ   В Ὑ    Ὑ Ὑ      ὭὪ  Ὑ Ὑ ȟὙ Ὑ  ȟὙ Ὑ     (6.10) 

After detecting the whole candidate regions that the robot can go through, it will 

select the region based on the collision-avoidance method (cooperative or 

autonomous). In cooperative collision avoidance, the region selection will be based 

on the motion direction that the master person guided the robot to move through, 

while in autonomous collision avoidance, the region selection is based on the 

direction of the next way-point obtained from the global navigation system. 

As it is mentioned before, when the robot detects humans, it will warn them to move 

away from its path. If the distance between the robot and the user is less than 2m, 

the robot will stop for three seconds 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 user via interaction. Thus, it will 

move forward/backward or will execute the cooperative collision avoidance when 

the user activates the move right/left gestures. If no human interacted with the robot, 

it will consider that the human delegated it to select the collision-free path, so it will 

implement the autonomous collision avoidance. In the following, the two collision 

avoidance strategies are explained in details.  

 

6.3.1. Cooperative Collision Avoidance based on Human-Robot 

Interaction  

In cooperative collision avoidance, both the master user and the robot will cooperate 

in finding a secure collision-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 

the human to interact using the voice request ñinteractò, and it will stop for three 

seconds allowing the human to interact with it. Within the stopping time, the user 

who wants to interact with the robot has to raise his right arm 180°, notifying the 

robot that it has to interact with him. The robot will then execute one of the 

following actions: 

Á Move forwards/backwards: The user can use the move forward/backward by 

raising his both arms 90°, and 180° respectively. In this case, the robot wonôt 

search for the regions or generate collision avoidance path. Instead it will obey 

the orders from the master user and move forwards / backwards as long as the 

master is still raising these gestures. This action is very necessary to avoid the 

bottleneck problem when 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 free space as it 

could be seen in Fig 6.5. Moreover, this action is necessary when the user wants 

to guide the robot to move in dense and cluttered area. Thus, the user can order 

the robot to move either forward or backward to another free walking area, then 

he can either pass the robot, or can order it again to move to its left or right. The 

robot in these orders will move for 1.2m, and implement another reading for the 

gesture. If the gesture is still raised, it will implement additional 1.2m.  

Á Move Right/Left: The user can contribute to select the collision avoidance 

path to the right or left of him. Fig 6.6 shows the concept of this order. Each 

 

Figure 6.5: The bottleneck problem when the robot and human are moving in narrow 

places 
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Figure 6.6: Cooperative Collision Avoidance via Interaction 

 

 

person is represented by the ellipse ὖ, which represents the distance between 

the right and left shoulders of the person Ὥ. 

Supposing that the master P2 asked the robot to move to its left side, the robot will 

then search for the nearest region that it can go through to the left of the user. It 

could be seen that the candidate region R2 between the person P3 and P4 is the 

selected one. The robot will then calculate its path which will be discussed later. 

After passing the region R2, the robot will give the control to the multi-floor 

navigation system to allow the robot to keep going to the goal location. 

If the master ordered the robot to move to a certain direction, and the robot couldnôt 

find a free candidate region in the selected direction, it will keep stopped and it will 

send a voice message ñno free pathò to inform the human that there is no free space. 

In this case, the master person has to either give the robot another order, or to let the 

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

the master has to provide again the motion direction to the robot. 

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

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

worker can have more information regarding the robotôs task, the obstacles in the 

robotôs path and the motion directions of the other humans existing in the same 

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 human interacted with the robot within the given period of time, the robot will 

consider that the users delegated it to search for the free paths. Fig 6.7 depicts the 

flow chart of the proposed system. 

Basing on the search equations in chapter 6.3, the robot will take into consideration 

the whole candidate regions that consist a potential collision-free path for the robot. 

Then, it will get the direction of the next waypoint on the original path of the robot 

from the multi-floor system, and select the region that is closest to this way-point. In 

case that the robot couldnôt find any free region, it will send the voice message ñno 

free pathò to inform the humans that they have to keep a space for it to move. If the 

human moved 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.  

Fig 6.8 shows four humans located near the robot. The dashed lines represent the 

horizontal field of view for the Kinect 2.0 sensor which is equal to 70°. It can be 

seen that two regions are detected for four humans. Since the robot has the freedom 

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

original global path of the robot toward the goal location.  

Autonomous Collision 

Avoidance

Search for the whole 

Available Regions

Get the next way-

point from MFN

Voice Message

ñNo Free Pathò

Region Available

Select the region that 

is nearest  to the way-

point

Generate the 

Collision Avoidance 

Path

Provide the motion 

commands to MFS

YesNo

 

Figure 6.7: The flow chart of Autonomous Collision Avoidance 
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Figure 6.8: Autonomous search for the collision-free path 

  

6.4 Collision Avoidance Path Calculation 

After selecting the candidate region using either the cooperative or autonomous 

collision avoidance, the robot will start to calculate the collision-free path across the 

selected region.  

The calculation of the collision-free path is based on whether the path will be 

between two humans, or it will avoid a single person. Fig 6.9 shows the calculation 

of the collision-avoidance path between two humans. To get the path the robot has 

to move, the following equations are used: 

ὼ          (6.11) 

 

Figure 6.9: Collision-free path calculation between two humans 
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ὤ ὓὥὼὤȟὤ        (6.12) 

— ÔÁÎ         (6.13) 

ὤ          (6.14) 

Ὠ  ὤ ὶ ὶ       (6.15) 

Where: 

ὼ ȡ The middle of the selected region. 

ὤȡ The distance of the farthermost person from the robot in the selected region. 

— ȡ The robotôs orientation toward the region. 

ὤ ȡ The distance between the robot and the middle of the selected region 

Fig 6.10 shows the path calculation for the terminal regions. For these regions, the 

robot uses the following equations for the rightest person: 

ὼ ὢ ὶ ὶ ὨȾς            (6.16) 

— ÔÁÎ             (6.17) 

ὤ               (6.18) 

 

Figure 6.10: The generation of CA path for the terminal person 
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Ὠ  ὤ ὶ  ὶ       (6.19) 

Similarely, to calculate the terminal region for the most left person in the group, the 

following equations are used: 

ὼ ὢ ὶ ὶ ὨȾς     (6.20) 

— ÔÁÎ        (6.21) 

ὤ          (6.22) 

Ὠ  ὤ ὶ  ὶ         (6.23) 

Moreover, the same terminal region equations are used when there is only a single 

person in the path of the robot with taking into consideration that ὢ ὢ . 

 

6.5 Robotôs Linear and Angular Velocities Calculation 

In collision avoidance, the robot has to adopt its linear and angular velocities based 

on the risk ratio of the followed collision-free path. Thus, it has to decrease its linear 

and angular velocities when the path is narrow in cluttered environment, and vice 

versa. 

In the implemented velocity 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 velocities when the region is narrow, 

and increase it when the region is wider. To do this, the following equations are used 

to get the velocities of the robot: 

ὺ  ὺ Ȣ        (6.24) 

‫  ‫ Ȣ       (6.25) 

Where —  the maximum vision angle of the Kinect sensor and equal χπЈ; — the 

angular width between two humans for middle regions, and between the terminal 

human and the vision limit for the sensor (±35°) for terminal regions. 
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Fig 6.11 shows the simulation result of the linear and angular velocities of the robot 

for different angles, given a maximum linear and angular velocities as ὺ

πȢσ άȾί and ‫ πȢυ ὶὥὨȾί. 

 

6.6 Software Implementation 

6.6.1 Development Tools 

The whole software implementation is realized using C# language which is an object 

oriented programming language appeared in 2000. C# could be used to implement a 

wide range of software applications which run on .Net framework [137]. C# is built 

over the previous C, C++ languages which make it more robust and more 

convenient for developing different applications including embedded systems and 

human-machine interfaces.  

Moreover, the Extensible Markup Language (XML ) is used for data exchange 

between the collision avoidance system and the multi-floor system. XML is a 

supporting language which is used for encoding documents and exchange the data 

between programs. This language uses a set of instructions and formats which are 

easy to understand by both the human and machines.  

 

6.6.2 System Realization 

The key success of any engineering system is the integration and synchronization 

between its components. In mobile robotics, several tasks have to run 

 

Figure 6.11: The linear and angular velocities for different width of regions 
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simultaneously as collision avoidance, path planning, arm grasping, and charging, to 

realize an effective autonomous manipulation system.  

The overall goal of the research is to build an autonomous transportation system 

which is able to transport the labware between different laboratories. To 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 

architecture for the implemented mobile transportation system. 

-  The robot remote center (RRC) is responsible on connecting with the process 

management system, and sending transportation commands to each robot based 

on the charging status of the robot and its nearness from the destination [110].  

-  The motion power control is a software which is located on the PC-Laptop and it 

is responsible of getting the sensorsô information of the robot and controlling the 

actuators.  

-  The multi-floor navigation system provides the robot with the robotôs location 

within the global map and guides it to the grasping and charging locations [130]. 

 

Figure 6.12: The general architecture of the transportation system 
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-  The arm control system is responsible on controlling the robotôs arms to grasp 

and place the labware [13]. 

-  The collision avoidance system is a local path planner, which allows the robot to 

adjust its path and avoid the unexpected obstacles which are located in its path to 

the goal location [112]. 

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

the algorithms which are discussed before to allow the robot from re-planning its 

path to avoid the obstacles. Since the proposed collision avoidance system is related 

to the HRI system, a robust combination must be implemented to synchronize the 

work of these systems. Moreover, the collision avoidance system must be able to 

exchange the data with the multi-floor navigation system to get the next way-points 

and send the motion orders to the robot. Fig 6.13 shows the block box of the 

implemented collision avoidance system. 

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

complete code for the ñautonomous collision avoidanceò is copied and could be 

found in appendix 5. The other collision avoidance functions such as ñmove 

right/leftò have similar concepts of the autonomous collision avoidance. 

 

 

 

Figure 6.13: The general architecture of the Cooperative Collision Avoidance System 



Chapter 6 Collision Avoidance System for Indoor Mobile Robots Basing on Human-Robot Interaction 

 

ус 
 

6.6.2.1 Collision Avoidance Controller 

The collision avoidance controller is the core of the collision avoidance system. It 

analysis the information received by the HRI system, monitors the connection state 

of the client (MFS), and trigs the collision avoidance functions based on the received 

information from the HRI. Fig 6.14 shows the flow chart of this controller.  

When a new process cycle starts, the controller checks whether there are humans in 

the path, and one of them at least has a distance less than 2 m. The controller will 

activate the ñStopò function which will let the robot stops for three seconds, giving a 

time distance for the human to interact. The ñstopò function will be released and the 
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Figure 6.14: The flow chart of collision avoidance controller, (*) means information 

received from the HRI system 
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control will be given back to the CA controller. If the HRI shows that no human 

interacted with the robot, the controller will trig the autonomous collision avoidance 

procedure, or it will trig one of the cooperative collision-avoidance functions if a 

person interacted with the robot. Each function will implement the required 

processes, and send the motion commands to the MFS via the socket.  

 

6.6.2.2. Communication with the MFS 

For exchanging the data between the collision avoidance system and the MFS, a 

well-structured API is designed based on TCP/IP protocol [112] [130]. Furthermore, 

the data is transferred using XML format. Each message is composed 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 UTF-8 format.  

The collision avoidance system represents the server part of the socket, while the 

MFS represents the client. The server will keep listening to the socket till a start 

message ñkeepOnlineò and ñStartCAò are received from the client. After each 

message, the server will reply the client confirming receiving the messages and 

establishing the connection correctly. The collision avoidance will then start 

monitoring the existence of humans in the path. When an obstacle is less than 2m, 

the CCA system will send ñObstacleDetectedò, and the MFS will stop the robot and 

reply by providing the orientations of the next way-point as it could be seen in Fig 

6.15. The CCA will then calculate the collision-free path, and it will provide the 

motion orders to the MFS, by sending the angular and linear distances, and the 

velocities that the robot has to move. When the path is free of obstacles, the collision 

avoidance system will send ñObstacleFreeò allowing the robot to keep moving to the 

 

Figure 6.15: The XML messages between CA and MFS 
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goal location. 

6.6.2.3 Collision Avoidance User Interface 

Fig 6.16 shows the user interface for the collision avoidance and human robot 

interaction systems. The interface is implemented as simple as possible to allow the 

user from handling the collision avoidance system easily. The upper part shows the 

connection status with the MFS, the middle part shows the human-robot interaction 

paremeters, and the lower part shows the collision avoidance parameters. 

The user interface allows the user from adjusting the parameters of the collision 

avoidance system, such as adjusting the distance the robot has to stop to implement 

the collision avoidance, the maximum velocities for any collision-avoidance 

functions. Furthermore, the user can activate/deactivate the velocity controller, and 

activate/deactivate the cooperative collision avoidance.  

 

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

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

have been implemented, and the whole parameters of the system are recorded and 

analysed. The tests have been implemented on the cooperative collision avoidance 

functions ñMove forward, move backward, move right, move leftò, besides to the 

tests over the autonomous collision avoidance. The whole experimental results are 

collected in the appendix.  

 

6.7.1 Tests over the Cooperative Collision Avoidance  

As it is shown before, the cooperative collision 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 right/left. Each of these functions is 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 seen in the table ñA6.Aò in the appendix 6. In 

each experiment, the robot is asked to move 1.2m as a result of the interaction. Fig 

6.17 shows an experiment for the ñmove forwardò test. A person raises his right arm 

180° to inform the robot that he will be the master, then the master orders the robot 

 

               (a)                                          (b)                                             (c) 

Figure 6.17: The experiment for ñmove forwardò function (a) the user raises ñmasterò 

gesture, (b) orders the robot to move forward, (c) the robot executes the order 
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to move forward to guide it to another location, since the robot and the people are 

met in narrow corridor so neither of them is able to avoid each other. Table 6.1 

summarizes these experiments. 

The experiments show that the robot successfully interacted with the master, and 

executed the ñforwardò order. Furthermore, it could be seen that the robot on higher 

velocities (0.3 m/s) doesnôt follow the straight path, and it deviates around [2°, 4°] 

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

 

6.7.1.2 Move Backward 

Similarly to ñmove forwardò, 30 experiments were implemented to test the ñmove 

backwardò function for the robot. Likewise the ñmove forwardò, this function could 

be used to solve the bottleneck problem, and guide the robot to another wide area so 

the people and the robot can 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 robot to move backward. 

Table 6.1: Summary of the experiments for ñmove forwardò function 

V(m/s) No. Experiments Time(sec) Note 

0.1 10 12  

0.2 10 6  

0.3 10 4 Deviation [2°,4°] 

 

 

              (a)                                             (b)                                              (c) 

Figure 6.18: The experiment for ñmove backwardò function (a) the user raises ñmasterò 

gesture, (b) orders the robot to move backward, (c) the robot executes the order 
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Table ñA6.Bò in appendix 6 shows the experimental results for this function for 

three velocities. While the table 6.2 summarizes these experiments.  

It can be seen from the table 6.2 that at velocity (0.3 m/s), the robot shows a 

deviation from the straight path, due to the low accuracy for the robotôs wheels.  

 

6.7.1.3 Move Right 

In ñmove rightò function, the robot will interact with the master, and consider only 

the regions that are located to the right of him. To test the function, 30 experiments 

were implemented and divided into three groups. Each group includes 10 

experiments with a certain maximum linear velocity ὺ  and angular 

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

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

human for the other 5 experiments. Tables ñA6.C, A6.D, A6.Eò in the appendix 6 

show the experimental results for these experiments, while table 6.3 summarizes the 

experiments. Furthermore, Fig 6.19 shows the real test environment for the robot. 

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 collision-avoidance path. The available regions could be found in the tables 

under ñregion candidateò. After selecting the region, the robot will calculate its 

Table 6.2: Summary of the experiments for ñmove backwardò function 

V(m/s) No. Experiments Time(sec) Note 

0.1 10 12  

0.2 10 6  

0.3 10 4 Deviation [2°,4°] 

 

Table 6.3: The experimental summary for the ñMove Rightò function 

Table Number of 

Experiments 

V(m/s) W(rad/s) Note 

A6.C (10) 5 right, 5 middle 0.2 0.4 1 missed skeleton 

A6.D (10) 5 right, 5 middle 0.25 0.3 1 missed skeleton 

A6.E (10) 5 right, 5 middle 0.3 0.5 3 deviations 

1 missed skeleton 
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width — to compute the linear velocity (ὠ), and angular velocity (.of the robot (‫ 

Finally, the robot calculates the heading angle and the distance ñdò of the collision 

avoidance path that it has to move to pass the human.  

ñmissed skeletonò in the experiments means that when the robot stops for 

interaction, the Kinect took a time to detect the people, and this required from them 

to shake their bodies a bit to allow the Kinect from detecting them. While the 

deviation means that the robot didnôt move accurately to the planned path, because 

of the limitation in the wheels and the motors of the robot.  

In summary, the function 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. 

 

 

 

 

               (a)                                              (b)                                               (c)  

 

                   (d)                                           (e)                                             (f)  

Figure 6.19: The experiments for the ñMove Rightò function (a, d) the master person is 

selected, (b, e) the master orders the robot to move to the right, (c) the robot selects the 

terminal region to the right of the last person, (f) the robot selects the middle region 

between the master and the other person 
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6.7.1.4 Move Left 

Similarly to the tests over the ñmove rightò function, the same experimental 

procedures also followed to test the ñmove leftò function. The 30 experiments were 

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

linear and angular collision-avoidance velocities. Fig 6.18 shows the robotôs 

movement between two people, and to the left of the terminal human. Furthermore, 

the calculated candidate regions, region width, and the velocities could be found in 

the tables ñA6.F, A6.G, A6.Hò in appendix 6, and the total experiments were 

summarized in the table 6.4.  

It could be concluded that out of 30 experiments, there were three times the human 

required to shake a bit to allow the Kinect from recognizing the skeletons. 

Furthermore, it is shown that at the higher velocity (ὺ πȢσ άȾί) the robot 

deviates for around 3° to 4° from its planned path. Still, in the whole experiments 

the collision avoidance system was able to calculate the whole parameters correctly, 

and avoid the people which are located in the path. 

(a)                                        (b)                                        (c)  

(d)                                          (e)                                           (f)  

Figure 6.20: The experiments for the ñMove leftò function (a, d) the master person is 

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

terminal region to the left of the last person, (f) the robot selects the middle region 

between the master and the other person 
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6.7.2 Autonomous Collision Avoidance (ACA) 

In autonomous collision avoidance, the robot will implement the collision avoidance 

path autonomously without interaction with the human. 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 waypoint and the heading angle of 

each candidate region. Fig 6.21 shows two experiments for the autonomous collision 

avoidance. The robot in (a, b, c) could detect two free regions, and it will select the 

 
(a)                                              (b)                                             (c) 

 (d)                                                (e)                                            (f) 

Figure 6.21: The experiments for ñautonomous collision avoidanceò, (a) The robot 

found two free regions, (d) the robot could find three free regions, (b, d) the robot 

selects the region that is closest to the next way-point, (c, f) the robot calculates the 

collision-free path and avoid the people 

 

Table 6.4: The experimental summary for the ñMove Leftò function 

Table Number of 

Experiments 

V(m/s) W(rad/s) Note 

A6.F (10) 5 left, 5 middle 0.15 0.3 1 missed skeleton 

A6.G (10) 5 left, 5 middle 0.2 0.4 1 missed skeleton 

A6.H (10) 5 left, 5 middle 0.3 0.25 2 deviations 

1 missed skeleton 
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region to 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 since it is nearest 

to the next waypoint. 

Tables ñA6.I, A6.J, A6.Kò in appendix 6 show the experimental results of the ACA. 

While table 6.5 summarizes the total experiments.  

In the tables, the ñway-pointò blank represents the angle that the robot has to move 

to reach the next way-point on its original path to the goal location. It could be seen 

then that when there is more than one candidate region, the robot will select the 

region that is nearest to the angle of next way-point. The robot will then use the 

width of the selected region — to calculate the robotôs velocities.  Finally, the robot 

calculates the heading angle and the travelled distance to pass the people.  

From table 6.5, it could be found that the people required to shake a bit to be 

recognized from the Kinect in three experiments. Furthermore, the robot deviated 

for around 4°in two experiments at the higher velocity of the robot. 

The experiments show that the autonomous collision avoidance system works with a 

success rate 100%, and it can correctly select the region that is closest to the next 

waypoint, and provide the collision-free paths to the robot.  

 

 6.7.3 Test of the Collision Avoidance for different Situations 

To check the performance of the collision avoidance system, two additional 

experiments have been implemented. In each experiment, the robot is moved in a 

certain path where humans are existed. Furthermore, the collision avoidance 

parameters are recorded to check the system.  

Table 6.5: The experimental summary for the Autonomous Collision Avoidance 

Table Number of 

Experiments 

V(m/s) W(rad/s) Note 

A6.I 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 
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In the first experiment, the robot will move from the charging station, to a laboratory 

to pick a sample. In 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 path, while the red line 

represents the adjusted path of the robot after avoiding the people. The maximum 

velocities are set to ὺ πȢςυ άȾί ȟ   ‫   πȢτ  ὶὥὨȾί. The total time the 

robot needed to cross the path without generating collision avoidance paths is 207s. 

Fig 6.22 shows the experiment in the three locations. 

In location 1, the robot met two humans, and no one interacted with it. Thus, the 

robot implemented the collision avoidance autonomously. The robot selected the 

right region since it is nearest to its original path. 

In location 2, the robot met humans in the corridor, since there is no free space for 

implementing the collision avoidance, the master raised his two arms horizontally to 

order the robot to move forward, till it reached to the location 3.  

In location 3, the master person asked the robot to move to the right since there is 

enough space for both the robot and the human to avoid each other. The robot will 

then execute the cooperative collision avoidance by searching for the region that is 

located to the right of the master person. Fig 6.23 shows the motion of the robot in 

the three locations. While Table 6.6 summarizes the three experiments. The total 

time needed to implement the experiment is 264s.  

 

 

 

 

Figure 6.22: The followed path in the first experiment 
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Table 6.6: The experimental results for the first path 

 Location 1 Location 2 Location 3 

CA Function ACA Move Forward CA Move Right 

Region 1 (deg) -31.4 -------- 9.9 

Region 2 (deg) 19.5 -------- 34.5 

Waypoint (deg) 8.4 -------- -------- 

ɗ (deg) 19.5 0 9.9 

d(m) 3.28 1.2 3.14 

—(deg) 27.9 -------- 31.1 

 (m/s) 0.195 0.25 0.202 

ɤ (rad/s) 0.31 0 0.323 

Time(ms) 17863 4800 16060 

 

   
(a)                                           (b)                                                  (c)  

(d)                                               (e)                                                  (f) 

                            (g)                                        (h)                                              (i) 

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

with the robot, so it implemented the collision avoidance autonomously. (d, e, f) the 

robot met people in narrow path, so the master ordered the robot to move forward till 

the end of the corridor. (g, h, i) the master asked the robot to move to the right 
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In the second experiment, the robot is asked to move in the path which is shown in 

Fig 6.24 as a blue dashed line. The required time to pass the path without collision 

avoidance paths is 94 seconds. The maximum linear and angular velocities are set 

to  ὺ πȢς άȾί ȟ   ‫   πȢσ  ὶὥὨȾί.  

In n the first location, the human is interacted with the robot 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 autonomous collision 

avoidance since none of the people interacted with it. Table 6.7 shows the 

 

Figure 6.24: The followed path in the second experiment 

Table 6.7: The experimental results for the second path 

 Location 1 Location 2 Location 3 

CA Function CCA 

Move Left 

Move Backward ACA 

Region 1 (deg) -22.3 ------ -31.2 

Region 2 (deg) 11.1 ------ 14.6 

Waypoint (deg) ------ ------ -25.0 

ɗ (deg) 11.1 ------ -31.2 

d(m) 2.81 1.2 2.90 

—(deg) 36.0 ------ 17.9 

 (m/s) 0.168 0.2 0.135 

ɤ (rad/s) 0.252 0 0.202 

Time(ms) 17438 6000 24092 

 



Chapter 6 Collision Avoidance System for Indoor Mobile Robots Basing on Human-Robot Interaction 

 

фф 
 

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.  

 

  

 

 

                 (a)                                         (b)                                          (c)  

       

                   (d)                                           (e)                                           (f) 

 

(g) (h) (i)  

Figure 6.25: The motion of the robot in the three locations for the second experiment. 

(a, b, c) the master asked the robot to move to left, and the robot select the middle 

region, (d, e, f) the master ordered the robot to move backward since there is no wide 

path, (g, h, i) no people interacted with the robot, so it implemented autonomous 

collision avoidance 


