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ABSTRACT Humanoid robot is one of the most active frontiers in robotics. As the basic part of motion of
humanoid robot, human-like motion planning is always one of the research hotspots and difficulties. In this
paper, a comprehensive approach is proposed to help robot NAO generate the human-like arm movements.
Firstly, a novel armmotionmode is built based on theMovement Primitives (MPs). Thewhole armmovement
can be decoupled into different simple sub-movements with different motion models, which improves the
accuracy and computational efficiency of human-like arm movements. Then a motion decision algorithm
based on Bayesian Network (BN) is proposed to help robot NAO choose the suitable motion model among
these MPs. Finally, according to the structure features of the MPs, the IK solutions can be classified into two
categories: methods based on index and on geometrical constraints. Through the comprehensive approach,
the robot NAO can generate various human-like arm movements with satisfactory accuracy. The availability
of the approach is verified by similarity experiment and human-like movement experiment.

INDEX TERMS Human-like motion planning, human–robot interaction (HRI), robot NAO, movement
primitive (MP), motion decision algorithm.

I. INTRODUCTION
With the development of the robot technology and the
expanding of the application area, new generations of
humanoid robots are designed to interact and communicate
with humans in a natural and friendly way [1]. The anthropoid
shape gives humanoid robots the advantages over other robots
in HRI and makes them more accessible for humans [2]. In
HRI, humanoid robots work with humans and even can be the
companion of humans. Thus, except for the anthropoid shape,
humans prefer that humanoid robots have the manipulation
ability like humans, so that they can perform various com-
plex tasks [3]. The anthropomorphic arms provide humanoid
robots powerful manipulation ability and the human-like arm
movements is the motion foundation of the anthropomorphic
arms. The research of the human-like arm movements deter-
mines whether or not the humanoid robots meet the require-
ments of the tasks in HRI. Meanwhile, through performing
the tasks like humans, the robots can integrate into human
life better and be trusted by humans [4].

The key issue of the human-like arm movements is to gen-
erate anthropoid arm postures [5]. The traditional methods
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predict arm postures by optimizing the Human Performance
Measures (HPMs). The early researches are mainly based
on psychophysical discomfort [6], [7]. This HPM indicates
that the farther from the center angle, the more uncomfort-
able humans feel. The HPMs are then extracted through
different disciplines. Zacharias et al. [8] used the rapid
upper limb assessment (RULA) from ergonomic researches
to determine the naturalness of arm postures. Rosell et al.
[9] proposed the concept of ‘‘principal motion directions’’ to
reduce the dimension of the search space in order to obtain
results with a compromise between motion optimality and
planning complexity. Zhao et al. [10] assumed that there
exists a torsion spring along the elbow swivel axis. One
end of it is attached to the vertical plane, and the other
end is attached to the plane formed by the upper and lower
arms. Using this equivalent model, the generation of tra-
jectories of both end-effector and joints can be obtained.
Dounskaia et al. [11] proposed a novel cost function that
represents neural effort for joint coordination to generate
the arm movements. Considering the single HPM always
cannot satisfy the requirements of human-like movements,
researchers try to use the multi-objective optimization meth-
ods. Yang et al. [12] constructed several HPMs to predict arm
postures. The HPMs includes joint displacement, discomfort,
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delta potential energy and visual displacement. Hugues et al.
[13] proposed three HPMs (the inertia of base, the inertia of
the end-effector and the velocity profile) and evaluated their
impact on the human-like movements. Almasri et al. [14]
proposed a HMP based on energy to generate the human-like
movements. The HPM includes the gravitational potential
energy and the kinetic energy. Different from using the meth-
ods based on HPMs, some researchers apply the human arm
characteristics observed by other disciplines to IK algorithms.
Caggiano et al. [15] observed the behavior of human writers
and recognized the joints of shoulder and elbow should have
higher mobility than that of wrist. Xie et al. [16] proposed a
hypothesis named ‘‘Target Arm Pose’’ to interpret the natural
motion of human arm. Baes on it, a new IK algorithm is pro-
posed to generate the human-like arm movements. Tian et al.
[17] built a lookup table about redundant joint to calculate the
IK solutions. Kuo et al. [18] introduced the fuzzy approach
to obtain the elbow height in different behaviors and solves a
unique pair of the IK solutions.

Whether they are based on HPMs or arm characteristics,
the methods do have drawbacks. The methods based on
single HPM always cannot satisfy the requirements of the
human-like movements. For multi-objective optimization
methods, there may be uncertainty because of the weight
influence among different HPMs. Although the arm char-
acteristics can be extracted by many methods, its accuracy
also needs to be proved. With the development of artifi-
cial intelligence, more and more novel methods are applied
into human-like movements of anthropomorphic arms [19],
[20]. Chaudhary et al. [21] proposed an adaptive neuro-fuzzy
inference system to solve the complexity in a multi-DOF
robotic arm. Banga et al. [22] solved the IK problems and
optimized the whole system with the feed-forward ANNs
and Bees Back propagation. Panagiotis et al. [23] used the
BN to predict the motion among different primitives due to
BN’s unique strengths both in inference and in visualization.
Ding and Fang [24] presented the concept of motion language
to obtain the planned results for humanoid manipulators.
Liu et al. [25] proposed a correspondence method named
wrist-elbow-in-line to map key positions of human demon-
strations to the real robot for obtaining a valid analytical
inverse kinematics solution. Although thesemethods can gen-
erate human-like arm movements, they ignore the influence
caused by arm models. In fact, human arm movements are
complex [26], [27]. During the movement, arm states are
changing constantly. Different numbers and combinations
of joints form different arm states [28]. Human arms can
perform different and complex tasks by coordination and
cooperation of different joints. Thus, the arm motion models
are multiple and varying.

The major contributions of this paper is proposing an
approach for anthropomorphic arms to improve the accuracy
and efficiency of human-like arm movements. In order to
achieve this purpose, a motion model based on the MP is
proposed to represent different human arm movements. Then
the BN is used to predict motion. The motion variables are

FIGURE 1. The skeleton-tree model.

FIGURE 2. The attributes of each joint.

extracted and the conditional dependencies are built. Finally,
two types of IK solutions are proposed to generate the joint
trajectories of anthropomorphic arms fast and accurately.

The remainder of this paper is organized as follows.
In Section II, the arm motion model based on MPs is intro-
duced. The motion-decision algorithm to help robot choose
the suitable model among the different MPs is described in
Section III. The corresponding different IK methods to solve
the IK problems are shown in Section IV. Section V shows
the results of experiments. Section VI concludes the paper.

II. MOVEMENT PRIMITIVE ORIENTED HUMAN ARM
JOINT
A. KERNEL ACTION ELEMENT
In human arm joint space, complex arm movements are per-
formed by the coordination of the shoulder joint, the elbow
joint and the wrist joint. These joints can be described as a
tree (see Fig. 1) and the nodes in the tree are series structures.
In this tree, the shoulder, the elbow and the wrist represent
the ancestor node, the parent node and the children node
respectively. According to the characteristics of arm move-
ments, each node has two motion attributes: 1) the position
change relative to the world coordinate, 2) the orientation
change relative to the former node. These two attributes are
independent. For each node, these two motion attributes can
occur simultaneously or respectively. When planning the arm
movements, the shoulder joint is assumed immobile. Thus,
the world coordinate is always fixed at the shoulder joint, and
the shoulder joint only has the orientation attribute.

The attributes in the shoulder, the elbow and the wrist are
shown in Fig. 2. Two kernel Action Elements (KAE) j, a are
extracted from the tree model and the node attributes. j∈Gi×1
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represents the joint vector, and i represents the number of
joints. For arms, i = 3. a∈A1×3 represents the attribute vector.
The definitions of j and a are shown as follows:{

j = [S,E,W ]T

a = [P,R,PR]
(1)

The element S, E, W in j describe the different joints (shoul-
der, elbow and wrist) respectively and the element P, R, PR
in a describe the motion attributes of joints (position change
only, orientation change only, and both changes) respectively.

B. EXTRACTION OF MPS
As shown in Fig. 1, the elements in j can influence each other
in order (from shoulder to wrist) because of the series struc-
ture. There are some extraction forms according to whether
the joint is active or passive.

1) element A⇒ element B: the former is active and the
motion attribute of the former can influence the latter’s.

2) element A⇒ element B→ element C: the element C
is passive and moves with element B.

3) element A ⇒ element B; element C: the element A
and C are active.

4) element A: only the element A is active and does not
influence the others’ motion attributes.

For the same joint, the elements in a can be divided into two
forms: simultaneous change (PR) and independent change
(P or R). For different joints, the elements in a can also
influence each other. Thus another two extraction forms can
be obtained:

5) Generally, the orientation change of the former node
will influence the position change of the latter node.

Rformer
infuence
−→

if change
Platter : FormerRLatterP

6) If and only if the orientation change of the ancestor
node cannot influence the position change of the parent
node, they will influence the attribute change of the
alternate-generation node.

Rancestor
not infuence
−→

if change
Pparent : AncestorRChildrenP

According to the extraction forms of theMPs above, a 3×3
matrix e called Primitive Matrix is proposed. The elements
in Primitive Matrix are 1 or 0. Finally, through the Primitive
Matrix e, the joint vector j and the attribute vector a, the MPs
can be extracted as follows:

MPform = aej =
[
P R PR

] e11 e12 e13e21 e22 e23
e31 e32 e33

 S
E
W

 (2)

C. REPRESENTATION OF MPS
The complex arm movements can be decomposed into
different simple motion models through MPs, which makes
great facilitation to generate human-like movements of
anthropomorphic arms. According to (2), there are 10MPs as
shown in Table 1. Theses MPs can be divided into two types:

TABLE 1. Movement primitives.

MotionMovement Primitive (MMP) and FunctionMovement
Primitive (FMP). The MMPs describe the natural
arm movements (the position of the wrist changes during
the movements). The FMPs describe the obstacle avoidance
movements (the position of the wrist is fixed during the
movements). In this paper, we focus on the MMPs and the
detailed explanations of the MMPs are shown as below:

1) SREPWP
Form: SR ⇒ EP→WP

Primitive Matrix: e= [0, 1, 1; 1, 0, 0; 0, 0, 0]
Explanation: the shoulder is active and the orientation

change of the shoulder influences the position of the elbow.
The wrist is passive and moves with the elbow. This MMP
describes the movements that the arm moves around the
shoulder.

2) ERWP
Form: ER ⇒WP

Primitive Matrix: e= [0, 0, 1; 0, 1, 0; 0, 0, 0]
Explanation: the elbow is active and the orientation change

of the elbow influences the position of the wrist. This MMP
describes the flexion and extension movements of the elbow.

3) SREPRWP
Form: SR ⇒ EP; ER ⇒WP

Primitive Matrix: e= [0, 0, 1; 1, 0, 0; 0, 1, 0]
Explanation: the shoulder and the elbow are both active.

The orientation change of the shoulder influences the posi-
tion of the elbow and the orientation change of the elbow
influences the position of the wrist. This MMP describes the
movements that are similar to reaching movements.

4) SREPWPR
Form: SR ⇒ EP→WP; WR

Primitive Matrix: e= [0, 0, 0; 1, 0, 0; 0, 1, 1]
Explanation: the shoulder and the wrist are both active.

The orientation change of the shoulder influences the position
of the elbow. This MMP describes the movements that are
similar to SREPWP. The only difference is that the orientation
of the wrist changes actively when the wrist moves with the
elbow.
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5) SRWP
Form: SR ⇒WP

Primitive Matrix: e= [0, 0, 1; 1, 0, 0; 0, 0, 0]
Explanation: the shoulder is active and the orientation

change of the shoulder influences the position of the wrist.
This MMP describes the alternate-generation movements.
According to the extraction form (6), the orientation change
of the shoulder cannot influence the position of the elbow but
can influence the position of the wrist.

6) SRWPR
Form: SR ⇒WP; WR
Primitive Matrix: e= [0, 0, 0; 1, 0, 0; 0, 0, 1]
Explanation: the shoulder and the elbow are both active.

The orientation change of the shoulder influences the position
of the wrist. This MMP describes the movements that are
similar to SRWP. The only difference is that the orientation
of the wrist changes actively when the wrist moves with the
shoulder.

7) ERWPR
Form: ER ⇒WP; WR

Primitive Matrix: e= [0, 0, 0; 0, 1, 0; 0, 0, 1]
Explanation: the elbow and the wrist are both active. The

orientation change of the elbow influences the position of the
wrist. This MMP describes the movements that are similar to
ERWP. The only difference is that the orientation of the wrist
changes actively when the wrist moves with the elbow.

8) SREPRWPR
Form: SR ⇒ EP; ER ⇒WP; WR

Primitive Matrix: e= [0, 0, 0; 1, 0, 0; 0, 1, 1]
Explanation: the shoulder, the elbow and the wrist are all

active. The orientation change of the shoulder influences the
position of the elbow and the orientation change of the elbow
influences the position of the wrist. The orientation of the
wrist changes actively. This MMP describes the movements
that are similar to grasping movements.

D. FRAMEWORK BASED ON MPS
Through the MPs, the whole arm movement is decomposed
into different sub-movements and these sub-movements
occur in sequence. Thus, the MPs connect in series. The
Fig. 3 shows the connection diagram of the MPs. The black
circles represent different MPs and the arrows represent the
occurrence sequence of the MPs. The semantics function
E(x) enriches the expressive patterns and the content of the
MPs [29]. The decision function F(x) is adopted to choose
and connect the MPs. The detailed information will be shown
in the next section.

A motion framework based on the MPs is proposed.
As shown in Fig. 4, the motion framework can be divided into
four levels: a motion-decision level, a sub-movement level,
a control level and a task level. The motion-decision level
is the foundation of the motion framework and the MPs is
the foundation of the motion-decision level. The left-to-right
process (from the motion-decision level to the task level) is

FIGURE 3. The connection diagram of the MPs.

a motion planning process of a specific task. If we want a
robot to accomplish a specific task, the motion-decision level
makes an analysis of the task and chooses different MPs to
compose different sub-movements. Then the control model
is chosen in the control level. Finally, through the interface
between the algorithm and different manipulator platforms,
the joint trajectories of a certain platform can be generated
to accomplish the task. The left-to-right process (from the
motion-decision level to the task level) is a self-learning
process of a manipulator platform.

III. MOTION-DECISION ALGORITHM BASED BN
Through the MPs, the arm movements are decoupled to dif-
ferent motion models. According to different tasks, we need
to choose suitable MPs from these models to help robots
generate human-like movements. Thus, the choice of theMPs
affects the accuracy of the human-like movements. The BN is
a probabilistic graphical model that represents a set of random
variables and their conditional dependencies via a directed
acyclic graph. Due to its unique strengths both in inference
and in visualization, the BN is widely used in the field of
robotics. In this section, we propose a motion-decision algo-
rithm based on BN. The motion variables are extracted and
the prediction model is built. Through the motion-decision
algorithm, the anthropomorphic arms can choose the suitable
motion models according to different tasks.

A. MOTION VARIABLES
As shown in Fig. 2, the structure of the armmodel is serial and
each joint has two attributes: position and orientation. Thus,
five motion variables SR, EP, ER, WP and WR are extracted
to build the BN model. These variables represent the posi-
tion or orientation changes of the shoulder, the elbow or the
wrist during the movements. Because the position of the
shoulder is always fixed, the variable SP is ignored. The
motion capture system (Natural Point Inc., 8 Flex 13 cameras
and 100 frames per second) is used to collect the human arm
motion data and the priori probability of each variable can
be obtained from these motion data. Then the conditional
probability of each variable is determined. Each variable
approximates to an exponential distribution. When the attri-
butions of the joints are different, the expressions of the
variables are different. The variables EP, WP are functions
of the distance. The variable WP is related to the difference
between the distance from the shoulder position to the target
position and the distance from the shoulder position to the
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FIGURE 4. The motion framework for anthropomorphic arms.

FIGURE 5. The BN represents the variables dependencies.

wrist position. The variable EP is related to the difference
between the distance from the elbow position to the target
position and the length of the lower arm. The variablesER,WR
are functions of the target orientation. Thus, the Exponential
Probability Density Function (EPDF) is used to calculate the
probabilities of these variables. Each variable has an EPDF
associated with it. The rate parameter γ of each EPDF is
calculated bymaximum likelihood estimationmethod and the
leave-one-out cross validation method. In this paper, the arm
size of robot NAO is involved in the calculation of the EPDF.
This method can be applied to other anthropomorphic arms
by replacing the size.

B. DECISION MODEL
In this section, a BN, as shown in Fig. 5, is used to model
the dependence relationships among the motion variables.
The BN considers the prior information and sample data, and
combines the subjective factors with objective factors, which
can avoid the excessive use of data and bias caused by the
subjective factors [30]. By inspecting the arrows in the BN,
it is easy to determine which variable directly influences the
others. A BN can be defined as follows:

B = (G,P) = (V ,E,P) (3)

where V represents a set of variables X1, X2, . . . , Xn.
E represents a set of directed edges between these vari-
ables. The joint probability distribution P can be written as
follows:

P(X1,X2, . . . ,Xn) =
n∏
i=1

P(Xi|Pai) (4)

where Pai represents the parent node of variable Xi.
Mutual information is a unit and is always used to measure

the mutual dependence of the two variables. In order to
decouple the movements, the mutual dependence of the two
variables in every moment, not the whole movement process,
needs to be determined. Thus, the Transient Mutual Informa-
tion (TMI) is proposed to reflect themutual dependence of the
two variables in every moment during the movements. The
expression of the TMI is shown as follows:

Î (X ,Y ) = P(x, y) log
P(x, y)
P(x)P(y)

(5)

where P(x, y) is the joint probability distribution function for
x, y. P(x) and P(y) are the marginal distribution probability
functions for x, y. Similarly, the Transient ConditionalMutual
Information (TCMI) is proposed and the expression is shown
as follows:

Î (X ,Z |Y ) = P(x, y, z) log
P(x, y, z)

P(x, y)P(z, y)
(6)

In fact, the MPs consists of two or more variables. Thus,
the Accumulative Mutual Information (AMI) is proposed to
choose the suitable MPs. According to the node structure,
the expressions of the AMI can be classified as a serial form
and a parallel form. The expression of the serial form can be
written as follows:

Is(v1, v2, . . . vi) = Î (v1, v2)+ Î (v2, v3)+ . . .+ Î (vi−1, vi)

(7)
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FIGURE 6. The process of the motion-decision.

where vi represents different variables. The expression of the
parallel form can be written as follows:

Is(v1, v2, . . . vi) = Î (v2, v3|v1)+ Î (v4, v5|v3)+ . . .

+Î (v2i, v2i+1|v2i−1) (8)

where v2i+1, v2i represents different variables belonging to
the same parent node.

Through (7) and (8), the AMI of eachMP in every moment
during themovements can be obtained. For example, the AMI
function g of ERWP is shown as follows and the other g of
other MPs is similar to (9):

g = Is(ER,WP) = Î (ER,WP) = P(ER,WP) log
P(ER,WP)
P(ER)P(WP)

= P(WP|ER)P(WP|SR) log
P(WP|ER)P(WP|SR)

P(ER)P(WP)

=
P(WPER)P(WPSR)

P(SR)P(ER)
log

P(WPER)P(WPSR)
P(SR)P2(ER)P(WP)

(9)

C. DECISION PROCESS
The Fig. 6 shows the motion-decision process. G is the set of
the AMI function gi and the dimension of G represents the
decision results of the MPs. During the movements, the AMI
values of different MPs can be calculated at every path point.
Then the maximum g can be selected and the corresponding
MP is the result of the motion-decision. After solving the
IK problem, the robot can perform the task based on the
selected MP.

G = [g1, g2, . . . , gm] m = 1, 2, . . . , 8 (10)

In fact, as shown in Section II, every MP has a correspond-
ing Primitive Matrix e. When the maximum g is selected, the
corresponding Primitive Matrix can be obtained through (2).
In order to visualize the result of motion-decision, the Primi-
tive Matrix can be depicted graphically. Fig. 7 shows the state
of the Primitive Matrix at one point. In Fig. 7, the horizontal
ordinate represents the joint vector j and the vertical ordinate

FIGURE 7. The result of the motion-decision at one moment.

FIGURE 8. The humanoid robot NAO.

represents the attribute vector a. There are two values 0 and
1 representing the activate state and the non-activated state
respectively. The decision results at every moment can be
displayed graphically through Fig. 7.

IV. COMPREHENSIVE APPROACH OF IK SOLUTION
A. ARM STRUCTURE OF HUMANOID ROBOT NAO
The humanoid robot NAO is used as the platform to verify
the effectiveness of the method proposed in this paper.
Fig. 8 shows the structure of NAO. Each arm of NAO has
5 DOFs (3 DOFs in shoulder, 1 DOF in elbow and 1 DOF in
wrist). AlthoughNAO only has 5 DOFs, its arm configuration
is similar to the human arm. The DH parameters of NAO are
shown in Table 2. After the data conversion between NAO
and the real human arm, NAO can be used to generate the
human-like arm movements accurately.

As shown in Section II, there are 8 MMPs representing the
arm motion models. For NAO, each MP has different DOFs.
According to structural features of different MPs, the IK
problems can be divided into two methods: the method based
on geometrical constrains and the method based on index.

B. METHOD BASED ON GEOMETRICAL CONSTRAINTS
When the robot NAO adopts some MPs such as ERWP
and SRWP, not all the joints of NAO are activated.
Meanwhile, the orientation of the wrist does not change
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TABLE 2. DH parameters of NAO arm.

TABLE 3. The motion information of the MPs.

FIGURE 9. The arm triangle of the NAO.

during the movements. Thus, the motion of the wrist can be
ignored when these MPs are adopted. The details about the
motion information of the joints are shown in Table 3. In this
paper, a concept arm triangle is introduced to visualize the
arm configuration [31]. As shown in Fig. 9, the arm triangle
is defined by the upper arm, the forearm and the distal vector.
In the arm triangle, an arm movement can be determined
by describing the change in the shape of the arm triangle
together with its rigid rotation about the shoulder. The joint
angles of the shoulder and the elbow can be obtained quickly
according to the positions of the shoulder and the elbow.

The MP ERWP describes the flexion and extension
movements of the elbow. Only joint 4 is activated and others
do not change during the movements. So the arm triangle can
be simplified as shown in Fig. 10. In this triangle, the shoulder
is the origin. Meanwhile, because the joint angles do not
change except for joint 4, the length of the upper arm, the fore-
arm and the distal vector can be obtained. The angle between
the upper arm and forearm can be obtained as follows:

cos� =
L2u + L

2
f − L

2
d

2LuLf
(11)

Thus the joint 4 can be calculated,

θ4 = π −� (12)

where Lu, Lf and Ld represent the length of the upper arm,
the forearm and the distal vector respectively.

FIGURE 10. The arm triangle for ERWP.

FIGURE 11. The arm triangle for SRWP.

The MP SRWP describes the alternate-generation move-
ments and only one DOF of the shoulder participates in the
movements. Fig. 11 shows the arm triangle for theMP SRWP.
The shoulder is the origin and the position of the elbow does
not change during the movements. Meanwhile, the positions
of the wrist before and after the movement are given. Thus
the joint 3 can be calculated as follows:

θ3 = arccos
2L2f − L

2
w

2L2f
(13)

where L f and Lw represent the length of the forearm and the
distance between the wo positions of the wrist respectively.

C. METHOD BASED ON INDEX
Analytical solutions for other MPs are quite difficult to
obtain. In this paper, the Gradient Projection Method (GPM)
is adopted to solve the IK problems of these MPSs. The
definition of the GPM is shown as follows:

θ̇ = J+Ẋ + k(I− J+J)∇H (14)

where θ̇ ∈ Rn and Ẋ ∈ Rm are the joint and end-effector
velocity respectively. J ∈ Rm×n is the Jacobian matrix, and
J+ = JT (JJT )−1 is the Moore-Penrose generalized inverse
of J . λ is a real scalar coefficient, and I ∈ Rn×n is the
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identity matrix. H is the gradient vector of the HPMs to
be optimized. The HPMs influence the accuracy of motion
planning and the similarity of the human-like movements.
According to the motion characteristics of each MP, these
MPs can be divided into two types and the HPM of each type
is also different.

Themovements represented by SREPRWP and SREPWP can
be described as reaching movements. In daily life, reaching
movements are the most common arm movements. The min-
imum Total Potential Energy (TPE) is used as the HPM to
explain how humans choose the natural arm postures during
the reaching movement. The TPE includes the Gravitational
Potential Energy (GPE) and the Elastic Potential Energy
(EPE). The definition of the TPE is shown as follows:

fTPE = fGPE + fEPE (15)

The GPE can be calculated using the following formula:

fGPE = mughu + mlghl (16)

where mu and ml represent the masses of the upper and the
lower arm respectively. g represents the gravity acceleration.
hu and hl represent the heights of the center of mass.
A virtual torsion spring model with variable stiffness is

used to represent the EPE. The definition of the EPE is shown
as follows:

fEPE = µ(π − φ)2/2 (17)

where φ represents the elbow swivel angle. k represents the
stiffness of the torsion spring. So the HPM for these MPs can
be obtained.

HR = mughu + mlghl + µ(π − φ)2/2 (18)

Unlike SREPRWP and SREPWP, the MPs SREPWPR,
SRWPR, ERWPR and SREPRWPR consider the orientation
change of the wrist. Thus the influence of the discomfort
index should be considered on the basis of the TPE. The
detailed definition is shown as follows:

fNTPE = fTPE + ωfwd
= mughu + mlghl + µ(π − φ)2/2

+ω(θwa − θN ,wa)2 (19)

where ω is the weight coefficient of the discomfort and can
be obtained by multiple regression methods. θwa and θN ,wa
represent the joint angle of the wrist and the center angle of
the wrist respectively. The selectedmethod of the center angle
is shown in reference [31].

Meanwhile, the movements represented by these MPs
can be described as grasping movements. In biophysics,
the reaching movement is led by the upper arm and the lower
arm plays a dominant role in the grasping movement [32].
Researches shows that the lower arm does more exercise and
has lower inertia than the upper arm. So the minimummobile
distance of the elbow is used as the optimization function.
The function can be written as follows:

min s =
√
(xt − x0)2 + (yt − y0)2 + (zt − z0)2 (20)

FIGURE 12. The similarity experiments.

FIGURE 13. (a) Experimental equipment, (b) Operating software.

where (x0, y0, z0) represents the initial position and
(xe, ye, ze) represents the target position. So the HPM for these
MPs can be defined as follows:

HG = k1s(d −1d)/d + k2fNTPE(qj=1,2,3,4,5)1d/d (21)

where k1 and k2 represent the weight coefficients. d and 1d
represent the distance between the end-effector position and
the target position. The difference is that d represents the
distance when the arm comes into graspingmoving state from
reaching moving state and this distance is constant during
the moment. While the distance represented by1d is always
changing during the grasping movement. (d-1d) and 1d/d
guarantee the smooth transfer of the reaching and grasping
movements.

V. EXPERIMENT SETUP AND RESULTS
A. SIMILARITY EXPERIMENT
16 subjects with an average age of 21.5 (SD =1.16) vol-
untarily participate in the similarity experiments. As shown
in Fig. 12, there are 16 points on the gridding and each subject
is asked to reach these points in order. All the subjects are
asked to hang down their arms naturally to be the initial arm
posture. To avoid error caused by system and human factors,
each subject needs to complete the arm movements at one
point for 5 times. These 16 points are arranged in 4 rows and
4 columns and the interval of every two points is 10cm. The
motion data of all the subjects are captured by motion capture
system as shown in Fig. 13. As different in configuration
between the human arm and NAO, the motion data captured
by motion capture system should be normalized. The sailing
method is adopted to transform these data [15]. After the data
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TABLE 4. The motion information of the MPs.

transformation, the real distance between the subjects and
the points can be transformed to the distance between NAO
and the points equivalently. When the sizes of the subjects
are different, the initial positions of NAO are also different.
Finally, these translated data can be regarded as the measure
data to evaluate the proposed method.

In fact, because of the different positions of these 16 points,
each subject reaches the different points with different MPs.
For one same point, the arm states of the subjects are also
different because of the different arm sizes of the subjects.
During the experiments, the subjects adopt the same MP to
reach one point no matter how many times the experiments
are completed. Table 4 shows the experimental information
of each point. As shown in Table 4, every point is carried out
100 experiments with 16 subjects. The time represents the
mean time of all the subjects completing the experiments at
the point. The mean time at different points is related to the
distance between the point and the initial hand position of the
subjects. The greater the distance, the longer the mean time.
The MPs adopted by the subjects during the movements at
different points are also different. In Table 4, the red circle,
the blue circle and the green circle represent the occurrence
sequence of the action. At some points there are two or three
MPs happening during the movements but only one MP
happening at other points. This is related to the position and
orientation of the subjects during the movements. When the
distance between the point and the initial hand position of the
subjects is greater (such as the points in the first and second
rows), the subjects adopt more MPs during the movements
and the MPs are more similar. The MP SREPWP always

happens firstly at most points, which further shows that the
reaching movements are the most common arm movements.
During the whole experiment, the MPs SRWP, SRWPR and
ERWPR are not adopted in similarity experiments but will
be adopted in human-like movement experiments. In Table 4,
it can be seen that each MP represents a state of arm motion
which can be regarded as the sub-movements. Finally, these
sub-movements consist of the whole arm movements. Thus,
the classification and recognition of arm movements play
an important influence on human-like arm movements of
anthropomorphic arms.

The robot NAO is also asked to reach these 16 points.
The proposed method is adopted by NAO to verify the effec-
tiveness. Through the motion-decision algorithm, NAO can
select the suitable MPs autonomously and solve the IK prob-
lems by the IK methods in Section IV. Through the software
Choregrahpe, the joint angles of NAO can be obtained. After
the data transformation between NAO and the real human
arm, the elbow position of NAO can be calculated through
the converted path trajectories. These elbow positions are
used to compare with the real elbow positions of the subjects
during the experiments. The Fig. 14 and Fig. 15 shows the
experimental results. Each subject completes the experiments
on each point for 5 times and the average elbow position of
each subject can be calculated during the experiments. The
elbow positions of NAO are compared with these average
elbow positions of all the subjects. There are 16 average
errors on each point and each one of these 16 errors is
the average error of one subject. In order to show these
errors visually and quantitatively, the distribution illustration
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FIGURE 14. The elbow error distribution of all the subjects.

of these errors is built as shown in Fig. 14. It can be seen
that the errors on 16 points are all less than 1cm, which
satisfies the accuracy requirements of human-like move-
ments. The Fig. 15 shows the average errors of all the sub-
jects on each point. Some interesting phenomena can be
found in Fig. 15. When the whole movement is composed
of more MPs, the error is always lager. There are three MPs
at point 1, 5, 6, 9, 10, 11, 12, 13, 14, 15, 16, two MPs at
point 2, 7, 8 and one MP at point 3, 4. The errors with
three MPs (mean=0.7973, SD=0.1288) are larger than the
errors with twoMPs (mean=0.7167, SD=0.0416). The errors
with only one MP (mean=0.26, SD=0.2404) are minimum.
The reason is that the motion-decision model is built based
on the sample data, so this model can reflect the general
rules of arm movements. But this model cannot precisely
predict where the MPs of different subjects change from one
to another during the movements. The more number of the
MPs during the movements, the more number of the state
changing. Accordingly, the accumulative errors will increase.
Meanwhile, it can be found that the errors are proportional
to the distance between the positions of the points and the
initial position of the subjects. The errors of the high rows
(row 4: mean=0.6625, row 3: mean=0.8) are smaller than the
errors of the lower rows (row 2: mean=0.8375). The reason
is that when the distance is longer, the arm motion presents
a steady state. Thus, the errors are relatively small. At Point
3, the method of solving the IK problems is the geometrical
method, so the analytical solutions can be obtained. But
there are still small error at this point because of the system
errors.

B. HUMAN-LIKE MOVEMENT EXPERIMENT
Meanwhile, the robot NAO performs a human-robot collab-
oration experiment. Firstly, NAO takes the red block out of a
subject’s hand and sets it at the designated place. Secondly,
NAO gives the green block on the desk to the subject. Then
NAO takes the blue block out of the subject’s hand and sets it
at the designated place. Finally, NAOwaves its hand and says
‘‘goodbye’’ to the subject. The experimental process is shown
in the Fig. 16. Before the experiment, the subjects perform
the same experiment and the motion data of the subjects

FIGURE 15. The average errors at 16 points.

FIGURE 16. The process of human-like movement experiment.

are captured by motion capture system as the measure data.
Some postures in the movement are regarded as the target
postures. These data are also normalized and transformed
to coincide with the configuration of the NAO arm. NAO
is asked to stretch out its right hand horizontally as the
initial posture to avoid the risk of collision between the arm
and the desk. The motion information of NAO are shown
in Fig. 17. Each picture shows the real action of NAO during
the movement and the corresponding Primitive Matrix is at
the top right corner of the picture.

Our method is compared with the Hierarchical Planning
Strategy (HPS) [33] and the least norm algorithm. The indi-
cator posture similarity S is used to evaluate these three
motion planning algorithms. For a robot’s posture H and a
human’s posture R, the distance between them is expressed
as dist(R,H ). The shorter the distance is, the greater the sim-
ilarity is, and vice versa. The posture similarity S is defined
as follows:

S(R,H ) =
1

1+ dist(R,H )
(22)

The value of S(H ,R) is between (0,1].When dist(R,H ) =0,
that is, S(H ,R) =1, the similarity is the largest. The distance
between two postures can be expressed by the Euclidean
distance in N -dimensional space. Thus, the dist(R,H ) can
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FIGURE 17. The process of human-like movement experiment.

FIGURE 18. The similarity waves of three algorithms.

be expressed as follows:

dist(θr , θh) = (
N∑
i=1

||
θri − θhi

θri_max − θri_min
||
2)

1
2 (23)

where θ ri and θhi are the i-th joint angles of robot and human
respectively. N is dimension of joint space. [θ ri_minθ ri_max] is
the angles range of the i-th joint.

The experimental results are shown in Fig. 18. The
different color curves represent the similarity of these
three algorithms respectively. The higher the values of the
curve are, the nearer the predicted results approximate
the real results. It can be shown that compared with the
nonhuman-like algorithm (the least norm algorithm), both
the proposed method and the HPS have the higher values.
We also analyze the results of the proposed method and the
HPS. At some stages, the values of the proposed method and
the HPS are very close. This is because the models of the
proposed method and the HPS are similar at these stages.
But the errors of the HPS during the whole movements are
higher than the errors of the proposed method because the

TABLE 5. The scores of two algorithms.

HPS just decouples the arm movement according to motion
features of different processes and ignores the influence of
the arm models. Thus, the HPS cannot approximate the real
arm models accurately. Especially when the movements are
more complex, the errors of the HPS are larger. Compared
with these methods, the proposed method shows the stronger
ability to handle the human-like arm movements with mul-
tiple models. As a result, it can be concluded that the pro-
posed method is useful for human-like motion planning of
the anthropomorphic arms.

Meanwhile, when NAO performs the experiments, a total
of 10 subjects are asked to observe NAO’s actions and grade
the human-like motions on their sense of security and com-
fort. After the experiments, subjects give the scores ranging
from 1 to 5. The higher the scores, the safer and more com-
fortable the subjects feel. As a comparison, NAOperforms the
same task using the least norm algorithm and the subjects also
grade the motions of NAO. The results are shown in Table 5.
It can be shown that the scores of the proposed method are
higher than the scores of the least norm algorithm, which
proves the advantage of the proposed method in this paper.

VI. CONCLUSION AND FUTURE WORK
In this paper, a comprehensive approach is proposed to help
robot NAO generate the human-like movements. In order to
help robot mimic human armmovements accurately, amotion
mode based on MPs is proposed. This model has definite
physical meaning and reflects the inherent laws of human arm
movements directly. According to human arm structures and
joint motion features, ten MPs are extracted according to the
extraction forms. These ten MPs are also classified into two
types and applied to different situations. In fact, the exper-
iments show that the states of the human arm change con-
stantly during the movements. Not all the joints participant
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in the movements all the way. Thus, the decoupling of arm
movements is important. Meanwhile, in order to represent
the MPs visually and facilitate computations, the concept of
the primitive matrix is proposed and the matrixes of differ-
ent MPs are built. With this model, the robot can generate
human-like movements accurately and fast.

After the decoupling of the arm movement, how to select
a proper motion model under different tasks becomes an
important issue. Thus, a motion-decision algorithm based
on BN is constructed and can be applied to the human-like
motion planning. The motion variables are extracted from
the movements, and the motion models are obtained through
the different combinations of motion variables. The proba-
bility of each MP is obtained by calculating the TMI, so the
decision problem will turn into the optimization problem.
With the motion-decision algorithm, the robot can choose an
appropriate way to move automatically.

Finally, the IK problems can be solved through the
structural features of the MPs. The DOFs of the MPs are
different, so the method of solving the IK problems can be
classified into two types according to whether the DOFs is
redundant or not. For redundant structures, the human per-
formance measures are proposed to predict the arm posture.
For non-redundant structures, the analytical solutions can be
obtained according to the geometrical constraints of the arm
structure. When the robot performs the tasks, it can choose
the corresponding model according to the MP selected by the
motion-decision algorithm. The availability of the proposed
approach is verified on humanoid robot NAO. The robot NAO
performs two groups of experiments. Because of decoupling
the arm motion, the accuracy of the human-like movements
can be higher.

The proposed approach is an off-line method. All the
motion data are calculated and then the robot performs the
tasks according to these data. In the future work, we hope to
propose an online method. Thus the future work will focus on
the real-control human-like movements of the robot. In order
to meet this requirement, the IK solution method also needs
to be improved. Meanwhile, the MPs will be further divided
to meet different situations.
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