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State Prediction for Haptic Remote Teleoperation – A Kalman Filter Approach 
Muhammad Haky Rufianto <rufianto@kth.se> 

ABSTRACT 
Teleoperation system is an important tool to control a device or model in an isolated area remotely where the operator cannot 

perform the task locally. The vast majority of teleoperation systems provides the operator with visual and haptic control to accomplish the 
assignment as naturally as possible. However, on a teleoperation system with considerable distance, the time delay could cause a drop in 
performance. This thesis aims to minimize delay problem by implementing a prediction approach using Kalman Filter. Kalman Filter 
algorithm has been widely used to estimate user movement for tracking systems. Kalman filter provides an efficient mechanism to predict 
future state based on Bayesian estimation to sequentially predict future states and measure an actual system to update system parameters. 
The primary objective of this work is to extract information generated by our prototyping model and visualizing the data to reflect the 
performance of the system. We use Phantom Omni devices and 3D arm as a model. Different type of Kalman filter algorithms is used to 
test the accuracy and performance of predicted state generated by the filter. The result shows that the implementation of Extended Kalman 
Filter (EKF) and smoothing function could overcome the networking delay on certain degrees. The comparison shows that the EKF has 
better accuracy and performance compared to Unscented Kalman Filter (UKF) when estimating the future state. Additionally, the 
implementation of smoothing function could improve the stability of teleoperation system. 

Keywords:  Teleoperation, Kalman Filter, Haptic, Network Delay, Human Computer Interaction (HCI), State Prediction

1. Introduction 
Haptic technology has been developed since early 2000 

in the field of Human-Computer Interaction (HCI) [14]. These 
technologies enable the user to obtain force feedback from the 
system as a tactile sensation.  Haptic technology naturally uses 
vibration pattern, force and waveform to convey any information 
to a user. The use of haptic technology is already deployed in 
many application, such as video games, mobile devices, virtual 
reality and teleoperation devices.  

Nowadays, haptic usage is not restricted to local area 
network. It has been implemented to control remote devices using 
the internet as the medium. With the internet, it is possible to 
deliver data (e.g. video, text and multimodal data) from the server 
to the client and vice versa. Unfortunately, the condition of 
current internet network is far from ideal. There are still problems 
like packet drop, jitter and delay when transmitting the data. 
While significant developments on improving network condition 
are still being made, the aforementioned problems are still 
prevalent. One of the main problem is how to eliminate the ever-
increasing delay from the interne, caused by the growth of 
internet traffic and the number devices connected to the internet. 
These problems reduce the overall experience of the user when 
operating teleoperation systems. Therefore, we need some 
methods to reduce these problems to increase user experience 
when interacting with a remote object. 

The haptic devices are often correlated with 
teleoperation system. The words tele means ‘at a distance’, thus 
teleoperation may be defined as controlling and manipulating an 
object on a remote area using network communication [5]. This 
system depends on haptic devices on a master side with human as 
the operator. Master side will give instructions to the slave 
system; it could be a robot or 3D model to simulate the instruction 
provided by the operator. If the slave has additional capability to 
transmit force sensor, then the master should give a response to 
the operator by providing any tactile force. It can be done by 
manipulating input torque to give some vibration effect. 

FFiigguurree 11.. TTeelleeooppeerraattiioonn ssyysstteemm [[55]] 
Appropriate technique is necessary for stabilizing 

network communication between the operator and remote area.  
There are two major approaches that have been investigated by 
the researcher to solve this problem. The first method is to 
improve the network performance itself. For example, one can 
introduce new network technology to make faster packet 
switching on network devices, implement a Quality of Services 
(QoS) feature in network devices [16], or compressing the video 
and multimodal data to make transmitting over the internet more 
efficient [4]. However, these methods only reduce the delay 
problem; the time delay itself is still present when transmitting 
data. The second approach is to enhance the capability of the 
teleoperation appliance. Several algorithms have been created to 
estimate and measure prediction data based on the previous 
information. Example includes calculating the spring and 
damping coefficient to predict the data [11] and utilizing math 
statistics probability like Bayesian methods to measure and 
predict future state [10]. 
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FFiigguurree 22.. RReepprreesseennttiinngg DDaattaa TTrraannssmmiissssiioonn 
In this thesis, we describe the implementation of 

teleoperation using haptic technology on remote area. Such 
communication often uses the internet which means it may suffer 
delays, latency and packet loss that might impact haptic 
performance markedly.  Several recent studies by Z. Shi shows 
that if impairment of network increase during experiment, it will 
reduce the accuracy of temporal identification of visual object and 
movement [19]. Furthermore, J. C. Mateo also mentions that 
movement of the object might be altered on time difference based 
on the arrival of incoming data [13]. 

This thesis propose a method to minimalize the delay 
using the prediction analysis to estimate the future data based on 
the previous state. However, there exists many methods of 
prediction algorithm, such as Interpolation and Extrapolation 
methods (e.g. Lagrangian, Orthogonal, Euler and Cubic Splice), 
and Neural Network and Filter-based algorithms (Kalman, 
Wiener and Particle filter) [7]. In this system, we use Kalman 
Filter Algorithm (KFA) to predict the future state. The prototype 
project allows the user to control and dictates the movement of 
the controlled devices by using haptic devices to accomplish a 
certain task. 

This thesis want to address the possibility to minimize 
the adverse effects of client-server network delays using KFA. In 
the previous study, KFA is usually used for tracking object 
movement (e.g. missiles, face, hand, and head movement), 
economic prediction [7], navigation [12] and computer vision 
application, such as feature and cluster tracking. However, KFA 
is rarely employed as the predicting method for teleoperation 
system. Therefore, we attempt to utilize the predictive mechanism 
on KFA to predict the next state for teleoperation control.   

2. Related Work 
The performance of teleoperation systems has been a 

big challenge for researchers. Various approaches have been 
proposed to increase the accuracy and performance of haptic 
systems in teleoperation. The researchers have studied time delay 
barrier in communication network since 1963. Sheridan and 
Ferrell performed an experiment to apply force feedback as the 
primary focus was to test the effect of time delay and the stability 
of teleoperation systems [18]. In this experiment, the operator 
gives several direction to the robot and in return, they receive 
some feedback and information with the robot state.   

In [6], the authors discussed the effectiveness of haptic 
systems in open surgery simulation and training systems. They 
described that the touch sensation from haptic feedback is 
important in surgery process, since the surgeon will depend on 
haptic feedback to distinguish human organ. Their analysis says 
that the minimum sampling rate of motion sensing for haptic 
devices should be around 300 Hz, with an error rate of 0.1 mm.  
Another experiment uses haptic to form a physical human 
communication based on time-delayed systems [17]. This 
solution focuses on the accuracy of human communication using 
haptic interfaces, and the result shows that time is one of major 
component affecting the system performance.  

Later on, the focus shifted from how to measure and 
collect the data to a network theory to solve the problem delay 
caused by network impairment. The objective of this method is to 
make a communication model and optimizing communication 
technology to increase system stability. For example, Rank 
argued that implementing QoS feature on network element will 
increase network performance to transmit video and multimodal 
data [16]. He shows QoS implementation reduce collision 
probability in each data transmission, thus making the 
transmission more reliable and reduce delay to the haptic 
teleoperation systems. However, this experiment is done under 
network simulation, while in reality, we cannot control all 
network equipment since it is independently controlled by 
communication and internet provider. Hinterseer and Steinbach 
hold the view that performance of haptic teleoperation system 
could increase by compressing haptic data stream using Kalman 
Filter [4]. They find telepresence and teleoperation system need 
approximately 500 – 1000 Hz interval to send state information 
for data transmission to make haptic tracking accurate. It could 
pose a stability problem to the internet network, because the 
haptic device will send a large number of data; furthermore, the 
size of each packet is small compared to other data packet. They 
propose a solution to compress the data to improve data 
transmission, able to reduce the data rate by 9.8% (velocity) and 
6.2% (force) without reducing the immersion of teleoperation. 

Instead of improving network reliability, some of the 
researchers work out on improving the system with predicting 
ability. Lee and Kim identified how predicting haptic state and 
force could be measured by measuring the changes of spring and 
damping coefficients according to network delay. They propose a 
system to calculate spring coefficient modification based on a 
perceived spring coefficient [11]. The result showed that the 
impairment of haptic experience could be minimized by 
quantizing distortion of mass, spring and damping ratio to the 3D 
model. This method improves further by using a virtual spring 
mechanism to connect master and slave systems and a force 
controller to estimate the current state of slave system [21]. The 
force control is built by applying modified Kalman filter 
algorithm to ensure the performance and accuracy. Weill-Duflos, 
Mohand-Ousadi, Haliyo, et al., employ velocity and acceleration 
as the method to predict and measure haptic devices when 
controlling it [24]. They proposed to utilize low pass filter, first 
order adaptive windowing and Kalman filter to measure the actual 
state in a noisy environment. They found that Kalman Filter is a 
good estimator to estimate the real data in noisy condition. 
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FFiigguurree 33.. TTeelleeooppeerraattiioonn pprroottoottyyppee ddiiaaggrraamm 
To sum up, early studies about applying Haptic Devices 

on teleoperation systems mainly focused on the tracking or 
smoothing mechanisms to make transparent communication. 
However, predicting future data on teleoperation systems not yet 
been done. These work tries to improve teleoperation systems by 
giving an estimation state for future data based on previous data 
to overcome time delay. With this method, we will build a 
prototype using Kalman filter algorithm to predict the future state 
and eliminate delay problem in network communication. 

This thesis contributes by creating a prototype system 
of haptic teleoperation implementing prediction method using 
Kalman filter. In this system, we analyze previous data input (as 
angle and coordinate) and recursively predict future location 
using Kalman Filter methods. A haptic teleoperation system has 
been built and evaluated under different simulated latencies to 
examine how latencies reduce the user experience and investigate 
the performances of Kalman filter prediction algorithms. 

3. System Overview 
3.1 System Flow Diagram 

This section, we describe model and prototype design 
of haptic teleoperation system for our experiment. In this system, 
we use a 3D arm model as an object on the server side; an operator 
will use the haptic device to control the movement of the arm and 
interact with another object on the 3D model. We assume the 
communication network could work normally in ideal condition 
with low time delay, no packet loss and minimal jitter. Network 
disturbance will be emulated using network emulator so that we 
can control time delay of our experiment. 

In this prototype, we use 3D arm model using OpenGL 
provided by Silencer (www.gamedevgp.wordpress.com). This 
model fits with our haptic device (see next section). Although, 
there is some modification to the 3D arm model, we manage to 
adjust the model based on the measurement of Phantom Omni 
devices. We use angle rotation to control the 3D arm model 
movement. The base joint will rotate the arm to the horizontal 
position, and the other two will manage the vertical and depth of 
the coordinate position. 

FFiigguurree 44.. TTeelleeooppeerraattiioonn pprroottoottyyppee ppiiccttuurree 
To simulate multiple delays across the network, we also 

employ network simulator application to create multiple time 
delays for our experiment. The network simulator should have 
many capabilities, including simulate time delay, buffering data 
packet, simulate packet loss, and add some jitter from client to 
server. To compare the accuracy and performance of the system, 
we will use three different sets of tests to measure the result. Three 
different sets have different time delay without including any 
packet loss and jitter. We do not include package loss because it 
will cause a problem in video transmission since it depends on a 
sequential data packet. However, the haptic data transmission is 
not affected if the number of packets loss is minimal. 

3.2 Haptic Device 
3.2.1 Haptic Device Overview 

Haptic devices are the state of the art devices that are 
already sold commercially in many different forms, ranging from 
gamepad for leisure purposes to Sigma devices for research and 
robotic controller. The haptic technology incorporates a mixture 
of force and touch feedback. These technologies allows the user 
to interact with a virtual environment using haptic interface. 
Samur has a deep review about applying haptic devices with 
current research and application [8]. Furthermore, he also studied 
psychological behavior when human use haptic interfaces to 
control remote devices without being in situ. Haptic devices could 
be categorized by the number of mechanical systems working 
independently to determine state position, usually called Degree 
of Freedom (DOF). The more DOF it has, then the more versatile 
the device is to complete a particular function. 

Haptic devices with 6-DOF are the most widely used 
for research, such as Phantom Omni by Sensable, Novint Falcon 
by Bovint Technologies and Omega by Force Dimension. We use 
Phantom Omni as the controller for this project. By implementing 
haptic function, we can measure the position and contact forces 
to the operator’s hands. Furthermore, we could also capture and 
display the controlled object’s position to the user. 
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FFiigguurree 55.. PPhhaannttoomm OOmmnnii bbyy SSeennssiibbllee [[2200]] 

Phantom Omni has 6-DOF manipulation angle. Each of 
its rotational angle operates independently. Figure 5 shows all 
angle provided by the device. Three angle from Ɵ1 to Ɵ3 gives 
translational movement on x, y and z-axis. The other three angles 
(Ɵ4, Ɵ5 and Ɵ6) provides rotational movement of pointing point. 
We only use translational movement for predicting method, 
because we only predict the movement of robotic arm model 
based on x, y and z-axis.    

3.2.2 Haptic Device Kinematics 
The first step to determine haptic kinematic systems is 

to find forward kinematic of the haptic devices. Forward 
kinematic describe the position and orientation of a location of 
the pointing device on Phantom Omni. System states can be 
obtained on Cartesian coordinate or radian coordinate. The initial 
position of angles Ɵ1, Ɵ2 and Ɵ3 are (0,0,0) and the Cartesian 
position is given as (0, L3 – L2, L1 – L4). Here L1 and L2 are the 
measurement of the length of the arm between angles in Phantom 
Omni Devices.  

The relationship between Ɵ1 as the angle and 
coordinate x and y could be explained better if we look from the 
top side of devices (Figure. 6). 
From figure 6, Ɵ1 can be expressed as: 

θ = −2(,  + 4)                               (1) 
Figure 7 shows the kinematic forward from the side of the device.  
It shows the relationship between the distance of pointing 
coordinate to the base of Phantom Omni and the high over angles 
Ɵ3. The vertical axis shows the height from the base of Phantom 
Omni (Y coordinate) and the horizontal axis shows the distance 
from the base (X or Z coordinate). 
From figure 7, before calculating value Ɵ2 and Ɵ3, we should 
calculate β and γ angle first. Angle β could be obtained by: 

R =  +  ( +  )
 = 2( − , )                                 (2) 

Then, we solve γ angle by applying cosines function to the 
triangle built by point P0, P1 and P2: 

FFiigguurree 66.. TToopp vviieeww ooff PPhhaannttoomm OOmmnnii MMooddeell [[2200]] 

FFiigguurree 77.. SSiiddee vviieeww ooff PPhhaannttoomm OOmmnnii MMooddeell [[2200]] 

     r      =  +  ( +  ) +  ( − )

          =  +   − 2()
cos()   =      


≡  

⋮
        = 2 1 −  ,             

   (3) 

With the result of γ, we can calculate value of Ɵ2 as: 
θ =   +      (4)

Next step is to calculate Ɵ3, first we need to figure the value of 
α. The law of cosine is applied again to triangle P0, P1 and P2 

          =  +   − 2()
cos()   =      


≡  

⋮
        = 2 1 −  ,             

 (5)

With the result of α, we can calculate value of Ɵ3 as: 
θ = θ +   +  

   (6)
The inverse kinematics can be obtained by applying 

Denavit-Hartenberg conversion on the angle manipulator. In this 
convention, coordinate axis calculated using transformational 
matrix. Overall, the inverse kinematics matrix can be expressed 
as: 

 = −θ(θ + θ)
 = −θ + θ + 
 = θθ + θθ − 

        (7)

, where  
L1 = 133.35 mm (length from Ɵ2 to Ɵ3) 
L2 = 133.35 mm (length from Ɵ3 to Ɵ5(Phantom pen)) 
L3  = 23.35   mm (offset between the original and first joint on y) 
L4  = 168.35 mm (offset between the original and first joint on z) 
L1, L2, L3 and L4 obtained by measuring Phantom Omni. 
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FFiigguurree 88.. SSeeqquueennttiiaall EEssttiimmaattiioonn iinn KKFFAA 

4. Theory 
4.1 Kalman Filter Algorithm (KFA) 

In 1960, Rudolf Kalman and Richard Bucy introduced 
their filter algorithm that gives a recursive solution to the problem 
with discrete-data linear filtering. Kalman Filter is based on 
Bayesian optimum solution to sequentially predict the states of 
dynamic change in the system and measure the current situation 
to update the system parameters. The implementation of KFA 
today is ubiquitous, such as in navigation systems and for object 
tracking. Furthermore, with all the advances in digital computing, 
KFA has been applied for diverse applications, particularly on 
tracking and navigation systems. 

The Kalman filter algorithm is a core algorithm for 
predictive analysis to track and predict the movements of objects.  
KFA takes measurement data from the noisy environment as its 
input and produce a prediction of a state variable. This prediction 
state is more accurate compared to input data. In this filter, the 
estimation process is calculated with a weighted average named 
Kalman gain. Kalman gain decides which measurement should 
be trusted between the prediction state and observation state. 
KFA then repeats the prediction state and update state over time, 
and the filter utilizes previous information to calculate a new 
prediction. 

Initially, KFA is a linear filter based on hidden Markov 
model and uses a series of observation data in a system as inputs 
to calculate estimations of system states recursively over time. 
However, in reality, most problems are not linear. A modified 
version of KFA is used by linearizing all nonlinear model to 
comply with KFA. Extended Kalman Filter uses a derivative of a 
nonlinear equation to make it linear, thus making it applicable. 
Another KFA to compute nonlinear model is Unscented Kalman 
Filter (UKF). UKF uses a set of sampled point to measure the 
mean and covariance along the progress.  

FFiigguurree 99.. EExxaammppllee ooff KKFFAA ffoorr mmeeaann aanndd ccoovvaarriiaannccee iinn aaccttuuaall ssaammpplliinngg,, EEKKFF 
aanndd UUKKFF [[2222]]..

4.1.1 Extended Kalman Filter Algorithm (EKF) 
When the model state and measurement equation are 

nonlinear and Gaussian, the Extended Kalman might be 
employed to solve the problem. The EKF provides minimum 
variance estimation based on information from observation data 
and composes it into prediction state and update measurement 
cycle in EKF algorithm [1]. Nonlinear systems are mostly 
encountered when applying Kalman Filter in a real application. 
For example, in navigation systems and for tracking an object. 
Extended KFA uses linearization method to make a linear 
function at a given period of the periodic function. It means, in 
extended KFA differentiable function is applied to make a 
calculation on a partial curve. The smoothness of the prediction 
process depends on time variance used to observe the next state, 
where the less time we need, the smoother curve we could yield 
as the result. The state model for Extended KFA usually written 
as: 

 = () + 
 = ℎ() +  

   (8) 

Where 
 =  ℝ →  ℝ  state transition function 
ℎ =  ℝ →  ℝ measurement function 
 = Gaussian process noise  
 = Gaussian measurement noise 
 Extended KFA still use the same principle as Linear 
KFA, and it uses the same recursive estimator system by 
calculating mean and covariance based on prediction and update 
state. The differences are in Extended KFA, the () and ℎ()
are nonlinear systems, such as sine functions. Furthermore, to 
make linearization of the equation, we need to make it 
differentiable to all nonlinear function as Jacobian matrices. The 
equation of Jacobian matrices is described as follows: 
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ℱ =  


|
=  




1
1

⋯ 1


⋮ ⋱ ⋮

1

⋯ 








|

  (9) 

ℋ =  


|
=  



ℎ1
1

⋯ ℎ1


⋮ ⋱ ⋮
ℎ
1

⋯ ℎ







|

  (10) 

 Overall, the Extended Kalman filter algorithm given 
by Kovvali, N., Banavar, M. and Spanias, A [9] shows two steps 
of the equation to calculate mean and covariance. 

1. Calculate the prediction state 
| = (|)                                             (11) 
|  = ℱ|ℱ +     (12) 

2. Compute the estimation of state  based on update 
state 
 = ℋ|ℋ +      (13) 
 = |ℋ    (14) 
| = | +  (  − ℎ(|))  (15) 
|   = (1 − ℋ)|                               (16) 

 Although Extended KFA provides superior prediction 
on a nonlinear system, the linearization need more time to 
compute depending on the number of parameters we use on the 
model. The more parameter we use, the longer time and resource 
required to figure the Jacobian matrices. Furthermore, the 
linearization can produce several errors, and if it is used 
extensively for predicting, it could cause the system to be highly 
unstable and it might also affect the final result. 

4.1.2 Unscented Kalman Filter Algorithm (UKF) 
Just like EKF, UKF is also designed to solve a problem 

in a nonlinear system. But instead of using derivative to make 
linearization function, UKF uses a set of sample points called 
sigma point and propagate it through nonlinear systems. The filter 
then calculates the true means and covariance of sigma points to 
determine the current state of the systems. The UKF algorithm 
approaches do not use any derivative; thus the Jacobian function 
is not needed for this filter. 

In the initialization phase, we need to calculate the 
weight to calculate the priory state and error covariance. We can 
use Haykin method to calculate weights for the systems [3], it is 
described as:   

     = ( + ) −                 
ω

() = 


ω
() = 

 + (1 −  + )
ω

() = ω
() = 

() ,  = 1~2

    (17) 

Where α is a spreading coefficient for sigma points, β represents 
the distribution of the previous state, n is the number of variables 
we use on the model and λ is a scaling parameter. Base on Haykin, 
the optimal parameter of β is 2 and κ = 3 – n if the state fulfills 
Gaussian distribution. For different distribution, a different value 
of α, β and κ could be set manually to fit the system. 
 UKF filtering has similar phases as EKF, the prediction 
phase and update phase. However, it has different steps because 
we use a sampling method on the UKF called Unscented 
Transform (UT) which is based on sigma points. The number of 
sigma point usually determines how much time are needed for 
computation in UKF filtering. 

The first step in prediction phase is to calculate the 
sigma points required for the model. The size of sigma points 
based on Grewal and Anders is 2n + 1 [2]. The sigma points are 
calculated from the error covariance of the model. Haykin 
describes the equation as: 

() = ,  = 0                                                
() =  + ( + )


,  = 1~          

() =  − ( + )


,  =  + 1~2
  (18) 

Where  is the state vector at time n – 1.
The next step is to propagate sigma point through the 

state function equation. It could be a linear equation or nonlinear 
equation. The state equation described as:

()(| − 1) = , ()( − 1| − 1)
 = 0, … , 2 (19)

The priori of estimate state (| − 1) and the priori of error 
covariance matrix P(t|t − 1) are computed by obtaining the 
weighted sum of the sigma point. 

 − 1 = ∑ ω2=0  − 1
Ptt − 1 = ∑ ω2=0  − 1 −  − 1

 − 1 −  − 1
 + 

(20) 

Where U is the matrix of noise state covariance. Equations 18 to 
20 are the basic algorithm for prediction phase. We use this step 
to predict future state, the number of iterations to be done is based 
on how many prediction we want to make on the model. 
 The second step in UKF is update process. In this 
update process, we update the covariance and actual state based 
on observation we got from the model. The first step on this 
process is to propagate the sigma points (| − 1) using the 
measurement model to obtain the prediction 
measurement ()(t|t − 1): 

()(t|t − 1) = ℎ ()(| − 1) (21)

Then we use weight from eq. 17 the measurement (| − 1)
can be calculated: 

(| − 1) = ∑ ω() ()(| − 1) (22)
Before compute the posteriori state (|), we need to calculate 
covariance matrix for measurement state () and cross 
covariance matrix between prediction and measurement state 
()): 
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 = ∑ ω() ()(| − 1) − ()(| − 1)
           ()(| − 1) − ()(| − 1) + 

 = ∑ ω() ()(| − 1) − ̅()(| − 1)
()(| − 1) − ()(| − 1)

(23)
Where the matrix W is the matrix of measurement noise 
covariance. 
Then the Kalman gain is calculated by: 

K(t) = 
 (24)

And the posteriori state (|) can be computed using 
measurement value that is obtained from observation to the 
system as: 

(|) = (| − 1) + ()M() − () (25)
The final step before going back to prediction step is to calculate 
the posteriori of covariance matrix Pt|t : 

P(t|t) = P(t|t − 1) − K(t)() (26)
Overall, UKF is a method for calculating the statistics 

of a random parameter using several sample point and propagate 
all the sample point using transform equation. After the 
propagation, UKF then computes transformation mean and 
covariance, and also calculates the Kalman gain to update state 
estimate with the measurement from observation data. 

5. System Implementation  
5.1.1 System Approach 

To control the 3D arm model, we need to set the angle 
value in each joint. The angle value is calculated using KFA. The 
filter integrates dynamic change on the arm model based on the 
changes in the haptic devices position. In this process, haptic 
devices give a measurement coordinate to the filter and then it 
estimates the angles on each joint to send to the 3D arm model. 
We believe by estimating future data, we create another noise as 
predicted data, and thus we need a smoothing function to make it 
more reliable when building a prototype. The predicted data is 
similar to a noise because we utilize predicting phase as many 
times as the amount of times prediction step are needed by the 
system. It will make the system lacking of an update phase, as 
general Kalman filter needs the recursive process. However, the 
predicted data will be used for our prototype to control the model 
from the master side using haptic devices. The result generated 
by the systems will be analyzed on chapter 4. 

5.1.2 Dynamic Model 
The dynamic model for the prototype depends on the 

capability on the 3D model and the Phantom Omni device. To 
control 3D model, we need to set up angle value on each joint so 
that the robot arm model could move around. Based on these 
facts, we proposed a state model based on rotational velocity. In 
this model, we calculate the angle and relative velocity of each 
joint. The formula for rotational velocity can be described as: 

 =  +   + 
 

 =   +                    (27)

Where Ɵ is the angle of the joint, ω is the angular speed and α is 
the acceleration of the model. 
Based on equation 27, the state transition formula for our model 
could be described as: 

f
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θ, + , ∙ ∆ + ∙∆
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, + ∆ ∙ 
, + ∆ ∙  










(28)

Because we only use a 3D model for our prototype, we 
can ignore α. We assume, in the 3D model, there are no other 
force that can impact the state of model movement, for example 
gravity which is not simulated in the 3D model. However, if we 
use real robot arm we need to calculate outside factor into the state 
model, such as drag and gravity force. The equation 28 could be 
simplified to the matrix below: 

f
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1 0 0 ∆ 0 0
0 1 0 0 ∆ 0
0 0 1 0 0 ∆
0 0 0 1 0 0
0 0 0 0 1 0
0 0 0 0 0 1 
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(29) 

For EKF we need to calculate the derivative of state 
transition. The Jacobian matrix from state transition is the 
derivative of equation 28. Based on the state of the 
matrices, the Jacobian matrix will be the same as state 
translation matrix, so ℱ()  ≡ (). 
 For measurement transition, we could use the 
inverse kinematics method to transform angle to coordinate 
position. We can use equation 7 to translate the angle input 
from state prediction and compare it with the measurement 
from Phantom Omni devices. Based on equation 7, the 
measurement state is: 

h 
θ,
θ,
θ,

 = 
−θ(θ + θ)

−θ + θ + 
θθ + θθ − 

(30) 

The Jacobian matrix from measurement transition could be 
described as: 

ℋ() =  


= 
−θ(θ + −θ) θθ −θθ

0 θ θ
−θ(θ + θ) −θθ θθ



(31)
The next parameter we need to define is noise matrix 

for state function and measurement function. For state translation, 
we can assume there are no major differences from the 3D model 
because there is no obstruction or physical defect to the model 
that might impact model movement. However, we still consider 
that there might be speed noises caused by problems in the 
network that might impact the KFA calculation. For the 
measurement noise, we can get the value from the manual on 
Phantom Omni devices. Overall the noise matrix is described as: 
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 =






0 0 0
0 0 0
0 0 0
1 0 0
0 1 0
0 0 1






,           = 

1 0 0
0 1 0
0 0 1

  (32) 

Since we know the initial position of the devices, then 
we can set initial covariance as eye matrix. The initial position of 
f(0) are (0,-65,-88,0,0,0) and h(0) are (0, 15, -21). The initial 
covariance P0 is set to: 

 =






1 0 0 0 0 0
0 1 0 0 0 0
0 0 1 0 0 0
0 0 0 1 0 0
0 0 0 0 1 0
0 0 0 0 0 1







(33) 

Now, all the required parameters are set. The last step 
is to put all these parameters into the KFA formulas in order to 
obtain the estimated states. Based on the estimated states and the 
previous measurement data, the N-steps future movement state on 
each of the joints θ, θ, θ can be calculated out according to the 
prediction phase by looping the formula N times.

5.1.3 Smoothing Phase 
As mentioned on the system approach, after applying 

the Kalman filter algorithm, the N prediction data are similar to a 
noise if we put them directly in the coordinate system. If we 
implement these data to the movement of the robotic arm model, 
it will cause shaking effect on the arm which will significantly 
reduce the accuracy and robustness of the visual information. 
Therefore, an additional step is necessary– data smoothing. In this 
case, Savitzky-Golay filter is used. This filter can be applied to a 
set of random coordination data, then fit a cubic curve based on 
these data to achieve the effect of smoothing and eliminate the 
shaking effect. The particular smoothing formula is as follows 
(for smoothing a five-point data set):

 = 
 (−3 ∙  + 12 ∙   + 17 ∙  +    

12 ∙  − 3 ∙ ) (34)

In figure 10, blue line represents Kalman estimate 
position; red point represent sensor reading and green line shows 
predicted path. Figure 10 shows the graph of state estimation on 
N iteration without using smoothing. It shows the prediction state 
curve is resembling a noise compared to Kalman estimate 
position. Hence, we need to apply a smoothing filter to make it 
more reliable and accurate when predicting future data. 

6. Experiment Result 
6.1.1 Result Assumption and Experiment Procedure 

The following results and discussions are based on error 
analytics and statistics when estimating the future state of haptic 
devices. By definition, an error is a difference between predicted 
value and the real value of the prototype model. This thesis 
inspects the accuracy and performance of EKF and UKF to 
estimate future state. The accuracy calculates how close a 
prediction result is to the true value of the current state.  

FFiigguurree 1100.. IIlllluussttrraatteedd pprreeddiiccttiioonn rreessuullttss oonn NN iitteerraattiioonn

Performance measurement computes the time needed for each 
prediction process for estimating future state.

The error value is acquired by comparing predicted 
state with the current state. The true state needs to shift forward 
before we compare with the prediction state because the 
prediction state will compute first before the true state emerge. 
Hence, we need to move the current state by several frames based 
on the delay time. In this prototype, we assume several parameters 
to make it easier to compute the shifting frame: 

 Video decoding time per frame:  average 170 ms. 
 Standard movie framerate [15] : 24 fps 
 Base on standard frame rate, 1 frame every 41 ms. 
 Frameshifting without delay = 180 / 41 ~ 5 frames. 

Also, we assume the movement speed as follows: 
 Low speed: Max 20 degree / second. 
 Medium Speed: Max 90 degree / second. 
 High speed: Max 180 degree /second. 

We also define the interaction for the user when operating 
the system. The interaction will make sure all experiment have 
the same action, and the result will be gathered for the next 
process. The order of the interaction is described as: 

 The initial position of haptic is on the pen inlet in the 
Phantom Omni. 

 User takes the pen and move the pen to the left to grab the 
object. 

 User move the object to the right side and place the object 
inside black square area (detail on figure. 12.(a)). 

 User moves the pen to the initial area. 
Based on inverse kinematic of Phantom Omni as 

described in equation 7, one-degree of deviation equals to 3 mm 
difference between model arm and haptic device in 3D spaces. 
Therefore, to capture the object inside the model, the maximum 
difference from the object must be less than 10 mm. Thus, to 
make a better interaction the maximum differences should not 
exceed 3.3 degrees for estimation value and real value. In this 
thesis, I assume to provide an accurate interaction the system 
should fulfill: 

 Average Error < 3.3 degrees. 
 Lower percentage error. 
 Lower range of error and incline to the lowest error 

value. 
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FFiigguurree 1111.. EExxppeerriimmeenntt rreessuulltt wwiitthh nnoorrmmaall ssppeeeedd,, ((aa)) ssttaattee pprreeddiiccttiioonn oonn 
tthhee sseerrvveerr ssiiddee wwiitthh 3300 mmss llaatteennccyy,, ((bb)) rreeaall ssttaattee oonn tthhee cclliieenntt ssiiddee wwiitthh 3300 
mmss llaatteennccyy 

FFiigguurree 1122.. EExxppeerriimmeenntt rreessuulltt wwiitthh nnoorrmmaall ssppeeeedd,, ((aa)) ssttaattee pprreeddiiccttiioonn oonn tthhee 
sseerrvveerr ssiiddee wwiitthh 220000 mmss llaatteennccyy aanndd ((bb)) rreeaall ssttaattee oonn tthhee cclliieenntt ssiiddee wwiitthh 
220000 mmss llaatteennccyy sseettttiinngg.. 

Based on the assumptions and the interactions above, we 
devise the experiment with a different situation. Table 1 shows 
the setting of each experiment and Table 2 shows the number of 
frames needed to shift for comparison. Additional two frames are 
added for smoothing function. 

TTaabbllee 11.. TTeessttiinngg SScchheemmee 
 Haptic Speed 

Low Medium High 
System 
Latency 

30 ms   
200 ms   
400 ms   

 
TTaabbllee 22.. AAmmoouunntt ooff SShhiifftteedd FFrraammeess 

Haptic Speed 
Low Medium High 

5 + 2 Frames 10 + 2 Frames 15 + 2 Frames 

 The experimental result from the prototype is shown in 
figures 11 and 12. Figure 11(a) and 11(b) displays slight 
differences between the state model on the client and remote side. 
The mean error from this experiment is one degree. Figure 12(a) 
and 12(b) displays distinct differences between the state model on 
the client and the remote side. The mean error from this 
experiment is five degree. From the experiment result, it is 
obvious that the experiment shown in figure 11(a) and 11(b) have 
better result compared to the others.  

FFiigguurree 1133.. EExxppeerriimmeenntt rreessuulltt wwiitthh 3300 mmss llaatteennccyy aanndd llooww ssppeeeedd,, ((aa)) TThhee 
ggrraapphh ooff rreeaall ddaattaa aanndd KKFFAA vvaalluuee oonn ƟƟ11 aannggllee aanndd ((bb)) TThhee eerrrroorr ddiissttrriibbuuttiioonn 
ggrraapphh.. 
6.1.2 Interaction Effectiveness 

To examine the state effectiveness prediction for 
teleoperation system, a comparison of experiment result base on 
the testing scheme has been done and gathered. For the first 
experiment, figure 13, 14 and 15 shows the movement data on 
angle Ɵ1 based on time in milliseconds and the error distribution 
shows the differences between real data and estimated data after 
shifting. In this part, we use 30 ms latency as the base latency, 
and the experiment is done with different speed. 

Based on figure 13.(a), 14.(a) and 15.(a), the smoothing 
function benefits the prototype by reducing the shaking problem, 
and it is the most effective when the movement speed is low. It 
shows clearly on the peak curve and the bottom curve of the 
graph. The results show EKF_Smooth and UKF_Smooth provide 
more stable curve compared to EKF and UKF lines. However, if 
we utilize fast movement, the smoothing performance result is 
almost the same with the filtering result. It is shown in figure 
15.(a). Table 3 shows a detailed comparison statistics between 
each experiment using the same latency and different movement 
velocity, which includes Mean Absolute Error (MEA), Range, 
Skewness and Symmetric Mean Absolute Percentage Error 
(SMAPE). 
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FFiigguurree 1144.. EExxppeerriimmeenntt rreessuulltt wwiitthh 3300 mmss llaatteennccyy aanndd mmeeddiiuumm ssppeeeedd,, ((aa)) TThhee 
ggrraapphh ooff rreeaall ddaattaa aanndd KKFFAA vvaalluuee oonn ƟƟ11 aannggllee aanndd ((bb)) TThhee eerrrroorr ddiissttrriibbuuttiioonn 
ggrraapphh.. 

The MAE value shows the average error deviation 
between the haptic position and the robot arm position in the 3D 
spaces. The Range value shows the variation error occur during 
the experiment. Lower MAE and range value is preferred in this 
experiment, because it more accurate to control the remote model. 
The SMAPE shows the number of error that might occur from the 
prototype when using KFA as estimator method. The good value 
for SMAPE is below 10%.  The skewness value is calculated by 
computing mean, median and standard deviation value to measure 
the error distribution inclination from the average value. In this 
experiment, the positive skewness is preferable because the 
majority value would be smaller error compared to the mean 
value.  

Based on Table 3, the acceptable MAE is obtained from 
the experiment with low and medium speed. On the higher speed, 
the MAE value is beyond 5 degrees which negatively impact the 
accuracy. On the medium speed, the skewness value between 
EKF and UKF shows significant differences. Positive value is 
desirable to increase the system performance, therefore the EKF 
method is preferable than UKF method. 

 

 
FFiigguurree 1155.. EExxppeerriimmeenntt rreessuulltt wwiitthh 3300 mmss llaatteennccyy aanndd ffaasstt ssppeeeedd,, ((aa)) TThhee 
ggrraapphh ooff rreeaall ddaattaa aanndd KKFFAA vvaalluuee oonn ƟƟ11 aannggllee aanndd ((bb)) TThhee eerrrroorr ddiissttrriibbuuttiioonn 
ggrraapphh.. 

TTaabbllee 33.. EEssttiimmaattiioonn ddiiffffeerreenncceess bbeettwweeeenn KKFFAA aanndd rreeaall ddaattaa wwiitthh 
ddiiffffeerreenntt mmoovveemmeenntt vveelloocciittyy 
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FFiigguurree 1166.. EExxppeerriimmeenntt rreessuulltt wwiitthh 220000 mmss llaatteennccyy aanndd mmeeddiiuumm ssppeeeedd,, ((aa)) 
TThhee ggrraapphh ooff rreeaall ddaattaa aanndd KKFFAA vvaalluuee oonn ƟƟ11 aannggllee aanndd ((bb)) TThhee eerrrroorr 
ddiissttrriibbuuttiioonn ggrraapphh.. 

The most interesting part is all SMAPE value shows a 
high probability of error. The high value could mean that this 
method is not ideal to predict the future state. However, if we look 
closely at figure 13, 14 and 15 then it is clear that KFA could 
reduce the error value and probability. In this experiment, the 
EKF function has a better accuracy to predict future state 
compared to the UKF. It shows that the EKF value has a better 
value compared to UKF almost in every part, except SMAPE 
value on 30 ms and low velocity setting. The smoothing function 
in this statistics shows little difference, it only reduces a fraction 
point of mean error and percentage error. However, it helps 
greatly to increase arm stability on the server side as shown in 
figure 13, 14 and 15.  
 In the first experiment, KFA could improve the 
teleoperation system on 30 ms delay if the operator moves the 
controller at low and medium velocity. However, the UKF filter 
on medium speed could show a poor result, since the MAE is 
almost at the boundary and the Skewness value is negative. 
Therefore, from the first experiment, the EKF method predict the 
future step more accurate compared to UKF method. 

 
FFiigguurree 1177.. EExxppeerriimmeenntt rreessuulltt wwiitthh 440000 mmss llaatteennccyy aanndd mmeeddiiuumm ssppeeeedd,, ((aa)) 
TThhee ggrraapphh ooff rreeaall ddaattaa aanndd KKFFAA vvaalluuee oonn ƟƟ11 aannggllee aanndd ((bb)) TThhee eerrrroorr 
ddiissttrriibbuuttiioonn ggrraapphh.. 

In the second experiment, figure 14, 16 and 17 shows 
the movement data on angle Ɵ1 based on time in milliseconds and 
the error distribution. These figures show the differences between 
real data and estimate data when operating teleoperation system. 
In this part, the velocity is set at medium with different latency. 
We choose normal speed because the user usually will move the 
controller at normal speed when moving to the target object and 
will decelerate when near the object.  
 Figure 16.(a) and 17.(a) show bigger differences 
between estimation and real data comparing to figure 14.(a). The 
maximum error is achieved due to decelerated speed when the 
operator changes direction when controlling the Phantom Omni. 
The error distribution shows that shorter latency would have 
decreased the range of error between estimated data and real data. 
High error value would make the operator harder to control the 
arm movement precisely, because the arm will move further than 
the actual arm location, and thus will reduce the experience when 
controlling the teleoperation system. This experience might be 
equal with a teleoperation system with no prediction system 
because the prediction state has huge error margin that 
deteriorates teleoperation accuracy. 
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TTaabbllee 44.. EEssttiimmaattiioonn ddiiffffeerreenncceess bbeettwweeeenn KKFFAA aanndd rreeaall ddaattaa wwiitthh 
ddiiffffeerreenntt llaatteennccyy 

 
From Table 4, we can ignore the experiment based on 

400 ms latency and 200 ms latency. The result with 400 ms 
latency has the highest MAE on all KFA filter and highest value 
of SMAPE. It is hard to control the teleoperation system under 
this setting because it gives shaking effect to the arm model and 
the prediction data has massive mean error value. Similarly, the 
result with 200 ms is not acceptable for teleoperation systems 
because of the MAE value is higher than 3.3 degree despite the 
lower value of SMAPE.   

In the second experiment, the only result acceptable for 
teleoperation system is only on 30 ms latency and medium 
velocity setting. However, the UKF result is still not suitable if 
we look at skewness parameter. The UKF error distribution has a 
tendency to lean to higher MAE value. Therefore, it should be 
considered not acceptable for further usage. 
 Comparing the result from the two experiments above, 
the most acceptable latency and velocity for predicting method 
using KFA is the experiment using 30 ms time delay with 
movements that vary from low to medium velocity. Based on the 
statistics in Table 3 and Table 4, the most suitable method for 
predicting is by utilizing EKF algorithm. The smoothing 
algorithm could complement EKF algorithm flawlessly by 
reducing shaking effect when operator move slowly to grab the 
object. Furthermore, the smoothing process makes the system 
more reliable when controlling the teleoperation prototype. 

6.1.3 System Performance 
 To measure the system performance, the average time 
needed for calculating the prediction method have been gathered 
during the experiment. Table 5 shows the time needed for each 
process to predict the future state. It shows EKF need less time to 
compute each prediction process compared to UKF. In 30 ms 
delay, the time for UKF is almost eight times longer than EKF. 
Furthermore, when longer latency is applied to the system, the 
difference grow higher. EKF is faster because it only uses a single 
point to propagate when estimating the future state, while UKF 
propagates all the sample point as sigma point and calculate the 
mean to determine the future state. On longer latency, more time 
will be needed to compute the estimation state because a single 
predicting process will only estimate single prediction. As shown 
in 200 ms and 400 ms latency, the system needs more time to 
compute the result compared to 20 ms delay. 

TTaabbllee 55.. AAvveerraaggee TTiimmee ffoorr eeaacchh EEssttiimmaattiioonn PPrroocceessss 

Overall, both set of experiments demonstrates that 
movement velocity and latency could impact the accuracy and 
performance of the teleoperation prototype. Based on the result 
above, the most accurate method to predict the future state is to 
use EKF plus smoothing function. Furthermore, EKF has better 
performance when computing the prediction step. However, there 
are some limitations on the implementation, which is the 
prediction method only works on a particular condition, like how 
in this experiment, we use 30 ms latency setting with velocity 
varied from low to medium speed. 

7. Discussion 
The objective of this thesis was to study the possibility 

to reduce the latency occur in teleoperation system. In this study, 
Kalman filter was applied to predicting future haptic state to 
eliminate the time delay. Based on the result section, the best 
method to reduce the latency is by using EKF filtering with a 
smoothing function. However, there is some limitation on the 
value of latency and the velocity restriction. In this experiment, 
the acceptable prediction achieved by the system is up to 7 state 
estimation. It means the system could subdue the latency until 280 
ms before deducted with system process. This thesis also found 
the speed limitation for the prototype teleoperation, an acceptable 
value for velocity is from low to medium speed. 

One of the possible implementation of remote 
teleoperation system is to build telesurgery to enable a surgeon to 
do surgery from a remote location. To date, most discussion of 
sustainable telesurgery has revolved around the force-feedback 
and time delay. In remote surgery, surgeons need to be able to 
sense a pressure without directly touching the tools. Also, this 
system is very sensitive to a latency that presents in the data 
network. To increase the sustainability of telesurgery, the system 
should have an ability to monitor and to override the system if 
some of the parameter is exceeded expected value. For example, 
the telesurgery system should monitor the latency closely on the 
network and give some warning to the surgeon if the latency value 
increase above acceptable value and possibility to halt the system 
if the problem is rising to the dangerous level. Furthermore, the 
telesurgery system should monitor and control the speed 
movement for the robotic arm, it should measure the velocity of 
robot arm during the operation, and give a warning sign if their 
speed is above the limit allowed in the telesurgery system. 
Additional capability to increase the sustainability for telesurgery 
is to implement human tissue recognition system, so it can help 
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the surgeon to distinguish certain organ on a human body and 
increase the awareness when dissecting the patients. 

The implementation of teleoperation sometimes meets 
a challenge when deploying in the real world. We could take some 
example on telesurgery system. It has been suggested that the use 
of telesurgery has a tendency to dehumanize persons when they 
operate some robotic devices from remote places.  According to 
Van Wynsberghe and Gastmans approach in ethics, the important 
factor for the medical approach is to have meaningful interaction 
between a physician and a patient as a human person [23]. 
Furthermore, by recognizing human presence is an absolute factor 
to build trust between a doctor and a patient. To solve this 
problem, Van Wynsberghe and Gastmans propose two models 
when deploying telesurgery. First is to make a distance surgeon 
as a member of a team when doing surgery. By implementing this, 
the patient and the on-site surgeon could communicate 
extensively and build trust through patient-doctor relationship. 
Furthermore, the on-site surgeon could supervise and help the 
remote surgeon during the process. Additionally, the on-site 
surgeon could act as an alternative surgeon if anything happens 
with the telesurgery system. Second is to make a distance surgeon 
as a sole surgeon when doing surgery. This method is not 
encouraged unless there is a critical situation that makes this 
method used as the countermeasure, such as military endeavor 
and space travel. Overall the most potential role in implementing 
telesurgery is to increase the trust by building the relationship 
between patient and surgeon. It is also important to define and 
share the responsibility between the on-site surgeon and remote 
surgeon. 

8. Conclusion and Future Work 
In this paper, we have implemented KFA for estimation 

based on predicting future state for teleoperation system. The 
approach used in this thesis is by utilizing the predicting method 
in KFA to overcome latency problem on the data network. 
Network latency is known to impede the operator to control 
remote object in teleoperation systems, which is indicated by 
increased number of difficulties to grab a certain object on the 
model and longer time to accomplish the objective. The 
predicting method proposed in this thesis demonstrate the 
effectiveness for estimating future state on a certain degree. 

The simulation is done using client-server application 
which utilizes 3D arm model, Phantom Omni and a network 
simulation where we can simulate network problems, such as 
packet delay, packet loss and jitter. With this setting, we can 
simulate a teleoperation system and analyze the effect of KFA to 
predict future state to overcome network problem. According to 
the result, EKF method and smoothing function demonstrate 
optimal result under 30 ms latency setting and movement velocity 
from low to medium speed. However, there are many 
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improvements that could be made to extend the possibilities of 
predicting haptic state for teleoperation system. 

The first improvement that could be made is by 
enhancing the computer system for client and server. One of the 
bigger problems in our system is the time needed to both decode 
and encode the video stream. With current settings, the system 
can only predict to up to 7 prediction steps at maximum; any more 
than that and the prediction result could be hampered. According 
to Moore’s law, the power of computing will double every two 
years; we are sure that in the future, computing power will be fast 
enough for the system to be able to cover a broader area.  

The second improvement is to improve video codec 
system. In this prototype, we implement H.264 codec built by 
FFmpeg, using the default setting. If we could optimize the 
configuration to reduce processing time, it could improve our 
prototype. There is a tradeoff for the video encoding system, 
where the smaller packet size it produces, and the longer time it 
is needed to encode and decode the stream data. Until the end of 
the thesis, we could not manage to find the optimum FFmpeg 
setting for our prototype system. 

Another improvement for optimizing our prototype is 
to improve our kinematics model for prediction method. The 
kinematic model performance developed in the prototype is based 
on the mechanical model of rotational velocity. We believe there 
is a sophisticated model that consider the human behavior when 
controlling teleoperation system to create better prediction 
system. However, this assumption might not be correct for this 
case, because with the increasing number of variables to estimate 
the future state, the more time needed for the computational 
process. Further research is required to see whether the model of 
human behavior could be implemented in KFA system to predict 
the future state. We presume predicting future data is more 
feasible compared to utilizing network devices to eliminate 
latency. Finally, our project result showed that KFA could subdue 
latency problem on the particular condition. 
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