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1 Introduction 

The need for automation and robotics solutions is an everyday topic in the industrial sector. 

Most of the solutions could have been imported from the industrial robots [P1]-[P4], but with the 

rising of the service robots [P5]-[P7] (like, lawn-mover, vacuum cleaner, pool cleaner, hospital 

food transporter) the low cost solutions [P8]-[P10], the robot navigation without external markers 

[P11], [P12] and the behavior modelling [P13]-[P17] got more attention as well. On the 

intersection of these fields as a new interdisciplinary science etho-robotics was born [P15]-[P17], 

which is using the research results of animal behavior science to create robotics solutions with new 

approach [P13], [P14], [P18]-[P19]. 

I made my research within the frame of MTA-ELTE Comparative Ethology Research 

Group and the Mechatronics, Optics and Mechanical Engineering Informatics Department at 

Budapest University of Technology and Economics. The main focus of the research group was 

behavior modelling and etho-robotics. The goal of my research was to improve robot navigation 

with creating a set of engineering solutions that can be used in etho-robotics and behavior 

modelling by inspecting the main function of mobile robots, so their motion. The service robots 

are operating in non-industrial environments, that require simpler solutions with lower costs than 

the industrial ones. Mobile robots are continuously accumulating the navigation error and 

decreasing accumulator capacity during motion. In industrial environments the robot navigation is 

supported by external markers, calibration points and expensive camera systems but these 

equipments cannot be used in consumer electronics environments due to the costs or the 

possibilites. 

The first thesis [P1]-[P6], [P8]-[P12], [P14], [P16]-[P18] considering the calculation 

throughput of mobile robots describes an embedded system based sensor fusion method, where 

physical data measured by the sensors can be used for plausibility calculations and the different 

frequencies of sensor data can be compensated with recursive filters. The sensor fusion proposed 

here provides a connection between sensor data and behavior modelling. 

The second thesis [P6], [P11], [P16]-[P18] provides a detailed description and equations 

for optical flow systems made with sheet detectors (like optical mouse) and the calculation of 

sensor plausibility based on the data available. The plausibility considers the surface quality 

(reflection and roughness) and the sensor height as well. 
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The third thesis [P6], [P7], [P13]-[P19] provides a solution for path evaluating which 

makes possible to select a path based on cost-risk-benefit decision making method known from 

biology. The method considers the navigation error as risk, the energy consumption as cost and 

the performed action as benefit. 

The fourth thesis [P6], [P7], [P13]-[P19] extends the method of the third one for multi 

agent systems giving an opportunity to optimize group size. 



4 

 

2 Nomenclature 

2.1 Roman letters 

𝑥𝑟𝑒𝑓 , 𝑦𝑟𝑒𝑓 [m]  position references of the robot on the ground floor 

𝑥, 𝑦  [m]  real position of the robot 

�̈�, �̈�, �̈�  [m/s2]  robot acceleration from accelerometer 

�̂�𝜌, �̂�𝜌  [m]  robot position calculated from inverse kinematics 

�̂�𝜎 , �̂�𝜎  [m]  robot position calculated from optical flow 

𝑎𝑥0,𝑦0,𝜑0 [-]  constant multipliers of the first sections of the recursive filters 

𝑏𝑥1,𝑦1,𝜑1  [-]  constant multipliers of the second sections of the recursive filters 

�̂�, �̂�  [m]  position input of the recursive filters 

�̃�, �̃�  [m]  position output of the recursive filters 

𝑘1,2  [-]  constant multipliers of the plausibility counted from kinematics 

𝑖  [A]  current 

∆𝑡𝑐𝑜𝑛𝑡  [s]  time period of the controller 

ℎ̂  [-]  plausibility of the optical flow sensors 

ℎ𝐴, ℎ𝐵  [m]  height of the optical flow sensors 

𝑆𝑄𝑈𝐴𝐿  [-]  surface quality of the optical flow sensors 

𝑅𝑅𝑒𝑓  [-]  reference value of the surface quality 

𝑘  [m2]  constant multiplier of the optical flow plausibility equation 

𝐸  [J]  energy 

𝑠  [m]  travelled distance (length of the path) 

�̇�  [m/s]  velocity on the path (tangentially) 

𝑚  [kg]  mass 

𝑡  [s]  time 

∆ℎ  [m]  relative height 

𝑔  [m/s2]  gravity 

𝑻  [-]  transformation matrix 
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𝒆𝒙, 𝒆𝒚  [-]  orthonormal base 

𝒗𝒏  [m/s]  robot velocity at the end of the n-th path section 

𝑐  [-]  cost of an agent 

𝐶  [-]  cost of the multi agent system 

𝑟  [-]  risk of an agent 

𝑅  [-]  risk of the multi agent system 

𝑏  [-]  benefit of an agent 

𝐵  [-]  benefit of the multi agent system 

𝑝  [-]  the subtraction of benefit and cost 

𝑑  [-]  the subtraction of energy and risk 

𝐺  [-]  group size 

2.2 Greek letters 

𝜑𝑟𝑒𝑓  [rad]  orientation reference of the robot 

𝜑  [rad]  orientation of the robot 

�̇�  [rad/s]  angular velocity of the robot 

�̈�  [rad/s2]  angular acceleration of the robot 

𝜔1, 𝜔2, 𝜔3 [rad]  orientation of the wheels 

𝜌𝑚, 𝜙𝑚, 𝜃𝑚 [rad]  orientation of the robot calculated from magnetometer 

�̇�𝑔, �̇�𝑔, �̇�𝑔 [rad/s]  angular acceleration of the robot calculated from gyroscope 

�̂�𝜌  [rad]  orientation of the robot calculated from inverse kinematics 

�̂�𝜎  [rad]  orientation of the robot calculated from optical flow 

�̂�𝜍  [rad]  orientation from magnetometer, gyroscope, accelerometer 

�̂�  [rad]  orientation input of the recursive filter 

�̃�  [rad]  orientation output of the recursive filter 

𝜉  [-]  plausibility of the odometry 

𝜏�̇�  [-]  coefficient of translational motion 

𝜏�̇�  [-]  coefficient of the rotational motion 

𝛩  [kgm2]  moment of inertia 
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𝜺𝑛  [-]  position error estimation matrix of the n path 

𝜀𝑠𝑛  [-]  position error estimated from benchmark measurements 

𝜀𝜑𝑛  [-]  orientation error estimated from benchmark measurements 
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3 Detailed description and application of research results 

3.1 Sensor fusion 

3.1.1.1 Description of the sensor plausibility and sensor fusion methods 

A sensor fusion framework can be designed where ethologically inspired models can 

implemented and the plausability values of the measurement data are based on real physical 

parameters. Using measurement data and other measurable physical parameters of embedded 

system based position and orientation sensors (optical flow, odometry, magnetometer, 

accelerometer and gyroscope) the plausability of the different sensors can be computed and the 

different data refresh frequencies can be compensated with recursive filters. The sensor fusion 

model proposed here can be applied for mobile robots with holonomic drive, where the position 

and the orientation are independent parameters, which increases the inaccuracy of the odometry 

based navigation more than in case of non-holonomic systems. 

An optical flow system can be designed with two dimensional line detectors (e.g. optical 

mouse) using two detectors according to (3.1 Figure) 

 

3.1 Figure The block diagram of the sensor fusion 

where 
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- 𝑥𝑟𝑒𝑓 , 𝑦𝑟𝑒𝑓, 𝜑𝑟𝑒𝑓 the references of the robot 

- 𝑥, 𝑦, 𝜑 the real position and orientation 

- 𝜔1, 𝜔2, 𝜔3 the orientation of the wheels 

- �̈�, �̈�, �̈� the accelerations of the robot measured by the accelerometer 

- 𝜌𝑚, 𝜙𝑚, 𝜃𝑚 the orientations of the robot measured by the magnetometer 

- 𝜌�̇�, 𝜙�̇�, 𝜃�̇� the angular velocities of the robot measured by the gyroscope 

- �̂�𝜌, �̂�𝜌, �̂�𝜌 position and orientation of the robot calculated by the inverse kinematics 

equations 

- �̂�𝜎 , �̂�𝜎 , �̂�𝜎 position and orientation of the robot calculated by the optical flow system 

- �̂�𝜍 the orientation of the robot calculated by the 3/3/3 sensor fusion 

- ℎ̂ is the plausibility of the optical flow system 

- 𝜉 is the plausibility of the inverse kinematics 

the different data frequencies can be compensated with recursive filters and the sensor fusion can 

be a simple weighted average or any ethologically inspired model (e.g. a fuzzy system). Like 

 𝑥 =
�̂�𝜌�̂�+�̂�𝜎ℎ̂

�̂�+ℎ̂
 (3.1) 

 �̂� =
�̂�𝜌�̂�+�̂�𝜎ℎ̂

�̂�+ℎ̂
 (3.2) 

 �̂� =
�̂�𝜌�̂�+�̂�𝜍1+�̂�𝜎ℎ̂

�̂�+1+ℎ̂
 (3.3) 

Considering the relation between the behavior model and the sensor fusion system it can be 

described as (3.4)-(3.6)  

 𝑥 =
∑ �̂�𝑛𝛱𝑛

𝑛
𝑖=1

∑ 𝛱𝑛
𝑛
𝑖=1

 (3.4) 

 �̂� =
∑ �̂�𝑛𝛱𝑛

𝑛
𝑖=1

∑ 𝛱𝑛
𝑛
𝑖=1

 (3.5) 
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 �̂� =
∑ �̂�𝑛𝛱𝑛

𝑛
𝑖=1

∑ 𝛱𝑛
𝑛
𝑖=1

 (3.6) 

where 𝛱𝑛 is the a plausibility value modified by the behavior model with value of 𝛱𝑛 ∈ [0,1], can 

be described as (3.7), and get its values according to (3.8). 

 𝛱𝑛 = {
0

�̂�𝑛𝛽𝑛

1

𝑖𝑓
𝑖𝑓
𝑖𝑓

𝑟𝑢𝑙𝑒1
𝑟𝑢𝑙𝑒2 𝑤ℎ𝑒𝑟𝑒 𝛽𝑛 = 𝑟𝑢𝑙𝑒4 ∧ 

𝑟𝑢𝑙𝑒3

(�̂�𝑛𝛽ℎ) ∈ ]0,1[ (3.7) 

 𝛱𝑛 = 0 ∨ (�̂�𝑛𝛽𝑛) ∨ 1 (3.8) 

where �̂�𝑛 is the original plausibility parameter, is the weight parameter from the internal state of 

the behavior model, rule1-4 are fuzzy rules defined by the behavior model (like fuzzy rules). 

The different data frequencies can be compensated with recursive filters 

 �̃�[𝑛] = 𝑎𝑥0�̂�[𝑛] + 𝑏𝑥1�̃�[𝑛 − 1]   (3.9) 

 �̃�[𝑛] = 𝑎𝑦0�̂�[𝑛] + 𝑏𝑦1�̃�[𝑛 − 1]  (3.10) 

 �̃�[𝑛] = 𝑎𝜑0�̂�[𝑛] + 𝑏𝜑1�̃�[𝑛 − 1] (3.11) 

where �̂�, �̂�, �̂� are the input of the filter (also output of the sensor fusion), �̃�, �̃�, �̃� are the output of 

the filter (also the navigation feedback of the system) and 𝑎𝑥0, 𝑏𝑥1, 𝑎𝑦0, 𝑏𝑦1, 𝑎𝜑0, 𝑏𝜑1 < 1 are the 

filter coefficients. 

The odometry plausibility calculated from wheel rotation can be estimated from the current 

consumption (∆𝑖) or the angular acceleration of the wheels (�̈�) also 

 𝜉(𝑘1
∆𝑡𝑐𝑜𝑛𝑡

∆𝑖1
2+∆𝑖2

2+∆𝑖3
2 , 𝑘2

∆𝑡𝑐𝑜𝑛𝑡

�̈�1
2+�̈�2

2+�̈�3
2 , … )  (3.12) 

where 𝑘 is a constant parameter to optimize the function, ∆𝑡𝑐𝑜𝑛𝑡 is the motion control time period. 

In the magnetometer, accelerometer and gyroscope sensor fusion (off the shelf embedded 

system) the magnetometer has absolute measurement value so it can be considered as baseline 

value. 
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3.1.1.2 Description of the optical flow system 

With sheet detectors (e.g. optical mouse) using two sensors according as on 3.2 Figure an 

optical flow system for measurements of holonomic motion can be designed 

 

3.2 Figure Definition of the sensors and the coordinate systems 

can be described with the following transformation matrix 

 𝑯 = [

𝑐𝜑 −𝑠𝜑 0 𝑥𝑤

𝑠𝜑 𝑐𝜑 0 𝑦𝑤

0 0 1 0
0 0 0 1

] (3.13) 

where 

𝑥𝑤 = ∫ ((
�̇�𝐴

3
−

2�̇�𝐴

√3
−

�̇�𝐵

3
) 𝑐 (

𝑥𝐴+√3𝑦𝐴+2𝑥𝐵

3𝑟0
) +

√3

3
(�̇�𝐴 − �̇�𝐵) 𝑠 (

𝑥𝐴+√3𝑦𝐴+2𝑥𝐵

3𝑟0
))

𝑡

0
𝑑𝑡  (3.14) 

 𝑦𝑤 = ∫ (
√3

3
(�̇�𝐴 − �̇�𝐵) 𝑐 (

𝑥𝐴+√3𝑦𝐴+2𝑥𝐵

3𝑟0
) − (

�̇�𝐴

3
−

2�̇�𝐴

√3
−

�̇�𝐵

3
) 𝑠 (

𝑥𝐴+√3𝑦𝐴+2𝑥𝐵

3𝑟0
))

𝑡

0
𝑑𝑡 (3.15) 

 𝜑 = −
𝑥𝐴+√3𝑦𝐴+2𝑥𝐵

3𝑟0
  (3.16) 

Sensor A Sensor B 
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𝑐 is cosine function, 𝑠 is sinus function, 𝑟0 (𝑟𝐴0 = 𝑟𝐵0) is the position of the sensors, 𝜑𝐴0, 𝜑𝐵0 is 

the orientation of the sensors in robot coordinate system𝑥𝐴, 𝑦𝐴, 𝑥𝐵 , 𝑦𝐵 are the discrete time based 

displacements measured by the sensors (Δ𝑥1, Δ𝑦1, Δ𝑥2, Δ𝑦2). The optical flow system provides 

enough data to measure all three coordinates during motion on a plane so it can be used for 

holonomic robots.  

The plausibility of the optical flow sensors (ℎ̂) can be described with the height of the sensors 

measured from the floor (ℎ𝐴, ℎ𝐵) 

 ℎ̂ = 𝑘
1

ℎ𝐴
2+ℎ𝐵

2 ∙
0.5(𝑆𝑄𝑈𝐴𝐿_𝐴+𝑆𝑄𝑈𝐴𝐿_𝐵)

𝑅𝑅𝑒𝑓
  (3.17) 

where 𝑆𝑄𝑈𝐴𝐿 is the surface quality parameter, where 𝑅𝑅𝑒𝑓 is the reference value for the surface 

quality (value of the optimal surface), 𝑘 is a constant value to tune the equation. 

3.1.2 Evaluation of motion path for agent and multi agent systems 

3.1.2.1 Agent motion path evaluation 

Cost – risk – benefit based ethology models known from the decision making of living 

creatures can be applied and implemented in engineering for path evaluation and selection of 

mobile robots. The energy consumption and navigation error of motion paths can be evaluated 

using benchmaerk measurements, so for the selection of path sections or paths cost – risk – benefit 

based ethological model can be implemented, where the risk is the navigation error, the cost is the 

energy consumption and the benefit is the function of the task. 

Using benchmark measurements the power consumption of the linear motion and the 

rotational motion can be described in relation to each other as well as relation to the battery 

capacity so the total energy consumption of the robot can be estimated along the path as function 

of time 

 𝛦(𝑡) = �̇�(𝑡)𝜏�̇� + �̇�(𝑡)𝜏�̇� + 𝑚𝑔∆ℎ(𝑡) + 𝜇𝑇
1

2
𝑚[�̇�(𝑡)]2 + 𝜇𝑅

1

2
𝛩[�̇�(𝑡)]2 (3.18) 

 𝜇𝑇 = {
1 𝑖𝑓 �̈� ≥ 0 (𝑎𝑐𝑐𝑒𝑙𝑒𝑟𝑎𝑡𝑖𝑜𝑛 𝑜𝑟 𝑛𝑜 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑜𝑟 𝑐𝑎𝑝𝑎𝑏𝑖𝑙𝑖𝑡𝑦) 

−𝜇 𝑖𝑓�̈� < 0 (𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑜𝑟 𝑏𝑟𝑎𝑘𝑖𝑛𝑔)
 (3.19) 
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 𝜇𝑅 = {
1 𝑖𝑓 �̈� ≥ 0 (𝑎𝑐𝑐𝑒𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 𝑜𝑟 𝑛𝑜 𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑜𝑟 𝑐𝑎𝑝𝑎𝑏𝑖𝑙𝑖𝑡𝑦) 

−𝜇 𝑖𝑓�̈� < 0 (𝑔𝑒𝑛𝑒𝑟𝑎𝑡𝑜𝑟 𝑏𝑟𝑎𝑘𝑖𝑛𝑔)
 (3.20) 

where 𝜇𝑇 and 𝜇𝑅 are the translational and rotational generator coefficients. 

Or can be described as function of path as (3.18) assuming flat surface and no generator braking 

and considering ∫ 𝐸(𝑡)
𝑡

= ∫ 𝐸(𝑠)
𝑠

 equation 

 𝛦(𝑠) = �̇�(𝑠)𝜏�̇� + �̇�(𝑠)𝜏�̇� +
1

2
𝑚[�̇�(𝑠)]2 +

1

2
𝛩[�̇�(𝑠)]2 (3.21) 

where 𝑚 is the mass of the robot, 𝑠 is the length of the path, 𝜑 is the angular position, ℎ is the 

relative surface height, 𝜏�̇� and 𝜏�̇� are the loss constants of the linear and rotation motions which 

can be defined with benchmark measurements and described as a ratio, so the total energy 

consumption of the robot can be estimated in the dimensionless ratio of the battery capacity. With 

the battery capacity data it can be turned into a real unit easily. 

 
𝜏�̇�

𝜏�̇�
 (3.22) 

During holonomic motion the robot position and the robot orientation are independent parameters 

so the navigation error is more important in that case than at the non-holonomic motion. From the 

same motion paths with different orientations we can choose the one with the lowest navigation 

error. 

The path of mobile robots can be divided for the combination of different sections based on 

motion states: 

- Linear acceleration / deceleration (�̈� ≠ 0, �̇�, �̈� = 0) 

- Linear motion with constant velocity (�̇� ≠ 0, �̈� = 0, �̇�, �̈� = 0) 

- Rotation with constant angular velocity (�̇� ≠ 0, �̇�, ≠ 0) 

- Driving along a smooth curve with head front (�̇� ≠ 0, �̇�, ≠ 0) 

- Driving along a smooth curve with changing the orientation (holonomic robots only) (�̇� ≠

0, �̇�, ≠ 0) 

Using benchmark measurements the navigation error of mobile robots can be described in the ratio 

of the total length of the path so with the data of the path the total navigation error of the robot can 

be estimated based on 3.3 Figure 
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3.3 Figure Parameters of the navigation error cost function 

using the following equation 

 𝜀𝑠 =
√𝜺𝟏,𝟒

2+𝜺𝟐,𝟒
2

𝑠
 (3.23) 

where the navigation error matrix can be described as 

 𝜺 = [𝑻𝟏 ∙ 𝜺𝟏 ∙ ⋯ ∙ 𝑻𝒏 ∙ 𝜺𝒏] − [𝑻𝟏 ∙ ⋯ ∙ 𝑻𝒏] (3.24) 

where the first part is the estimated and the second part is the planned robot position and 

orientation. 𝜺𝑛 is a matrix to estimate the navigation error of the nth path section. 

𝜺𝑛 =

[
 
 
 
 1 0 0 𝜀𝑠𝑛𝑠𝑛 〈

𝒗𝒏

‖𝒗𝒏‖
, 𝒆𝒙〉

0 1 0 𝜀𝑠𝑛𝑠𝑛 〈
𝒗𝒏

‖𝒗𝒏‖
, 𝒆𝒚〉

0
0

0
0

1                            0
0                            1]

 
 
 
 

[
 
 
 

cos(𝜀𝜑𝑛 ∙ ∆𝜑𝑛) 𝑠𝑖𝑛(𝜀𝜑𝑛 ∙ ∆𝜑𝑛) 0 0

−𝑠𝑖𝑛(𝜀𝜑𝑛 ∙ ∆𝜑𝑛) 𝑐𝑜𝑠(𝜀𝜑𝑛 ∙ ∆𝜑𝑛) 0 0

0
0

0
0

1 0
0 1]

 
 
 

 (3.25) 

𝒗𝒏 is the velocity vector of the robot at the end of the path section (𝒗𝒏 ≠ 𝟎), 𝒆𝒙 and 𝒆𝒚 orthonormal 

base of the world coordinate system, 𝜀𝑠𝑛 is the error coefficient of the path section given by the 

benchmark measurement, 𝑠𝑛 is the length of the path section, 𝑻𝒏 is the transformation matrix 

between the start and the end position of the path section. 

𝑻𝒏 = [

1 0 0 (𝑥𝑛 − 𝑥𝑛−1)

0 1 0 (𝑦𝑛 − 𝑦𝑛−1)
0
0

0
0

1                    0
0                    1

] [

cos(𝜑𝑛−𝜑𝑛−1) 𝑠𝑖𝑛(𝜑𝑛−𝜑𝑛−1) 0 0
−𝑠𝑖𝑛(𝜑𝑛−𝜑𝑛−1) 𝑐𝑜𝑠(𝜑𝑛−𝜑𝑛−1) 0 0

0
0

0
0

1
0

0
1

]  (3.26) 
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The following equation can describe the orientation related error 

 𝜀𝜑 =
𝜀𝜑1∙∆𝜑1+⋯+𝜀𝜑𝑛∙∆𝜑𝑛

∑∆𝜑
=

∑ 𝜀𝜑𝑛∙∆𝜑𝑛
𝑛
𝑖=1

∑ ∆𝜑𝑛
𝑛
𝑖=1

 (3.27) 

where 𝜀𝜑𝑛 is the orientation error coefficient of the path section coming from the benchmark 

measurement, ∆𝜑𝑛 is the total rotation of the robot along the path section. 

During holonomic motion the robot position and the robot orientation are independent parameters 

so the navigation error is more important in that case than at the non-holonomic motion. From the 

same motion paths with different orientations we can choose the one with the lowest navigation 

error. 

Evaluating different paths for a single agent (robot) we can consider 

- the energy consumption of the robot on a path as cost (𝑐 = 𝛦(𝑠)) 

- the navigation error of the robot on a path as risk (𝑟 = 𝜀(𝑠)) 

- the benefit of the robot can be (e.g. 𝑏 =
1

𝑡(𝑠)
) 

o independent of the path (e.g. end position) 

o function of the path (e.g. time) 

where a high level ethologically inspired behavior model can select one of the paths based on its 

internal states. For example 

- in case the benefit is function of the path from 𝑖 = 1…𝑛 paths we try to find those where 

{[ max
𝑖=1…𝑛

(𝑏𝑖 − 𝛦(𝑠)𝑖)] ⋁[(𝑏𝑖 − 𝛦(𝑠)𝑖) ≥ 𝑝(𝑏, 𝐸)𝑚𝑖𝑛]} ⋀ {[ min
𝑖=1…𝑛

𝛦(𝑠)𝑖] ⋁[𝛦(𝑠)𝑖 ≤

𝛦𝑚𝑎𝑥]} ⋀ {[ min
𝑖=1…𝑛

𝜀𝑠𝑖
] ⋁[𝜀𝑠𝑖

≤ 𝜀𝑠𝑚𝑎𝑥
]}  (3.28) 

where 𝑝(𝑏, 𝐸)𝑚𝑖𝑛 function is the subtraction of benefit and cost, 𝛦𝑚𝑎𝑥 is the maximal cost, 

𝜀𝑠𝑚𝑎𝑥
 is the maximal risk, defined by the internal states of the behavior model. The equation 

can be separated for three main parts (benefit, cost and risk) with and operator and each of 

them have their own or operators inside so the behavior model can select the best or an 

acceptable option. 

- in case benefit is independent of the path from 𝑖 = 1…𝑛 paths we try to find those where 

equation can be simplified as 
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{[ max
𝑖=1…𝑛

(𝛦(𝑠)𝑖 − 𝜀𝑠𝑖
)] ⋁[(𝛦(𝑠)𝑖 − 𝜀𝑠𝑖

) ≥ 𝑑(𝐸, 𝜀)𝑚𝑖𝑛]}⋀ {[ min
𝑖=1…𝑛

𝛦(𝑠)𝑖] ⋁[𝛦(𝑠)𝑖 ≤

𝛦𝑚𝑎𝑥]} ⋀ {[ min
𝑖=1…𝑛

𝜀𝑠𝑖
] ⋁[𝜀𝑠𝑖

≤ 𝜀𝑠𝑚𝑎𝑥
]}  (3.29) 

where 𝑑(𝐸, 𝜀)𝑚𝑖𝑛 function is the subtraction of energy and risk, 𝛦𝑚𝑎𝑥 is the maximal cost, 

𝜀𝑠𝑚𝑎𝑥
 is the maximal risk, defined by the internal states of the behavior model. 

3.1.2.2 Multi agent path evaluation 

Motion related decisions of biological groups (animal groups) can be modelled with cost 

functions and it can be described in engineering with multi agent systems. Using energy 

consumption and navigation error cost functions of mobile robots we can create cost, risk and 

benefit based ethological multi agent system, where in line with usage of swarm intelligence, 

preferences of the agent and the multi agent, effect of the agent and the multi agent on each other, 

the group size can be optimized as well. 

In case of a cost-risk-benefit based multi agent model 

- single robot (agent) 

o the energy consumption of the robot as cost (𝑐 = 𝛦(𝑠, 𝛩(𝐺),𝑚(𝐺))), where as an 

example having a payload on the multi agent group 𝑚 and 𝛩 (payload of the agent) 

are functions of the group size (𝐺) (so group size can be optimized). The energy 

consumption function this case has the following format (with the simplifications 

of generator braking and potential energy) 

𝛦(𝑠) = �̇�(𝑠)𝜏�̇�(𝑚(𝐺)) + �̇�(𝑠)𝜏�̇�(𝛩(𝐺)) +
1

2
𝑚(𝑔)[�̇�(𝑠)]2 +

1

2
𝛩(𝐺)[�̇�(𝑠)]2 (3.30) 

o the navigation error of the robot as risk (𝑟 = 𝜀(𝑠)) however it can be reduced in 

case the agents within the group are able to communicate to each other and they 

share position and orientation data. When the robot with the best navigation abilities 

can share its navigation data within the group and that can be processed by the rest 

of the robots the risk can be even reduced to the level of the best entity and can be 

described as  𝑟𝐺 = min
𝑙=1…𝐺

𝜀(𝑠)𝑙 
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o the benefit of the robot can be defined for each scenario so it is not specify in this 

document, but for example can be (e.g. 𝑏 =
1

𝑡(𝑠)
). The properties are the same as the 

single case but can be extended with benefits that are function of the group size 

 independent of the path (e.g. end position) 

 function of the path (e.g. time) 

 independent of group size 

 function of group size 

- the group of robots (multi agent) 

o the energy consumption of the group as cost (𝐶 = ∑ 𝛦(𝑠, 𝛩(𝐺),𝑚(𝐺))𝑖
𝐺
𝑖=1 ), where 

in case of a payload we can optimize the energy consumption of the group and the 

agent at the same time (to make sure the total cost for the group is low but we do 

not put overload on any of the agents) 

o the navigation error of the group as risk which can be decreased with proper 

information flow similarly to the single robot case above but without swarm 

intelligence (communication within the group) the risk will be as high as the 

weakest entity of the team (since that robot misses the goal position the whole 

mission can fail) 

 𝑅 = min
𝑙=1…𝐺

𝜀(𝑠)𝑙 in case members of the groups are not able to communicate 

to each other 

 𝑅 = max
𝑙=1…𝐺

𝜀(𝑠)𝑙 in case members of the group are able to communicate to 

each other 

 and there are scenarios where the risk can be in between the minimal and 

the maximal values 

o the benefit of the group can be defined for each scenario so it is not specify in this 

document, but for example (e.g. 𝐵 =
1

𝑡(𝑠)𝐺
) and the list of possible definitions can 

be extended with the function of the group 

 independent of the path (e.g. end position) 

 function of the path (e.g. time) 

 independent of group size 
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 function of group size 

Having the functions above we can implement an ethologically inspired behavior model where the 

internal states of the model define the selection of the path to work with.  We can select paths that 

are feasable both for the robot (agent) and for the group (multi agent), like a fairly increased cost 

(energy consumption) for the robot resulting higher benefit or lower risk (navigation error) for 

each members of the group. We are looking for those paths that is feasible for each 𝑙 = 1…𝐺 (all 

members of the group) 

{[ max
𝑖=1…𝑛

(𝑏𝑖𝑙
− 𝑐𝑖𝑙

)] ⋁[(𝑏𝑖𝑚
− 𝑐𝑖𝑚

) ≥ 𝑝(𝑏𝑚, 𝐸𝑚)𝑚𝑖𝑛]} ⋀ {[ min
𝑖=1…𝑛

𝑐𝑖𝑚
] ⋁[𝑐𝑖𝑚

≤

𝑐𝑙𝑚𝑎𝑥
]} ⋀ {[ min

𝑖=1…𝑛
𝑟𝑖𝑙] ⋁ [𝑟𝑖𝑙 ≤ 𝑟𝑠,𝑙𝑚𝑎𝑥

]}  (3.31) 

and we are looking for the optimal value of 𝐺 (group size) 

 {[𝐶𝑚𝑖𝑛]⋁[[𝐶] ≤ [𝐶]𝑚𝑎𝑥]}⋀{[𝐵𝑚𝑎𝑥]⋁[[𝐵] ≥ [𝐵]𝑚𝑖𝑛]} (3.32) 

where 

 𝐶𝑚𝑖𝑛 = min
𝑙=1…𝐺

(∑ 𝛦(𝑠, 𝛩(𝐺),𝑚(𝐺)))𝑖𝑙
𝑙
𝑖=1 ) (3.33) 

 𝐶 = ∑ 𝛦(𝑠, 𝛩(𝑔),𝑚(𝑔)))𝑖𝐺
𝐺
𝑖=1  (3.34) 

 𝐵𝑚𝑎𝑥 = max
𝑙=1…𝐺

(∑ 𝑏𝑖𝑙
𝑙
𝑖=1 ) (3.35) 

 𝐵 = ∑ 𝑏𝑖𝐺
𝐺
𝑖=1  (3.36) 

Equation (3.31) is described with three (benefit, risk, cost) parts with and operation between them 

and or operations inside. Equation (3.32) helps to find the optimal group size where both the cost 

and the benefit requirements have to meet for the entire group. 
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4 Descriptions of thesis 

4.1 Thesis I. 

A sensor fusion framework with embedded system based position and orientation 

sensors (optical flow, odometry, magnetometer, accelerometer and gyroscope) can be 

designed a 4.1 Figure where the plausability values of the measurement data are based on 

real physical parameters and thereby ethologically inspired models can implemented. 

 

4.1 Figure The block diagram of the sensor fusion 

where 

- 𝑥𝑟𝑒𝑓 , 𝑦𝑟𝑒𝑓, 𝜑𝑟𝑒𝑓 the references of the robot 

- 𝑥, 𝑦, 𝜑 the real position and orientation 

- 𝜔1, 𝜔2, 𝜔3 the orientation of the wheels 

- �̈�, �̈�, �̈� the accelerations of the robot measured by the accelerometer 

- 𝜌𝑚, 𝜙𝑚, 𝜃𝑚 the orientations of the robot measured by the magnetometer 

- 𝜌�̇�, 𝜙�̇�, 𝜃�̇� the angular velocities of the robot measured by the gyroscope 

- �̂�𝜌, �̂�𝜌, �̂�𝜌 position and orientation of the robot calculated by the inverse kinematics 

equations 
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- �̂�𝜎 , �̂�𝜎 , �̂�𝜎 position and orientation of the robot calculated by the optical flow system 

- �̂�𝜍 the orientation of the robot calculated by the 3/3/3 sensor fusion 

- ℎ̂ is the plausibility of the optical flow system 

- 𝜉 is the plausibility of the inverse kinematics 

the different data frequencies can be compensated with recursive filters and the sensor fusion 

can be a simple weighted average or any ethologically inspired model (e.g. a fuzzy system). 

Like 

 𝑥 =
∑ �̂�𝑛𝛱𝑛

𝑛
𝑖=1

∑ 𝛱𝑛
𝑛
𝑖=1

   (4.1) 

 �̂� =
∑ �̂�𝑛𝛱𝑛

𝑛
𝑖=1

∑ 𝛱𝑛
𝑛
𝑖=1

   (4.2) 

 �̂� =
∑ �̂�𝑛𝛱𝑛

𝑛
𝑖=1

∑ 𝛱𝑛
𝑛
𝑖=1

 (4.3) 

where 𝛱𝑛 is the a plausibility value modified by the behavior model and can be described as (4.4) 

and can get values as (4.5) 

 𝛱𝑛 = {
0

�̂�𝑛𝛽𝑛

1

𝑖𝑓
𝑖𝑓
𝑖𝑓

𝑟𝑢𝑙𝑒1
𝑟𝑢𝑙𝑒2 𝑤ℎ𝑒𝑟𝑒 𝛽𝑛 = 𝑟𝑢𝑙𝑒4 ∧ 

𝑟𝑢𝑙𝑒3

(�̂�𝑛𝛽ℎ) ∈ ]0,1[   (4.4) 

 𝛱𝑛 = 0 ∨ (�̂�𝑛𝛽𝑛) ∨ 1   (4.5) 

and 𝛽𝑛 is the weight parameter from the internal state of the behavior model, rule1-4 are fuzzy 

rules defined by the behavior model, 𝛱𝑛 ∈ [0,1],  and (�̂�𝑛𝛽𝑛) ∈ ]0,1[ 

Related publications: [P1]-[P6], [P8]-[P12], [P14], [P16]-[P18] 

4.2 Thesis II. 

With sheet detectors (e.g. optical mouse) using two sensors according as on 4.2 figure 

an optical flow system for measurements of holonomic motion can be designed with 
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transformation matrix (4.6), with the consideration of the optical properties of the surface 

and the sensor height. 

 

4.2 figure Definition of the sensors and the coordinate systems 

 𝑯 = [

𝑐𝜑 −𝑠𝜑 0 𝑥𝑤

𝑠𝜑 𝑐𝜑 0 𝑦𝑤

0 0 1 0
0 0 0 1

] (4.6) 

where 

 𝑥𝑤 = ∫ ((
�̇�𝐴

3
−

2�̇�𝐴

√3
−

�̇�𝐵

3
) 𝑐 (

𝑥𝐴+√3𝑦𝐴+2𝑥𝐵

3𝑟0
) +

√3

3
(�̇�𝐴 − �̇�𝐵) 𝑠 (

𝑥𝐴+√3𝑦𝐴+2𝑥𝐵

3𝑟0
))

𝑡

0
𝑑𝑡  

 𝑦𝑤 = ∫ (
√3

3
(�̇�𝐴 − �̇�𝐵) 𝑐 (

𝑥𝐴+√3𝑦𝐴+2𝑥𝐵

3𝑟0
) − (

�̇�𝐴

3
−

2�̇�𝐴

√3
−

�̇�𝐵

3
) 𝑠 (

𝑥𝐴+√3𝑦𝐴+2𝑥𝐵

3𝑟0
))

𝑡

0
𝑑𝑡   

 𝜑 = −
𝑥𝐴+√3𝑦𝐴+2𝑥𝐵

3𝑟0
  

 𝑐 is cosine function, 𝑠 is sinus function 

 𝑟0 (𝑟𝐴0 = 𝑟𝐵0) is the position of the sensors 

 𝜑𝐴0, 𝜑𝐵0 is the orientation of the sensors in robot coordinate system 

Sensor A Sensor B 
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 𝑥𝐴, 𝑦𝐴, 𝑥𝐵 , 𝑦𝐵 are the discrete time based displacements measured by the sensors 

(Δ𝑥1, Δ𝑦1, Δ𝑥2, Δ𝑦2) 

The plausibility of the optical flow sensors (ℎ̂) can be described with the height of the 

sensors measured from the floor (ℎ𝐴, ℎ𝐵) and with the surface quality parameter (𝑆𝑄𝑈𝐴𝐿) as (4.7)  

 ℎ̂ = 𝑘
1

ℎ𝐴
2+ℎ𝐵

2 ∙
0.5(𝑆𝑄𝑈𝐴𝐿_𝐴+𝑆𝑄𝑈𝐴𝐿_𝐵)

𝑅𝑅𝑒𝑓
  (4.7) 

and 𝑅𝑅𝑒𝑓 is the reference value for the surface quality (value of the optimal surface), 𝑘 is a constant 

value to tune the equation. 

 

Related publications: [P6], [P11], [P16]-[P18] 

4.3 Thesis III. 

The energy consumption and navigation error of motion paths can be evaluated using 

benchmark measurements, so using (4.8) for the selection of path sections or paths cost – risk 

– benefit based biological behavior model, known from the decision making of living 

creatures can be implemented, where the risk is the navigation error, the cost is the energy 

consumption and the benefit is the function of the task defined at each scenario. 

{[ max
𝑖=1…𝑛

(𝑏𝑖 − 𝛦(𝑠)𝑖)] ⋁[(𝑏𝑖 − 𝛦(𝑠)𝑖) ≥ 𝑝(𝑏, 𝐸)𝑚𝑖𝑛]} ⋀ {[ min
𝑖=1…𝑛

𝛦(𝑠)𝑖] ⋁[𝛦(𝑠)𝑖 ≤

𝛦𝑚𝑎𝑥]} ⋀ {[ min
𝑖=1…𝑛

𝜀𝑠𝑖
] ⋁[𝜀𝑠𝑖

≤ 𝜀𝑠𝑚𝑎𝑥
]}  (4.8) 

where 

- from 𝑖 = 1…𝑛 paths we try to find those where (4.8) is true 

- the energy consumption of the robot on a path as cost (𝑐 = 𝛦(𝑠)) 

- the navigation error of the robot on a path as risk (𝑟 = 𝜀(𝑠)) 

- the benefit of the robot can be defined in each cases (e.g. 𝑏 =
1

𝑡(𝑠)
) and be 

o independent from the path (e.g. end position) 

o function of the path (e.g. time) 
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- 𝑝(𝑏, 𝐸)𝑚𝑖𝑛 function is the subtraction of benefit and cost 

- where a biologically inspired behavior model can implemented and its internal states define 

o 𝛦𝑚𝑎𝑥 is the maximal cost 

o 𝜀𝑠𝑚𝑎𝑥
 is the maximal risk 

 

Related publications: [P6], [P7], [P13]-[P19] 

4.4 Thesis IV. 

Using energy consumption and navigation error cost functions of mobile robots with 

(4.9) and (4.10) cost, risk and benefit based system which is analog with biological multi agent 

decision making can be created, where in line with usage of swarm intelligence, preferences 

of the agent and the multi agent, effect of the agent and the multi agent on each other, the 

group size can be optimized as well. 

{[ max
𝑖=1…𝑛

(𝑏𝑖𝑙
− 𝑐𝑖𝑙

)] ⋁[(𝑏𝑖𝑙
− 𝑐𝑖𝑙

) ≥ 𝑝(𝑏𝑙, 𝐸𝑙)𝑚𝑖𝑛]}⋀ {[ min
𝑖=1…𝑛

𝑐𝑖𝑙
] ⋁[𝑐𝑖𝑙

≤

𝑐𝑙𝑚𝑎𝑥
]} ⋀ {[ min

𝑖=1…𝑛
𝑟𝑖𝑙] ⋁ [𝑟𝑖𝑙 ≤ 𝑟𝑠,𝑙𝑚𝑎𝑥

]}  (4.9) 

which is feasible for each 𝑙 = 1…𝐺 (all members of the group) in case of path 𝑖 and we are looking 

for the optimal value of 𝐺 (size of the group) 

{[𝐶𝑚𝑖𝑛]⋁[[𝐶] ≤ [𝐶]𝑚𝑎𝑥]}⋀{[𝐵𝑚𝑎𝑥]⋁[[𝐵] ≥ [𝐵]𝑚𝑖𝑛]} (4.10) 

- single robot (agent) 

o the energy consumption of the robot as cost (𝑐 = 𝛦(𝑠, 𝛩(𝐺),𝑚(𝐺))), where as an 

example having a payload on the multi agent group 𝑚 and 𝛩 (payload of the agent) 

are functions of the group size (𝐺) (so group size can be optimized). 

o the navigation error of the robot as risk (𝑟 = 𝜀(𝑠)) or it can be decreased with 

swarm intelligence up to  𝑟𝐺 = min
𝑙=1…𝐺

𝜀(𝑠)𝑙 

o the benefit of the robot is defined by the application (e.g. 𝑏 =
1

𝑡(𝑠)
) 

- the group of robots (multi agent) 
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o the energy consumption of the group as cost (𝐶 = ∑ 𝛦(𝑠, 𝛩(𝐺),𝑚(𝐺)))𝑖
𝐺
𝑖=1 ), 

where in case of a payload we can optimize the energy consumption of the group 

and the agent at the same time 

o the navigation error of the group as risk 

 𝑅𝜖 [ min
𝑙=1…𝐺

𝜀(𝑠)𝑙 , max
𝑙=1…𝐺

𝜀(𝑠)𝑙] depending on the swarm intelligence 

o the benefit of the group is defined by the application (e.g. 𝐵 =
1

𝑡(𝑠)𝐺
) 

where we can implement high level behavior model where the internal states of the model define 

the selection of the path to work with.  

Related publications: [P6], [P7], [P13]-[P19] 
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