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ABSTRACT 
 

This work is to investigate the performance of two Kalman Filter Algorithms, namely Linear Kalman 

Filter and Extended Kalman Filter on control-based human motion prediction in a real-time teleoperation. 

The Kalman Filter Algorithm has been widely used in research areas of motion tracking and GPS-

navigation. However, the potential of human motion prediction by utilizing this algorithm is rarely being 

mentioned. Combine with the known issue - the delay issue in today’s teleoperation services, the author 

decided to build a prototype of simple teleoperation model based on the Kalman Filter Algorithm with 

the aim of eliminated the unsynchronization between the user’s inputs and the visual frames, where all 

the data were transferred over the network. In the first part of the thesis, two types of Kalman Filter 

Algorithm are applied on the prototype to predict the movement of the robotic arm based on the user’s 

motion applied on a Haptic Device. The comparisons in performance among the Kalman Filters have 

also been focused. In the second part, the thesis focuses on optimizing the motion prediction which based 

on the results of Kalman filtering by using the smoothing algorithm. The last part of the thesis examines 

the limitation of the prototype, such as how much the delays are accepted and how fast the movement 

speed of the Phantom Haptic can be, to still be able to obtain reasonable predations with acceptable error 

rate. 

 

The results show that the Extended Kalman Filter has achieved more advantages in motion prediction 

than the Linear Kalman Filter during the experiments. The unsynchronization issue has been effectively 

improved by applying the Kalman Filter Algorithm on both state and measurement models when the 

latency is set to below 200 milliseconds. The additional smoothing algorithm further increases the 

accuracy. More important, it also solves shaking issue on the visual frames on robotic arm which is 

caused by the wavy property of the Kalman Filter Algorithm. Furthermore, the optimization method 

effectively synchronizes the timing when robotic arm touches the interactable object in the prediction.  

 

The method which is utilized in this research can be a good reference for the future researches in control-

based human motion tracking and prediction.  
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ABSTRAKT 

 

Detta arbete fokuserar på att undersöka prestandan hos två Kalman Filter Algoritmer, nämligen Linear 

Kalman Filter och Extended Kalman Filter som används i realtids uppskattningar av kontrollbaserad 

mänsklig rörelse i teleoperationen. Dessa Kalman Filter Algoritmer har används i stor utsträckning 

forskningsområden i rörelsespårning och GPS-navigering. Emellertid är potentialen i uppskattning av 

mänsklig rörelse genom att utnyttja denna algoritm sällan nämnas. Genom att kombinera med det kända 

problemet – fördröjningsproblem i dagens teleoperation tjänster beslutar författaren att bygga en prototyp 

av en enkel teleoperation modell vilket är baserad på Kalman Filter algoritmen i syftet att eliminera icke-

synkronisering mellan användarens inmatningssignaler och visuella information, där alla data överfördes 

via nätverket. I den första delen av avhandlingen appliceras både Kalman Filter Algoritmer på prototypen 

för att uppskatta rörelsen av robotarmen baserat på användarens rörelse som anbringas på en haptik enhet. 

Jämförelserna i prestandan bland de Kalman Filter Algoritmerna har också fokuserats. I den andra delen 

fokuserar avhandlingen på att optimera uppskattningar av rörelsen som baserat på resultaten av Kalman-

filtrering med hjälp av en utjämningsalgoritm. Den sista delen av avhandlingen undersökes begräsning 

av prototypen, som till exempel hur mycket fördröjningar accepteras och hur snabbt den haptik enheten 

kan vara, för att kunna erhålla skäliga uppskattningar med acceptabel felfrekvens.  

 

Resultaten visar att den Extended Kalman Filter har bättre prestandan i rörelse uppskattningarna än den 

Linear Kalman Filter under experimenten. Det icke-synkroniseringsproblemet har förbättrats genom att 

tillämpa de Kalman Filter Algoritmerna på både statliga och värderingsmodeller när latensen är inställd 

på under 200 millisekunder. Den extra utjämningsalgoritmen ökar ytterligare noggrannheten. Denna 

algoritm löser också det skakande problem hos de visuella bilder på robotarmen som orsakas av den 

vågiga egenskapen hos Kalman Filter Algoritmen. Dessutom effektivt synkroniserar den 

optimeringsmetoden tidpunkten när robotarmen berör objekten i uppskattningarna.  

 

Den metod som används i denna forskning kan vara en god referens för framtida undersökningar i 

kontrollbaserad rörelse- spåning och uppskattning.  
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1. INTRODUCTION 

In the past few years, the hardware development in media service has reached a new height, for instance, the wireless 

transmission speed has reached globally 15 Mbit per second in average for normal 4G network users [1]; the CPU:s 

become more and more powerful, and the storage devices can already be used to store terabytes of data. 

Simultaneously however, the size of these devices are becoming smaller. Consequently, the innovation of hardware 

technology makes a large wave of media products appearing in the media market and the speed of product updating 

becomes more and faster. Among the users, the expectations and requirements for these products become 

increasingly higher.  

Against this background, it is not hard to detect that the focus of future development of media services has gradually 

changed from hardware development to user-friendly product design. Interaction and telepresence are two 

representative features among today’s media products. However, these two features rarely appear on same product 

or service. For the most of the media products in the market today, the interactions between users and these products 

have to take place in the same physical room other than over the network due to the delay issue. This issue will cause 

the unsynchronization on human-motion-based interaction which affects the user experience in different aspects, 

such as visual, auditory and tactile. In result, the accuracy and the fluency in these services are completely unable to 

meet the expectations. This will greatly affect the interactive experience for the users in telepresence services. To be 

worth mentioning, humans are very sensitive to the delays. In a deployment guide by Cisco, Inc. [11], it stated that 

“250ms–350ms is the threshold at which the human mind will begin to perceive latency—and become annoyed by 

it.” For some specific products, for instance, the Virtual Reality gear, the acceptable latency is different. To achieve 

an acceptable VR experience, the latency should maintain below 60 milliseconds or less. For imperceptible level, 20 

milliseconds are the maximum [12]. Furthermore, some of the services which are very sensitive to the delays cannot 

even be realized, for instance, teleoperation in medical services. In these services, zero-delay visual information is 

required.  

Most of the technologies which invented so far focus on reducing the latencies by improving the video compression 

technologies and reducing video processing time [6][7]. The latency issue will exist until a solution from another 

approach is proposed – human motion prediction. There are many kinds of prediction algorithms excited, for instance, 

Lagrangian Polynomials, Eulerien Lagrangian, 2nd Order Taylor Expansions, Particle Filter, Wiener Filter Grid-

based Filter and Multiple Model Adaptive Estimation [15]. However, the key algorithm in this paper is chosen to be 

Kalman Filter Algorithm (KFA) (Chapter 2.1) due to that the KFA has better performance in estimations than other 

algorithms and it can fit in variety of practical cases [20]. Many researchers have utilized this algorithm as the choice 

of prediction method in different researches [8][9][10].  

There are two main categories in human motion tracking and prediction with the KFA, one is called non-control 

based human motion tracking, for instance, facial expressions [4][5][17] (Chapter 2.1). In this category, the main 

focus has been put on achieving the high accuracy in motion tracking, and the accuracy is the basis for the motion 

prediction. Another category is called control-based human motion tracking and prediction in which control devices 

have been utilized. In this category, the human motion is converted into series of signals by the control devices, these 

signals will be further used to control a certain object (Chapter 2.2). The human motion prediction used in 

teleoperation and other similar services are based on the latter one. However, the applyment and researches of the 

KFA are rarely connected to these services to eliminate the delays. 

Besides, based on the system motion models, different types of KFA have been chosen. The Linear Kalman Filter 

(LKF) is suitable for linear motion model [4]. While in estimating the non-linear motion, Extended Kalman Filter 

(EKF) and Unscented Kalman Filter (UKF) are better choice [18][19]. In some cases, the system motion model is 
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possible to be expressed in both linear and non-linear equation. However, there are not many comparative researches 

today in studying and comparing the performance (accuracy and efficiency) between linear and non-linear Kalman 

Filter on same model. 

Therefore, the solution of control-based human motion prediction used in teleoperation is presented in this paper. A 

prototype of a simple teleoperation model (Chapter 3.1) will be built. Two different types of KFA (LKF and EKF) 

are going to be applied on this model for both testing and analyzing the performance and limitation for each of the 

KFA (Chapter 4.1). The data obtained from the prototype can be useful for future studies and analysis for similar 

media products. Furthermore, the method can be expanded and modified to improve the user experiences in different 

future services, such as remote teleoperation, video conferences and online virtual reality game.  
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2. RELATED RESEARCH 

2.1 Non-control Based Human Motion Tracking   

The basis for the human motion prediction is to grasp the motion state and location information of the target object. 

It is usually done by different methods of motion tracking mechanism. There are two categories of applyment in 

movement tracking. One is called non-control based human motion tracking, a typical example: facial motion 

tracking. In this type of tracking, there are not any clues available to let you know the next movement of the human 

motion. And the protagonist behind such movements are usually be the humans themselves. The tracking can only 

be performed on image level. In some early researches on the facial motion tracking [4][5][17], the tracking process 

can be summarized as following steps: 

1) Detect the edge of the tracked object and remove unnecessary visual information on the image, for instance, 

background.   

2) Highlight all the important features with sets of point on the tracked object. In facial expressions, the points are 

set on eyebrows, eyes, nose and mouth (Figure 1) 

3) Tracking the real-time movements of these feature points with chosen tracking algorithms, mainly with KFA. 

These processes require some extra computational time, but the accuracy of tracking result has been effective ensured 

with KFA in these researches. It lays a solid foundation for the further researches in object movement prediction. 

 

 

 

2.2 Control-based Human Motion Tracking and Prediction 

Another category in human motion tracking is called control-based motion tracking and prediction. The human 

motion in this category is used to control a certain object by sending the signals to this object with control devices. 

Give a few example: use joystick to control the virtual character in computer game; use remote controller to control 

robotic arm to perform certain actions. In these cases, the tracking can be made without the needs of image processing, 

since the input data can be easily obtained by converting the human motion with the aid of control devices instead 

of from the image. The KFA can be applied directly on these input data in order to either recreate the predicted-

images based on the estimated results or be used in other purposes.  

In the paper “Perception-based Compression of Haptic … Using Kalman Filters” [22], authors applied the KFA on 

prediction-based deadband transmission of 3D haptic data and successfully achieve a reduction of packet rate in 

network transmission. This research showed the convenience and potential of direct applyment of KFA on the input 

data. It is able to significantly reduces the overall processing time. 

 

2.3 Comparative Research on Different Types of Kalman Filter Algorithm 

There are some earlier comparative researches among different types of KFA. For instance, in “A Comparison of … 

Quaternion Motion” [21], the authors use a hybrid tracking device to track the head and hand motion in a VR 

Figure 1. Facial motion tracking 

 

. 
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application. Then these captured tracking datasets were respectively applied with EKF and UKF to compare the 

performance between these two algorithm. The result showed that both UKF and EKF had achieved the same 

accuracy, but UKF had more computational complexity which made the EKF a better choice in that case. Same 

results had been also obtained in other researches [23][25]. However, there are also some exceptions [24], where 

UKF had better overall performance than EKF. Especially when the state motion model is very complicated. Besides, 

in all these researches, the comparisons had only performed on different KFA in real-time motion tracking or state 

estimation. None of these had done the comparative researches in motion predictions. Furthermore, similar 

comparative researches on performances of different KFA in different degrees of network latencies had not been 

made neither. 

 

2.4 Contribution 

In conclusion, the early researches have shown that the applyment of KFA on motion tracking was already quite 

mature. The high accuracy of estimations had been guaranteed. In the scene of the teleoperation, the input data can 

be obtained from the control devices which simplified the complexity of implementation of KFA. Besides, the 

performance on different types of KFA varies from case to case. In most of the cases, EKF has lower computational 

complexity than UKF and the accuracy has not been affected. To fit the proposal of this paper – eliminate the delay 

in teleoperation, faster and more efficient algorithm is preferred. Therefore, the EKF is better choice in this paper as 

the algorithm in motion prediction on non-linear motion model. In addition, it is also necessary to perform a 

comparative study on both KFA in motion prediction under different environment settings based on the prototype.  
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3. THEORY AND METHOD 

3.1 Description of the Prototype   

The proposal for building the prototype is for testing and comparing the performances of the KFA in different types, 

namely Linear Kalman Filter and Extended Kalman Filter on human motion prediction. 

Specifically, this prototype is simulating a scenario of zero-delay remote teleoperation with a Google Cardboard, a 

3D virtual robotic arm model and a Phantom Omni Haptic Device (hereinafter referred to as “Phantom Haptic”) 

(Figure 2). It combines several technologies within the HCI domain such as motion prediction, virtual reality and 

haptics. As the figure shows, the whole flow chat is in circle form. A camera is being used to capture the real-time 

environment of the room. The 3D model of robotic arm which made by the Open Graphics Library (OpenGL) is 

embedded into the frames of the environment. These captured frames are encoded with H.265 (High Efficiency 

Video Coding, HEVC) using FFmpeg on a server to efficiently reduce the size of the frames. The data of all these 

frames are then be transferred to another computer (client) in real-time with User Data Protocol (UDP). A software, 

Network Emulator for Windows Toolkit, has been used between these two computers so that the delays are manually 

simulated over the network. Then the frames are decoded on the client computer. After applied the Radial distortion 

and Stereoscopy on these frames, the frames are streamed on a webpage with Hypertext Transfer Protocol (HTTP). 

The user is able to see these real-time frames from a smartphone which was hold by the Google Cardboard.  

The user is allowed to wear the Google Cardboard and use the Phantom Haptic to control the robotic arm on the 

server side to do some simple operations, for instance, catch/release the virtual objects. This process can be 

accomplished by sending the input data obtained from the Phantom Haptic to the server. Naturally, the KFA is 

applied here on these input data to make prediction so that the robotic arm is able to react and perform the correct 

operations on the server side, followed by the visual frames are synchronized when they have been transferred back 

to the client before the user is able to see it in the Google Cardboard. 

 

 

 

3.2 Phantom Omni Haptic Device 

The equipment chosen for control the robotic arm is Phantom Omni Haptic Device. A toolkit called OpenHaptics 

supports the Phantom Haptic which enables the operator interface between Phantom Haptic and controllable objects. 

Figure 2. Flow chart of the prototype 

 

. 
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These objects can be both virtual and real. The Phantom Haptic allows real-time programming and it supports 

application designs in C/C++.  

 

 

 

In Figure 3, the most of readable device variables on Phantom device are shown, such as rotation angles on joints 

and the 3-D coordinate values correspond to position of the Phantom’s nib [14]. These variables are obtainable by 

using the OpenHaptics API and they can be used to control the movement of robotic arm in real-time. On the other 

hands, the Phantom Haptic is able to provide feedbacks to users as well, for instance, resistance force on any of the 

joints, or a vibration on the Phantom pen can be given to the user when a certain condition is reached. The feedback 

is an important feature when the Phantom Haptic is used in teleoperation. It will give user the direct tactile sensation, 

since the sense of touch is as important as the visual experience in the  teleoperation. The user is able to immediate 

react to the tactile feedback, which is faster and more accurate than the visual information on the screen.  

 

 

 

The virtual robotic arm in the prototype has three joints (Figure 4). Each of these joints is controlled by the 

correspond joints on Phantom Haptic (Figure 3), namely joint 1 on virtual robotic arm is corresponding to the rotation 

Figure 4. The virtual robotic arm in the prototype 

 

. 

 

 

Figure 3. Phantom Omni Haptic Devices and its readable 

device variables 

 

. 
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1 on phantom Haptic, 2 ↔ rotation 2, 3 ↔ rotation 3. 4 in the figure refers to the claw which is used to perform grab-

and-release actions. These actions are respectively controlled by the two buttons on the Phantom pen. When the craw 

touches the surface of the object (colors balls and boxes in the figure), a feedback will send to the Phantom Haptic, 

user will immediately feel a vibration. 

 

3.3 The Two Types of Kalman Filter Algorithms applied to the Physical Model 

of the Prototype 

3.3.1 Introduction of Kalman Filter Algorithm (KFA) 

Today the Kalman Filter Algorithm is the most popular and precise algorithm to handle the motion tracking process.  

This algorithm was found by Rudolf Emil Kalman in 1960 [2][3]. The Kalman filter is based on the hidden Markov 

model (HMM) (Figure 5), it uses a series of observation data in a system as inputs to recursively calculate the optimal 

estimation of the system states over time. In most of the practical cases, the observation data are impacted by the 

system noises. It is impossible to accurately calculate system state variables with these data due to that the errors in 

both describing movement state of object and data obtained from the measurement instruments cannot be avoided. 

Instead, the state variables can only be estimated or predicted. The filter is used to reduce the effect of noises which 

makes that the system state variables after the filtering’s process are usually closer to the real system states than the 

observation ones. In most of the motion models, the movement states and the measurement can be expressed in form 

of zero-mean Gaussian distributions, and the Kalman filter is used to combine these two distributions in order to 

obtain the estimate value which can be used to approximately describe the real motion state of the object (Figure 6). 

The Kalman Filter is widely used in many areas since it was developed, for instance, object-tracking in radar system, 

robot localization, and GPS navigation.  

 

 

 

 

 

Figure 5. Representing Kalman filter in HMM model 

. 

 

 

Figure 6. Combine movement states and measurements in 

form of Gaussian distributions by using the Kalman Filter 

Algorithm 

 

. 
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3.3.2 The Linear Kalman Filter Algorithm Applied on the Physical Model 

The Linear Kalman Filter Algorithm is the basic one among all variety of Kalman filter algorithms. Basically, the 

Linear Kalman filtering can be regarded as the process of projecting the state variables by the measurement 

(observation) variables in the linear space [2]. These variables can be described in mathematical equations:  

S(t + 1) = 𝐴 ∙ 𝑆(𝑡) + 𝐵 ∙ 𝑈(𝑡) + 𝜏 ∙ 𝑊(𝑡)                                                                                          (1) 

M(t) = 𝐶 ∙ 𝑆(𝑡) + 𝑉(𝑡)                                                                                                                           (2) 

Equation (1) is called state equation. In this equation, the system state at time t is defined as  𝑆(𝑡), each state S 

includes an m x 1  mean vector Ŝ ; 𝑈(𝑡) is known input vector at time t; 𝑊(𝑡)  is unknown zero mean white 

measurement noise with covariance U, in which the probability distribution for w is N(0, U); 𝐴 is called state 

transition matrix while 𝐵 is control matrix; 𝜏 is noise driving matrix.  

The system state model 𝑆(𝑡) in the prototype describes the angle changes in each of the joints on Phantom Haptic. 

Focus on one of the joints, the following parameters are obtainable and have been used in building the state model: 

S(0): Initial value of angle θ 

v(t): Velocity in angle change at time t 

a(t): Acceleration of angle change at time t 

Combine formula (1) with the prototype model in this paper, the state equation which fit the prototype is: 

S [
θ𝑡+1

θ̂𝑡+1
] = [

1 ∆𝑡
0 1

] ∙ 𝑆 [
θ𝑡

θ̂𝑡
] + [

∆𝑡2

2
∆𝑡

] ∙ 𝑎(𝑡) +  𝑊(𝑡)                                                                        (3) 

Since the model describes a state of linearly angle change, the acceleration 𝑎(𝑡) is set to zero. And 𝑊(𝑡) =

[
1 0
0 0.01

], this is based on the reasonable assumption according to the prototype.  

Equation (2) is referring to measurement equation. 𝑉(𝑡) is unknown zero mean white measurement noise with 

known covariance R, which has the probability distribution N(0, R). In the prototype,  𝑉(𝑡) = 1, which is according 

to the manual of Phantom Haptic; C is measurement matrix. The measurement data in the prototype can be obtained 

directly from the Phantom Haptic by calling the correspond function with OpenHaptics API. 

The goal for the Kalman filter is to predict the measurement M at time t+1, if the current time is t. This predicted 

measurement M(t + 1)  is associated to all the previous observed measurement M(0)…M(t)  and the expected 

state  S(t + 1) . After the filtering process, M(t + 1)  becomes observed measurement, which can be used for 

predicting the measurement at time t + 2. The whole Kalman filter process is therefore recursive, which can be 

divided into five steps: 

Step 1: Predict the next state    

Ŝ(t + 1|t) = 𝐴 ∙  Ŝ(𝑡|𝑡)                                                                                                                   (4) 

Step 2: Update the state  

Ŝ(t + 1|t + 1) =   Ŝ(𝑡 + 1|𝑡) + 𝐾(𝑡 + 1) ∙ [𝑀(𝑡 + 1) − 𝐶 ∙ Ŝ(𝑡 + 1|𝑡)]                           (5) 

Step 3: Calculate the Kalman gain K(t + 1) 

K(t + 1) = 𝑃(𝑡 + 1|𝑡) ∙ 𝐶𝑇 ∙ [𝐶 ∙ 𝑃(𝑡 + 1|𝑡) ∙ 𝐶𝑇 + 𝑊]−1                                                    (6) 



9 

 

Step 4: Predict the covariance matrix P(t + 1|t) 

P(t + 1|t) = 𝐴 ∙ 𝑃(𝑡|𝑡) ∙  𝐴𝑇 + 𝜏𝑈𝜏𝑇                                                                                         (7) 

The initial convenience which fit the prototype is set to 𝑃(𝑡|𝑡) = [
1 0
0 1

], since the initial angle on the haptic is 

known and the error is depending on the slightly angle change in velocity. 

Step 5: Update the covariance matrix 

P(t + 1|t + 1) = [𝐼𝑛 − 𝐾(𝑡 + 1) ∙ 𝐶] ∙ 𝑃(𝑡 + 1|𝑡)                                                                (8) 

In object tracking, the measurement data are received constantly from measurement instruments. At the same time 

the Kalman Filter is applied on these data, which updates the corrected movement of object in real-time. However, 

the motion prediction with the Kalman Filter which fit the prototype is slightly different, since the predicted 

movements are ahead of time which means there will not be any updates on the measurement data. The prediction 

is based on the same measurement from previous state (Figure 7). For predicting N steps movement state, θ̂(𝑡 + 𝑁), 

loop the formula (3) N times. (N is based on the degree of the delays. More specific, N =
delay(in ms)

40 ms
, since each 

frame is equal to 40 milliseconds) 

 

 

 

3.3.3 The Extended Kalman Filter Algorithm Applied to the Physical Model 

The Linear Kalman Filter is able to make the best estimate of the target state in linear Gaussian model. However, in 

actual system, there is usually a different degree of nonlinearities in state or measurement models. Thus, the discrete 

nonlinear dynamic equations of the model are different than they are in LKF: 

S(t + 1) = 𝑓[𝑡, 𝑆(𝑡)] + 𝜏 ∙ 𝑊(𝑡)                                                                                                           (9) 

M(t) = ℎ[𝑡, 𝑆(𝑡)] + 𝑉(𝑡)                                                                                                                     (10) 

One of the algorithms which can handle this nonlinear state model is Extended Kalman Filter Algorithm. The 

Extended Kalman Filter Algorithm is based on the Linear Kalman Filter Algorithm. The differences are that the 

Extended Kalman Filter Algorithm converts the nonlinear functions 𝑓[𝑡, 𝑆(𝑡)] and ℎ[𝑡, 𝑆(𝑡)] into Taylor series. By 

Figure 7. Applyment of Kalman filter in movement 

prediction (HMM model) 

 

. 
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doing this, all the second order terms and above are discarded [13]. In result, the nonlinear model is transformed to 

an approximate linear model for further state update and estimation by the Kalman filter. 

The complete set of recursive functions of Extended Kalman Filter Algorithm are as follows:  

Step 1: Predict the next state    

Ŝ(t + 1|t) = 𝑓(Ŝ(𝑡|𝑡))                                                                                                                                   (11) 

Step 2: Update the state  

Ŝ(t + 1|t + 1) =   Ŝ(𝑡 + 1|𝑡) + 𝐾(𝑡 + 1) ∙ [𝑀(𝑡 + 1) − 𝐶(𝑡 + 1|𝑡)]                                               (12) 

Step 3: Calculate the Kalman gain K(t + 1) 

K(t + 1) = 𝑃(𝑡 + 1|𝑡) ∙ 𝐶𝑇(𝑡 + 1|𝑡) ∙ [𝐶(𝑡 + 1|𝑡) ∙ 𝑃(𝑡 + 1|𝑡) ∙ 𝐶𝑇(𝑡 + 1|𝑡) + 𝑊(t + 1)]−1  (13) 

Step 4: Predict the covariance matrix P(t + 1|t) 

P(t + 1|t) = 𝐴(𝑡 + 1|𝑡) ∙ 𝑃(𝑡|𝑡) ∙  𝐴𝑇(𝑡 + 1|𝑡) + 𝜏𝑈𝜏𝑇                                                                      (14) 

Step 5: Update the covariance matrix 

P(t + 1|t + 1) = [𝐼𝑛 − 𝐾(𝑡 + 1) ∙ 𝐶(𝑡 + 1|𝑡)] ∙ 𝑃(𝑡 + 1|𝑡)                                                               (15) 

After the linearization, both the state transition matrix 𝐴(𝑡 + 1|𝑡)  and measurement matrix 𝐶(𝑡 + 1|𝑡)  are 

substituted by the Jacobian matrices 𝑓 and ℎ. Assume that the state variable S is n-dimensional, which can be written 

as: 

S = [𝑠1 𝑠2 …𝑠𝑛]                                                                                                                                            (16) 

Obtain the Jacobian matrices: 

𝐴(𝑡 + 1|𝑡) =  
𝜕𝑓

𝜕𝑆
=

[
 
 
 
 
𝜕𝑓1
𝜕𝑠1

⋯
𝜕𝑓1
𝜕𝑠𝑛

⋮ ⋱ ⋮
𝜕𝑓𝑛
𝜕𝑠1

⋯
𝜕𝑓𝑛
𝜕𝑠𝑛]

 
 
 
 

                                                                                                      (17) 

 

𝐶(𝑡 + 1|𝑡) =
𝜕ℎ

𝜕𝑆
=

[
 
 
 
 
𝜕ℎ1

𝜕𝑠1
⋯

𝜕ℎ1

𝜕𝑠𝑛

⋮ ⋱ ⋮
𝜕ℎ𝑛

𝜕𝑠1
⋯

𝜕ℎ𝑛

𝜕𝑠𝑛 ]
 
 
 
 

                                                                                                     (18) 

 

To apply the Extended Kalman Filter Algorithm on the prototype, either the state or the measurement equation need 

to be expressed in non-linear way. Based on the formula (9), the state equation with three joints angles [θ1 θ2 θ3] 

and their movement speed [θ̂1 θ̂2 θ̂3] can be expressed as: 

S(θ) =

[
 
 
 
 
 
 
θ1,𝑡

θ2,𝑡

θ3,𝑡

θ̂1,𝑡

θ̂2,𝑡

θ̂3,𝑡]
 
 
 
 
 
 

 =

[
 
 
 
 
 
 
 
 
 
 θ1,𝑡−1 + θ̂1,𝑡−1 ∙ ∆𝑡 +

𝑎1 ∙ ∆𝑡2

2

θ2,𝑡−1 + θ̂2,𝑡−1 ∙ ∆𝑡 +
𝑎2 ∙ ∆𝑡2

2

θ3,𝑡−1 + θ̂3,𝑡−1 ∙ ∆𝑡 +
𝑎3 ∙ ∆𝑡2

2
θ̂1,𝑡−1 + ∆𝑡 ∙ 𝑎1 + 𝑊1

θ̂2,𝑡−1 + ∆𝑡 ∙ 𝑎2 + 𝑊2

θ̂3,𝑡−1 + ∆𝑡 ∙ 𝑎3 + 𝑊3 ]
 
 
 
 
 
 
 
 
 
 

                                                                            (19) 
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In the measurement equation, the known measurements are x, y and z coordinate of the nib (Figure 3). These 

coordinates are related to the joints angles which can be expressed as: 

{

𝑥 = −𝑠𝑖𝑛θ1(𝐿2𝑠𝑖𝑛θ3 + 𝐿1𝑐𝑜𝑠θ2)
𝑦 = −𝐿2𝑐𝑜𝑠θ3 + 𝐿1𝑠𝑖𝑛θ2 + 𝑘𝑦

𝑧 = 𝐿2𝑐𝑜𝑠θ1𝑠𝑖𝑛θ3 + 𝐿1𝑐𝑜𝑠θ1𝑐𝑜𝑠θ2 + 𝑘𝑧

                                                                                         (20) 

where 𝐿1 = 133.35𝑚𝑚 which is the link length between joint 2 and joint 3 (Figure 3). 𝐿2 = 133.35𝑚𝑚 which is 

the link length between joint 3 and the Phantom pen. 𝑘𝑦 = 23.35mm and 𝑘𝑧 = −168.35mm, they are respectively 

corresponding to the transformation offset between the origin of the haptic and the first joint [14].  

The Jacobian matrices for both state (19) and measurement (20) equation becomes: 

𝐴(𝑡 + 1|𝑡) =  
𝜕𝑓

𝜕𝑆
=

[
 
 
 
 
 
1 0 0 ∆𝑡 0 0
0 1 0 0 ∆𝑡 0
0 0 1 0 0 ∆𝑡
0 0 0 1 0 0
0 0 0 0 1 0
0 0 0 0 0 1 ]

 
 
 
 
 

                                                                                 (21) 

𝐶(𝑡 + 1|𝑡) =
𝜕ℎ

𝜕𝑆
= [

−𝑐𝑜𝑠θ1(𝐿1𝑐𝑜𝑠θ2 + −𝐿2𝑠𝑖𝑛θ3) 𝐿1𝑠𝑖𝑛θ1𝑠𝑖𝑛θ2 −𝐿2𝑠𝑖𝑛θ1𝑐𝑜𝑠θ3

0 𝐿1𝑐𝑜𝑠θ2 𝐿2𝑠𝑖𝑛θ3

−𝑠𝑖𝑛θ1(𝐿1𝑐𝑜𝑠θ2 + 𝐿2𝑠𝑖𝑛θ3) −𝐿1𝑐𝑜𝑠θ1𝑠𝑖𝑛θ2 𝐿2𝑐𝑜𝑠θ1𝑐𝑜𝑠θ3

] (22) 

Based on the state model and the device error data written on the manual of the Phantom Haptic, the state and 

measurement noise W(t) and V(t) can be expressed as: 

W(t) =

[
 
 
 
 
 

1 0 0
0 1 0
0 0 1

0.01 0 0
0 0.01 0
0 0 0.01]

 
 
 
 
 

,               V(t) = [
1 0 0
0 1 0
0 0 1

]                                                             (23) 

The initial covariance 𝑃0 is set to: 

𝑃0 =

[
 
 
 
 
 
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]

 
 
 
 
 

                                                                                                                (24) 

At this moment, all the required parameters are sets. The last step is to put all these parameters into the formulas (11) 

to (15) 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 θ1, θ2, θ3 can be obtained according to the formula (19) by 

looping this formula N times.  

 

3.4 Optimization  

3.4.1 Optimization Based on Conscious Objective 

The prototype which has been built realizes the direct-control of virtual robotic arm with the Phantom Haptic. If user 

try to freely move the robotic arm, the movement prediction will be hard to optimize. The reason is obvious, which 

says that it is impossible to know the exact time the user will stop/accelerate/deaccelerate the arm in advance. 

However, the optimization is possible to be made in case the action which user makes are followed by conscious 
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objective. Specifically, as figure 4 shows, if user is consciously trying to control the robotic arm to catch a virtual 

object around the arm, both the acceleration/deceleration of the arm and the direction that the arm travels will be 

predictable based on the previous movement speed, position data and direction data. This process can be expressed 

as arm acceleration in discrete time and it can be broken down into four parts (Figure 8): 

(1) The speed of the robotic arm increases from starting point. 

(2) The speed of the robotic arm reaches its maximum, and then move forward at a constant speed. 

(3) The speed decreases when the arm gets closer to the object. 

(4) When the claw touches the surface of the interacted object, the speed turns to zero instantly. 

 

The most important part in the foregoing description is the part 3 and 4. Since during the teleoperation, it requires 

more accurate prediction in the moment when the arm touches the object. By achieving the accuracy, users are able 

to obtain the feedback in time. In order to obtain better accuracy, we need to know how much time it takes from the 

moment the velocity of arm starts to decrease until it has been reached zero. After performing some tests, the average 

time is set to 200 milliseconds which takes about 5 frames (1 frame = 40 milliseconds). Combine these factors with 

the state model, the practical procedure is as follows:  

a. At stating time 𝑡0, obtain the predicted angles in current state, θ𝑡=0 = [θ1,𝑡=0, θ2,𝑡=0, θ3,𝑡=0], then use formula 

set (20) to convert the angles into space coordinates, p𝑡=0 = [𝑥,𝑡=0, y,𝑡=0, z,𝑡=0. Next, calculate the coordinate 

distance between position of the arm and the target object p𝑡𝑎𝑟𝑔𝑒𝑡 = [x𝑡𝑎𝑟𝑔𝑒𝑡 , y𝑡𝑎𝑟𝑔𝑒𝑡, z𝑡𝑎𝑟𝑔𝑒𝑡]: 

𝑑0 = √(x𝑡𝑎𝑟𝑔𝑒𝑡 − 𝑥,𝑡=0)
2
+ (y𝑡𝑎𝑟𝑔𝑒𝑡 − 𝑦,𝑡=0)

2
+ (z𝑡𝑎𝑟𝑔𝑒𝑡 − 𝑧,𝑡=0)

2
                          (25) 

Compare this distance with a preset threshold distance which is proportional to the current movement speed of 

the arm, 𝑣0. 𝑣0 equals to 𝑑−1 − 𝑑0. Set 𝑑𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 = 3 ∙ 𝑣0. Loop step a. until 𝑑0 ≤ 𝑑𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑, which means the 

arm is very close to the target object. 

b. Use the Kalman filter algorithm to obtain the estimated angles in the next state, θ𝑡=1 = [θ1,𝑡=1, θ2,𝑡=1, θ3,𝑡=1]. 

Use the formula set (20) to obtain the coordination of the arm p𝑡=1 = [𝑥,𝑡=1, y,𝑡=1, z,𝑡=1]. Calculate the distance 

𝑑1and 𝑑2 (𝑑1 is the distance between p𝑡=1 and p𝑡𝑎𝑟𝑔𝑒𝑡, while 𝑑2 is the distance between p𝑡=1and p𝑡=0, also 

calculate the angle γ between p𝑡=1, p𝑡𝑎𝑟𝑔𝑒𝑡̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅  andp𝑡=0, p𝑡𝑎𝑟𝑔𝑒𝑡̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ . 

               γ = 𝑎𝑟𝑐𝑐𝑜𝑠 (
𝑑0

2+𝑑1
2−𝑑2

2

2∙𝑑0∙𝑑1
)                                                                                                    (26) 

c. Determine whether the Phantom Haptic is moving towards the target object by setting up a threshold value δ 

for the angle γ. 

Figure 8. Acceleration/Deceleration of the robotic arm 

 

. 
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 If δ does not exceed the threshold angle (±5° in our case), the optimization can be made. In the next 3 

frames, instead of obtaining the angles by the prediction method, the predicted angles will manually set to 

move from the current values towards to the angles where the target object is located. This will create a 

deceleration effect on the arm. 

 If δ is larger than the threshold angle (in this case the robotic arm is not moving towards the target object), 

perform the prediction as usual. After that, start the whole procedure from scratch, but at this time use the 

current time and angles as the input to calculate the new predicted angle. 

 

The motion prediction is based on the current state (position, and velocity). When the speed of arm suddenly 

increases/decreases, the accuracy of the prediction will be greatly affected. In conclusion, the optimization method 

set some external factors based on the model which is able to synchronize the occasion when the speed changes. In 

result, the accuracy will be better. 

 

3.4.2 Smoothing 

After applying the KFA, the result data are always like noise curves if we put them in line chart (blue curve in Figure 

10). If we directly use these data to create the visual frames of future motion on robotic arm, it will cause shaking-

effect on the arm which will greatly reduce the fluency and fidelity of the visual information. Therefore, an additional 

step is necessary to be performed – 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 in order to achieve the effect 

of smoothing and eliminate the shaking-effect (red curve in Figure 10) [16]. The specific formula is as follows (for 

smoothing a five-point data set): 

Figure 10. Data Smoothing by Savitzky-Golay filter  

 

. 

 

 

Figure 9. Angles in three-dimensional coordinate system 

 

. 
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𝐷𝑗 =
1

35
(−3 ∙ 𝑑𝑗−2 + 12 ∙ 𝑑𝑗−1 + 17 ∙ 𝑑𝑗 + 12 ∙ 𝑑𝑗+1 − 3 ∙ 𝑑𝑗+2)                                                                (27) 

where D is the data after the smoothing, and d refers to the data before smoothing.  

 

3.5 Method in Data Comparison 

The quantitative method will be used in results analysis and data comparison, where several sets of data for different 

types of the Kalman filter algorithm will be collected under the same environment setting with fixed network latency 

(40 milliseconds) for comparing the performance and stability based on the error rate for the method. Another 

comparison between the original perdition data and the data after the optimization will be made. Further on, more 

sets of data will be collected under different environment settings (200 milliseconds, 600 milliseconds; moving the 

arm with low (~5°/s), median(~15°/s) and high speed (~40°/s)) afterwards. By doing this, the comparisons 

among the data under different environment settings can be accomplished in order to find out the limitations in both 

the analyzed algorithms and the designed method. 
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4. RESULT ANALYSIS 

4.1 Comparative Study on LKF and EKF 

The performance of LKF and EKF have been tested in different environment settings according to Table 1.  

 Latency: 

40 ms. 

Latency: 

200 ms. 

Latency: 

600 ms. 

Arm speed: low LKF/EKF LKF/EKF LKF/EKF 

Arm speed: median LKF/EKF LKF/EKF - 

Arm speed: high LKF/EKF LKF/EKF - 

 

The Network Emulator for Windows Toolkit is used to manually create the delays between the server and client. 

Several sets of angle data are obtained by letting the user freely moving the haptic arm in a period of time. Both LKF 

and EKF are applied on these data for performing the motion prediction. The amount of the frames which need to 

be predicted is depending on the degree of the latencies and the processing time (Table 2). The processing time are 

including the time spent on KFA calculation (~1 millisecond for LKF and ~1.5 milliseconds for EKF), HEVC 

coding/decoding (~150 milliseconds) and robotic arm model construction (~50 milliseconds). It takes around 200 

milliseconds for each frame. The total delay equals to 200 milliseconds plus the actual network delay. 

 

 Latency: 

40 ms. 

Latency: 

200 ms. 

Latency: 

600 ms. 

Amt. predicted frames 6 10 20 

 

The diagram above shows the result of performing 

LKF and EKF on rotation angle 1 with 40 

milliseconds delay (400 sample points). This 

diagram shows that all three result lines are 

substantially overlap which means the prediction 

with either KFA is able to fulfill the basic 

accuracy requirement. In addition, this diagram 

also gives a good view of the shortage on the 

predicting method. The predicted data are not 

accurate (referring to few obvious spikes in the 

diagram) when the speed of the arm significantly 

changes as mentioned in the previous chapter 

(Chapter 3.4.1). However, other than that 

situation, both LKF and EKF are able to provide 

satisfied results. 

Table 1. Environment settings for the performance study 

on LKF and EKF 

 

 

. 

 

 

Diagram 1. Result of performing LKF and EKF on 

rotation angle 1 with 40 milliseconds delay 

 

. 

 

 

-60
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Rotation angle 1 - 40 ms. delay

Actual Data: Shifted with 6 frames
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Table 2. Amount of predicted frames required in different 

latency settings 

 

. 
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Following analysis method is used to compare and study the performance of LKF and EKF: 

 Mean absolute error (MAE), which is used to measure the overall error rate of the given algorithm: 

 

MAE =
1

𝑛
∑|𝑎𝑠 − 𝐾𝐹𝐴𝑠|

𝑛

𝑠=1

                                                               (28) 

where 𝑎𝑠 is the actual angle obtained from the Phantom Haptic, n the number of samples and 𝐾𝐹𝐴𝑠, the result of the 

KFA.  

 

 Root-mean-square error (RMSE), which is used to analyze the dispersion rate between the actual data and the 

predicted data (LKF and EKF): 

 

RMSE = √
∑ (�̅� − 𝑑𝑠)

2𝑛
𝑠=1

𝑛
                                                               (29) 

 

 

where �̅� is the mean of the error difference between actual data and data after applied with KFA. 𝑑𝑠 is the error 

difference in s:th sample between these two mentioned data. 

In order to obtain more accurate data, each experiment set lasts at least three minutes which contains 4500 × 3 sets 

of angle rotation data (each set includes: data of rotation angle 1, rotation angle 2 and rotation angle 3). Results are 

shown in table 3: 

 

 Latency:           

40 ms. 

Latency:        

200 ms. 

Latency:        

600 ms. 

LKF-MAE (°) 3.06 4.34 12.63 

EKF-MAE (°) 1.31 2.02 11.96 

LKF-RMSE (°) 1.40 2.97 10.97 

EKF-RMSE (°) 1.06 1.54 7.98 

 

 

 

 

The overall error rate on both LKF and EKF maintains at a satisfied level when the latency is below 200 milliseconds. 

However, when the latency has been reached 600 milliseconds, the result is not acceptable in the most of situations. 

Besides, according to the result, the EKF has better performance than LKF in all the experiment sets. The advantage 

in performance is not only reflected on the accuracy, but also on dispersion rate where the fluctuations of EKF is 

much less than LKF. 

Another MPE study on LKF and EKF is shown in Table 4 & 5, while different speeds of arm are applied: 

 

Table 3. MPE/RMSE study on LKF and EKF with 

different latencies.  

 

. 
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 Arm speed: 

low 

Arm speed: 

median 

Arm speed: 

high 

LKF-MAE (°) 3.06 4.55 7.02 

EKF-MAE (°) 1.31 4.24 6.78 

LKF-RMSE (°) 1.40 3.35 3.62 

EKF-RMSE (°) 1.06 2.73 3.02 

 

 Arm speed: 

low 

Arm speed: 

median 

Arm speed: 

high 

LKF-MAE (°) 4.34 5.25 10.87 

EKF-MAE (°) 2.02 3.11 9.98 

LKF-RMSE (°) 2.97 3.54 6.39 

EKF-RMSE (°) 1.54 1.76 5.88 

 

 

According to the result, the accuracy is proportional to the speed. Lower speed of the arm gives better accuracy and 

dispersion rate. Compare the result with table 3, the latencies give more influences on the accuracy than the 

movement speeds of the robotic arm. When the delay is under 200 milliseconds, the accuracy will be good if user 

move the arm with low or median speed. 

Figure 11. Set I: (left) Image with 200 ms. delay without 

applying the KFA.   

Set 2: (left) Image with 200 ms. delay and the KFA has 

been applied. (right) Image in real-state. 

 

. 

 

 

Table 4 & 5. MPE/RMSE study on LKF and EKF with 

different arm speeds. (Table 4 – 40 ms. delay; Table 5 -

200 ms. delay) 

 

. 
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Referring the results on image level (Figure 11) on the prototype, the unsynchronization which is caused by the 

delays has been greatly improved with the applyment of both LFK and EFK.  

  

4.2 Result of Applied Smoothing Algorithm and Method of Optimization on the 

KFA 

The smoothing algorithm is necessary to be implemented on the result. Since the result data in line chart look like 

noise curves (diagram 1) which make the predicted arm shaking in the real-time video presented in front of user. In 

order to study the accuracy of smoothed data, the MPE and RMSE has also been applied (Table 6 & 7): 

 

 Latency:           

40 ms. 

Latency:        

200 ms. 

Latency:        

600 ms. 

LKF-MAE (°) 1.36 2.42 6.99 

EKF-MAE (°) 1.20 1.85 6.42 

LKF-RMSE (°) 1.09 1.21 3.21 

EKF-RMSE (°) 0.87 1.02 2.76 

 

 Latency:           

40 ms. 

Latency:        

200 ms. 

Latency:        

600 ms. 

LKF-MAE (°) 2.02 2.98 8.02 

EKF-MAE (°) 1.75 2.55 7.45 

LKF-RMSE (°) 1.14 1.40 3.40 

EKF-RMSE (°) 1.01 1.28 2.96 

 

As the result shows, both the accuracy and the 

dispersion rate has been greatly improved after 

applied the smoothing algorithm on both LKF and 

EKF, especially in the experiment sets with 40 and 

200 ms. latency. The accuracy in 600 ms. latency 

has achieved a great advantage, but it is still not 

acceptable.  The result needs to be further 

improved. Moreover, the shaking-issue has been 

effectively controlled (Diagram 2) which make the 

real-time video more natural. 

 

 Diagram 2. Smoothing algorithm applied on the result 

. 
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Table 6 & 7. MPE/RMSE study on data after smoothing. 

(Table 6 – low movement speed of arm, Table 7 – median 

movement speed of arm) 

 

. 
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The method of optimization has been mentioned in Chapter 3.4.1. Three sets of data have been obtained by 

controlling the arm move towards the interactable object with different speed (low, median, high). Each set contains 

30 experiment results. The results measure the time difference between two feedback signals on the Phantom Haptic. 

One signal is recorded when the arm touches the target the object in real-state while another signal in motion 

prediction. Table 8 shows the result both with and without applying the optimization method.  

 

 Arm speed: 

low 

Arm speed: 

median 

Arm speed: 

high 

Optimization 

avg. time diff. 

(ms) 

24.34 104.59 529.83 

Without opt. 

avg. time diff. 

(ms) 

125.21 249.43 602.34 

 

The optimization method offers a great advantage in reducing the errors when the user tries to touch the target object 

with the robotic arm. Nearly 50% error differences have been eliminated in the first two experiment sets (low, median 

speed). However, the advantage is not so obvious when the user moves the arm with high speed due to the prediction 

accuracy is usually worse than it used to be in lower speed. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 8. Study of the optimization (200 ms. delay) 

 

. 
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5. CONCLUSION AND DISCUSSION 

This paper has focused on finding a method to eliminated the unsynchronization in control-based human motion 

prediction due to the delay issue in teleoperation. Two types of KFA has been applied on the prototype with different 

settings, for instance, different movement speeds of the robotic arm and different degrees of network latencies. Also, 

a smoothing algorithm and an optimization method has been used to improve the result of prediction.  

According to the result, the unsynchronization has been reduced to a satisfied level by combining the KFA with the 

smoothing method when the latency is below 200 milliseconds. The EKF has better performance than LKF in all the 

experiment sets. In detail, the average error on rotation angles on Phantom Haptic for EKF has been archived below 

1.20° while the latency is set to 40 milliseconds respectively 1.85° in 200 milliseconds’ delay. Besides, the most 

obvious errors in all sets are usually concentrated in the moment when the speed of arm significantly changes. This 

will always happen before the robotic arm touches the object. The optimization method effectively increases the 

accuracy in that situation during the experiments by manually implementing the deceleration effect on the arm. In 

addition, the movement speed of the robotic arm also affects the accuracy. In order to achieve acceptable result, the 

movement speed for the arm rotation should maintain under 15°/s. Even with applying both KFA and smoothing 

method, the accuracy is not able to be very effectively guaranteed when either the movement speed of arm is too 

high or the latency is over 200 milliseconds.  

Furthermore, the KFA describe a continuous predict-and-update process in time domain. It doesn’t require much 

space to store old data for calculation, which makes this algorithm suitable for real-time computing. Our prototype 

confirms this statement, the computational time for KFA is negligible compare with the time used on HEVC 

coding/decoding or image processing. These processing times cause the extra delays during the experiments which 

will further reduced the accuracy in the motion prediction. As mentioned, in our prototype, the prediction result is 

accurate when the total delay is below 400 milliseconds. The future work can be either improve the motion prediction 

method in the environment with high latency or further reduce the processing time on process the frames and 

encode/decode the video frames.  

From the perspective of sustainable development, this research focuses on developing the technologies in 

telepresence. In telepresence, people are allowed to do many kinds of things without presenting in the remote location, 

which will save a considerable amount of resources spending in transportation.  

In this paper, the potential of combining the telepresence technology with the Virtual Reality has also been 

mentioned. In the prototype, the VR glasses has been used to remotely receive the visual information. However, 

prolonged use of VR glasses can probably bring the health risks to the users, for instance, dizziness and visual fatigue. 

It is imperative to improve the VR technology in the nearest future.  
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