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Abstract— This paper proposes a universal control strategy and novel haptic interface for the International Thermonuclear
Experimental Reactor (ITER) welding/machining robot. The developed method implements a reliable position control and
sense between the human and the robot as well as between the robot and the task environment in which provides highly
accurate position control based on joystick inputs with real-time haptic capabilities. The proposed control structure has the
characteristics of a universal technique independent of the actual control algorithm and it can be applied with other suitable
control methods as a real-time control strategy. One of the contributions of this paper is that the proposed control method
combines a directed random search method and real-time simulation to develop an intelligent controller in which each
generation of parameters is tested on-line by the real-time simulator before being applied to the real process. The controller
was evaluated on a hydraulic position servo system where the simulator of the hydraulic system was built based on Markov
chain Monte Carlo (MCMC) method. A Particle Swarm Optimization (PSO) algorithm combined with the foraging behavior
of E. coli bacteria was utilized as the directed random search engine. PSO is influenced by the simulation of social behavior
in which each individual agent of the possible solution population, benefits from its history and its interactions with other
agents within the population. This sharing of knowledge helps facilitate faster convergence to an optimal solution. From the
other side, the effect of Bacterial Foraging Optimization (BFO) of E coli is that the agent is making a decision to which
position to move. The agent does this with attention to the previous data stored in the memory as the best past position. These
selection behaviors of particles help to avoid poor foraging and improve foraging strategies. In conclusion, the proposed
control and haptic strategy allows the operator to be kinetically plugged into the work environment and simultaneously
provides force feedback sense with high controllability without neglecting the system dynamics.
Keywords—International Thermonuclear Experimental Reactor (ITER), Haptic, Intelligent Control, Teleoperated hydraulic
manipulator, Real-time Simulation, Particle Swarm Optimization (PSO), Bacterial Foraging Optimization (BFO) of E coli
1. Introduction
PC-based controllers have recently become quite
powerful. Because of this, it is possible to utilize more and
more complex models and algorithms in real-time control.
The classical approach has been using a linear observer
(Luenberg, Kalman) to approximate the missing sensor
signals.
Numerical optimization methods become significantly
powerful for controller parameter tuning by using new
computational devices [1]. Directed random search methods
such as Genetic Algorithm (GE) and Differential Evolution
(DE) have been widely applied in the field of machine
learning and control engineering [2,3]. They have been
extremely capable in finding global optimums in the
presence of nonlinearities, and they are able to effectively
solve discrete optimization problems. However, in machine
learning, those algorithms have serious drawbacks such as
unstable generations and slow convergence speed. Their
applications in tuning controllers and the optimization of
controller structures have widely been discussed in the
literature. In addition, their practical applications are limited
because of the damage threats from their instability, which
is not acceptable in most cases [4, 5].
Most of the neural network based controllers proposed in
the field of robotics use feed-forward type of neural
networks and they use back-propagation algorithms in
learning. The back-propagation is a gradient-based
optimization algorithm for updating the weights and biases
of the network during each learning cycle. It has bad stability
in the presence of discontinuity, high stiffness and local
minima that restricts the use of neural control in the major
applications in practice [6].
Previously completed and on-going research projects
have shown that it is possible to simulate complex dynamic

models for various mechatronic machines in real-time.
Several simulation models for electric, hydraulic and
pneumatic servo systems as well as various types of serial
and parallel manipulators have recently been postulated [7].
Instead of approximating feedback signals using a linear
observer as happens using GE or DE, this study uses a nonlinear real-time simulator in parallel with the real system,
which a real-time simulator tests each generation of control
parameters before applying into the real process [8, 9].
This study proposes a novel method, which combines
directed random search and real-time simulation for
developing intelligent controller for tele-operated servo
systems. This control method provides a reliable haptic
sense and control capabilities in case of contact with the
environment. The technique enhances the manipulator
performance under various environmental circumstances
and regardless of disturbances for the tele-operated inputs.
The most important advantage of the proposed method is its
online real-time characteristic, which provides the best
available control parameters for the system.
Applying the directed random search methods has
positive effects on the controller structure in which the
control parameters can be optimized to achieve good control
properties. The key problem that restricts the use of directed
random search methods is the generation of control
parameters that cause instability during optimization. To
overcome this problem, in this research, each generation of
control parameters is tested on-line by a real-time simulator
before application in the real process. The reason of
developing such control strategy is that, a traditional linear
controller, generally, provides an acceptable performance
during the most of the operating range. Nevertheless, it
cannot protect this acceptable performance during the whole
operation; especially when external disturbances and

environmental interactions are also involved in the operation
[10]. In this research, the controller-tuning algorithm is
based on Particle Swarm Optimization which is combined
with the foraging behavior of E coli bacteria. The PSO
algorithm could lead to local solutions and the E coli
algorithm may lead to a delay in reaching a global solution.
However, the combination of both algorithms could lead to
better optimization [11,12]. During optimization, the
reference input and the simulated output are used to calculate
the cost function for the particle swarm optimization
algorithm. This leads to optimum control parameters and
avoids bad combinations, which normally appear during
optimization with the directed random search method.
Swarming strategies of bird flocking and fish schooling
are used in the Particle Swarm Optimization introduced by
Eberhart and Kennedy in 1995 [13]. PSO has several
advantages in comparison to neural-based methods such as
genetic algorithms (GA). PSO relies on a memory-based
progression, in which the previous solutions are remembered
and continually improved upon until convergence is reached
[14, 15]. In comparison, genetic algorithms suffer from
premature convergence since they rely on genetic operators
that allow weak solutions to contribute to the composition of
future candidate solutions. Traditional tuning methods also
require further fine-tuning to improve control performance
[16]. On the one hand, PSO is influenced by the simulation
of social behavior rather than survival of the fittest as in the
GA [17]. On the other hand, the use of simple mathematical
operators allows faster computational time and makes the
algorithm suitable for determining tuning parameters under
high-speed dynamical conditions for processes that lend
themselves to tuning of this nature, such as flow and pressure
control. Tuning parameters obtained with PSO are consistent
over a number of tuning sessions. This does not apply to the
GA-based tuning method [18].
The basic idea of this research is to use a real-time
simulator in parallel with the real process and to develop an
intelligent switching method that selects either a linear or an
intelligent controller, according to which of these currently
provides more accurate system behavior. In this control
strategy, the intelligent controller controls the real-time
simulator and optimizes with the simulation model.
After improvement, because of the simulated response,
the improved controller is switched to control the real

system. The switching criterion is the comparison between
the current simulation model output and the real system
output. From the results presented in the thesis, PSO tuning
yielded improved responses and can be applied to different
process models encountered in the process control industry.
The main task in ITER project is to design and develop a
mobile robot to conduct welding and milling inside the ITER
chamber. The necessity of having such a robot is the
radioactive environment inside the ITER chamber after the
first fusion. As a part of the development of the main robot,
it was necessary to design and develop a proper position
control and haptic system for the robot which has 6+4
degrees of freedom. Therefore it was decided to develop the
controller and first apply it to a 1DOF system to make sure
of reliability of the developed control and haptic algorithm
and then the controller has applied to the main robot. The
application of the controller to the main robot is the subject
of upcoming new publications in near future.
The main reason behind the need for such a control
system for the ITER robot is that the accuracy of welding
and milling inside the ITER chamber is a very important
factor and there is no room for any errors. Therefore it was
important to develop a type of controller that first applies the
control parameters to an accurate simulation of the robot and
then in case the results are good then to apply the control
parameters to the main robot. In addition, the main reason
behind the need for haptic and force feedback was that the
operator does not have direct access to the robot or the
environment that the robot is working in. The access is
mostly from cameras and also a simulation animation of the
ITER chamber.
1.1 International
Thermonuclear
Experimental
Reactor (ITER)
The international thermonuclear experimental reactor
(ITER) is a joint international research and development
project that aims to demonstrate the scientific and technical
feasibility of fusion power. The reactor is based on the
Tokamak principle concept, in which the 150MoC plasma is
enclosed inside a vacuum vessel by strong magnetic fields
created by super conductor coil magnets. The vacuum vessel
is made of stainless steel, and it consists of nine sectors
welded together [39, 40]. (See Figure 1)

Fig. 1. ITER and VV sectors to be welded [1]

Each sector is about 11 m high and 6 m wide. The
vacuum vessel requires a very tight absolute tolerance (± 5
mm) to achieve sufficiently accurate magnetic focus. The
vacuum-vessel sectors have a double-shell structure using
formed 60 mm thick stainless steel (316L) plates. To
compensate the effects of manufacturing errors on the
overall tolerance of the vacuum vessel, tailor made splice
plates are inserted between the sectors to be joined by leaktight welds [2].
In addition to the first assembly, the sectors have to be
removed later for repair and re-assembly. A high quality
narrow gap welding process is required to attain leak-tight
seams and ensure minimal deformations during the welding.
In addition to welding, various other tasks have to be
completed during assembly by a specially designed robotic
system. These tasks range from machining defect welds to
handling 150kg splice plates and in-wall shield blocks [39,
40].
All the tasks have to be carried out from inside the vessel
because the supra magnets are already assembled around the
sectors before joining. A major problem with the ITER robot
is difficulty accessing the robot when it operates inside the
ITER Vacuum Vessel (VV), especially after firing of the
first plasma, which will make the vessel radioactive.
Commercially available industrial robots are unsuitable for
such operations because they are incapable of handling
sufficiently large payloads in such small spaces and require
floor mounting. Their stiffness is also insufficient for
machining [1].
1.2 The Assembly robot
Due to un availability of a reliable commercial robot for
ITER project vessel assembly, Lappeenranta University of
Technology (LUT) have been developed a tailor-made
parallel robotic solution for carrying out various tasks during
assembly of the ITER vacuum vessel. The robot presented
in Figure 2 has many superior properties compared to
commercially available industrial robots, as described in [3]
and [4].
The robot’s parallel kinematic hydraulic Stewartplatform provides high stiffness and its additional
electrically driven serial degrees of freedom provides an
extended work space for the end effector. The robot offers
not only a device but also a methodology for assembling and
repairing the vacuum vessel. The end effector of the robot

has to pass through the inner wall splice plate opening to
reach the outer wall. The assembly and repairing processes
have to be carried out from inside the vacuum vessel (See
Figure 3.) [1].

Fig. 3. The track rail mounted inside VV and robot on the track

To reach the outer wall, the robot's end-effector has to
pass through the inner wall splice plate opening. As can be
seen from Figure 3, the assembly and repairing processes
have to be carried out from inside the vacuum vessel [2]-[4]
2. Control algorithm
In this study, a non-linear real-time simulator in parallel
with the real system is used. This approach is a novel method
that combines directed random search and real-time
simulation. The method has the characteristics of a universal
technique independent of the actual control algorithm and it
can be applied with other suitable control methods as a realtime control strategy.
The most important advantage of the proposed method is
the online real-time characteristic, which provides the best
available control parameters for the robot. Figure 4
illustrates the global scheme of the proposed control strategy,
in which Ym is the real system output and Ys is the simulator
output.
In this control method, the real-time simulator is
equipped with the intelligent controller and the real system
is equipped with a linear controller. Both systems are fed
with the same input.

Fig. 2. ITER Parallel robot. Robot parts: 1.Drive motor 2.Carriage frame 3.Compensate mechanism 4.Linear table 5.Rotation table 6.Rotation drive unit
7.Tip drive cylinder 8.Hexa-WH frame 9.Hexa-WH drive cylinder 10.End effector 11.Linear drive motor

has been chosen as the cost function in this optimization
project. ISE is defined as:
𝑇

Min :𝑒2 = ∫0 𝑒2dt

(1)

where T is the present time step and e is the system error.
If the error in any time step becomes large, then the integral
cumulative effect may become significant. In order to avoid
this problem, the algorithm utilizes a forgetting factor, i.e.,
after calculating the cost function for time duration of T, the
cost function value is set back to zero.
Figure 4: Scheme of control method

The main role of the intelligent controller is to search for
optimal parameters for the real system; it does not have the
authority to control the real system directly but it controls
the real-time simulator throughout. Whenever the controller
finds a set of control parameters with smaller cost function
value, this set of parameters is used to control the real system
via an intelligent switch. The switching criterion is a
comparison between the current simulated control output
and real system output Integral Square Error (ISE) cost
function. The transition is smoothened to avoid transmitting
disturbances into the real system. The real system continues
working with the new set of control parameters until a better
set appears. Figure 5 presents the structure of the intelligent
controller, simulator and intelligent switch in connection
with the real system. It should be noticed that there are
different types of cost functions to find the best control
values in this type of optimization. With attention to the high
accuracy and satisfactory results, which Integral of the
Squared Error (ISE) provided during the design of switch, it

2.1. Particle Swarm Optimization (PSO)
Swarming strategies of bird flocking and fish schooling
are used in the Particle Swarm Optimization introduced by
Eberhart and Kennedy in 1995 [13, 14, 18, 28, and 29]. PSO
is influenced by the simulation of social behavior rather than
survival of the fittest as in the GA. Each individual benefits
from its history and its interactions with other agents within
the population. This sharing of knowledge helps facilitate
faster convergence to an optimal solution. The choice of
PSO parameters can have significant impact on optimization
performance. Selecting PSO parameters that yield to proper
performance has therefore been the subject of many
researches [30, 31, and 32]. In this research, the controller
tuning algorithm is based on Particle Swarm Optimization
which is combined with the foraging behavior of E coli
bacteria. The merge of the PSO and BF algorithms could
result in better optimization strategy. PSO consists of
swarming particles which are initialized with a population of
random solutions. The particles move reiteratively through
the solution space to search for the best solutions. Figure 6
shows a flowchart scheme of the PSO algorithm.

Figure 5: Structure of intelligent controller, simulator and intelligent switch in connection with the real system

Figure 6: Scheme of PSO algorithm flowchart

The steps of the PSO algorithm are:
Step 1. Initialization of a number of particles; for a circuit
component and random generation of a feasible
value within the user-defined search range. The
velocity is assigned by a random value in the range
of maximum velocities.
Step 2. Calculation of the fitness value for each particle.
Step 3. Updating of the personal best position (Pbest) for each
particle according to its fitness value and updating of
the global best position (gbest) for the whole
population.
Step 4. Updating of the position and velocity of every
particle.
Step 5. Application of the mutation operator to enhance the
population diversity. The operator is performed as
follows: For every dimension of each particle, a
random value is generated and is compared with the
predetermined mutation probability.
Step 6. If the number of iterations exceeds the maximum
value, the optimization process will be ended;
otherwise it will return to Step 2.
Each particle has a position defined by a position-vector
𝑋𝑘𝑖 , where i is the index number of the particle, and its
velocity is represented by velocity-vector 𝑉𝑘𝑖 . Each particle
𝑖
recalls its own best position 𝑃𝐿𝑏𝑒𝑠𝑡
. Therefore the vector of
the best position that comes from the swarm is saved in the
𝑖
vector of 𝑃𝐺𝑙𝑜𝑏𝑎𝑙
.
During the iteration time k, the update of the velocity
from the old velocity to the new velocity is defined by:
𝑖
𝑖
‒ 𝑋𝑘𝑖 )
𝑉𝑘 +𝑖 1 = 𝑉𝑘𝑖 + 𝑅1(𝑃𝐿𝑏𝑒𝑠𝑡
‒ 𝑋𝑘𝑖 ) + 𝑅2(𝑃𝐺𝑙𝑜𝑏𝑎𝑙

(2)

where R1 and R2 are random numbers.
A fresh position is calculated by utilizing the sum of
former position vectors and the new velocity vector:
𝑋𝑘 +𝑖 1 = 𝑋𝑘𝑖 + 𝑉𝑘𝑖

(3)

Every particle makes the decision to move to the future
position by utilizing the data stored in the memory as the best
position. The information about the most successful particle
with the best position also affects the next particle position.
This natural selection behavior of the particles improves

foraging schemes and helps to prevent inappropriate
foraging [33, 34].
The main goal of foraging process is to achieve the
maximize energy per unit time which is spent for foraging
after enormous generations. The E coli bacterium has a
control system that enables it to search for best position and
try to avoid noxious positions (local optimums).
In this research, the target is to find global minimal error
integral when different input signals apply to the plant,
which is equipped with controller by tuning the K1, K2 and
K3 control values.
The (BF-PSO) combines both algorithms BF and PSO.
This combination aims to make use of PSO ability to
exchange social information and BF ability in finding a new
solution by elimination and dispersal which provides more
sophisticated optimization algorithm.
PSO is based on recalling process, where past results are
memorized and constantly improved until convergence is
achieved. In comparison, neural-based methods such as
Genetic Algorithms (GA), suffer from premature
convergence since they rely on genetic operators that allow
weak solutions to contribute to the composition of future
candidate solutions [35]. The PSO algorithm permits all
particles to have a quantum behavior instead of the classical
Newtonian dynamics. Hence, instead of the Newtonian
random walk, some sort of “quantum motion” is imposed in
the search process.
When the PSO is tested against a set of benchmarking
functions, it demonstrates superior performance as
compared to the classical Newtonian methods under the
condition of large population sizes. One of the most
attractive features of the new algorithm is the reduced
number of control parameters. Strictly speaking, there is
only one parameter required to be tuned in the PSO.
2.2. Bacterial Foraging Optimization (BFO)
Bacterial Foraging Optimization (BFO) has been widely
accepted as a global optimization algorithm of current
interest for distributed optimization and control. In this
method, the particle is making a decision to which position
to move to the next position. The particle does this with
attention to the previous data stored in the memory as the
best past position. The data of the most successful particle
with the best position also has effects on the next particle
position. These selection behaviors of particles help to avoid
poor foraging and improve foraging strategies. The main
goal of the foraging process is to achieve the maximization

energy per unit time which is spent for foraging after an
enormous number of generations. The E coli behavior of the
particle has a control system which makes it possible for it
to seek out for the best position and try to stay away from
local optimums (noxious substances).
Stage1- Swarming and Tumbling via flagella (Ns): The
flagellum is a left-handed helix configured so that as the base
of the flagellum (i.e. where it is connected to the cell) rotates
counterclockwise from the free end of the flagellum looking
toward the cell, it produces a force against the bacterium
pushing the cell. This mode of motion is called swimming.
Bacteria swim either for maximum number of steps Ns or
less, depending on the nutrition concentration and
environment condition. However, if the flagellum rotates
clockwise, each flagellum pulls on the cell, so that the net
effect is that each flagellum operates relatively
independently of the others and so the bacterium “tumble”.
Tumbling mode indicates a change in the future swim
direction. Alternation occur between these two modes of
operation in the entire lifetime.
Stage2-Chemotaxis (Nc): A chemotaxis step is a
sequence of swim steps following a tumble. The maximum
number of swim steps with a chemotactic step is predefined
by Ns. The actual number of swim steps is determined by the
environment [37].If the environment shows good nutrient
concentration in the direction of the swim, the bacteria swim
more steps. The end of the chemotactic step is determined
by either reaching the maximum number of steps Ns or by
reaching a poor environment. When the swim steps stop, a
tumble action takes place. To represent a tumble, a random
unit length vector with direction Delta(n,i) is generated,
where n is the index for the chemotactic step, and i is the
index of the bacteria that has the maximum number of
bacterium. This vector is used to define the direction of
movement after a tumble. Let Nc be the length of the lifetime
of the bacterium as measured by the number of chemotaxis
steps taken during its life. Let ci > 0, i = 1, 2, . . ., S denotes
a basic chemotactic step size used to define the lengths of
steps during runs where S is the maximum number of
bacteria. The step size is assumed to be constant.
The position of each bacterium is denoted by P(n, i, j, k,
ell) where n is the dimension of search space, k is the index
of reproduction step and ell is the index of eliminationdispersal events.
The new bacterium position after tumbling is given by:
𝑖
+ 𝐷𝑒𝑙𝑡𝑎(𝑛,𝑖) ∗ 𝑐𝑖
𝑃𝑛, 𝑗 + 1,𝑖 𝑘, 𝑒𝑙𝑙 = 𝑃𝑛,𝑗,𝑘,𝑒𝑙𝑙

(4)

Stage3 - Reproduction (Nre): Subsequent to Nc steps, a
reproduction process happens. Nre is the number of
reproduction steps. For simplicity, it is assumed that S is a
non-negative number. Let:
𝑆𝑟 =

𝑆
2

(5)

where Sr is the number of population members who have
had sufficient nutrients so that they will reproduce (split in
two) with no mutations. In reproduction step, the bacteria
population is sorted out to increase the collected population
near the possible best global position. S and Sr are both
positive integers [36].
For reproduction, the population is sorted in order of
ascending accumulated cost (higher accumulated cost

represents that it did not get as many nutrients during its
lifetime of foraging and hence, is not as “healthy” and thus
unlikely to reproduce). The Sr least healthy bacteria die and
the other Sr healthiest bacteria each split into two bacteria,
which are placed at the same location.
Stage 4: Elimination and dispersal (Ned): Elimination
event may occur for example when a local significant
increase in heat kills a population of bacteria that are
currently in a region with a high concentration of nutrients.
A sudden flow of water can disperse bacteria from one place
to another. The effect of elimination and dispersal events is
possibly destroying chemotactic progress, but it also have
the effect of assisting in Chemotaxis, since dispersal may
place bacteria near good food sources.
The bacterial foraging algorithm has been tested for
control applications like harmonic estimation for a signal
distorted with additive noise, and for adaptive control. The
combination of bacteria foraging and genetic algorithm is
used to tune a controller of an automatic voltage regulator.
2.3. Bacterial foraging oriented by Particle Swarm
Optimization
The BF-PSO combines both algorithms BF and PSO.
This combination aims to make use of PSO ability to
exchange social information and BF ability in finding a new
solution by elimination and dispersal.
For initialization, the user selects S, Ns, Nc, Nre, Ned, Ped,
C1, C2, R1, R2 and c (i), i = 1, 2 . . . S. Also position 𝑃𝑛𝑖 , i = 1,
2 . . . S and velocity randomly initialized. The BF-PSO
models bacterial Population Chemotaxis, swarming,
reproduction, elimination and dispersal oriented by PSO is
given below (Initially j = k = ell = 0). Implicit subscribes will
be dropped for simplicity. Figure 7 and the algorithm below
it, illustrates the E-Coli flow diagram.
3. Mathematical Model of the System
3.1. Valve and Hydraulic Actuator Model
Electro hydraulic servo systems are commonly used in
industry because of their high accuracy and large payload
capacity. Modeling and control of such systems have been
the focus of research for decades since models of these
systems are often nonlinear and have parameters that are
difficult to determine. The validity of models has usually
been studied by approximate methods based on linearization
methods, which do not unequivocally reveal the success of
parameter estimation. Also system identification is a
prerequisite for the analysis of such dynamic system.
The system under study (Figure 8) consisted of servo
solenoid valve, cylinder, power unit, pressure sensors and
displacement sensor. Several real-time simulation models
for these systems have been proposed in previous research
projects [19, 20, 21, and 22]. Table 1 illustrates the system
specifications.
Table 1: The system specifications
Notation
Note
A1
piston area
A2
L
maximum stroke of the piston
m
mass
ps
supply pressure
pt
tank pressure
v01
pipeline volumes at the two ports
v02

Value
8.04 × 10-4
4.24 × 10-4
1
210
14 × 106
0.3 × 106
1.07 × 10-4
1.07 × 10-4

Unit
m2
m
kg
Pa
Pa
m3

Figure 7: Schematic of an E-Coli flow diagram

The valve is a Bosch Rexroth servo solenoid valve with
on-board electronics (4WRPET 6), having a nominal flow
rate of 0.00067 (m3/s). The data acquisition system is a
dSPACE digital signal processor. The sampling frequency is
1000 (Hz). The control program is the C/C++ language
program. The input voltage u is fed to the valve using a DS
1103 I/O card; us is collected from the valve’s Linear
Variable Differential Transducer (LVDT) signal. The range
of the LVDT signals us (V) is ±10 V and us is measurable. In
this study, voltage us is measured and directly used for
providing information of the spool displacement. The system
states, p1, p2, ps, pt, xp are directly measured by pressure
sensors and a displacement sensor, respectively. These
sensors were calibrated by the respective manufacturers.
When the input is applied to the valve, spool is shifted and
openings are produced. The shift of the spool, namely
position displacement xs (mm), is in both directions. The
main spool of the valve is a mass held in position by a spring
system. The main spool is the key component of the flow
divider and is highly responsible for the outcome of the
transfer function. A linearized model for an electro hydraulic
servo system with a two-stage flow control servo valve and
a double-ended actuator has revealed that the higher order
model fits closer to the experimental data because of the
reduced un-modelled dynamics. A first order model can be
applied but the second order model responds the servo valve
dynamics through a wider frequency range. When a second
order transfer function is used to represent the valve model,
the valve’s dynamics could be as the following:
Valve dynamics
The standard second-degree valve’s dynamic could be
described as:

𝑢𝑠 = 𝑘 ∙ 𝜔𝑛2 ∙ 𝑢 ‒ 2 ∙ 𝜉 ∙ 𝜔𝑛 ∙ 𝑢𝑠 ‒ 𝜔𝑛2 ∙ 𝑢𝑠

(6)

where u is the input voltage to the valve, us is the collected
signal from the valve’s Linear Variable Differential
Transducer (LVDT), k is the gain,  is the damping ratio,
and ωn the natural angular frequency.
Equation of motion
The utilized actuator is a double acting hydraulic
cylinder. Using the Newton’s second law, the equation of
motion for the servo hydraulic system becomes:
𝑚.𝑥𝑝 = 𝑝1 . 𝐴1 ‒ 𝑝2 . 𝐴2 ‒ 𝐹𝑓

(7)

Here, m denotes the mass (kg), xp the displacement of
piston (m), A1 and A2 the piston areas (m2), p1 and p2 the
pressures (Pa) and Ff the friction force (N).
Friction Force
Friction force (Ff) in the hydraulic cylinder is taken into
account as an external disturbance. Friction is usually
modeled as a discontinuous static mapping between the
velocity and the friction force that depends on the velocity’s
sign. It is often restricted to the Coulomb and Viscous
friction components. However, there are several frictional
properties observed in the system, which cannot be
explained by static models only. Examples of these complex
properties are stick-slip motion, pre-sliding displacement
and friction lag. The analytic model of friction dynamics,
proposed by LuGre model, addresses all these characteristics
of the friction. The motivation of using LuGre friction model
is to have a friction model with higher accuracy that
addresses the friction phenomena, which static models
cannot fully explain.

Figure 8: Schematic diagram of the servo hydraulic system (left) and the test bed used (right)

The model is defined by:

The pressures at the valve’s ports are described as:

𝑑𝑧

𝐹𝑓 = 𝜎0 ∙ 𝑧 + 𝜎1 ∙ 𝑑𝑡 + 𝑘𝑣 ∙ 𝑥𝑝

(8)

|𝑥𝑝|
𝑑𝑧
= 𝑥𝑝 ‒ 𝑔(𝑥 )𝑧
𝑑𝑡
𝑝

(9)

𝑔(

[

1
𝑥𝑝 = 𝜎
0

)

𝐹𝑐 + (𝐹𝑠 ‒ 𝐹𝑐) ∙ 𝑒

𝑑𝑡

‒

[]
𝑥𝑝
𝑣𝑠

2

]

(10)

where z is an internal state, 𝑔(𝑥𝑝) describes part of the
‘‘steady-state” characteristics of the model for constant
velocity motions, vs is the Stribeck velocity, Fs is the static
friction, Fc is coulomb friction, kv is the viscous friction, the
stiffness coefficient is represented by 𝜎0 and damping
coefficient by 𝜎1 [23, 24].
Valve flow
The following equations describe the valve flows:

𝑄1 =

𝑄2 =

{
{

𝑑𝑝1

(11)

Valve leakage
The internal leakage flow is described as:
(12)

In this equation, Li is the laminar leakage flow
coefficient. The model of the external leakage flows in Eq.
(13) was built as follows [5]:
𝑄𝐿1 = 𝐿1 ∙ (𝑝1 ‒ 𝑝𝑡)
(13)

Pressure at the valve’s ports

where p1 and p2 are the pressures at valve ports, Q1 and Q2
are the valve flows, QLi is the internal leakage flow, QL1 and
QL2 are the leakage flows, V1 and V2 are the chamber
volumes and e1 and e2 are the effective bulk modules of the
cylinder. e1 and e2 are represented by:
𝛽𝑒𝑖 = 𝑎1 ∙ 𝐸𝑚𝑎𝑥 ∙ log [(𝑎2 ∙ 𝑝

𝑝𝑖

) + 𝑎3]

𝑚𝑎𝑥

(15)

where Emax = 1.8×109 Pa, pmax = 2.8×107 Pa, and a1 – a3 are
coefficients of effective bulk modules.

𝑉2 = 𝐴2 ∙ (𝐿 ‒ 𝑥𝑝) + 𝑣02
where v01 and v02 are the pipeline volumes, and L=1 (m) is
the maximum stroke of the piston.

with cs being the flow constant, ps the supply pressure and pt
the tank pressure.

being l1 and l2 the laminar leakage flow coefficients.

𝛽𝑒2
=
( ‒ 𝑄2 ‒ 𝐴2 ∙ 𝑥𝑝 ‒ 𝑄𝐿𝑖 ‒ 𝑄𝐿2)
𝑑𝑡
𝑉2

(16)

𝑐𝑠 ∙ 𝑢𝑠 ∙ sign(𝑝𝑠 ‒ 𝑝2) ∙ |𝑝𝑠 ‒ 𝑝2|,𝑢𝑠 < 0

𝑄𝐿2 = 𝐿2 ∙ (𝑝2 ‒ 𝑝𝑡)

(14)
𝑑𝑝2

𝑉1 = 𝐴1 ∙ 𝑥𝑝 + 𝑣01

𝑐𝑠 ∙ 𝑢𝑠 ∙ sign(𝑝1 ‒ 𝑝𝑡) ∙ |𝑝1 ‒ 𝑝𝑡|,𝑢𝑠 < 0

𝑄𝐿𝑖 = 𝐿𝑖 ∙ (𝑝2 ‒ 𝑝1)

𝛽𝑒1
(𝑄 ‒ 𝐴1 ∙ 𝑥𝑝 + 𝑄𝐿𝑖 ‒ 𝑄𝐿1)
𝑉1 1

Chambers volume
The volumes are calculated as:

𝑐𝑠 ∙ 𝑢𝑠 ∙ sign(𝑝𝑠 ‒ 𝑝1) ∙ |𝑝𝑠 ‒ 𝑝1|,𝑢𝑠 ≥ 0

𝑐𝑠 ∙ 𝑢𝑠 ∙ sign(𝑝2 ‒ 𝑝𝑡) ∙ |𝑝2 ‒ 𝑝𝑡|,𝑢𝑠 ≥ 0

=

3.2. Markov Chain Monte Carlo
The mathematical model of the system involves a large
number of parameters, which may be completely unknown
or only known within certain ranges [25]. Markov chain
Monte Carlo method is utilized to address these set of
unknowns. In recent years, MCMC have emerged as a
powerful tool for statistical analyses for nonlinear models.
The MCMC technique has certain advantages in solving
nonlinear problems, especially in obtaining probability
distributions of parameters and model prediction, and
allowing flexibility in the definition of the noise structure
[26, 27]. Statistical analysis studies the uncertainties in
scientific inference by means of probabilistic reasoning. For
the statistical treatment of uncertainties, it is assumed that all
the unknown quantities can be described by statistical
distribution, whether they are model parameters, unknown
states of a system, model predictions or prior information of
solutions. Typically, the state of the system is observed
either directly or indirectly. A model is a mathematical
description of the process that generates the states and the

observations. The model can depend on a set of model
parameters and it can be driven externally by control
parameters, e.g., pressure. There is also a separate error
model, which accounts for the unsystematic variation in the
observations not covered by the systematic part of the model.
When the interest is in the model parameters, the
inference is called parameter estimation. The related
problem in applied fields is called the inverse problem. In
inverse problems, the target of the estimation is an unknown
function, describing the relationship between data and
unknown parameters of the model in question. Statistically
the unknown quantities are estimated with the help of the
model, data, and a priori information about the unknown
parameters. An electro hydraulic position servo system is
under study and the MCMC approach is applied to model
this nonlinear dynamic system [25]. After the initial
analyses, it is noticed that the second order valve model is
reliable, fits the dynamics of the used valve, and is chosen to
describe the valve dynamics. The system model is finally
constructed, including the nonlinearities of friction forces,
valve dynamics, oil compressibility, load influence, the
internal leakage, and the external leakage; the model
parameters are identified. The model structure is developed
until statistically acceptable results are achieved. The value
of MCMC based model parameters are given in the
following table. The MCMC model values are based on a
research, which has been done on the same hydraulic system
in Laboratory of Intelligent Machine of LUT by Jun-Hong
Liu et al [25]. In such hydraulic system, some of the
parameters would change during the working process. For
instance, the oil viscosity will decrease while the
temperature is increasing. The viscosity mainly has effects
in laminar flow. In the hydraulic servo systems, the flow is
mostly turbulent, thus viscosity plays a minor role in system
behavior. The major effect this fact has is on the valve
leakage, which may affect the system damping; as leakage
increases the damping increases. On the other hand, the
viscous friction acts as a counter effect; a smaller viscosity
produces smaller viscous friction and damping.
Nevertheless, in the simulator model the viscosity is always
constant. However, the model is accurate enough and
follows the real system.

every iteration, the switch calculates the cost value of both
systems.
Table 2: The value of MCMC based model parameters [25]
Notation
a1
a2
a3
cs
FC
FS
k
kv

Note
coefficients of effective
bulk modulus
flow constant
Coulomb friction level
static friction force
level
gain
viscous friction
coefficient

Value*
0.3102
49.18
1.843
3.021 × 10-8
74.81

m3s-1v-1Pa-1/2
N

2921

N

0.9907

No unit

Leakage flow
coefficients

1.038 × 10-13
8.485 × 10-13
5.422 × 10-13
1.623 × 10-13

Li

laminar leakage flow
coefficient

1.19 × 10-12

σ0
σ1
ωn

input voltages for the
individual maximum
leakage openings
Stribeck velocity
damping ratio
flexibility coefficient of
friction force
damping coefficient of
friction force
natural angular
frequency

(no unit)
constant

87.74

l1
l2
l3
l4
us1
us2
us3
us4
vs


Unit

1.964 × 10-5
-0.6993
-0.1123
9.967
0.1624
0.5588
1521

Ns/m
m3s-1Pa-1

m3s-1Pa-1
V (Voltage)

m/s
no physical
unit

848.3

N/m

481.3

Ns/m

3.1. Real-time simulator validity
To test the validity of the simulator (based on a second
degree servo system), three independent physical
experiments were carried out, and they were different from
each other by the input value, the mass load, and/or the
supply pressure (Figure 9). The reason of using three
different valve inputs in three different loadings was to
check the stability of the model in different situations. The
observations, namely xp, p1, p2, us and control parameters,
explicitly u, ps, pt were directly collected along with time in
each experiment. The response of the identified model
matches the observations in each case [25]. Since the
simulator has been verified by different inputs, it has same
response with real system within bandwidth of the system.

If the intelligent controller prepares better results in
comparison with the real system controller, then it will
control both systems for one iteration and update the real
system controller with the new control values. In the next
iteration the output of both systems will be checked via the
switch again and if the intelligent controller does not provide
better results than the real system will switch back to the
linear controller. If the error in any time step become large
then the integral effect may become significant. In order to
avoid this problem the algorithm benefits from forgetting
factor as well. The designed switch uses the Integral of the
Squared Error (ISE) cost function to find out which control
values, from the linear controller or the intelligent controller,
produces a lowest ISE value. There are different cost
functions to find the best control values but the squared error
integral criteria is the most common for such optimization.
One of the most important issues when switching from
linear controller to the intelligent control values is to avoid
of applying any shock in the real system because of the new
control values. In order to solve this problem the new control
values are applied to the real system by using a smoothing
function. The smoothing function is a function between the
old and new control values. The function provides a bridge
between old and new control values. By using this method,
the new control values are applied to the system smoothly to
avoid any shock into the real system.

4. Intelligent Switch algorithm
The main responsibility of the switch is to feed the real
system with the best available control values. As mentioned
earlier, the real system is equipped with the linear controller
and the simulator is equipped with the intelligent controller.
By applying the same reference input into both systems, in

4.1. Optimization Convergence
It is highly desirable that iterative algorithms for solving
optimization problems converge fast to solutions that are
global minimizers of the objective function. The rate of
convergence is one of the important features that
distinguishes one optimization method from another. PSO

has several attractive features that make it an ideal candidate
for controller tuning namely, fast convergence, a simple and
Case 1
Mass (kg)
210

efficient operating algorithm, and repeatability.

Case 2
Ps (Pa)
1.10×107

Valve input (u1)

Mass (kg)
238

Case 3
Ps (Pa)
1.10×107

Valve input (u2)

Mass (kg)
238

Ps (Pa)
1.20×107

Valve input (u3)

Output (P2)
Output (xp)
Output (P1)
Figure 9: Verification of identified model’s stability using experiments with different control signals, loads and pressures [25]

In this study, the convergence rate of the optimization
was tested in the case of a pulse input to find out how many
optimization cycles are needed to minimize the cost
function. Figure 10 illustrates the random search behavior of
the PSO algorithm in the search space and finally its
convergence. Based on the random search behavior of the
optimization and its progress to a converged point, the
simulator output to a pulse input is illustrated in Figure 11.
As shown in Figure 11, low quality generations of control
parameters should be filtered out from the solution space.
A filtration algorithm is designed to reject bad
generations that are produced because of the random search
behavior of utilized algorithm. This algorithm collects and
saves better generation of solutions from the search space.
Figure 12 shows the cost function values after filtering bad
generations of answers.
5. Stability
5.1. Stability control
In this study, it is hard to prove the global robustness of
the system because of direct random search behavior of the
controller. In utilized control strategy, the control parameters
are optimized on each iteration. It means that in order to
check the system robustness the Lyapunov Stability Criteria
should be calculated to check the stability in every iteration.
The Lyapunov criteria is designed based on fixed control
values. But the control parameters in this study are almost
changing in each iteration. The solution is to check the
system stability under real disturbances. The proposed
control method is designed to act well as long as uncertain
parametric quantities or disruptions are within some set. The
method aims to achieve stability in the existence of delimited
modeling errors.

5.2. Pressure disturbance
In first set of stability tests the supply pressure of the
hydraulic circuit is decreased to the 50% of the value of
hydraulic pressure input in the control block. Figure 13
illustrates the system output in presence of pressure drop.
The red curve is the input, the green curve is the simulator
output and the blue curve is the real system output. With
attention to the Figure 13, the real system has some offset
from the reference signal.
However, in next iterations the control system affects
positively and pushes the real system to follow the reference
signal with less error. As it is shown in this figure, the
intelligent controller is converged almost immediately. In
comparison, the controller needs more time to converge in
existence of pressure disturbance.
The response of the same system to a sine wave input
after convergence is shown in Figure 14. After few seconds,
both systems have the minimum error from the input.

Figure 13. The real system response to the sine signal when the pressure
disturbances applied to the system

Figure 10: Random search behavior of PSO algorithm

Figure 12: Optimization Convergence
Table 3: Control parameters based on optimization convergence

A
B
C
D
E
F
G

K1

K2

K3

33.000
55.664
64.701
83.229
112.819
120.018
126.429

0.300
0.352
0.490
0.376
0.409
0.639
0.451

0.030
0.046
0.008
0.070
0.079
0.008
0.118

Max Real
System cost
value end
of single
iteration
0.02079
0.01235
0.01201
0.01189
0.00981
0.00938
0.00882

H

135.108

0.501

0.117

0.00838

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16
17
Figure 11. Random search behavior of PSO algorithm in the space of answers
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5.3. Mass disturbance
It is difficult to measure the load disturbance under
normal circumstances. Figure 15 illustrates the real system
output to the ramp input when mass disturbance applied into
the system. As it is shown in Figure 15, the adaption is slow
and takes almost 10 seconds.
The reason of this delay is that the mass was changing
randomly until 20 seconds and then fixed (a lab technician
was standing on the slider). The supply pressure is 50% of
the max supply pressure. In first cycles the system is far from
the ramp input signal but after few iterations the controller
pushes the real system to better output with less error.

hydraulic slider for the test.

The haptic device used in this study, is PHANTOM
premium 1.5, 6 DOF, built up by SensAble Technologies,
Inc. The PHANTOM system has been widely recognized as
a reliable 3 degree-of-freedom (3DOF) force-feedback
device available. The objective is to achieve a high level of
positioning accuracy with a haptic device. PHANTOM
devices have good inherent repeatability under no-load
conditions. However, they can only be accurate if they have
been initialized properly. Workspace coordinates for all
PHANTOM haptic devices are specified in the Cartesian
coordinate system. By default, the positive X-axis points to
the right of the PHANTOM, parallel to the front plate; the
positive Y-axis points up; and the positive Z-axis points
"out”. Figure 18 illustrates the Cartesian Device Space for
PHANTOM 1.5 6DOF [38].

Figure 18: Cartesian Device Space for PHANTOM 1.5 6 DOF
Figure 14. Shows the system input and outputs after few seconds when the
error is in its minimum value

5.4. Force Disturbance (Haptic Test)
In this set of tests, the joystick controlled the hydraulic
slider, to which a force sensor was mantled on the end of the
actuator. The transducer squeezed a test ball. Figure 16 and
17 illustrates the structure of teleoperation controller [17].

Fig. 16.

Structure of teleoperation controller

Fig. 17 Test bed structure including the force sensor mounted on the

PHANTOM is equipped with incremental rotary
encoders that evaluate the joint angles of the device. These
angle measurements are used to calculate the end effector
position in Cartesian space. Table 4 presents the
specifications of the device [34].
Table 4: PHANTOM Premium 1.5 F specifications [35]
Feature

Specification

Workspace
Back drive friction
Continuous exert able force
Inertia without encoder gimbal
Position Sensing
Footprint
Nominal Position Resolution
Maximum exert able force
Stiffness

381 W × 267 H × 191 D (mm)
0.75 oz (0.2 N)
1.4 lbf (6.2 N)
< 0.33 lbm (< 150 g)
x, y, z (roll, pitch, Yaw)
330 W × 254 D (mm)
3784 dpi (0.007mm)
8.4 lbf (37.5 N)
20 lbf in-1 (3.5 N mm-1)

OMEGA 160 [36] is the force sensor utilized in this
study. The sensor measures the full six components of force
and torque using a monolithic instrumented transducer. The
sensor measures all six components of forces and torques
from all three Cartesian coordinates (x, y and z).
The specification and sensing range of the transducer are
given in Table 5. The sensor is well calibrated by its
manufacturer, ATI Industrial Automation Co, before starting
the tests. In order to avoid typical gain errors caused by
temperature fluctuations, all the reference readings are taken
at the same temperature before and after applying the load of
interest [37]. The tele-operated electrohydraulic servo
system is controlled via a force feedback joystick, which
provides haptic capabilities for the operator.

Figure 15: The real system ramp response when the mass disturbance is applied to the system
Table 5: OMEGA 160 IP60 specifications, range and resolution [36]
Sensing range
Physical specifications

Max Fx, Fy
Max Tx, Ty
Weight
Diameter
Height

±2500 N
±400 N-m
7.67 kg
190 mm
58 mm
Figure 19: Interaction of teleoperation

Haptic devices are capable of measuring bulk or reactive
forces that are applied by the user into the interface. In order
to control force with a position-based system, a precise
model of the mechanism and knowledge of the exact
location of the environment are required. With the use of
force feedback from the interaction, that takes place; very
litter model information is required in order to close the loop
around the contact force [7]. In this project the target is to
control the tele-manipulation system so that it looks active
to the work environment and the human operator as if they
are both getting together with a common practical rigid
mechanical instrument. The control strategy allows the
human to be kinesthetically and dynamically, plugged into
its work environment. The teleoperation controller, which
controls both the valve and the motorized joystick, is
designed for sufficiently slow manipulation, achieves
asymptotic coordination of the joystick and the hydraulic
actuator. The simple diagram of the closed loop tele-operator
is shown in Figure 19. The controller is a new class of modelbased control algorithm. The new control algorithm provides
asymptotically exact tracking of both the position and the
contact force.
In this study the force feedback treated as a disturbance
force. The amount of this disturbance is measured accurately
via the force sensor and updated in the system model. Then
the system stability is checked when this force existing due
to the contact between the force sensor and the environment.

In this experiment, a simple contact which in first part
the slider goes forward to touch the ball and in second part
the slider goes back to its stationary point. Figure 20
illustrates the sensor mounted on the slider and while
squeezing the test ball.

Fig. 20 The sensor mounted on the slider and while squeezing the test ball

Figure 21-a illustrates the force-position curve in this
test. In the upper curve the slider starts to move into the ball.
After reaching to the maximum safe point, the slider pushed
back to the zero point. The second part of the movement
which the slider pushed back is illustrated in the lower curve
of Figure 21-a. Figure 21-b shows the position of the slider
and PHANTOM in this experiment. These experiments
prove that the introduced control strategy provides stability
for the real system in existence of disturbances.

(a)

(b)
Figure 21: (a) Position, simple contact, go and back (red curve: input position from the operator via PHANTOM, green curve: slider real position), (b) XY
plot, Position-Force, simple contact, forward and backward movement

(a)
Figure 22: (a) Position of the slider in response to the input position from the Phantom

As it is illustrated, in existence of disturbance force, the
slider follows the input position. The amount of force which
the operator feels in his/her hand via the Phantom is a 35:1
scaled force sensed by the force sensor. It means that the
form of the haptic force is the same as it is shown in Figure
21-a. It should be mentioned that the maximum amount of
force which a Phantom premium can stand is 7 N. The
reasons for the difference between the forces shown on
upper and lower curves in Figure 18-a are: 1) Sensor
hysteresis. 2) The different behavior of the ball when it is
squeezed and when it is released. 3) The operator hands
behavior.
5.4.1. HIGH FREQUENCY TEST
Figure 21 shows a simple and very slow movement;
approximately 5 cm in 10 seconds. In order to test the
controller performance on much faster movement the test is
repeated in a speed close to human speeds (almost 10 cm in
one second). The result is illustrated in Figure 22.
In Figure 22-a the red curve is the position input from the
Phantom and the green curve is the position of the slider.
As it is shown in Figure 22, the controller performs well
under faster movements. There are some errors in this kind
of movement but as the amount of error is small and the
movement is fast then this error is ignorable.
The curve (b) is the force-position curve when the ball is
squeezed and the right-hand curve is the force-position curve
when the ball released. The hysteresis effect is obvious in
this figure. The operator fills the same force function in his
hand with a 35:1 scaling decrease.
6. Conclusion
This study proposes a novel control method for a teleoperated electrohydraulic servo system. This methods
implements a position control and haptic sense between the
human and manipulator interaction, and between the
manipulator and task environment interaction. The

(b)
(b) Position-Force curve in a simple contact

proposed method has the characteristics of a universal
technique, independent of the actual control algorithm, and
it can be applied with other suitable control methods as a
real-time control strategy.
In this study, the control algorithm is based on PSO,
combined with the foraging behavior of E. coli bacteria. As
the proposed strategy is globally valid, it is possible to
replace the PSO algorithm with other optimization
strategies. This study has shown that using the PSO
methodology is characterized by an improved control
behavior for set point tracking and disturbance rejection.
PSO has several attractive features that make it an ideal
candidate for controller tuning, namely: fast convergence, a
simple and efficient operating algorithm, and repeatability.
The results show that the performance of the proposed
control strategy is very stable and has better response than a
conventional controllers.
The PSO is influenced by the simulation of social
behavior in which each individual benefits from its history
and its interactions with other agents within the population.
This sharing of knowledge helps facilitates faster
convergence to an optimal solution. The use of simple
mathematical operators facilitates a faster computational
time and makes the algorithm suitable for determining
tuning parameters under high-speed dynamical conditions
for processes that lend themselves to tuning of this nature,
such as flow and pressure control. From the tests that were
conducted, it was shown that the PSO parameters provide
the best control performance; this is evident from the low
ISE that was observed during the tests. Tuning parameters
obtained with the PSO are consistent over a number of
tuning sessions. This does not apply to the GA based tuning
method. From the results presented in the study it was
shown that, the PSO tuning yielded improved responses and
can be applied to different process models encountered in
the process control industry.

Previous research projects have shown that directed
random search methods such as GE and DE algorithms have
serious drawbacks, such as unstable generations and slow
convergence. In addition, their practical application is
restricted because of the risk of damage caused by their
instability. Most neural controllers use feed-forward type of
neural networks and back-propagation algorithms in
learning. Back-propagation has poor stability in the
presence of discontinuity, exhibits high stiffness, and
suffers from problems related to local minima, all of which,
in practice, restrict the use of neural control in major
applications.
Deterministic optimization methods such as Steepest
Descent, Conjugate Gradient and Newton’s methods are
known for their stability in iteratively reducing the objective
function value for minimization problems. However, they
are primarily suitable for solving single objective function
problems that are unimodal and continuous. In comparison,
the PSO algorithm permits all particles to have quantum
behavior. Consequently, instead of a Newtonian random
walk, some sort of “quantum motion” is imposed on the
search process.
Newton-type and quasi-Newton methods exhibit
superliner convergence in the vicinity of a non-degenerate
optimizer. However, these methods require the Hessian or
the gradient, respectively, in contrast to other optimization
procedures, like the Nonlinear Simplex method, the
direction set method of Powell, or some other recently
proposed methods. The developed control strategy ensures
that the tele-operated machine behaves like a mechanical
tool with full haptic feedback to the operator to feels the
forces in real-time with less delay. Under sufficiently low
manipulation bandwidth, coordination of the PHANTOM
and the slave actuator is achieved. The efficiency of the
control scheme has been experimentally validated.
Compared to other control schemes, by ensuring the
coupling stability of the hydraulic tele-operator with a broad
class of objects can be achieved.
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