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Abstract. The objective of this paper is to devise a scheme for generating arm gestures of humanoid robots. Inverse kinematics and the
minimum-jerk trajectory method are used to generate trajectory of each
gesture. To calculate the desired positions of arms, inverse kinematics is
solved by the damped least-squares method. Human-like trajectory from
initial position to desired position is generated by the minimum-jerk
trajectory method. The effectiveness of the proposed method is demonstrated through a human robot interaction (HRI) experiment by using
the humanoid robot Mybot-KSR, developed in KAIST RIT Laboratory.
In the experiment, internal state of the robot is changed from the perceived environment. The internal state consists of emotion and homeostasis. Based on the emotion, the robot tries to interact with human by
selecting proper gestures using the fuzzy integral and fuzzy measure.
Key words: Gesture selection, human robot interaction, the damped
least-squares method, humanoid robot.
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Introduction

As science and technology advances, human expect robot can perform various
tasks and robot will be a partner in human life [1]. To interact with human,
robot should mimic human-human interaction. In human-human interaction,
not only verbal communication but also non-verbal communication like waving
one’s hand is important factor. Arm gestures play a large role in expressing
emotion and describing additional meaning of words. According to the law of
Mehrabian, non-verbal communication like face expressions and gestures contain
55% in human-human communication [2]. Because of these advantages, if robot
uses gestures by using its two arms, more intimate communication is possible in
HRI.
There are many researches about using gesture in HRI. Displaying expressive
gestures by humanoid robot during storytelling application was researched [3].
Algorithm for generating gestures in real time to support a speech of a robot
was also studied [4].
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There are also many researches about generating gestures. One of sampling
based path planning method, rapidly-exploring random tree method, was widely
used to generate trajectories [5]. However, this method required more computation time than other methods when search area is large, and it sometimes moved
redundantly because it was a probabilistic method. In case of kinematic method,
all parameters and conditions were needed [6], [7]. This method failed to solve
problems when all information are not provided. In case of evolutionary computation (EC) method, solution could be obtained from not fully provided condition
[8], [9]. However trajectories form EC method movement can not ensure stability
and sometimes manipulator moved redundantly. In humanoid robot arm’s movement, stability and naturalness are more important. The damped least-squares
method was used to generate trajectory in this research. Solution of this method
provides a stable value [10].
This paper proposes the development of gesture generation using the arms
of humanoid robots. To generate trajectory, initial position and desired position
are given. Arm’s trajectory is generated by the damped least-squares method
and the minimum-jerk method. After generated trajectory of the robot arm is
tested, the proposed method is applied to the HRI experiment. In experiment,
the robot selects appropriate gestures depending on its emotion, which is decided
by monitoring visual information and homeostasis.
This paper is organized as follows. Section II describes the arm gesture generation method. Section III presents the internal state and the gesture selection
process. In Section IV, experiment results are discussed. Finally, conclusion follows in Section V.
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Trajectory generation

Trajectory generation process is shown in Fig.1. When initial and desired positions are decided, the damped least-squares method is used to calculate angles
of all joints and the minimum-jerk trajectory is used to make smooth movement.
Initial position p0 and desired position pN can be represented as follows:

T
p0 = x0 y 0 z 0 ψ 0 θ0 φ0

,


T
pN = xN y N z N ψ N θN φN

(1)

where N is the number of interpolation sample points, x, y, z denotes the position, and ψ, θ, φ denotes the orientation in Cartesian coordinates.

Angles of each joints (q)
P0
PN

Damped leastsquares method

Minimum-Jerk
Trajectory

Fig. 1. The sequence of arm trajectory generation.

qi
(i: 0~N)
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The damped least-squares method is used to solve inverse kinematics [11].
Cost function is defined as follows:
T

T

T

L(p,q)=(j+1 p−pN ) r1 (j+1 p−pN )+(j+1 p−j p) r2 (j+1 p−j p)+(j+1 q−j q) r3 (j+1 q−j q)

(2)
where j is the iteration number, r1 , r2 and r3 are constants [12].
Jacobian matrix of the robot arm is needed to solve (2). Jacobian matrix is
a transformation matrix for obtaining end effector’s linear velocity and angular
velocity from the variation of angle of each joint. In this paper, the Mybot-KSR
is considered, which has two arms with 7 Degrees of Freedom (DOFs). Jacobian
matrix for the arm is represented as follows:
 
 
q̇1
υx
 q̇2 
 
 υy 
 q̇3 
 
 
 υz 
  = J (q)  q̇4 
(3)
 
 ωx 
 q̇5 
 
 
 ωy 
 q̇6 
ωz
q̇7
where v and w represent linear velocity and angular velocity of end effector,
respectively. q = [q1 , q2 , ..., q7 ] represents angle of joint and q̇ = [q˙1 , q˙2 , ..., q˙7 ]
represents the angular velocity of joint.
The purpose of the damped least-squares method is to minimize L(p, q) of
(2). For this purpose, random joint value qinitial and desired joint value pdesired
are assigned to (2). Then the method finds the value of q when theP
pnext ’s rate of
change is 0. In every iteration, error from pN to j p is expressed as
|pN - j p| and
the damped least-squares method reduces the error to 0 recursively. It finishes
iteration when the difference between pdesired and pnext are small enough. If
the qinitial is failed to reach pdesired closely, q is renewed continuously and joint
angles of pdesired are searched. In the damped least-squares method, initial value
qinitial gives a large impact to the solution. Thus, even if pdesired is the same,
the trajectories of arm are different because initial positions are different. Using
the method, the Mybot-KSR can generate natural arm trajectories according to
intial position.
To find q that minimizes L(p, q) in (2), ∆q should be obtained. ∆q can be
calculated as follows [10]:



∂L
= 2JT r1 j+1 p − pN + 2JT r2 J j+1 q − j q + 2r3 j+1 q − j q . (4)
j+1
∂ q
To find the value when the above equation is 0, (4) is simplified as follows:

 

JT r1 −∆j p + JT r2 J + r3 j+1 q − j q = 0
(5)
where

j+1

q can be written as follows:

−1

−1
j+1
q = j q+ JT r2 J + r3
JT r1 ∆j p = j q+JT r2 JJT + J−T r3 JT
r1 ∆j p.
(6)
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In (6), j represents repetition count and r1 , r2 and r3 are constant values.
Equation (7) can be gained when r1 and r2 are set as 1.

−1
∆j q = JT JJT + r3 I
∆j p.
(7)
After joint angles of desired position are gained, interpolation points are
calculated by the minimum-jerk method, which is represented as follows:

qi = q0 + qN − q0 (10k3 − 15k4 + 6k5 )

qN − q0
i
(30k2 − 60k3 + 30k4 )
q̇ =
N
N
0
q −q
(60k1 − 180k2 + 120k3 ) .
q̈i =
N2

(8)

In (8), k1 is Ni , k2 is k12 , k3 is k13 , k4 is k14 , k5 is k15 and i represents samples
from 0 to N . This method can reduce the error by minimizing the change of
acceleration. It also generates similar trajectories of human arm [13]. Overall
process is shown in pseudo code, Algorithm 1.
Algorithm 1: Arms trajecotry generation pseudo-code.
1: procedure Damped Least-Squares(p)
2:
p0 , pN ← p
. N : The numberPof samples
3:
while errornorm < e do
. errornorm =
|pN − j p|
j
4:
∆ q ← L(p, q)
. L(p, q) : Levenberg-Marquardt method
j+1
5:
q = j q + ∆j q
j+1
6:
p ← F K(j+1 q)
. F K() : Forward Kinematics
7:
end while
8:
return q0 , qN
9: end procedure
10: procedure Minimum-jerk Trajectory(q0 , qN )
11:
for i = 0 to N do
12:
qi , q̇i , q̈i ← M (q0 , qN )
. M ():Minimum-jerk function
13:
end for
14:
return q0 ∼ qN
15: end procedure

3
3.1

Gesture selection with internal state
Internal state transition

When the robot receives visual information, internal state is changed. The internal state consists of emotion and homeostasis. Emotion(E) is expressed with six
parameters according to the psychologist Ekman’s theory which defines human’s
basic emotion as anger(e1 ), disgust(e2 ), fear(e3 ), happiness(e4 ), sadness(e5 ) and
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surprise(e6 ) [14]. Homeostasis(H) consists of achievement(h1 ), affiliation(h2 ),
power(h3 ), safety(h4 ). Based on the psychologist McClelland’s need theory, achievement, affiliation, and power is selected and safety is added from the Maslow’s
need’s theory because the McClelland’s need theory concentrates only on social
aspects [15], [16]. When the visual information is perceived, the internal state is
updated as follows:
Et+1 = Et + A1 u1 + A2 u2 + . . . + An un
Ht+1 = Ht + B1 u1 + B2 u2 + . . . + Bn un

(9)

where ui are the visual information. Ai are 6 × 1 vectors and Bi are 3 × 1 vectors
containing the relationship between the i-th visual information and the emotion,
and the i-th visual information and the homeostasis, respectively. The internal
state is updated as follows:
Et+1 = Et + (Enor − Et ) × ∆Et
Ht+1 = Ht + (Hnor − Ht ) × ∆Ht

(10)

where Enor and Hnor are the normal emotion and the normal homeostasis, respectively. Note that ∆ represents the amount of change in a control period.
Meaning of the normal emotion and the normal homeostasis is a converging state when there is no visual information for a long time. Both emotion
and homeostasis will slowly converge to the normal emotion and the normal
homeostasis, respectively. Hnor and ∆H are constant values. Enor and ∆E are
function of H and defined as follows:
Enor = Ed + h1 × C1 + h2 × C2 + h3 × C3
∆E = ∆Ed + h1 × D1 + h2 × D2 + h3 × D3

(11)

where Cj and Dj are 6 × 1 vector and 3 × 1 vector containing the relationship
between homeostasis and Enor and ∆E, respectively. Ed and ∆Ed is constant
values.
3.2

Gesture

The basic gestures for the robot are shown in Table. 1. These gestures are composed of the basic gestures for the promotional robot [17]. Gestures can be
generated by defining end effector’s position in 3D coordinates. Gestures also
can be generated by defining motor values of each joint. In each gesture, degree
of the gestures varies depending on the degree of emotion.
3.3

Fuzzy Measure and Fuzzy Integral

To select proper gestures according to emotion, Sugeno λ-fuzzy measure and the
Choquet integral is used. The fuzzy measure is defined in the following [18].
Definition 1 : A fuzzy measure on the set X of symbols is a set function
g : P (X) → [0, 1] satisfying the following axioms;
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Table 1. The basic gestures sets for experiment of Mybot-KSR

Division Gesture (arm(s))

Right arm

Left arm

Swing

A

Lifting left
Lifting right
Lifting both

p = [0.1, 0, 0.2]
p = [0.1, 0, 0.2]

p = [0.1, 0, 0.2]
p = [0.1, 0, 0.2]

-

B

Wave left greatly
Wave right greatly
Wave both greatly

p = [0.1, 0, 0.3]
p = [0.1, 0, 0.3]

p = [0.1, 0, 0.3]
p = [0.1, 0, 0.3]

q1 , q2
q1 , q2
q1 , q2

C

Wave left small
Wave right small
Wave both small

p = [0.2, 0, 0.0]
p = [0.2, 0, 0.0]

p = [0.2, 0, 0.0]
p = [0.2, 0, 0.0]

q2
q2
q2

D

Stretch left forward Stretch right forward p = [0.2, 0, −0.1]
Stretch both forward p = [0.2, 0, −0.1]

p = [0.2, 0, −0.1]
p = [0.2, 0, −0.1]

-

E

Gather left in waist Gather right in waist p = [0.1, 0.12, −0.18]
Gather both in waist p = [0.1, 0.12, −0.18]

p = [0.1, 0.12, −0.18]
p = [0.1, 0.12, −0.18]

-

F

Gathering hands

q = [0.5, −0.06, −0.75, q = [0.5, −0.06, −0.75,
1.45, 0, −2.08, 0]
1.45, 0, −2.08, 0]

G

Stretch to outward

q = [−0.38, 0.50, 1.07,
−2.26, −0.57, 0.31,
−0.13]

q = [−0.38, −0.50,
−1.07, −2.26, 0.57, 0.31, −0.13]

H

Grasp the ball

q = position of ball
(When ball is right)

q= position of ball
(When ball is left)

-

i) g(∅) = 0, g(X) = 1;
ii) A ⊂ B ⊂ X implies g(A) ≤ g(B).
The Sugeno λ-fuzzy measure satisfies the following [19]:
g(A ∪ B) = g(A) + g(B) + λg(A)g(B).

(12)

In (12), g represents the fuzzy measure, λ represents the interaction degree.
If ∞ > λ > 0, two symbols are in a negative correlation and g(A ∪ B) is
overestimated. If 0 > λ > −1, two symbols are in a positive correlation and
g(A ∪ B) is underestimated.
The Choquet fuzzy integral is defined in the following [20].
Definition 2 : Let f be a mapping from finite set X to [0,1]. For xi ∈ X, i =
1, 2, . . . , n, assume f (xi ) ≤ f (xi+1 ) and Ei = {xi , xi+1 , . . . , xn }. The Choquet
fuzzy integral of f over X with respect to the fuzzy measure g is define as
Z
f ◦g =
X

n
X
i=1

(f (xi ) − f (xi−1 ))g(Ei ), f (x0 ) = 0.

(13)
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In (13), all fuzzy measures, g, should be calculated before the global evaluation.
3.4

Gesture selection

Gesture selection is performed with the fuzzy integral and fuzzy measure [21].
Fuzzy measure can deal with the ambiguity of crisp sets. Because people cannot
draw a definite border line among internal state, fuzzy measure is used to deal
with the ambiguity. To identify all fuzzy measures, diamond pairwise comparison
method is used [22].
Six basic emotions are used to selection gestures. Based on the Ekman’s theory, every two emotions pair among six basic emotion is compared with diamond
pairwise comparison method. The comparison reflects two information: relative
importance and relationship between all two emotion pairs. The relative importance means that which emotion is more affective in selecting gestures. The
relationship means positive or negative relationship between two emotions which
is assigned according to the Ekman’s theory. With the relative importance, pairwise comparison matrix is generated and weight vector, W = {w1 , w2 , . . . w6 },
is calculated with eigenvalue and eigenvector. Because the derived weight vector is only containing the importance of each emotion, the relationship among
emotions should be considered.
From the relationship among emotions, dissimilarity graph is obtained. The
dissimilarity graph consists of six clusters according to the number of basic emotions. Two clusters in the dissimilarity graph are merged step by step until only
one cluster remains. Result of merging process is used to generate hierarchical
structure in Fig. 2.
Weight vector from the pairwise comparison matrix is placed at the bottomlevel of the hierarchical structure. To reflect the relationship among emotions,
the weight vector is moving to the top-level of the hierarchical structure with φs
transformation [23]. The top-level weights are used as a fuzzy measure, which is
expressed g in (13).
Partial evaluation values are obtained from current emotion. Let Si = {si1 ,
si2 , . . . , si6 }, be an ideal emotion. The ideal emotion means that the correspond-

Hierarchical Structure

Anger

Disgust

Fear

Sadness

Happiness

Surprise

w1

w2

w3

w4

w5

w6

Weights from eigenvector

Fig. 2. Hierarchical structure for selecting gestures.
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ing gesture is fully selected. The current emotion should be close to Si to express
i-th gesture. The partial evaluation value of i-th gesture is calculated as follows:
fi = I − |Si − E|

(14)

where I is the 1 × 6 vector with elements are all ones and f = {f1 ; f2 ; . . . ; fi } is
partial evaluation of all gestures. The partial evaluation f in (14) is integrated
with fuzzy measure from Fig. 2 by the Choquet integral and the maximum value
of gesture is selected.

4
4.1

Experiment and results
Simulation

Gestures were tested in simulation. To confirm the trajectories of gestures, test
sets were formulated as follows:
StartP ose : p0 = [ 0.0 0.0 − 0.4485 0.0 0.0 0.0]
P ose1 : p1 = [ 0.3 0.0 0.0 0.0 0.0 0.0]

T

P ose2 : p2 = [ 0.2 0.3 − 0.15 0.0 0.0 0.0]
P ose3 : p3 = [ 0.1 0.0 0.1 0.0 0.0 0.0]

T

T

T
T

P ose4 : p4 = [ 0.1 0.12 − 0.18 0.0 0.0 0.0] .

(15)

Each motor value for each pose of the left arm is shown in (15) and values
of motors were [0 0 0 0 0 0] in initial position. Values for the right arm were
symmetry with the left arms’. The trajectories of end effector are shown in Fig.
3 and simulation results are shown in Fig. 4. Each basic gesture was generated
smoothly.
After testing simple gestures, sequence gestures were tested. The sequential
gestures were composed with basic gestures which were defined in Table. 1.
– Initial position → Lifting both arms → Waving left hands small → Gathering
both arms in waist → Initial position
Fig. 5 shows the trajectories of the end effector of the left arm in 3D coordinates. Trajectory of current gesture and trajectory of next gesture were smoothly
connected. This gestures test showed the algorithm can generate trajectories
properly.
4.2

HRI experiment

HRI experiment was performed in real environment. scenario is as follows:
– Human appears
– Human gives a ball
– Robot detects and catches the ball
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Fig. 3. Trajectories of end effector for p1 , p2 , p3 , p4 (Right to left, up to down).

(a)

(b)

(c)

(d)

Fig. 4. Gestures of p1 , p2 , p3 , p4 are shown in simulation (Right to left, up to down).
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End Effector Trajectory
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0.25
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0.35
0.4
X(m)

Y(m)

Fig. 5. Trajectory for multiple sequence gestures in 3D coordinates.

– Robot gives back the ball to the human
– Human disappears
For that purpose, recognizing the human and the ball was required. Localization of the ball also needed for tracking the ball. This was one of gestures.
When the ball’s position was gained, the robot arm could reach the position.
The scenario is as follows: human went in front of the robot and gave the ball
to the robot. Then robot caught the ball and gave it back to the human after a
while. Finally, the human disappeared from the robot’s view. In this process, the
robot observed the human and the ball, and selected proper gestures depending
on the internal state and situation. The changes of the internal state according
to time and environment are shown in Fig. 6.
When a big event was occurred like the human appeared, the human disappeared or the ball was recognized, surprise increased a lot. When an initial
recognition of the human was done, surprise, happiness and achievement were
increased. While passing the ball, happiness and achievement changed continuously. When the human was disappeared, happiness, achievement and affiliation
were decreased and sadness was increased. Anger and fear were also increased.
In this experiment, selected gestures for each environment are summarized as
follows: when the human appeared, the robot waved its hands greatly. When
the ball was recognized, the robot stretched its hand and grasped the ball by
tracking. Then the robot gave back the ball to the human. When the human
disappeared, the robot waved its hands small. The robot’s generated gesture is
shown in Fig. 7. The first figure shows the robot shook its hands greatly when
it met human, second figure shows the robot caught the ball and gave it back
to the human, and third figure shows the robot shook its hands small when the
human disappeared.
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↓
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Fig. 6. Change of internal state.
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Conclusion

This paper proposed the development of gesture generation for arms of humanoid
robots. Angles of each joint were gained by the trajectory generation algorithm
which was obtained by the damped least-squares method. To generate smooth
trajectories, interpolation was executed based on gained angles by using the
minimum-jerk method. The obtained trajectories were transferred to the robot
and the robot generated proper gestures by using the trajectories. System process consisted of state of arms’, therefore the robot arm could show natural
movement and conduct sequence gestures. The experiment was performed with
the humanoid robot Mybot-KSR. In the experiment, the robot perceived environment, changed its internal state and selected proper gestures using the fuzzy
measure and fuzzy integral according to emotion.
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