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ABSTRACT

With the increasing rate of the elderly and the promotion of life quality, service
robot and health care robot play important roles in our life and have huge market
potential. Modern people usually suffer shoulder and back pain because of the pressure
and irregular routine. Massage, a common way to alleviate the pain, can help people
relax as a therapy. If robots are able to be supplied for massage, it can solve the shortage
of medical human and promote the quality of therapy. In this thesis, we develop a
complete automated procedure on dual arm robot for shoulder and back massage
application. It contains using self-developed low-cost laser range finder (LRF) to
generate adaptive massage trajectory which is individual person specific and
implementing in-situ tissue stiffness estimation to make robot can figure out the
characteristics of patient’s soft tissue during massage. In pre-massage procedure, prior
researches often apply teach and play or user interface to generating massage trajectory
and these techniques are time-consuming and laborious. Here we use a 3D low-cost
LRF made by ourselves and existing morphing algorithm to find the trajectory of
shoulder and back massage. This LRF has the comparable performance as commercial
products and its cost is less than 10% of the cost of general products. We use the LRF to
scan human’s back and generate a 3D model. Then the standard model which has the
massage trajectory we decide in advance will be mapped on the model of human’s back
to generate the massage trajectory for different people with different size. The
experimental results demonstrate that the average distance error between the
acupressure points indicated by our method and the acupressure points defined by the
massage therapist is 1cm and our method can save more than half the time needed with
teach and play. During the massage, we add an in-situ tissue stiffness estimation. We

i
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use a 7 DoF arm to find the indentation-force curve of soft tissue and model the
characteristics of soft tissue as a tangent function. The wrists of the robot are equipped
with force/torque sensors which can detect the force between massage tools and the
patient. We take this force and the movement of robot manipulator as output and input
signals and apply the recursive modified least-squares algorithm with forgetting factor
to find the parameters of the function and estimate the hardness and thickness of tissue.
From simulation results, the algorithm can estimate the characteristics of soft tissue in
20s. In the experiment, the robot executes pressing massage on different subjects with
different body size and finds the characteristics of three types of soft tissues, which are
the tissue that covers bony area, hard muscle, and soft muscle. From experimental
results, it can estimate the characteristics of soft tissue in 1 minute. The estimation
results have the same trend as the model of soft tissue we build previously and have the
potential to be the judging criteria of body condition.

Keywords: dual arm robot, low-cost laser range finder, adaptive massage

trajectory generation, in-situ tissue stiffness estimation
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Chapter 1 Introduction

1.1 Motivation

Health care robots play important roles for humans with the rapid increase of the
elderly population and an acute shortage of nurses. They have huge potential for
improving quality of life by automating time-consuming and laborious medical
procedures. There are different types of health care robots that have been proposed such
as the nursing-care assistant robot RIBA [1], a mobility assistant robot [2], and the
domestic health assistant robot MAX [3]. Massage is a non-invasive and effective
therapy. It has lots of befits include pain relief, reduced trait anxiety and depression, and
temporarily reduced blood pressure and heart rate. However, it is time-consuming and
laborious. Therefore, robotics therapeutic massage is highly valued recently in the field
of health care robots which can provide more diversified massage techniques, has wider

workspace, and more closely meets the needs of users than a standard massage chair.

—

How should
| massage?

should
| start?

Fig. 1-1 The dual arm robot for massage application.

1
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The dual arm robot for massage application is shown in Fig. 1-1. It is developed
with three main topics (Fig. 1-2): massage trajectory planning, control strategy
implementation, and effectiveness evaluation. Several studies have focused on the latter
two parts. Huang et al. [4] [5] designed an anthropomorphic soft arm with integrated
elastic joints and considered its contact dynamics for promoting quality of massage.
Ando et al. [6] evaluated the relaxation effect of the head massage robot with bio signals.
Our previous works have also discussed the impedance control of the multi-finger robot
[7] and developed a robotics therapeutic massage evaluation system [8] [9] by using

electromyography (EMG) and electroencephalogram (EEG) signals.

Teach and Play

User Interface

Massage Trajectory Automated Planning

Planning Pressing

Cartesian Impedance
Control Strategy ontro

Implementation

Joint Impedance
Control

Effectiveness :
Evaluation Electromyography Tapping
Electroencephalogram

Fig. 1-2 The massage functions of the dual arm robot.

There have been papers discussing massage trajectory planning, but they often
generate the trajectories through teach and play or user interface. They are not an
automated process and unsuitable for different body shapes. It will cause a lot of

inconvenience and it puts the cart before the horse. Like real masseur, the robot needs to
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know “where” it should start to massage by itself. It should autonomously generate
suitable massage trajectory for different people. To solve this problem, sensor is
indispensable. However, sensor is another problem for robotics massage.

There are many sensors such as sonar, IR sensors, and Laser Range Finders (LRFs)
can be used, whereas LRFs have the higher potential than other sensors due to their
higher accuracy with fine angular and distance resolution and more dense distance
measurements. The stumbling block to using LRF in general applications is the cost.
The main reasons of the high cost are the optical components and the scanning mirrors
which are very fragile and expensive. Although many commercial products from
famous company such as SICK and Hokuyo (Fig. 1-3) have been fully developed, the
cost of them about several thousand US dollars still keeps them from common use.

Therefore, we have been finding a cheaper and more available way to make LRFs.

Fig. 1-3 The commercial LRF products. Left: SICK Right: Hokuyo
Although the robot can know where it needs to massage by sensors, it still needs to
know “how” it should massage. For general masseur, they can know what kind of soft
tissue they are massaging when they touch them and even can figure out the body
condition of patients. Then they will use this information to determine the massage

strategy such as massage duration and massage techniques. To provide patients more
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comfortable and friendlier service, robot should have the same ability as real masseur.
Therefore, how to interact with soft tissue becomes important issue for robotics
therapeutic massage. If we want the robot to achieve the goal, it needs to understand the
characteristics of soft tissue and estimate the characteristics of patient’s soft tissue
during massage. Other advantages of this ability are that the robot can adjust the control
strategies according to tissue stiffness to make the control system more stable and it is
able to evaluate the massage effectiveness by comparing the tissue stiffness before and
after the massage.

Sum up the above perspectives, there are two problems to be solved. First one is
make the robot autonomously generate adaptive massage trajectory by using not
expensive sensor. Second one is let the robot can figure out the characteristics of

patient’s soft tissue during massage.

1.2 Related Work

1.2.1 Massage Trajectory Planning

Teach and Play): Jones et al [10] developed a robotic system to provide basic
massage manipulations for medical therapy by employed a PUMA 562 robot. For
trajectory generation, the trajectory is generated based on 4 data at the patient’s left and
right shoulders and left and right points on the waist which are taught by masseur in
Cartesian space. In order to obtain desired Cartesian trajectory, they use inverse
kinematics and Jacobian matrix to get a desired sequence of joint positions and
velocities. King et al [11] developed a system making the robot autonomously perform
bed baths for patient hygiene. They acquired the spatial data of patients from a Hokuyo

laser range finder and created a selection interface. The operator can use mouse to select
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2 points and these 2 points will form the diagonal corners of a rectangular box which
the operator wants robot to clean. They evaluate the performance of the system by
making the robot remove a certain area of debris on human skin. The experimental
results show that the robot can remove 96% of the debris on 4 parts of the limbs. Lu et
al [12] designed a Chinese medical massage system which can record the acupressure
points of patients by affixing color labels on back. Although the masseur can teach the
robot the positon of acupressure points on human back, these points may be changed
during massage and the robot will touch the wrong place. To avoid that happening, they
affix the color labels on back as marks. When the robot executes massage, it can use
camera to check the position of acupressure points at any time. Peng et al [13] also
adopted similar method to record the acupressure points by recognizing the position of
the masseur’s finger.

Automated Massage Trajectory Planning): Wei et al [14] presented a foot
massage robot which can reproduce the expert techniques of Chinese massage. For
trajectory planning, they first measure the foot size to get patient’s pelma contours and
find the coarse position of acupoints of pelmas by using a knowledge-based predictive
model which is based on the feature points of foot. Then they adopt reinforcement
learning optimization to correct the errors calculated through the prediction model and
get the fine position of acupoints. Chen et al [15] developed a 2 DoF massaging robot
prototype: Massagebot. It can realize massage by scratching and shaking on user’s back.
In order to get better efficacy, they proposed an algorithm which combine SOM
(Self-organizing Feature Map) neural networks, image processing and pattern
recognition to simplify acupuncture points and make the robot through the path which

has most of acupressure points. The method we proposed previously [16] was based on
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the human pose recognition methodology provided by [17]. We extracted point cloud
data of human body shape from Kinect and estimated the frontal and sagittal planes by
RANSC (RANdom Sample Consensus) algorithm to plan the massage trajectories for
different shapes of a human body. Since it only depends on the planes of human body,

the accuracy is not enough and the effectiveness cannot be proved.

1.2.2 Laser Range Finder

Konolige et al. [18] developed a laser distance sensor based on triangulation
principle (Fig. 1-4(Left)). They adopted a point laser and low-cost CMOS imager as the
emitter and the receiver to build an innovative laser point sensor module. Its cost is
about $30 and it has the accurate range measurements at 6m with less than 3cm errors.
This approach can only get 2D information with one scan because of the point laser.
Chen et al. [19] proposed an ultra-tiny line laser range sensor based on the time-of-flight
principle (Fig. 1-4(Right)). Its size is only 35mmx27mmx30mm which makes them
possible for smaller robotics applications and the cost is $150 for prototype. The

disadvantage of it is its measurable range is too short.
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Fig. 1-4 The laser distance sensors developed from related work. Left: LRF based on

triangulation. Right: Tiny LRF based on time-of-flight (TOF).
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1.2.3 Interaction with Soft Tissue

Modeling of Soft Tissue): As far back as 1996, Chen et al [20] believe that
quantitative measurement of tissue elasticity is helpful to numerous potential clinical
applications. They built a 1D ultrasound elasticity measurement system to investigate
the elasticity of muscle and liver and compared the accuracy and consistency with
mechanical measurements. They found that stress-strain curves of soft tissue have
exponential shapes. Hu et al [21] also deduced the same characteristic of soft tissue.
They measured the mechanical properties of living tissue of person’s arm by a 4 DoF
massage robot arm. There is a 6mm diameter tip mounted on the force sensor of robot
arm. The tip obtains the external force on human tissue by moving at constant velocity
to compress person’s arm. The experimental results have the same trend as [20].
Moreover, they found that different velocity will not affect the results. Yeh et al [22]
proposed a modified contact model that uses contact radius and contact force to estimate
the elastic modulus of objects and proposed an image-assisted measuring system which
adopts CCD camera to detect the contact radius and the contact force is extracted by
tactile sensor. This method increases the accuracy of estimation. Yakovenko et al [23]
numerically figured out the model of the three-layer tissue, which simulates skin,
muscle, and bone, and used the results to estimate the contact and internal stresses
between the element of the medical robot and soft tissue. The algorithm they proposed
reduces much time for signal and data processing while does not lead to loss of model
adequacy.

Integration with Control System): Golovin et al [24] [25] consider that training
by demonstration in robotics is more natural for physician than training of force points

using the manual by physician. The massage robot imitates the movement of masseur
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and recorded the force exerted on soft tissue by masseur through demonstration. In the
free space, it only needs to care about the movement. But during massage, it should
consider the interaction with soft tissue. In their model, they add the factor of the
reaction force of soft tissue to make the robot can record the true force exerted by
masseur and successfully reproduce the action of massage. Ott et al [26] [27] developed
a hybrid system for impedance and admittance control. They found that impedance
control is suitable for interactions with stiff tissue and admittance control is suitable for
interactions with soft tissue, so they alternated the controller between these two control
methods with different tissue stiffness which are known in advance. This research
makes us understand the interaction between control and soft tissue better. Mouri et al
[28] proposed an intelligent massage control system. They identified the characteristic
of human skin muscle through robot perception of impedance control to determine the
parameters of the controller. In the experiments, they estimated the suitable impedance
control parameters for a soft tissue and a hard muscle. It successfully helped us handle

the control strategy with soft and hard muscle.

1.3 Objective

In this thesis, there are two main issues to be solved. First one is make the robot
can autonomously generate adaptive massage trajectory which is individual person
specific by using a low-cost sensor. We aim to develop a low-cost laser range finder
(LRF) which has lots of advantages than other sensors and we will focus on upper back
massage which is the most common way in massage. Second one is to figure out the
characteristics of soft tissue and let the robot can estimate the characteristics of patient’s
soft tissue during massage. We will explore a more intuitive model than previous works
and propose a method that can online estimate the characteristics of soft tissue.

8
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Several sub-objectives of this thesis are presented as follow:

1. Develop a low-cost laser range finder which has the comparable performance
with commercial products but the cost is less than 10% of the cost of them
and make it can get 3D model with a single scan which is more convenient for
massage trajectory planning.

2. Propose a method that can generate adaptive massage trajectory which is
suitable for different people with different body size and individual person
specific according to human back feature.

3. Apply the LRF and adaptive massage trajectory generation we propose to
robotics therapeutic massage, including upper back massage and full body
massage.

4. Explore the characteristics of soft tissue and propose a more intuitive model
of soft tissue than previous work which can indicate the hardness and
thickness of soft tissue.

5.  Propose a method that can estimate the characteristics of patient’s soft tissue
during massage by using the information from the reaction force by patient’s

soft tissue and the movement of the robot manipulator.

1.4 Thesis Organization

The thesis is organized and described as follow: Chapter 1 discloses the motivation,
related work, and the objective of this thesis. Chapter 2 gives a hardware and soft
system description of the dual arm robot developed in our lab for robotics therapeutic
massage. The control techniques of the dual arm robot, including different massage
techniques are illustrated in Chapter 3. The hardware and software system and the laser
module of the self-developed LRF are described in Chapter 4. The performance of the

9
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LRF compared with commercial product is also presented in that chapter. Chapter 5
presents the methodology we propose in this thesis for adaptive massage trajectory
generation which is based on morphing algorithm and medical knowledge, the
experimental results are presented as well. Chapter 6 illustrates the intuitive model of
soft tissue and describes the in-situ tissue stiffness estimation based on adaptive law for
physical human-robot interaction; the experimental results of estimation are also
presented. Finally, Chapter 7 concludes our works and discloses the future work in this

thesis.

10
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Chapter 2 System Overview

In this chapter, we disclose the hardware and software system of the dual arm robot
developed in our lab for robotics therapeutic massage. We first give a system overview
of the dual arm robot. Then we describe the hardware system and kinematics of the

robot arm. Finally, the system structure and the software are presented.

2.1 Anthropomorphic Dual Arm Robot

Fig. 2-1 shows the anthropomorphic dual arm robot system developed in
NTU-iCeiRA Lab. It has 6 DoFs on each arm (3 rotational-DoFs in shoulder, 1
rotational-DoF in elbow, and 2 rotational-DoFs in wrist) and 1 DoF on the bottom with

a linear motor for mobility. There are 13 DoFs in total.

Fig. 2-1 The anthropomorphic dual arm robot developed in NTU-iCeiRA Lab.

It is equipped with a sphere-shaped end-effector for performing a variety of
massage techniques and a force/torque sensor on each wrist to measure the interactional
force between the end effector and soft tissue of patient during massage. The torso is
bended forward by 45 degrees to get a larger workspace in front of the robot. Its control

11
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system is based on the real time operating system RTX on window PC.

We are also developing another anthropomorphic dual arm robot for health-care
which is shown in Fig. 2-2. It has more DoFs which can performance more complex
tasks not only massage. It has 7 DoFs on each arm, 3 DoFs on waist, 2 DoFs on head
equipped with tablet for human-robot interaction, and 4 DoFs on the bottom which has
4 Omni-directional wheels for mobility. There are 23 DoFs in total. The end effector of
the robot can be altered to accommodate different massage techniques to achieve the

optimal effect.

Fig. 2-2 The anthropomorphic dual arm robot which we are developing.

2.2 Hardware System of Robot Arm

Fig. 2-3 shows the mechanic design of the robot arm. The length of each arm is
about 60 cm. Its controllers are put in the torso. We take aluminum alloy as the material
of the robot arm which can reduce its weight. Its specifications are presented in Table

2-1.

12
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Fig. 2-3 The mechanic design of the robot arm.

Degree of Freedom (DoF)

Length

Weight

Shoulder: 3 DoFs

Shoulder: 115 mm

Shoulder: 2.3 kg

Upper arm: 300 mm

Upper arm: 3.3 kg

Elbow: 1 DoF

Forearm: 300 mm

Forearm: 2.2 kg

Diameter: 100 mm

Fist: 0.5 kg

Wrist: 2 DoFs

Total length: 600 mm

Total weight: 8.3 kg

Table 2-1 The specifications of the robot arm.

Each joint of the robot arm is actuated by a DC brush servo motor (Fig. 2-4(Left))

from Maxon. For massage application, we need a driver which can provide torque mode

to make motor output desired torque and we also need a reduction gear which can

reduce the rotational speed and transfer the energy to torque output to let motor has

higher output torque. To satisfy our requirement, we take Maxon servo amplifier (Fig.

2-4(Right)) as the driver and adopt Harmonic Drive as the reduction gear. Compare to

traditional reduction gear, Harmonic Drive has higher compactness, lighter weight and

13
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higher gear ratios. Their specifications are shown in Table 2-2.

Fig. 2-4 The motor and the driver used in each joint.

Nominal | Nominal | Nominal | Torque Harmonic
Motor Gear
Joint Speed Torque | Current | Constant Drive
Type Ratio
(rpm) (mNm) (A) (mNm/A) Type

RE-50 5540 354 9.15 39.6 CSD-17-50 50
Shoulder | RE-50 5540 354 9.15 39.6 CSD-17-50 50
RE-40 6930 170 5.77 30.2 CSD-20-50 50
Elbow | RE-40 6930 170 5.77 30.2 CSD-17-50 50
RE-25 8360 26.7 1.17 23.4 CSD-14-100 | 100

Wrist
RE-25 8360 26.7 1.17 23.4 CSD-14-100 | 100

Table 2-2 The specifications of each joint.

The mechanism of Harmonic Drive is shown in Fig. 2-5 [29]. It has 3 basic
components: a wave generator (green), a flex spline (red), and a circular spline (blue).
Its theory is based on elastic dynamics and utilizes the flexibility of metal. It assumes
that the wave generator is the input rotation. The key point of the mechanism is that the
flex spline has fewer teeth than the circular spline has so that the flex spline is required

to rotate a slight amount backward relative to the circular spline. Thus the rotation

14
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action of the wave generator brings on a much slower rotation of the flex spline in the
opposite direction.
The gearing reduction ratio can be calculated by the number of teeth on each gear

as:

flex spline teeth — circular spline teeth
flex spline teeth

reduction ratio = (2.1)

. Circular spline
Flexspline P Wave generator

Input shaft
Output shaft

Wave generator :
Circular spline Housing )
Flexspline

Fig. 2-5 The mechanism of Harmonic Drive.

Fig. 2-6 The 6-axis F/T sensor is mounted on the wrist of each robot arm.

In order to measure the interactional force between the end effector and soft tissue
of patient during massage for physical human-robot interaction and evaluating the
quality of massage, the 6-axis force/torque sensor (HEX-70-CE-2000N) made by

Optoforce is amounted on the wrist of each robot arm as shown in Fig. 2-6. This sensor

15
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can measure 3 axis forces (x, y, z) and 3 axis torques (roll, pitch, yaw). Its diameter is
70mm and its height is 20mm. The maximum output force of the end-effector is about

140N.

2.3 Kinematics of Robot Arm

For any application of robot, we need to know the pose of the end-effector in
Cartesian space and the angle of each joint in joint space which can be used to make the
robot execute the behavior we want. Therefore, we use Denavit-Hartenberg (D-H)
convention, which is a general principle to describe the relationship between every link
coordinate system, to present the position and orientation of end-effector by a 4x4

homogeneous transformation matrix.

Fig. 2-7 Link coordinate systems of the 6-DOF robot arm.

Fig. 2-7 shows the link coordinate systems of the robot arm and its D-H parameters
are presented in Table 2-3. After we determine the reference frame and the D-H
parameters, we can calculate the transformation matrix which presents the relationship
between the pose (position and orientation) of the end-effector and the angle of each

joint.

16

doi:10.6342/NTU201703367



Joint i 61 di (0] aj

1 0, 0 900 0

2 | 8,-900 0 900 0

3 05-900 | d1=-300mm | 900 0

4 0,-900 0 900 0

5 05-1800 | d2=-300mm | 900 0

6 04-900 0 00 | a=100mm

Table 2-3 D-H parameters of the 6-DOF robot arm.
The transformation matrix from i — 1 coordinate to i coordinate can be

calculated as:

cosf; —cosa;sinf; sina;sinf; a;coso;
i-1p _ sinf; cosa;cosf; —sina;cosO; a;sinb; 2.2)
' 0 sina; cosa; d;
0 0 0 1

Then the pose of the end-effector can be expressed by base frame through six
transformation matrix as (2.3).
0 012 3midmS °R 2P
O = ITAT2T3TeTeT = [60 o ] (2.3)

where 2R is a rotation matrix and 2P is the position vector. Each matrix represents
each link coordinate system at the joint with respect to the previous link coordinate

system.

2.4 System Architecture

The system architecture of the dual arm robot is shown in Fig. 2-8. To give patient
a good massage experience, the force acted on patient is considered as first priority
instead of the accuracy of position. So we adopt the torque control rather than

implement the position control. The control algorithms are coded in PC and the torque
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output of the motors are monitored by servo drivers. The servo drivers will send

corresponding current to motors to let the motors output desired torque. But these servo

drivers only can accept analog voltage as input signals, there is the difficulty with

communication between PC and servo drivers. Therefore, we adopt a motion control

card to solve this problem. The motion control card we use is Intelligent Motion control

Platform (IMP, ITRI) developed by Industrial Technology Research Institute. It main

purposes are to convert the digital signals from PC to the analog voltage signals which

can be compatible for servo drivers and convert the position information of encoders to

the signals which can be interpretable by PC. The specifications of the IMP card are

illustrated in Table 2-4.

400MHz 32bit 7-stage pipeline RISC 32KB D Cache / 32KB |

CPU

Cache
FPU 100MHz 5-stage double precision FPU with 2.0 MFLOPS/MHz
PCI-Bridge 33MHz 32bits 132MB/sec

DDR-Controller

100MHz DDR 128MB

Ethernet-Controller

10/100Mbps

UART

115200bps

Pulse-Generator

8 sets of 25MHz, function of DDA

Encoder 8 sets of 32bit 4MHz differential input +digital filter
DAC 8 sets of 16bits -10V~10V
ADC 8 sets of 14bits 116ksps -5V~5V(Bipolar)0~10V(Unipolar)

Table 2-4 The specifications of IMP card.
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Torque Control

Servo Driver

Control Algorithm

Motion Control

RTOS
(Windows+RTX)

IMP Card

D/A
Converter

Position Feedback

Encoder
Fig. 2-8 The system architecture of the dual arm robot.

Microsoft Windows is the most widely used operating system in the world.
However, there is a crucial issue of this system for control. Because it is a multitasking
operating system which has ability to run more than one thread in the background, it
cannot has same period of every CPU interrupt and this unbalanced sampling period

will cause the command of control can be correctly computed.

Win32 Process SMP-Enabled

Win32 Process Linked with RTx _Rtapi_w32 Hard Real-TIime Platform

Win32 Subsystem

RTSS Process RTSS Process
or RTDLL or RTDLL

RTSS Process

Windows Kernel RT-TCP/IP RTX USB
and Stack Stack

Device Drivers

RTX-RTSS (Real-time Subsystem)

Windows HAL RTX HAL Extension

Windows Windows RTSS RTSS RTSS
Processor Processor x86 Hardware Platform Processor  Processor Processor
0 X X+1 X+2 31

Fig. 2-9 RTX real-time platform.
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RTX2016 (IntervalZero) [30], a hard real-time software released by IntervalZero,
has the ability to transform Microsoft Windows into a real-time operating system. It can
divide the multiple cores into the part for real-time processing and the part for general
purpose processing as shown in Fig. 2-9 where some cores are for Microsoft Windows
and other cores are for RTX real-time signal processing function. Its memory is shared
through the same high-speed bus which allows for data sharing and inter-processor
communications. Therefore, the robot control system can be implemented in an

environment without unbalanced sampling period.

2.5 Software Architecture

Fig. 2-10 presents the software architecture of the dual arm robot. All the control
algorithms are written in C++ language under Microsoft Visual Studio 2010. There are
many useful open source libraries can be used for robotic kinematics and dynamics such
as Robotics Library and Eigen. The robot parameters defined in hardware layer and the
functions of communication interface are to send torque command and receive encoder
feedback. The information of tool center point (TCP) can be calculated through forward
kinematics in basic utilities and the dynamics which is important for robot control is
deal with in this layer as well. Based on the basic utilities, Cartesian space impedance
control and joint space control are able to be implemented in control layer. These 3
layers are updated every 1ms for real time control. Finally, the massage techniques and
intuitive teach are achieved by application layer. The information about the robot state

and the values of each joint is displayed with 100ms timer.
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Fig. 2-10 The software architecture of the dual arm robot.
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Chapter 3 Control Techniques

In this section, we give an overview of the control techniques applied to robotics
massage system. The Cartesian impedance control and joint impedance control which
are implemented to achieve the movements of massage are presented first. The
impedance control models the external environment as a mass-spring-damper system as
shown in Fig. 3-1. Its input is position and output is force. Then the online trajectory
generator and gravity compensation of the robot are introduced. Finally, a variety of

massage technique are illustrated.

— X()

k

AN~

F(t)

NONNNNANANN

Fig. 3-1 The mass-spring-damper system.
3.1 Cartesian Impedance Control

To ensure safety, we adopt impedance control to implement the massage function
and develop different massage techniques based on it.
The manipulator dynamic equation of the robot is given by (3.1).
M(@)G+C(q,4) +G(q) =T+ Texe 3.1)
where M(q) is inertia matrix of the manipulator, C(q, ) is Coriolis and centrifugal
matrix, and G(q) represents the gravity term. g is the vector of joint angle. T and

Toxe Fepresent the torque out and the external torque from the environment.

22

doi:10.6342/NTU201703367



The technique of impedance control [31] considers the external force F,,; as a
mass-spring-damper system as:
Foyr = MX + D% + K, % (3.2)
M,, D., and K, are the matrix of mass, damper and spring of the environment
respectively. X represents the displacement of outside environments (Fig. 3-2) as
follow:

X=x-x (3.3)
where x, is the equilibrium position and x is the real position encountering the
external force.

The relation between the external torque and the external force is shown as (3.4). J
is the Jacobian matrix of the manipulator.
Toxt =) Fext (3.4)

Therefore, the Impedance Control law can be derived as:

T= M(Q)](Q)_l{Me_l[Fext - Dejé - Kef] _](CI)Q}
(3.5)

+C(q’ CI) + G(q) _]TFext

External
Environment

Fig. 3-2 The schematic diagram of manipulator with external environment.
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3.2 Joint Impedance Control

Because it is difficult to give the command in Cartesian space for some massage
techniques, we also adopt the joint impedance control in the robot system. Joint
impedance control [32] can give the command in joint space while keep compliance. It
is used to achieve the lead-through capability that users are able to teach the desired
trajectory by leading the robot arms themselves.

From the electric and mechanical dynamics of the motor and joint, the basic

equations are formulated as follow:

di
L +RI =V =V, (3.6)
Imd + Cnq = Ti0aa — Ta (3.7)

where L and R are motor inductance and resistance, I and V' are current and voltage,
Jn and C,, are inertial of system load and viscosity coefficient, ¥, and 7, are back
EMF voltage and disturbance torque and 7,,,4 is the load torque.

If R>»L (vt =Kyl V, =K,q), the load torque 7,,,4 Can be obtained as:

K. K
Tioad = Jmd + (Cm + "}le b) q+1q (38)

And the impedance control law can be described as:

.. . KinKp\ .
T= Kim(Qr - CI) + Dim(Qr - Q) +Jmq + (Cm + YY}L? >q + T4 (3-9)

where K, and D, are the proportional and derivative impedance gains, and g, is

desired angular position.

3.3 Online Trajectory Generator

Due to the of impedance control, when the desired position is far from the actual

position, it will cause a larger output torque which will make the robot out of control an;
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on the other hand, when the actual position is very near to the desired position, the
output toque will be too small which cause the error between these two position. To
conquer this problem, we add the online trajectory generator in the Cartesian impedance
control so that the speed of the robot motion can be regulated.

The speed of a trajectory can be divided into three phases including acceleration

phase, uniform phase and deceleration phase as shown in Fig. 3-3.

A

Uniform
2 Phase
£ v
F
[8)
o
()
>

Acceleration Deceleration
Phase Phase
Time (s) Target Position

Fig. 3-3 Three phases of online trajectory generator.
In the acceleration phase, the speed of the robot arm is limited to prevent from

exceeding the maximum acceleration. It is presented as:

if x> %o + Emaxt
(3.10)

then )'CO = xt—l + Xmaxt
where X,,,, 1S the maximum acceleration/deceleration in on-line trajectory generator.
x is the actual velocity, x;_, is the velocity at last sampling time and x, is planned

velocity.
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In the uniform phase, the arm motion goes with uniform speed. Its speed can be

constrained as:

If X > Xpmax then Xy = Xpmax

(3.11)

Finally, when the actual position is close to desired position, the arm motion enters

deceleration phase. It can be presented as:

if %> \[2%maxS then %o = 2%marS

(3.12)

Fig. 3-4 shows the control diagram of Cartesian impedance control. The encoder

feedback is transformed to the current position, velocity, and acceleration as the input of

trajectory generator. Then the planed positon can be obtained with:

1
Xp = Xp—1 T E(xo + X1t

X0
Xo

X0

On-line
Trajectory
Generator

(3.13)

[k k
L ®
Motor
> Encoder
q
q
6@ | [can

Forward
Kinematics

Fig. 3-4 The control diagram of Cartesian impedance control.
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3.4 Gravity Compensation

For gravity compensation, the compensation torque is computed by calculating
Jacobin matrix in each configuration of the manipulator. The Jacobian transpose is

described in (3.14).
t=]JTF (3.14)

From the definition of Jacobian, the velocity in Cartesian coordinate x can be

presented by the angular velocity in joint space g and the Jacobian matrix (3.15).

=22 18]_ o
where J,(q) and J,(q) are determined as follow:

Jo(@) = P(q) (3.16)

(3.17)

Jo = [le 2Rz nRz]

where ™R, represents the z-axis component in transformation matrix 2T which is

shown as:
0 0
- i 4]

Then the gravity compensation can be achieved by (3.18) and properly defining the

center of gravity and mass of each link.
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3.5 Massage Techniques

There is a variety of massage techniques realized by our dual arm robot such
pressing, rubbing, stroking, and tapping. We will focus on the first 3 techniques in this

section.
3.5.1 Pressing

Pressing is a technique to perform the periodical pressing movement on a single
point. Its force Fyessing 1S determined by the impedance parameters and the virtual

target point x,. Its function can be expressed as below:

Fpressing (X0, t) = Fox (%0)2() (3.19)

Foy:(xo) represents the amplitude in periodical movement. 2(t) as defined in (3.20) is
the sigmoid function that determines the pressing time and the indentation speed. n is
the time constant used for waiting the rising and falling edges; T is the pressing time
after reaching the desired pressing force from (3.19) and a is the index for the

designed sigmoid function.

1
, 0<t<n
1+4¢(t3)
Q(t) = 1, n<t<n+T (3.20)
1
3 ) n<t<n+T
1 +e(777)
3.5.2 Rubbing

Rubbing is the technique that uses palm or thumb to apply pressure maintained on

the human skin. It moves by following a circular trajectory to loosen the tight muscles.
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The same as pressing, we need to determine the virtual target point for generating

proper rubbing force. Its motion can be realized by (3.21).

ve rcos0
Xy = [y Ay ox + 1) (3:21)
z rsing

where x, is the planed position, r is the radius of circular motion, 6 is the
incremental angle of rubbing technique and both A; and A, are the coefficients to

compensate the slope of human back.
3.5.3 Stroking

Stroking is a long and smooth movement with moderate pressure over large range
of the body. Since the profile of the human body is varied from person to person and the
stroking technique needs to maintain the moderate contact force along the profile of
body, the stroking trajectories are taught by the masseur that intuitively moves the robot
arms in order to repeat the motion when performing the stroking technique. Joint
impedance control which is presented in 3.2 is used to achieve the stroking technigue.
The trajectory of stroking will be saved in the storage as a sequential command in joint

space.
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Chapter 4 Low-Cost Laser Range Finder

There have been researches discussing massage trajectory planning, but they often
generate the trajectories through teach and play or user interface. Those are not an
automated process and unsuitable for different body shapes. Another stumbling block
for massage robots is the sensors which are indispensable to robotics service
applications. In order to generate the massage trajectory accurately without other
people’s help and lower the cost at the same time, we propose an adaptive trajectory
generation system by using a self-developed low-cost laser range finder (LRF) that can
get the 3D information with a single scan. In this chapter we firstly introduce the
hardware and software system of the self-developed laser range finder; then the laser
based line scanner module which is applied on the LRF is presented. We prove the
performance by comparing the accuracy of the self-developed LRF and the commercial

product and scan lots of objects to show its capability as well.

4.1 System Description

Fig. 4-1 shows the structure of the self-developed laser range finder. It has the
following specifications.

1) Size of 270[mm]x75[mm]x105[mm]

2) Eye-safe (Class 1)

3) Measurable Range: 0.35[m]~4[m] for distance measurement

(0.35[m]~1.75[m] for adaptive trajectory generation)

4) High Resolution: 7.35[mm] range resolution at 1.75[m]

5) Wide Scanning Range: 300[deg] with angular resolution of 0.29[deg]

6) Scanning Time: 400[ms/deg]
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7) Extracting 3D information with a single scan

8) Low Cost: less than 70USD to build

Arduino Broad

Camera with Filter

)

Motor (Scanner) Laser

Fig. 4-1 The structure of the self-developed laser range finder.

Fig. 4-2 The components of the self-developed laser range finder.

The laser range finder is composed of a line laser, a commercial camera which
communicates with the computer through USB, a Dynamixel AX-12A motor from
Robotis for yaw rotation, and an Arduino for motor control and data transmission (Fig.
4-2). The camera and motor is synchronized through software (Fig. 4-3). The time
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difference of synchronization is 0.12s. Because the rotation speed of the motor is not

fast (400ms/deg), we still can capture corresponding image from camera. It is

acceptable in this application. Our LRF system performs on a Windows 7 64bit i5-4460

3.20GHz with 16GB RAM. The total power consumption is about 1.525W. It should

work just as well on smaller or mobile platforms like the Raspberry Pi. All components

are commercial products bought online. Their prices are shown in Table 4-1. The total

price is 69 USD which is less than 10% of the price of the commercial product such as

SICK and Hokuyo. Its aggregate price can be much lower after it enters the mass

production stage.

PC

Switch Laser
Camera
Arduino Motor

Fig. 4-3 The block diagram of the electronic components.

Component Product Type Price (USD)
Line Laser FU635L5-C9 3
USB Camera + Filter KINYO PCM-512 16
Motor Robotis Dynamixel AX-12A 40
Circuit Board Arduino mega 2560 10
Total: 69

Table 4-1 The price and the product type of the component.

There is a tradeoff between getting better performance and maintaining safety. To
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ensure the eye safety, we should choose the laser which doesn’t cause the eyes harm.

The power level of laser is divided into 4 classes. Class 1 means it is safe under all

conditions of normal use and Class 2 represents the laser damages to the retina can be

prevented by the blink reflex (0.25 seconds exposure time). The class above Class 3 will

have the high risk of serious damage to eyes. Table 4-2 shows the accessible emission

limits for laser systems formulated by ANSI Z136 [33] which provides guidance for the

safe use of lasers and laser systems. The wavelength of the line laser is 635nm (visible

light) that is easier to debug and calibrate than IR wavelengths, so we pick 1mW for the

power of laser which is able to acquire the best results with keeping eyes safe. In the

future, we will change the light source to near infrared ray to give the user a more

comfortable sensory experience.

Wavelength Emission Class3 | Class 4
Class 1 (W) Class 2 (W)
Range (um) Duration (s) (W) (W)
Ultraviolet: >Class 1
3x10* < 3.2x107° - >0.5
0.302~0.4 but <0.5
Visible: >Class 1 but | >Class 2
10 < 0.4x1073 >0.5
0.4~0.7 < 1.0x1073 but <0.5
< 0.4x1073
Near Infrared: >Class 1
>10 to -- >0.5
0.7~1.05 but <0.5
< 1.9x1073

Table 4-2 Emission limits for laser systems

In most environments, the received laser is affected by ambient light. There are 3

methods usually used to reject the ambient light as below. The first method is not

suitable for outdoor environment because of sun light and the second method cannot
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deal with the environment that has the fluorescent lamp. Because of the aforementioned
reasons and cost consideration, we select the third one and add a 30nm bandpass filter
to reduce the ambient light flux. The camera with filter has capability of not to capture
clear images from people for avoiding privacy issues.

1) Adjusting the exposure time of camera

2) Using IR light as laser source

3) Adding Filter

4.2 Laser Based Line Scanner Module

Laser based line scanner module is developed from laser point sensor module [18]
which is based on triangulation technology. Most of commercial products such as SICK
and Hokuyo devices use time-of-flight (TOF) technology. They measure the time it
takes for light to travel to an object and be reflected. The disadvantage of time-of-flight
Is that its receiver is very expensive and it often takes mirror as scanner of which cost
and mechanical fragility are high. An alternative technology is triangulation. Its
principle is that the distance to an object is measured by the angle of the reflected light
and we can replace mirror with motor as scanner to cost down.

Fig. 4-4 shows the triangulation geometry of single-point laser sensor module. A
laser produces a small point of light, which reflects off an object and onto the image
plane of the camera. To give an ideal distance measurement from infinity, the laser
beam needs to be parallel to the ray through the center of focus to the one edge of the
image. The other edge of the image determines the minimum distance g,in.

The perpendicular distance D to the target according to basic triangulation

principle can be calculated as follow:
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p=tt (4.1)
X

where f is the focal length of the camera, L is the distance between the laser and the
center of image lens also called baseline, and x is distance between the edge of image

and the position where the reflected laser point intersects the image plane.

Target

Imaging Lens
Laser

Al
L (Baseline) fi_l
| — |

X Image Sensor

Fig. 4-4 Triangulation geometry of single-point laser sensor module.
The distance d along the laser ray which depends on the angle of the laser «a

with respect to the image axis can be derived from D as (4.2).

D
~ sin(a)

4.2
These two equations figure out the hyperbolic relationship between image distance

and object distance which is a property of triangulation. This nonlinear relationship has

the problems for determining longer distances. That is, the range sensitivity Z—z grows

quadratically with distance as (4.3).

dD  D?
T (4.3)
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For example, if a 1-pixel image displacement corresponds to a 1 cm distance
displacement at 1m, then it corresponds to a 4 cm displacement at 2 m.

Although basic triangulation technology is easy to implement, it only can get 2D
information with one scan which does not meet our requirement. Therefore, we adopt

laser based line scanner module [34] that is developed from laser point sensor module.

P!

x

Target

) (1 Imaging Lens

Laser

Image Sensor fv/—’ '

Fig. 4-5 Triangulation geometry of laser based line scanner module.

=<

Fig. 4-5 shows the triangulation geometry of laser based line scanner module. We
can consider the line laser as many point lasers with different tilt angle in set P, where
n is the number of laser points. When the laser point hits the center of the target
without any tilt angle as point P to make its reflected light intersect the imaging plane
at y which is in the middle of the image sensor, we can calculate the perpendicular
distance D to the target as (4.1).

If the laser has a tilt angle and hits the target as point P’, the reflected light and the
imaging plane will intersect at y'. For this condition, we cannot use the original focal
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length f to calculate the perpendicular distance. The adjusted perpendicular distance

D’ is able to be obtained with:

pr =Lt (4.4
X

where the modified focal length f' can be derived from the triangulation geometry as

shown in (4.5).

f

fr= —
cos(arctan(yf—y)) (45)

For trajectory planning, we need to know the distance R, between the rotation
center and the target laser point (B,) and the angles 6 and ¢ as shown in Fig. 4-6 to
find the spatial relationship between the robot and the target. The distance r from the
laser center to the rotation center is one-half the length of the baseline as 100mm. We

can calculate the distance R,, and the angles 6 and ¢ by the following equations:

R, =/(r—b)? + DZ (4.6)
where b is the distance between the laser center and the projection of the point B, on

the baseline.

. (D .
n—arcsm(—), ifb<r

o= N 4.7)
arcsin (E) , otherwise
R
arccos (R_) ,  forupper half — plane
b = " (4.8)

—arccos (R_) , for lower half — plane
n
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Rotation Center

Fig. 4-6 The spatial relationship between the laser dot and the rotation center.
After we get the R,, 6, and ¢, the position of the laser dot according to the frame
of the laser range finder can be obtained with:
X, = R X cos(0)
Yn = R X sin(0) (4.9)
z, = R, X sin(¢)
To achieve more accurate results, we adopt the centroid algorithm provided by [18]

for localization to make the laser dot be localized to subpixel precision. The centroid of

the laser dot at each row can be calculated by:

Zl(i)-i/Zl(i) (4.10)

where i means the position of each pixel at the row and I(i) is the intensity or pixel
value of i.

Then we can determine the parameters of laser based line scanner module to satisfy
our requirements. The focal length f of the camera we use is 6.25mm and we expect to
be able to resolve the laser dot to within 0.5 pixel. The criteria for minimum distance
and range resolution pull in opposite directions due to hyperbolic relationship: a small

fL product gives a small q,,;,, a large fL has good range resolution. We choose

38

doi:10.6342/NTU201703367



baseline L as 200mm to get the product fL = 1250 so that the minimum distance is
32.5cm and the range resolution is 7.35mm with 0.5 subpixel accuracy at 1.75m which
meet our needs.

The angle « is determined by the intrinsic parameters and the optical axis which
is obtained as follow:

f
width of image ) (4.11)
2

a = arctan(

* pixel size
The resolution of the camera we use is 640*480 pixels and each pixel is 6um, so the
angle «a is:

6.25mm o
a= arctan(w) ~ 73

T* 6um
4.3 Performance and Comparisons

We validate the module by comparing its accuracy with the Hokuyo URG-04LX
laser range finder [35] (Fig. 4-7) on the white target with 90% reflectance. The Hokuyo
LRF is mounted on the center of the self-developed LRF to make sure they have the
same datum and we use the Hokuyo laser range finder as ground truth and find the
difference between our laser range measurements and the Hokuyo. The measured range

is from 35cm to 4m.

Fig. 4-7 Hokuyo URG-04LX laser range finder.
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(a)

(b)

(c)

Fig. 4-8 The images captured from the camera at difference distance. (a) 0.45m (b)

0.65m (c) 0.9m

Fig. 4-8 shows the images captured from the camera at difference distance. We can

apparently find that the shorter the distance, the smaller the interval between the laser

line and the left edge of the image. That means the shorter distance has the larger x in

(4.4), which conforms to the principle of triangulation.

Measurement Error
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Fig. 4-9 Distance errors for 90% reflectance.

The errors are shown in Fig. 4-9. The farther distance has the larger error with a

lower range resolution due to the nonlinear relationship (dD/dx = —D?/fL) of

triangulation. The errors are within 3mm at a range of up to 0.9m and the error is

6.21mm at 1.75m. Since there are more pixels becoming saturated at closer distances,
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the errors at 0.35m and 0.45m are higher than the error at 0.65m. All error rates are
below 0.75% which means the module has comparable performance as the commercial
product.

We also test it by constructing the 3D surface of a box in Fig. 4-10. The objects are
put in front of the LRF 1m away. The widths of the box are 15cm (shorter side) and
20cm (longer side) respectively and it height is 20cm. The diameter of the teapot’s
bottom is 15cm and the height is 22cm. The scanning result is very similar to the real
object and the scale of the box is reproduced accurately although the area around the
blue circle is influenced by the blue color which reduces the intensity of reflected light.

Despite this, the laser module works very well.

lH‘W E

Jl ,|

Fig. 4-10 We test the module by constructing the 3D surface of a box. Here presents the
result in front view and top view.

Here presents some other scanning results to reverify the performance of the
self-developed LRF (Fig. 4-11). The tested objects from the left side to the right and
from top to bottom are teapot, ukulele, NAO (a robot made by Aldebaran), basketball,

jenga, and shoe.
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Fig. 4-11 Scanning results of different objects.
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Chapter 5 Adaptive Trajectory Generation

The adaptive trajectory generation system we propose can completely automate the
trajectory planning procedure and generate the adaptive and precise trajectories for
different people. Our method is based on the morphing algorithm [36]. We first
construct the standard 3D model which indicates the acupressure points of general
human back, and then extract the back contours of the standard 3D model and subject
by human back feature extraction. After we get the contour, we can map the standard
3D model on the back of the subject using the morphing algorithm to find the

acupressure points and generate the adaptive trajectories. Fig. 5-1 is the flow chart.

Build Extract Find Generate
Standard 3D Pure Model Acupressure Adaptive

Model by from Points by Trajectory
Color Label Subject Morphing for Subject

Fig. 5-1 The flow chart of adaptive trajectory generation.

5.1 Standard 3D Model Building

Acupressure Point Functions

46-Tianzong Shoulder Pain, Arm Pain, Facial Pain, and Anxiety

47-Humen Back Pain, Hypochondrium Pain, and Insomnia

49-Weicang Back Pain, Bloating, and Digestive Disorders

71-Mingmen Backache, Tiredness, Dizziness, and Tinnitus

Table 5-1 Functions of each acupressure point.
The standard 3D model is developed from one person with medium build. We
adopt 7 acupressure points on the human back as shown in Fig. 5-2(Left) which are
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usually used to alleviate pain in Chinese medical applications [37] and their functions
are presented in Table 5-1. Then we mark these points with color labels on a human
back as shown in Fig. 5-2(Right).When the laser hits on the labels, we can get the
position of the laser dots with Algorithm 1 and know the position of acupressure points
in 3D space. Fig. 5-3 shows the standard 3D model where the acupressure points are

marked red.
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Fig. 5-2 Left: 7 acupressure points on back. Right: We mark them by color labels.
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-*n| Il “ il

Fig. 5-3 The standard 3D model which indicates the acupressure points on back.
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Algorithm 1: Acupressure Points Localization

Input: A captured image with n pixels [Fo, ..., Py—1]
Output: A image with n pixels [Xo, ..., Xp_1]
displaying the laser dots on the labels

for i =0;7 <n;i+ + do

if pixel value of P; > threshold of laser dot then
| set P; as laser dot;

else if pixel value of P; > threshold of label then
| set P; as label dot;

else
| set P; as background;

if P; is a laser dot surrounded by label dots then
| pixel value of X; = 255;

else
| pixel value of X; = 0;

5.2 Morphing Algorithm

Fig. 5-4 The processing of morphing. From the left side to the right are the first image,
middle image, and second image.

Morphing is the smooth transformation of one image into another. It has been used
as a computer graphics technique for a long time. It effect is presented in Fig. 5-4. As
the metamorphosis proceeds, the first image is gradually distorted and is faded out,
while the second image starts out totally distorted toward the first and is faded in. The
middle image of the sequence is the average of the first source image distorted halfway

toward the second one and the second source image distorted halfway back toward the
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first one.

Morphing consists of two steps; warping and cross-dissolving. Warping means to
distort one image into another to make them have same shape and cross-dissolving is to
do the color interpolation of two images.

Since we want to transform the shape of standard model into the shape of subject’s
back, we will focus on the warping step. There are two methods to warp the images, one
is mesh warping which uses point-to-point correspondence and another is field warping
that uses line-to-line correspondence instead. Our work is based on the latter one which
is provided by [36] because the prior method has too many limits and cannot get the

desired result we require. Its approach is described as below.

Q Q'
X
v
v X'
u
u
P P’
Destination Image Source Image

Fig. 5-5 A pair of lines for field morphing.

There is a feature line P'Q’ belongs to the source image and a feature line PQ
belongs to the destination image as shown in Fig. 5-5. X is the destination image pixel
coordinate and we need to find the corresponding pixel coordinate X’ in source image
and assign its pixel value to X for warping the source image into the destination image

that is also called forward mapping. We can get X’ by calculating the value u which
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means the projection of X on the line and the value v which is the distance from X
to the line with following equations:

_X-P)-(Q—-P)
YT T - (5.1)

_ (X — P) - Perpendicular(Q — P)
- 10— Pl 52)

v+ Perpendicular(Q’' — P')

X'=P +u-(Q —P)+ —
Q" — P

(5.3)

where Perpendicular() is the vector perpendicular to the vector of ().

Q1 QZ
1% X (%
Uz
Uq P
Py
PI
Destination Image 1 Source Image

Fig. 5-6 Multiple line pairs for field morphing.

If there are multiple pairs of lines (Fig. 5-6), those specify more complex
transformations. The multiple lines algorithm is show in Algorithm 2. The position of
X' is influenced by each pair of lines. D; is the displacement between X'; in the
source image and X; in the destination image. Then we calculate the weight of each
line in the destination image which determines the influence of each pair of lines. The

function is written as :
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length[i]? \” (5.4)
(a+ dist[i])) ;

weight[i] = (
where length is the length of a line. dist is the distance from the pixel to the line,
and a, b, and p are constants that can be used to change the relative effect of the lines.
The larger a has the smoother warp. The variable b determines how the relative
strength of different lines falls off with distance. If p is zero, then all lines have the

same weight. If p is one, then longer lines have a greater relative weight than shorter

lines. Because these lines are line segments, the line from a point has three conditions as

follow:
lv], ifo<u<1
P, ifu<o (5.5)
Q, ifu>1

Algorithm 2: Multiple Lines Algorithm

for each pixel X in the destination do

DSUM = (0,0);

weightsum = 0;

for each line P;Q; do

calculate u,v based on F;(Q);;

calculate X'’; based on u,v and P,Q);:
calculate displacement D; = X'/, — X, for line;
dist = shortest distance from X to P;Q;;
weight = (length? /(a + dist))?;
DSUM+ = D; x weight;

wetghtsum+ = weight;

X' =X + DSUM Jweightsum;
B destinationImage(X) = sourcelmage(x’);

Since we want to map the standard model on someone’s back rather than transform
it exactly, we adjust the original cross-dissolving equation as (5.6). a is the morphing
ratio. If a = 0, the shape of the morphing image will be the same as the shape of source

image and the pixel values I of the morphing image will equal to the corresponding
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warped destination image pixel Ijestination: ON the other hand, if a = 1, the shape of
the morphing image will be the same as the destination image and the pixel values I of

the morphing image will be equal to the corresponding warped source image pixel

ISOUTCB '

I = (1 - a) * lgestination T @ * Isource (56)

5.3 Human Back Feature Extraction

To implement the morphing algorithm on a human body model, we project all data
on the 2D plane and set a threshold to retain the data of only the back. The 2D plane is
determined by the inclined plane of the massage chair. We put a flat plane on a massage
chair and scan the plane to get its 3D data. Then we take 3 points on that plane to
determine the 2D plane which the models are projected on. The 2D plane is changed
according to different method of massage. The result of the standard model is shown in

Fig. 5-8(a), and Fig. 5-8(b) is the result of the subject’s back.

midline

Fig. 5-7 The midline of human body.
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We can find the position of the shoulders with simple image processing. We define
a midline (Fig. 5-7) (orange line) that is perpendicular and intersects the midpoint of the
line (blue line) that connects one shoulder to the other. After we get the midline which
divides the body into two halves, we use the endpoints of both lines to estimate the area
of the upper back and mark the feature lines (green lines) that describe the shape of back

for adaptive trajectory generation.

(b) (c)
Fig. 5-8 (a) 2D projection of the standard 3D model. (b) 2D projection of the back of

subject #1. (c) The result of morphing indicating the acupressure points of subject #1.

5.4 Adaptive Trajectory Generation

Fig. 5-8(c) shows the result of morphing and the average time it takes is 20s. The
acupressure points from the standard model are mapped on the back of the subject. To
generate the adaptive trajectory, we need to find the position of the acupressure points
of the subject’s back in 2D space and transform them back into 3D space.

The location of the acupressure points of the subject’s back in 3D space can be

calculated by following equations:
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Ceoyoz) = arg miny (x; — X)2 + (y; = V)2 + (z, — 2)?

(xpyizi)

(5.7)

where (x;,y;,2;) is the position of i-th acupressure point (i from 1to 7) and k is the
number of candidates, which are marked as red in morphing image, for i-th acupressure
point. We calculate the average position of these candidates and found the closest

candidate point as the acupressure point.

5.5 Experimental Results

To verify our proposed method, we try to find the acupressure points of the
different subjects with different sizes and compare their results with the real acupressure
points which are defined by a massage therapist in advance. The method for
determining the real acupressure points is that the massage therapist first recognizes the
acupressure points of each subject; and then we use the color labels to mark these points
and get the real acupressure points through Algorithm 1 as mentioned before. We put
the laser range finder in front of the massage chair 1m away and ask the subject to sit
upright in the massage chair for scanning. There are ten subjects in our experiments. Fig.
5-9 shows the 3D model of the hefty subject and the slim subject respectively. The
green dots on their backs indicate the real acupressure points and the red dots are the
mapped acupressure points from the method we propose. We find that the mapped
points are affixed to the surface accurately and the results are very close to the real ones.
The average distance error of the acupressure points from ten subjects is 10.7mm that is
smaller than the contact radius (17mm) of the sphere-shaped end-effector and the

standard deviation of these errors is 2.02mm which means our algorithm can cover all
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acupressure points. The root mean square error of the position and the average distance
error of the acupressure points for three body types are displayed in Table 5-2. We
observe that larger people have bigger errors because their body shape is much more
different with average sized people and we should give more features in morphing step
to get better fitting. Since the subjects cannot sit exactly upright in the massage chair, it
will have a slight rotation along z-axis and yield more significant deviations on the
x-axis than y-axis. The experimental results prove our method can precisely generate
adaptive trajectory for different people and can be applied in practical applications.
Besides the acupressure points for pressing, we generate the other trajectories for
rubbing and stroking through the 6 points as shown in Fig. 5-10 and Fig. 5-11. The
radius of rubbing is 3cm and its trajectories are indicated as yellow lines. The
trajectories for stroking as magenta lines are planned from the upper points to the lower

points and these paths have many acupressure points which are good for our health.

(a) Hefty Subject (Subject #1)
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(b) Slim Subject (Subject #3)

Fig. 5-9 The 3D model of the subjects with different body shape. The green dots on

their backs indicate the real acupressure points and the red dots are the mapped

acupressure points from the method we propose.

Body Root Mean Square Error Average Maximum
Subject BMI
Type (mm) Error (mm) Error (mm)
X y z distance distance
Subject
Hefty 26 | 12.4320 | 3.2190 | 6.4644 13.8776 14.5952
1
Subject
Medium | 21 | 8.0099 | 3.8522 | 5.6659 10.1389 13.9540
2
Subject
Slim 18 | 8.0000 | 3.5439 | 4.8323 9.1740 10.3466
3

Table 5-2 Errors of trajectory generation
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We also record the time that our method takes. The average consuming time of
teach and play is more than 75s and the consuming time of our method is 35s. It figures

out our method can save more than half the time needed with teach and play.
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Fig. 5-11 The stroking trajectories for different subjects.
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Compare to our previous work [16] as shown in Fig. 5-12. We can apparently find
that the trajectories generating from our previous work are very tortuous which are
difficult to be applied to practical applications. If the end-effector exactly follows these
trajectories, there will be control problems and it will also affect the effectiveness of
massage. Because our previous work only use two planes as features for trajectory
planning, the trajectories have large offset which are not corresponding to the real

trajectories used in general therapeutic massage.

Fig. 5-12 The trajectories generating from our previous work.
In contrast to the previous work, the trajectories from the method in this paper have
higher accuracy and are more flat. Furthermore, the acupressure points in this paper are

certified by physician that our previous work does not have.
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Finally, we apply the self-developed LRF and the adaptive trajectory generation
algorithm to the dual robot for massage. There are two scenarios. One is upper body
massage that the subject sits upright in the massage chair during massage. Another is
full body massage that the subject lies in the massage bed during massage. The dual
robot determines the position of acupressure points according to the results of scanning.
The relation between the coordinate of the LRF and the coordinate of the dual arm robot
is found by camera calibration. The translation is measured by tape measure and the
orientation is calculated through the intrinsic parameters and extrinsic parameters of

camera. Fig. 5-13 shows the process of the upper body massage.

Fig. 5-13 Apply self-developed LRF to upper body massage. Left: The LRF is mounted
in front of the dual arm robot. Upper Right: The LRF is scanning the subject’s back.
Lower Right: The dual arm robot executes pressing on subject’s back.

Because each standard model in our algorithm is suitable for only one pose, we

rebuild the 3D model for full body massage as shown in Fig. 5-14. In order to be closer
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to the real situation, the subject is asked to be bare to the waist. Fig. 5-15 shows the

process of the full body massage.

Fig. 5-15 Apply self-developed LRF to full body massage. Left: The LRF is mounted
with a tilt angle in front of the massage bed. Upper Right: The LRF is scanning the

subject’s back. Lower Right: The dual arm robot executes pressing on subject’s back.
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Chapter 6 In-Situ Tissue Stiffness Estimation

The main issue of physical human-robot interaction in robotics massage is how to
adjust the control strategies according to tissue stiffness to provide patients more
comfortable and friendlier service. In this chapter, we first figure out the characteristics
of soft tissue by using a 7 DoF robot arm and build an intuitive soft tissue model which
have the information of hardness and thickness. Then we present an in-situ tissue
stiffness estimation method which can estimate the characteristics of patient’s soft tissue
during massage. The algorithm is based on adaptive law introduced in this chapter as

well and it is verified through simulation and experiment.

6.1 Modeling of Soft Tissue

The soft tissue of the human body contains several layers [38] as shown in Fig. 6-1
including ectodermal tissue, muscles, bones, vessels, etc. Then we can expect that the
characteristic of soft tissue should be nonhomogeneous. Before the in-situ tissue
stiffness estimation, we need to figure out the characteristic of the soft tissue and to get

its approximate model.
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Fig. 6-1 Anatomy of the human skin.
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6.1.1 Experiment Setup

The experimental setup is shown in Fig. 6-2. The 3-axis force sensor is equipped
on the end effector of the 7 DoF robot arm to acquire the force information and the
manipulator is used to obtain its depth of indentation from the surface of human body.
The robot arm executes the 1D pressing along x-axis on different kind of soft tissue to
get the relationship between the reaction force and the depth of indentation of each kind
of soft tissue. There are 5 subjects and all subjects are asked to lie in a massage bed.
Because the massage function of the dual arm robot focuses on back, we collect the data
of back to find the characteristic of soft tissue. During the 1D pressing, the robot arm
moves at a constant velocity to compress the person’s back until they feels pain; and
then we use the collected data to analyze the soft tissue model. Previous research [21]
found that different moving velocity does not affect the experimental results, so we

choose 20mm/s as the velocity of moving.

3 Axis F/T Sensor

7 DoF Robot Arm

Fig. 6-2 Experiment setup of modeling of soft tissue.
59

doi:10.6342/NTU201703367



6.1.2 Model of Soft Tissue

Fig. 6-3 shows the experimental results of a subject with medium build. Three
different parts of body are tested including soft muscle, hard muscle, and the tissue that
covers bony area (noted as bone in this thesis). The indentation-force graph shows the
curves which are similar to the exponential function modeled by [21]. Because we want
a more intuitive model which have physical meaning and can help us know the
condition of patient, we refine the soft tissue model. According to the experimental
results, the force increases sharply after the indentation reaches the specified depth and
we believe that it is because the end point of the manipulator has met the bone of the
human body. The thickness of the soft tissue is different from person to person which
should be taken into account as well. Therefore, we model the external environment
force F,,; of impedance control as a tangent function, which is described as (6.1),
where x is the depth of indentation. Then we find the approximate curve of these three
indentation-force lines by curve fitting tool in MATLAB.

F..: = atan(fx) (6.1)

80

Bone
s Hard Muscle
Soft Muscle

70r

60 | .

a0t .

Force (N)

30 .

20¢r .

10F .

D 1 1 1 1 1 1 1 1 1
0 1 2 3 4 5 6 7 8 9 10
Depth of Indentation (mm)

Fig. 6-3 Indentation-force graph of human body.
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The fitting results are shown

in Table 6-1 and Fig. 6-4. The fitting

indentation-force graph is displayed on top and the residual curve which presents the

error between the real data and the data of fit curve is shown on bottom. The Root Mean

Square Error (RMSE) of the data of soft muscle is higher because it is easy to slip when

the end effect achieves the deeper depth. We notice that the hard muscle, which is

hardest tissue, has the larger « than the other two parts and the tissue covering bony

area which has thinnest tissue has the larger g than the others. Therefore, we deduce

the following conclusion.

Soft Tissue a B RMSE

Bone 4,559 | 0.2632 | 0.1896
Hard Muscle | 9.786 | 0.1854 | 0.2343
Soft Muscle | 4.275 | 0.1436 | 0.3936

Table 6-1 Parameters of approximate curves
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Fig. 6-4 The approximate curve of each tissue.
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Two parameters a and S indicate the hardness and thickness of the soft tissue.
Fig. 6-5 depicts the characteristic of « and . The parameter a represents the
hardness of the soft tissue; the harder the soft tissue, the greater the parameter a. The
parameter £ represents the thickness of the soft tissue which varies from person to

person. The thicker the soft tissue, the smaller the parameter f3.
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& 4ol|—22=10 =
S ||ma3=15 b
I
3 20}
@ 30
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s = 15}
.20 e
& S0
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@ 10 1 8 5 ; =P =05
*B‘ 3 [ [}2: I
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0 : : 0 - - . : :
0 05 1 15 0 05 1 15 2 25
X X
(@) a represents the hardness. (b) B represents the thickness.

Fig. 6-5 Two parameters a and [ indicate the characteristic of the soft tissue.

6.2 In-Situ Tissue Stiffness Estimation

The in-situ tissue stiffness estimation algorithm we propose is based on adaptive
law which can find the unknown parameters through measured input and output signals.

To estimate the tissue characteristics, the force sensor is mounted on the end
effector of the robot manipulators to provide the force measurement. The Cartesian
position of the force sensor is calculated by using forward kinematics. The force and
position data are used as measured output and input for in-situ tissue stiffness estimation
algorithm.

For in-situ tissue stiffness estimation, the function of external force should be

linear. To formulate the tangent function as the type of linear algebra, the tangent
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function is replaced by its power series equation as (6.2).

3 2x5

s
— z — 6.2
tan(x) = x + 3 + 1c for ||lx|| < > (6.2)
And then, F,,, becomes
3x3 2 5X5
Fopr = a(,[?x+33 + ﬁ;S + ) (6.3)

6.2.1 Basic Adaptive Law

In general case, the form of the parametric model is presented as (6.4). z and ¢
are signals available for measurement, 6* is the vector with all the unknown

parameters we want to estimate.

7z = H*T(I) (64)
And the adaptive law is a differential equation as:

6(t) = H(t)e(t) (6.5)

where ¢ is the estimation error that reflects the difference between the estimate
6(t) and 6* (how far 8(t) is from 6%). H(t) is an adaptive gain. The object of
adaptive law is to establish the conditions that guarantee that 6(t) converges to 6*

with time; on the other hand, it wants to make |g| smaller and smaller with time.

],
\Q(tl)
\\
.\9 (t2)
N\, 0(t3)
.. N 9

Target Value

Fig. 6-6 The gradient method for adaptive law.
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There is an approach called gradient method (Fig. 6-6) is to update 6(t) in a
direction that minimizes a certain cost of the estimation error e. With this approach,
6(t) is adjusted in a direction that makes |e| smaller and smaller until a minimum is
reached at which |e] = 0 and updating is terminated.

The cost function is defined as:

em _ (z—6"¢)’

1©) == (6.6)

2m?2

and we minimize it with respect to 6 by using the gradient method to obtain:

6 =—yVJ(6) (6.7)
where y is the adaptive gain, V(@) is the gradient of J with respect to 8. In this

case, it can be rewritten as:
dj  (z-0"¢)
o m2

finally, the function of adaptive law can be written as:

vj(6) = ¢ =—ed (6.8)
6 =yep, 6(0) =6, (6.9)
6.2.2 In-Situ Tissue Stiffness Estimation
According to the basic adaptive law, the parametric model of external force is

constructed as (6.10) and to implement the in-situ tissue stiffness estimation.

T
Fove=laf o apl]x X 21_’;5 (6.10)

where F,,; is the measured output z, x is the measured input ¢, and «a,f are
unknown parameters 6*".

Because the initial error is greater, we consider the possible discounting of past
data and a penalty on the initial error between the estimate 6, and 6* to get the better
estimation results. The recursive modified least-squares algorithm with forgetting factor

is adopted as the fashion to achieve the in-situ tissue stiffness estimation. The cost
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function is defined as follow:

1ty [2(0) =0T (@)
16 =3 fo e~V (t=D = dr
(6.11)
1
+5¢7(0 = 60)"Qo(6 — 6o)

where the exponential term represents the forgetting factor, y is the adaptive gain, and
mZ is a normalization signal. The cost function penalizes the squared error but the

influence of the error is decayed with respect to the time ¢.

Since mi ? e Lo, the J(8) is a convex function of 8 at each time t, the local

s mg
minimum as well as the global minimum is found at VJ(6) = 0, and is derived as

(6.12).

t

7](8) = e 7' Qo(6 — ;) — f

0

e_y(t_.[) Z(T) - HT(t)d)(T)
mg (1)

¢(1)dt =0 (6.12)

From (6.12), it yields the nonrecursive least-squares algorithm as:

t
e 2O

0(6) = PO Qobly + Oj ] (613)
where
t -1
P(t) = |e77tQ, +fe—y(t—r)%df (6.14)

0
In (6.14), Qo = QF > 0, and ¢(r)pT(7) is positive semidefinite, which implies
the inverse of P exists at each time t. Therefore, the derivative of the identity

matrix I = PP~! is derived as (6.15).

d : d
—pPPl=ppl4+pP—pP 1= 6.15
pn +P— 0 (6.15)

The recursive least-squares algorithm with forgetting factor is formulated as:
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6 = Pegp,6(0) = 6, (6.16)

. T
pP=yP— Pd;fz P, P(0) = P, = Q3t (6.17)
Then we can update 6 through the integral of 6 and find the parameters « and

B in the equation to estimate the characteristic of soft tissue.

6.3 Simulation and Experiment

To implement the in-situ tissue stiffness estimation on the dual arm robot for
practical application, we first do the simulation to preliminarily verify its feasibility;
then we make the dual arm robot execute pressing massage on subjects and estimate the
characteristics of their soft tissue.

Here we take the force F,,; which is exerted on different kinds of soft tissue and
the displacement x of the end effector to estimate the value of a« and f. According to
the theory of impedance control which we apply to the dual arm robot, we can derive
the relationship between the action force by manipulator and the reaction force by soft
tissue as follow:

Fope = MoX + DX + K. % = atan(Bx) (6.18)

where X = x — x,,. The left equation represents the model of impedance control and the
right equation is the model of soft tissue.
To save the time of convergence, we adjust the trajectory and the force Fpressing
of pressing technique as (6.19) which can make sure ¢ is persistently exciting.
Fyressing(Xp, ) = Fext (x,)2(t) (6.19)
where x,, is the virtual target point, F,,;(x,) represents the amplitude in periodical

movement. 2(t) as defined in (6.20) is the sine function that determines the pressing
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time and the indentation speed.
0(t) = |sin(wt)| (6.20)
where w represents the pressing frequency. We take absolute value to make sure the

movement is along positive axis.
6.3.1 Simulation

In simulation, we assume M,, D,, and K, are fixed values which are selected by
[26] and the target displacement x, as below:
M, = 1kg,K, = 100N /m,D, = 2 x 0.7,/M,D, Ns/m
xo(t) = S5mm|sin(3mt)|
where x,(t) is the movement of pressing which has the amplitude 5mm and the
pressing frequency 1.5times/s. The duration of simulation is 45secs.

We can solve (6.18) and find the real displacement x by Runge-Kutta method [39]
as (6.21) which is a numerical method for ordinary differential equations. After getting
x, we substitute x into atan(fx) that a, f are known as the values to get the force
F,,: and take them as measured input and output.

Initial value problem: y = f(t,y),y(ty) = ¥,

h
Yn+1 ZYn+g(k1+k2+k3+k4)

ki = f(tw yn)
h h
ko= f(tat 50 + 54 (621)

h h
ks = £ (e + 5.0 + 5K

ky, = f(tn + h’yn + hk3)

forn=20,1,2,3--
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where y is an unknown function of time ¢t which we want to approximate, h is the
size of the interval. The next value y,,, is determined by the present value y, and the
weighted average of four increments. Each increment is the product of h and an
estimated slope specified by function f.

From adaptive estimation, we will get af, af3, and aB®. We divide af3 by
af toobtain B2 and its square root is . Then the value of a can be get from ap.

The results of simulation are shown in Fig. 6-7. The red one is a and the blue one
is B. We test lots of adaptive gain to get the better results and find 5 is the best value
for the simulation. All of them are estimated accurately.
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Fig. 6-7 The simulation results of each tissue.
The value of a« and S of the tissue that covers bony area (noted as bone)

converge in 10s and them of hard muscle and soft muscle converge in 20s.

6.3.2 Experiment

Hard
Muscle

Soft

MuscleF.

|
(a) (b)

Fig. 6-8 Experiment Setup. (a) The dual arm robot executes pressing on subject. (b)

The points that indicate the positions we test.
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Fig. 6-9 The experimental results of subject #1.
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Fig. 6-9 shows the experimental results of subject #1 (the person in Fig. 6-8(a)) with

medium build and Fig. 6-10 displays the displacement x and the F.,; extracted from
his tissue, which covers bony area, in first 10secs. The values converge in 1 minute. Its
convergence speed is slower than the simulation. This is because the real signal has lot
of noise and the adaptive gain cannot be a large number as in simulation. Finally, we

choose 0.1 as the adaptive gain.

\
\ \ \
J |\7 ” 'w;‘ Jl ‘J; U‘ \M ﬁ'w

0 1 2 3 4 8 9 10
tirne (s)

Fig. 6-10 The signals extract from subject #1.

The estimation results of 7 subjects with difference body size are shown in Table
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6-2. (B=Bone, H=Hard Muscle, S=Soft Muscle) The results of subject #1 are very
similar with the values from the soft tissue modeling experiment. Their trends are the
same but the value of soft muscle is much larger than the value we obtain in advance.
The possible reason is that when the robot performs a massage, the position it touches is
closer to the pelvis than the position in the previous experiment. Therefore, the

thickness of soft muscle becomes thinner.

Body
Body B B H H S S

Subject | Gender BMI Fat
Shape (@ | B) | (@ | B) | (@ | (B)

(%)

1 male | medium | 23 178 |454|0.27|10.76 | 0.22 | 417 | 0.21

2 male slim 17 123 |514|0.27|11.61 | 0.25 | 442 | 0.24

3 male hefty 30 25.7 |4.40|0.23| 6.00 | 0.22 | 4.08 | 0.19

4 female | medium | 19 239 |4.13|0.27| 6.36 | 0.26 | 4.10 | 0.25

5 male | medium | 22 165 |4.80|0.27|12.08 | 0.23 | 4.24 | 0.22

6 male slim 15 9.7 |511(0.27 |1130| 0.25 | 412 | 0.25

7 male hefty 25 217 [431|025| 6.84 | 0.22 | 410 | 0.19

Table 6-2 Estimation results of 7 subjects
Subject #2 (Fig. 6-11(a)) and subject #3 (Fig. 6-11(b)) are a slim male and a hefty
male respectively. From their results, we can determine that the body size will greatly
affect the magnitude of @ and . Subject #2 has larger a and larger S than subject
#1 because his body fat is low and the thickness of his soft tissue is relatively thinner;
on the other hand, subject #3 has a smaller a« and smaller 8 than subject #1 due to his
higher body fat. Although this phenomenon may cause confusion when judging the kind

of soft tissue where the robot is pressing during massage, we can add some additional

73

doi:10.6342/NTU201703367



criteria according to BMI or body fat percentage and use this characteristic as the
judging criteria of body condition instead. The results of subject #4 (Fig. 6-11(c)) show
that the female has lager f but much smaller a because of the lack of muscle and
show the possibility of gender distinction by our method. Fig. 6-12 plots the estimation
results of 4 subjects who have considerable size differences. The blue line represents the
tissue which covers bony area (noted as bone), the green line represents hard muscle,

and the red line represents soft muscle.

(b) " ©

Fig. 6-11 The subjects with differences. (a) Subject #2 (b) Subject #3 (c) Subject #4
The estimation results verify the in-situ tissue stiffness estimation method we
propose can successfully estimate the hardness and the thickness of the soft tissue

during robotics massage.
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Fig. 6-12 The estimation results of 4 subjects who have considerable size

differences. (a) Subject #1 (b) Subject #2 (c) Subject #3 (d) Subject #4
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Chapter 7 Conclusions and Future Work

7.1 Conclusions

In this thesis, we successfully adopt the anthropomorphic dual arm robot
developed in our lab to implement robotics therapeutic massage. The Cartesian space
impedance control and joint impedance control which are capable of providing desired
force for massage are apply to the dual arm robot. Then the robotics therapeutic
massage system is endowed with a variety of massage techniques based on impedance
control.

The two main problems of the robotics therapeutic massage are successfully solved.
To make the robot autonomously generate adaptive massage trajectory which is
individual person specific by using a low-cost sensor, we developed a low-cost laser
range finder (LRF) based on triangulation and laser line scanner module. The LRF can
extract the 3D model with a single scan which is more convenient for massage
trajectory planning. Because all components are commercial products bought online, its
cost is less than 10% of the price of the commercial product. To prove the performance
of our LRF, the distance measurement experiment is presented which take the Hokuyo
LRF as ground truth. All error rates are below 0.75% which means our module has
comparable performance as the commercial product.

For adaptive massage trajectory generation, we propose a method based on features
of human back and morphing algorithm. We first construct the standard 3D model
which indicates the acupressure points of general human back, and then extract the back
contours of the standard 3D model and subject by human back feature extraction. After

getting the contour, we map the standard 3D model on the back of the subject using the
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morphing algorithm to find the acupressure points and generate the adaptive trajectories
for pressing, rubbing, and stroking. In the experiment, we compare the results from the
method we propose with the real acupressure points which are defined by a massage
therapist in advance. The experimental results show that the average distance error of
the acupressure points from ten subjects is smaller than the contact radius of the
sphere-shaped end-effector which means our algorithm can precisely generate adaptive
trajectory for different people and can be applied in practical applications. The
trajectories of rubbing and stroking are presented as well. Finally, we successfully apply
the self-developed LRF and the adaptive trajectory generation algorithm to the dual
robot for massage. Our method saves more than half the time needed with teach and
play.

In order to let the robot estimate the characteristics of soft tissue during massage
for appropriate physical human-robot interaction and providing more friendly service,
we figure out the characteristics of soft tissue by using a 7 DoF robot arm and build an
intuitive soft tissue model which have the information of hardness and thickness. Then
we present an in-situ tissue stiffness estimation method which can estimate the
characteristics of patient’s soft tissue during massage. This estimation method is based
on recursive least-squares algorithm with forgetting factor which is one algorithm of the
adaptive law. We adopt the force exerted on soft tissue and the movement of the robot
manipulator as measured output and input signals in the algorithm. In the experiment,
the robot estimates 3 kinds of soft tissue form 7 subjects with different body size during
pressing massage. The experiment illustrates the estimation results have the same trend
as the characteristics of the model we propose and we can use the estimation results as

the judging criteria of body condition.
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The main contributions of this thesis are listed below:

1.  We develop a 3D low-cost laser range finder whose components are bought
online and it cost is less than 10% of the price of the commercial product.

2. We propose a method that can accurately generate adaptive massage
trajectory which is individual person specific based on features of human back
and morphing algorithm. The massage trajectories include pressing, rubbing,
and stroking.

3. We successfully apply the LRF and adaptive massage trajectory generation to
robotics therapeutic massage, which are upper back massage and full body
massage.

4. We explore the characteristics of soft tissue and propose intuitive model of
soft tissue as a tangent function which can indicate the hardness and thickness
of soft tissue.

5. We propose a method that can accurately estimate the characteristics of
patient’s soft tissue during massage based on adaptive law, the force exerted

on soft tissue, and the movement of the robot manipulator.

7.2 Future Work

Our goal is to make the LRF more suitable for small robotics applications, and
preliminary technologies. We are keeping trying to minimize the volume of the LRF
while improve its accuracy and change the light source to near infrared ray to give the
user a more comfortable sensory experience. We will also try to use the standard model
in 3D space directly rather than project it in 2D to get the better performance. The
standard 3D model for different pose is determined by us currently. We will add human
pose estimation we proposed previously [40] to estimate the subjects’ pose and
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autonomously find the suitable standard 3D model for them.
In the future, we will combine the in-situ tissue estimation with control strategies
to make the control system more stable and will dynamically change the time of

massage and the massage technique according to the characteristic of soft tissue.
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