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Abstract: Localization is an important ability for a mobile robot. The probabilistic localization methods become 

more popular because of the ability of representing the uncertainties of the sensor measurements and 

inaccuracies in environments. They also provide robust solutions for different localization problems. The 

particle filter is one of the probabilistic localization methods. In this study, sonar range sensors are used for 

mobile robot localization. Sonar range sensors suffer from wrong reflections that may result outliers in the data 

set.  Outliers may also occur in the particle filter process. In this study, a new sensor model Repealing Range 

Sensor Model (R
2
SM) is proposed and integrated to particle filter to reduce the effects of outliers. In order to 

show the effectiveness of the proposed method, experiments are conducted and the results are compared with a 

well-known outlier rejection method, Grubbs’ T-Test. Experiments show that results of the proposed approach 

are comparable to the results of the Grubbs’ T-Test in terms of Localization Success Ratio (LSR) and Number of 

Iterations (NOI) required for localization. The main advantage of the proposed R2SM is that it does not require 

any additional information such as critical value table. This provides more flexible outlier rejection approach. 

Keywords: Particle Filter, Localization, Sonar Range Sensor, Outlier Rejection. 

 

1. Introduction 
 

Robot localization is one of the important topics in 

the mobile robotics research society. The process of 

estimating robot configuration (position and 

orientation) related to a given map of the environment 

could be defined as the localization problem. The 

probabilistic approaches are one of the most popular 

and commonly used methods among the localization 

solutions. They provide useful representation to 

describe uncertainties related to sensor and 

environment in the estimation process. A known 

probabilistic approach is Kalman Filter [1], [2]. The 

Kalman filter provides estimation of a posterior 

distribution of robot configuration by using odometer 

and range sensors. However, the Kalman filter has an 

important limitation that the initial configuration of 

the robot must be known. In order to cope with the 

limitation of the Kalman filter, Bayesian-based 

localization methods have been studied. Particle Filter 

is a Bayesian-based localization method and it has 

been commonly known as Monte Carlo Localization 

(MCL) and was introduced by Dellaert [3] and Fox 

[4]. In MCL, randomly drawn particles are used 

instead of describing a probability density function.  

One of the important issues of probabilistic 

localization methods is how raw sensor measurements 

are converted to localization information. For this 

purpose, the observation (or sensor) model,  ( |   ) 
which is defined as the probability of measurement   

with respect to robot’s configuration   and map 

information  , is used. Several sensor models for 

particle filter were presented in the literature [5], [6]. 

These studies have specific parameters and do not 

provide a reliable adaptation for different density 

functions. In [7] and [8], the authors consider the 

characteristic of the likelihood function and they 

observe that if the function is peaked, the number of 

samples required for successful localization increase. 

In order to overcome this problem, a different sensor 

model is proposed [6].  

Mobile robots usually use sonar, laser range finder 

and camera measurements in sensor model [3], [4]. 

Laser range finder provides sensitive angular 

resolution and accurate readings. On the other hand, 

sonar range finder is mostly used in mobile robots 
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because of its lower cost, lower power dissipation, 

and less weight. However, sonar range finders have 

some disadvantages such as angular uncertainties and 

wrong reflections. They can only provide range 

information on the nearest object or obstacles and the 

angular information cannot be obtained from them 

because of their large beam width. Additionally, in 

some cases such as mirror-like reflections, high-order 

reflections, or cross-talk, the range information may 

not be correct [9]. These wrong reflections may affect 

the performance of the applications such as 

localization that require accurate measurements.  In 

literature, there are studies that aim to compensate the 

sonar sensor error by integrating the data read from 

different sensors. Zingaretti proposed an approach 

that uses both camera and sonar data to decrease 

measurement errors and to provide quick localization 

[10]. On the other hand, to obtain accurate sensor 

data, some incorrect sensor measurements can be 

rejected by using outlier rejection methods and they 

may not be taken into account in process to form 

reliable information.  Vaganay et. al, proposed an 

outlier rejection method  to navigate the Autonomous 

Underwater Vehicles (AUV) by using Extended 

Kalman Filter (EKF) and acoustic measurements [11]. 

Vlassis et. al, proposed an auxiliary particle filter 

(APF) based robot localization method for high-

dimensional sensors (images). They integrated an 

outlier rejection method into traditional APF to obtain 

more robust filter. Additionally, they claimed that the 

method would be used when the observation model is 

not known [12].  Olson et. al, proposed a range-only 

beacon localization method for AUV and they 

demonstrated that the method could be successfully 

used for simultaneous localization and mapping 

(SLAM). In this method, authors were presented 

graph partitioning range-measurement outlier 

rejection method in the EKF [13].  Bekris et. al, 

proposed a bearing-only SLAM method. They used 

similar outlier rejection method to adjust 

measurements obtained from the camera in the Rao-

Blackwellized particle filter [14].  

In this paper, a new sensor model is used during 

correlation process of the estimated position and the 

actual position for particle filter-based localization. In 

the sensor model, sonar range sensor is used. The 

well-known outlier rejection method Grubbs’ T-Test 

is used to compare the effectiveness of the proposed 

R
2
SM. Experiments show that results of the proposed 

approach are comparable to the results of the Grubbs’ 

T-Test in terms of LSR and NOI. 

Rest of the paper is organized as follows: 

Background for the proposed method is covered in 

Section 2, the new approach for particle filter-based 

localization is given in Section 3, applications and 

detailed analysis of the algorithm are given in Section 

4, conclusions and the future work are presented in 

Section 5. 

 

2. Background 

 
2.1. Bayes Filtering 

 
Bayes filter estimates the state (configuration) x of 

a robot in an environment by using sensor 

measurements.  Bayesian approaches assume that the 

environment is Markovian, that is the past and future 

measurements are independent from the current ones 

[15]. 

Assume that    is the state vector of robot 

configuration (   [        ]
  ) at time  , where 

      are the position and    is the orientation 

components. Let   be the action vector of robot and 

   be the sensor readings at time  . The main idea 

behind the Bayes filters is to estimate the posterior 

density by using measurements. Generally, the 

posterior is named belief and defined as follows: 

 

   (  )   (  |     )                        (1) 

 

The initial belief describes the initial value of the 

state. In the global localization, the robot has no 

information about its state. Therefore, a uniform 

distribution is used for the initial belief. 

Bayes filters estimate the belief of the robot by 

using two recursive steps: Prediction and update 

steps. In the first step, the motion model is used to 

integrate the movements to the current posterior. The 

motion model is described as conditional 

density  (  |       ). The predictive density over    
is as follows: 

 

 (  |         )   

∫ (    |         )  (    |         )          ( ) 

 

In the second step the sensor model is used. The 

sensor model is expressed in terms of likelihood 

 (  |  )and is described as the likelihood to be at    
with the sensor measurements   . The resulting 

posterior density over     as follows: 

 

 (  |     )   
 (  |  )  (  |         ) 

 (  |         )
      ( ) 

 

2.2.  Particle Filter 

 

Particle Filter represents the belief by a set of N 

weighted samples.   

 

   (  )  {  
    

        }                   (4) 

 

where   
  represent the state and   

  the importance 

factor of the i
th

 sample at time t. In global localization, 
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initially all particles have the same importance factor, 

that is   ⁄  [16]. 

In analogy with the Bayes filter, the particle filter 

estimates the belief of the samples by using two 

recursive steps. In the first step, the motion model is 

applied to all particles and the predictive density 

 ̂ 
          is obtained as in equation 5.  

 

 ̂ 
   (  |    

      )                      (5) 

 

Then, the sensor model is applied to the predictive 

density to calculate the importance factor of all 

particles. 

  
   (  | ̂ 

 )                           (6) 

 

The new sample set is obtained from the 

predictive density  ̂ 
   according to the importance 

factor of the samples   
 .   

 

2.3.  Grubbs’ T-Test 

 

An outlier can be defined as the data in a given 

data set that does not belong to the same characteristic 

with the rest of the data. For example, most of the 

data could be close to a linear line while the outliers 

may lie far away from the close neighborhood of the 

line. Also, an outlier is an extreme data in a 

distribution. An outlier example is shown in Fig. 1.  

 

 
Figure 1. Outlier example 

 

The outlier data may cause undesired effects in 

decision making process.  In order to avoid the effects 

of the outliers, one can remove the outlier data from 

the data set. In this stage, the potential outliers should 

be examined carefully because they may result from 

an inherent error such as calculation, sensing, etc. or 

they correctly describe an extreme situation and the 

data should be taken into account in decision making. 

Therefore the outlier detection is an important issue. 

In literature, there are several outlier detection 

(rejection) methods. Grubbs’ T-Test is one of the 

most known outlier rejection methods.  It is 

appropriate for normally distributed data sets and has 

an easy procedure as follows: 

 

Step1: Calculate T value that represents the distance 

of a point from the others:  

 

  
|   ̅|

 
                              ( ) 

 

where p is a point in the set,   ̅  and   are the mean 

and the standard deviation of the data set, 

respectively. 

 

Step2: Grubbs’ T-Test has a critical value table that 

includes threshold values to determine the outlier 

data. Generally, the rows and the columns of the table 

show the number of data n, and the number of 

potential outliers that you would encounter  , 

respectively [17]. If T is greater than   , the data is 

accepted as outlier and rejected from the data set.  

 

 

3. Proposed Method 
 

 

3.2. Problem Definition 

 

Particle filter-based mobile robot localization 

method that uses sonar range sensors suffers two 

important drawbacks. One of them is caused by the 

nature of the sonar range sensor.  Sonar range sensors 

have an important disadvantage that can be called as 

wrong reflections. In Fig 2, mirror-like reflections, 

high-order reflections or cross-talk are given, 

respectively.  

 

 
(a)                       (b)                           (c) 

 

Figure 2. a) Mirror-like reflection.  

b) High-order reflection. c) Cross-talk. 

 

The other drawback is caused by the particle filter 

process. In the traditional particle filter [3], the total 

sensor probability is calculated by multiplication of 

individual sensor probabilities. The total sensor 

probability represents the importance factor for each 

particle. As a result, the importance factor for a 

particle is calculated as follows: 

 

  
  ∏ (  

 | ̂ 
 )                          ( )

 

   

 

 

where n represents the number of sensors.  
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In some cases, some of the probabilities might be 

much different than the expected values and the total 

sensor probability is negatively affected. 

Mathematically, these cases can be expressed as: 

 

 (  
 | ̂ 

 )   ( ̅ 
 | ̂ 

 )
  

 (  
 | ̂ 

 )   ( ̅ 
 | ̂ 

 )
                   (9) 

 

where  

 

 ̅ 
   (  

 )                         (10) 

 

Two examples about this phenomenon are given 

in Fig. 3-b and 3-c. In Fig. 3-a, the robot is shown at 

the correct configuration and the lines indicate the 

distance measured by the sensors. In Fig. 3-b and 3-c, 

two particles and their assumed distance 

measurements are shown.  The particle in Fig. 3-b is 

in the neighborhood of the correct robot configuration 

and the sensor reading shown with an arrow is much 

different than the expected reading. Thus, the 

probability of this reading becomes much smaller 

than the probability of other readings and the total 

sensor probability is dominated by this low sensor 

probability. As a result, the particle that is supposed 

to survive is negatively affected and it may be 

eliminated. Therefore, this adverse probability case 

could be named as survival case. Fig. 3-c shows 

another case which could be called removal case. 

Here, the particle is in a different configuration than 

the correct configuration of the robot. However, the 

sensor readings given with arrows are approximately 

equal to the actual readings. Therefore, these sensor 

readings will have higher probabilities than the rest of 

the sensor readings and cause high total sensor 

probability. In this situation, the particle may survive 

although it is placed in a wrong configuration. The 

cases mentioned above can be named as adverse 

probability effects.  

 

 
(a)                     (b)                    (c) 

 

Figure 3. a) Robot at actual configuration.  

b) and c) adverse probability cases. 

 

In this paper, a new sensor model is proposed in 

order to localize the robot by using sonar range 

sensors. The proposed method is named Repealing 

Range Sensor Model (R
2
SM). It is capable of 

detecting and rejecting the outlier that is caused by 

both the particle filter and sonar range sensor. 

 

3.3. Repealing Range Sensor Model  

 

In this study, a new sensor model, Repealing 

Range Sensor Model (R
2
SM), is proposed in order to 

eliminate the effects of the adverse probabilities. In 

this subsection, firstly, two illustrative examples 

about survival and removal adverse probability cases 

are introduced. In order to explain the procedure of 

the proposed method these two examples are used. 

Then, detailed algorithm of the R
2
SM is given.  

 

Case 1: Survival Case  

In Fig. 4, the sensor probabilities for the particle 

that is in survival case are shown. In the figure, 

individual sensor probabilities are represented with 

bars, the total sensor probability and the arithmetic 

mean of the sensor probabilities are given with red 

dashed line and red solid line, respectively.  

The sensor probabilities which are calculated by 

using Eq. 6 for a survival case-particle are given in 

Fig. 4-a. R
2
SM, firstly, determines the mean of the 

sensor probabilities and the absolute deviation of the 

each individual sensor from the mean are calculated. 

The probabilities are sorted in descending absolute 

deviation order and are shown in Fig. 4-b. After that, 

R
2
SM decides the leader which is defined as the 

highest-deviation sensor probability. The leader is 

always placed at the first column of the Fig. 4-b.  In 

this case, the leader is below the mean. The 

probability values are considered as outliers until the 

next probability value is greater than the mean. The 

outliers are shown with black bars in Fig. 4-b. Then, 

outliers are rejected and the total sensor probability is 

recalculated with the remaining sensor probabilities. 

As a result, the total sensor probability that is 

calculated without outliers is higher than the total 

sensor probability that is calculated with outliers. 

Thus, the particle that would be eliminated if the 

R
2
SM is not used survives when R

2
SM is used.  

 

Case 2: Removal Case 

The sensor probabilities for a particle in the 

removal case are represented in Fig. 5. R
2
SM 

procedure is almost the same for the survival case. 

However, in the removal case, the leader is above the 

mean. Therefore, the probability values that are met 

until the probability value that is less than the mean 

are determined as outlier.  Fig. 5-b shows the outliers 

with black bars. Consequently, the total sensor 

probability decreases by the use of R
2
SM. Thus, the 

particle that would be survived if the R
2
SM is not 

used is removed when R
2
SM is used. 
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Figure 4. a) Sensor probabilities. b) Sensor probabilities sorted with respect to deviation from the mean. 

 

 
Figure 5. a) Sensor probabilities. b) Sensor probabilities sorted with respect to deviation from 

the mean. 
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R
2
SM receives individual sensor 

probabilities  (  
 | ̂ 

 ) for i
th

 particle at the time t 

where          and n is number of sensors that are 

used as inputs. Addditionally, an empty list Q is used 

to hold the sensor probabilities and related 

information about them. The total sensor probability 

(  
 ) of the i

th
 particle at the time t is resulted from 

the R
2
SM as output.  If N represents the number of 

particles, R
2
SM algorithm repeats N times and 

localization algorithm runs  (   ). The details of 

the algorithm are given as follows:  

 

Input: Sensor probabilities   (  
 | ̂ 

 ) and an empty 

list Q. 

Output: Total sensor probability (  
 ).  

 

Step 1: Calculate the mean of the sensor 

probabilities.  

  
  

∑   (  
 |  

 ) 
   

 
                   (  ) 

 

Step 2: For each individual probability, calculate the 

absolute deviation from the mean. 

 

  
    |  

   (  
 |  

 )|              (  ) 
 

 Step 3: For each individual probability, determine 

the sign parameter. 

 

  
    {

           (  
 |  

 )     
 

          (  
 |  

 )    
 
}             (  ) 

 

 Step 4: For each individual probability,insert the 

sensor probabilites, absolute deviations, and sign 

parameters into Q list. 

 

    { (  
 |  

 )   
      

   }              (  ) 
 

Step 5: Sort the Q list in descending order with 

respect to absolute deviations. 

 

Step 6: Specify the first item of the Q list as the 

leader. Store the sign parameter of the leader in    
   

. 

 

  
      

                                (  ) 
 

Step 7: Remove the first item of Q from the list and 

update the number of sensor probabilities. 

 

    { (  
 |  

 )   
      

   }             (  ) 

                                  (  ) 
 

Step 8: Control the first item of the Q list 

 If   
      

     , return to Step 7. 

 If   
      

      , go to Step 9. 

Step 9: Calculate total sensor probability and return 

(  
 ). 

  
  (∏  (  

 |  
 ) 

   )
   
                   (18) 

 

The R
2
SM provides that the particles in the 

neighborhood of the correct robot configuration may 

have high sensor probability. On the other hand, the 

particles at different configurations than the correct 

one may have low sensor probability. Therefore, the 

R
2
SM forces the particles to concentrate around the 

actual robot configuration in fewer steps than the 

traditional sensor model. As a result, the R
2
SM 

algorithm improves the localization success and 

decreases duration of localization than the case with 

the traditional sensor model. 

 

 

4. Application and Analysis of the 

Proposed Method 
 

In this section, the proposed Particle filter 

approach is applied to localize a Pioneer P3-DX 

robot in a laboratory environment. The P3-DX has a 

balanced drive system which includes two-wheel 

differential drive, caster wheel, and high-resolution 

motion encoders. It has also wireless Ethernet 

networking system and Pentium-based onboard 

computer system [18]. The sensors on the robot are: 

16 ultrasonic sensors, a SICK LMS200 laser range 

finder, a PTZ Camera, and a compass. The sonar 

range finder is used for the applications.  

 

 
Figure 6.  A Pioneer P3-DX robot in the laboratuary 

environment 

 

The applications were realized in the Eskişehir 

Osmangazi University Electric-Electronic 

Engineering Department Artificial Intelligence and 

Robotics Laboratory (Fig. 6). The width and height 

of the experiment environment are 7300mm and 

8500mm, respectively. The map of the experimental 

environment and the path followed by the robot at 

localization process are shown in Fig. 7. Data from 

compass, 16 sonar, 180 laser range finder data, the 

position coordinates, and orientation angle are 

recorded into a txt file at every 1000 msec. Later, the 
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txt file is used as the input of the proposed 

localization method. 

 

 
Figure 7.  The environment and path used in the 

experiments 

 

Analysis of the Proposed Method 

 

In order to analyze the results of the proposed 

approach, first some definitions are given:  

NOS (Number of Samples): Density of the 

samples in Unit Sample Space (USS).  

NOI (Number of Iteration): Number of iterations 

of the system that successful localization is achieved. 

LSR (Localization Success Ratio): Ratio of the 

number of successful localizations and total number 

of experiments. 

In this study, the USS for the position and 

orientation are chosen as 1m
2
 and 180°, respectively. 

Results of R
2
SM, Grubbs’ T-Test, and no outlier 

rejection methods are compared in terms of NOI and 

LSR for 40 NOS and different number of sonar 

sensors. It is important to note that the comparison 

for NOI is done by using only successful 

experiments.  Additionally, in the experiments, the 

start point to the localization process is randomly 

determined. 

In order to localize mobile robot correctly and 

quickly, the accurate and sufficient data must be 

injected into the localization process. It is expected 

that NOI increases due to deleting data when the 

outlier rejection methods (Grubbs’ T-Test and 

R
2
SM) are applied. Although some data are deleted, 

the characteristic of NOI with respect to number of 

sensor remains same. The reason of this result is that 

outlier rejection methods remove only disruptive 

data. Therefore, the outliers are not taken into 

account on the localization process and NOI does not 

affected. The results are shown in Fig. 8. 

In particle filter without outlier rejection 

methods, the localization success is negatively 

affected from the adverse probability conditions. 

However, the outlier rejection methods eliminate the 

adverse-probability sensor readings. Thus, the LSR 

is clearly improved. As shown in Fig. 9, the results 

for R
2
SM and Grubbs’ T-Test are similar. The 

advantage of the R
2
SM is that it does not require any 

additional information such as critical value table.   

 

 
Figure 8.  NOI versus Number of Sensor 

 

 

 
Figure 9.  LSR versus Number of Sensor 

 

  

5. Conclusions 
 

In this study, a particle filter-based localization 

method for mobile robot is proposed. Sonar range 

sensors are used for localization. It is clear that, 

sonar sensors have many drawbacks that affect the 

localization performance. Generally, the localization 

with sonar sensors are more complicated than other 

sensors. In order to cope with this trouble, a new 

sensor model R
2
SM is integrated to the particle filter. 

R
2
SM acts as an outlier rejection method and 

eliminate the disruptive sensor data. The 

performance of the proposed method is compared 

with well-known outlier rejection method Grubbs’ T-

Test. Both methods are implemented and examined 

in the experimental environment.  The results show 

that both outlier rejection methods have similar 

performance in terms of NOI and LSR. The proposed 

R
2
SM is more preferable than other statistical outlier 

rejection methods because R
2
SM does not need any 

additional parameters such as critical value tables. 



 

 

 S. YILMAZ at al. / IU-JEEE Vol. 12(1), (2012), 1457-1464 

  

 

 

1464 

 

6. References 
 
[1] F. Lu and E. Milios, “Globally consistent range scan  

alignment for environment mapping”, Autonomous 

Robots, vol. 43, pp. 333-349, 1997. 

[2] S. Mahadevan and N. Khalceli, “Robust mobile robot 

navigation using partially-observable semi-Markov 

decision processes”,  Internal Report, 1999. 

[3]  F. Dellaert, D. Fox, W. Burgard, S. Thrun, “Monte 

Carlo Localization for mobile robots”, In Proc. of the 

International Conference on Robotics and 

Automation, 1999. 

[4]  D. Fox, W. Burgard, F. Dellaert, S. Thrun, “Monte 

Carlo Localization: Efficient Position Estimation for 

Mobile Robot”, Proc. of the Sixteenth National 

Conference on Artificial Intelligence, Orlando, 

Florida, 1999.  

[5]  H. Choset, K. M. Lynch, S. Hutchinson, G. Kantor, W. 

Burgard, L. E. Kavraki, and S. Thrun, “Principles of 

Robot Motion Planning”, MIT Press, 2005.  

[6]   S. Thrun, W. Burgard, and D. Fox, “Probabilistic 

Robotics”, MIT Press, 2005.  

[7] M. K. Pitt and N. Shephard, “Filtering via simulation: 

auxilary particle filters”, Journal of American 

Statistical Association, 94(446), 1999. 

[8]  S. Thrun, D. Fox, W. Burgard, and F. Delleart, 

“Robust Monte Carlo Localization for mobile robots,” 

Artificial Intelligence, 128(1-2), 2001. 

[9] K. Lee, N. L. Doh and W. K. Chung, “An Exploration 

Strategy using Sonar Sensors in Corridor 

Environments” Intel Serv Robotics, Vol 3, pp.89-98, 

2010. 

[10] P. Zingaretti and E. Frontoni, “Vision and sonar 

sensor fusion for mobile robot localization in aliased 

environments”, Proc. of the 2nd 

IEEE/ASME International Conference 

on Mechatronic and Embedded Systems and 

Applications, Beijing, China, pp.1-6, 2006. 

[11] J. Vaganay, J. J. Leonard, and J. G. Bellingham, 

“Outlier Rejection for Autonomous Acoustic 

Navigation”, In Proc. of the International Conference 

on Robotics and Automation, Minnesota, USA, pp. 

2174-2181,1999. 

[12] N. Vlassis, B. Terwijn, and B. Kröse, “Auxiliary 

Particle Filter Robot Localization High-Dimensional 

Sensor Observation”, In Proc. of the International 

Conference on Robotics and Automation, 

Washington, USA, pp. 7-12,2002. 

[13] E. Olson, J. J. Leonard, and S. Teller, “Robust Range-

Only Beacon Localization”, IEEE Journal of Oceanic 

Engineering, Vol. 31, No. 4, pp. 949-958, 2006.  

[14] K. E. Bekris, M. Glick, and L. E. Kavraki, 

“Evaluation of Algorithms for Bearing-Only SLAM”, 

In Proc. of the International Conference on Robotics 

and Automation, Florida, USA, pp. 1937-1943,2006. 

[15] T.  B. Kwon, J. H. Yang, J. B. Song, and W. Chung, 

“Efficiency Improvement in Monte Carlo Localization  

through Topological Information”, In Proceedings of 

the International Conference on Intelligent Robots and 

Systems (IROS), Beijing, China, 2006. 

[16]S. Thrun, D. Fox, and W. Burgard, “Monte Carlo 

Localization With Mixture Proposal Distribution”, 

In Proceedings of the AAAI National Conference on 

Artificial Intelligence, Austin, TX, 2000.  

[17]H. Czichos , T. Saito, and L. M. Smith, “Handbook of 

Materials Measurement Methods”, Springer, 2006. 

[18] www.mobilerobots.com, 2012. 

 

 

Sezcan YILMAZ received the 

BA and MS degree in 

Mechanical Engineering from 

the Eskisehir Osmangazi 

University (ESOGU), Eskisehir, 

Turkey. He has been working at 

the Department of Mechanical 

Engineering of the ESOGU 

since 2004. Currently, he is 

pursuing the PhD degree in Mechanical 

Engineering. His research interests include haptic 

devices and mobile robotics. 

Hilal EZERCAN KAYIR is 

PhD student of Electrical–

Electronics Engineering at 

Eskisehir Osmangazi 

University, Turkey. She earned 

the BS degree in Electrical – 

Electronics Engineering from 

Dokuz Eylül University and MS 

degree from Pamukkale University, Turkey. Her 

research interests include mobile robotics and 

control. 

Burak KALECİ is a PhD 

student at the Eskisehir 

Osmangazi University, Turkey. 

He received the BS and MS 

degree in Electrical and 

Electronics Engineering from 

the  Eskisehir Osmangazi 

University, Turkey. His research 

interests includes mobile robot localization, and  

multi-robot coordination systems.  

Osman PARLAKTUNA is an 

Professor of Electrical–

Electronics Engineering at 

Eskisehir Osmangazi 

University, Turkey. He earned 

the BS and MS Degrees in 

Electrical Engineering from the 

Middle East Technical 

University, Ankara, Turkey, and 

the PhD from Vanderbilt University, Nashville, TN. 

His research interests include mobile robotics, 

automation and control. 

 

 
 

http://www.amazon.com/s/ref=ntt_athr_dp_sr_1?_encoding=UTF8&sort=relevancerank&search-alias=books&field-author=Horst%20Czichos
http://www.amazon.com/s/ref=ntt_athr_dp_sr_2?_encoding=UTF8&sort=relevancerank&search-alias=books&field-author=Tetsuya%20Saito
http://www.amazon.com/s/ref=ntt_athr_dp_sr_3?_encoding=UTF8&sort=relevancerank&search-alias=books&field-author=Leslie%20M.%20Smith
http://www.mobilerobots.com/

