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ABSTRACT The use and application of robotic arms in helping the aged and vulnerable persons are 

increasing gradually. In order to achieve safer and reliable human-robot interaction and its wider adoption, 

the requirements for the humanoid motion of robotic arms are becoming more stringent. This paper presents 

a humanoid motion planning method for a robotic arm based on the physics of human arm and reinforcement 

learning. Firstly, the humanoid motion rules are extracted by analyzing and learning the action data of human 

arm, which is collected using the VICON optical motion capture system. Then, according to the acquired 

features and rules, the corresponding reward functions are proposed and the humanoid motion training of the 

robotic arm is carried out by using the reinforcement learning based on Deep Deterministic Policy Gradient 

(DDPG) and Hindsight Experience Replay (HER) algorithm. Finally, the experiments are carried out to verify 

whether the robotic arm motions planned by the proposed approach are humanoid, and the observed results 

show its feasibility and effectiveness in planning the humanoid motion of the robotic arm. 

KEYWORDS Human arm action feature; Humanoid motion; Reward function; Reinforcement learning. 

I. INTRODUCTION 

With the advent of robots and artificial intelligence 

technology, the use case scenarios of robotic arms have 

gradually expanded from industry to medical [1], 

entertainment [2], and other fields that require interaction 

with people. These interactions not only need robotic arms 

to be more flexible in the unstructured environment but also 

require the motion planning method to mimic human motion. 

By learning the motion of a human arm and fusing its 

movement rules into the motion planning of the robotic arm, 

the robotic arm can achieve humanoid motion, which can 

help to better carry out human-robot interaction [3], and the 

human and machine symbiosis could be promoted greatly. 

Researchers have proposed a variety of humanoid 

motion methods for robotic arms. A method for robotic arm 

humanoid motion is teaching/playback (T/P) approach. 

Firstly, the motion mapping relationship between the robotic 

arm and the human arm is established, and then the 

humanoid motion of the robotic arm is implemented by the 

operator's T/P mode [4-5]. Liu et al. [6] proposed a 

corresponding method of wrist-elbow-in-line to map 

teaching of key positions to the robotic arm, and the inverse 

kinematics solutions analyzed by this method were 

humanoid. Garcia et al. [7] mapped the human arm teaching 

action to the dual-arm robot system to generate the potential 

field in configuration spaces. An RRT* algorithm was 

developed and employed which produced a similar 

trajectory. Lu et al. [8] implemented the humanoid motion of 

a robotic arm by mapping its joint angles from the 

corresponding joint angles of a human arm. The joint angles 

were then calculated by an inverse kinematics algorithm 

based on elbow constraints. The T/P approach can make the 

robotic arm obtain the humanoid motion trajectory 

effectively, but it has a big problem that the robotic arm 

cannot generate the humanoid motion trajectory 

independently. When the robotic arm needs to move to a new 

target point, a new T/P operation is required. It is obvious 

that this method lacks flexibility and is applicable to limited 

scenarios. 

Another method is by analyzing the structure and 

motion characteristics of the human arm. In [9-12], the 

characteristics of human upper limb exoskeleton, shoulder 

movement, and arm muscles were studied respectively 

during human arm movements. Xie et al. [13] presented the 

human arm motion by the target arm pose (TAP). Combining 

TAP and a new inverse kinematics algorithm in joint jerk 

level, the manipulator could generate a human-like 

trajectory. The effect of the difference between the human 

wrist and the end-effector on the humanoid motion was also 

discussed in [14]. Based on these characteristics, the 

researchers further studied the humanoid motion of robotic 

arm by using geometric analysis. Ding et al. [15] abstracted 

a triangular model of human arm to describe the movement. 

Based on the model, the kinematics and inverse kinematics 
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could be constructed to generate the humanoid motion 

trajectory. Soltani-Zarrin et al. [16] considered the influence 

of scapulohumeral motion on robotic arm path planning 

during human arm movement. In addition, Li et al. [17] 

introduced muscle strength as a criterion to generate 

humanoid trajectory and deduced two recognition rules of 

geometric configurations to realize the humanoid motion. On 

the other hand, Wang et al. [18] divided the human arm 

movement into three stages and completed the humanoid 

motion planning by designing the predictive indexes of the 

robotic arm for all stages. Although these studies could make 

the robotic arm achieve the humanoid motion planning 

independently, they were mostly aimed at a single target task 

or the use of a single arm movement feature of the situation, 

whilst the selection of humanoid motion parameters was 

uncertain. These factors would inevitably cause limitations 

on the humanoid motion trajectory. 

With the development of machine learning, researchers 

began to combine these methods to achieve the humanoid 

motion planning of robotic arms [19-20]. Cho et al. [21] 

projected the teaching data into latent space and a Gaussian 

mixture model (GMM). As the achieved data increased, the 

GMM was gradually optimized. Through the method, the 

robotic arm could playback the human arm action more 

accurate. Su et al. [22] used a new type of deep convolution 

neural network structure to reconstruct the relationship 

between the posture and the rotation angle of the robotic arm. 

The anthropomorphism of the redundant robotic arm motion 

was accomplished by the rotational motion. Zhu et al. [23] 

used genetic algorithm to map the action of the experimenter 

and the robotic arm, and then switched the control weighting 

between the robot and human arms based on the task weights 

distribution to implement the humanoid motion. Wei et al. 

[24] used a Bayesian network-based motion decision 

algorithm to help the robot select a matching human arm 

motion pattern. These motion patterns were established by 

means of motion primitives (MP). According to the 

corresponding MP features, the inverse kinematics method 

was selected to implement the humanoid motion of the NAO 

robot. Although these methods combined with the machine 

learning can be used to improve the effect of robot humanoid 

motion, there are some problems, such as insufficient 

training or teaching data, and the data model could not 

completely cover the human arm action state, which are also 

the important factors that affect the robustness of the robotic 

arm humanoid motion. 

As a novel and effective method, motion planning based 

on reinforcement learning (RL) is often used to solve the 

complex and difficult motion control tasks of the robotic arm 

[25-26]. Therefore, the reward functions combined with the 

human arm action features ensure the realization of the 

humanoid task of the robotic arm. Humanoid motion planning 

based on RL can not only avoid the problem of insufficient 

training data and self-setting of humanoid parameters, but 

also improve the efficiency of humanoid motion planning of 

the robotic arm. 

The reaching motion of robot is the basic movement of 

many complex motions, for example, grasping behavior 

could be composed of reaching motion and grasping action. 

Therefore, this paper studies the humanoid planning of 

reaching motion and proposes a humanoid planning method 

of robotic arm based on human arm action features and RL. 

Firstly, the VICON optical motion capture system is 

employed to collect a large number of movement data of a 

human arm, from which the action features and rules are 

extracted and analyzed. Secondly, according to the features 

of the above rules, the corresponding reward functions are 

designed to train the robotic arm to behave in a human-like 

fashion. Thirdly, the Deep Deterministic Policy Gradient 

(DDPG) [27] and the Hindsight Experience Replay (HER) 

[28] algorithms are employed to train the robotic arm. The 

DDPG algorithm is used to train continuous movements, and 

the HER algorithm can speed up the training speed of the 

DDPG algorithm. Finally, the experiments are carried out to 

verifies whether the robotic arm motions planned by the 

proposed approach are consistent with the human body action 

features, and the observed results show its feasibility and 

effectiveness in planning the humanoid motion of the robotic 

arm.  

The main contribution of this paper is to propose a novel 

humanoid robot motion planning method. Instead of using a 

single feature or a simple virtual arm model, this method 

incorporates the action features of the human arm during 

their actual movement process. Meanwhile, in order to avoid 

the uncertainty of the humanoid parameters set by humans, 

the RL method is used for the humanoid motion planning of 

the robotic arm. The RL method based on DDPG and HER 

is able to support the humanoid motion training and learning 

of the robotic arm for different targets and therefore extends 

its applicability. The reward functions with humanoid 

features also simplify the training of RL for the humanoid 

motion planning task of the robotic arm.  

This paper consists of the following parts: Section II 

introduces the mapping relationship between the human arm 

and the robotic arm, and the proposed method architecture. 

Section III obtains the action features and rules of the human 

arm action, and Section IV presents the humanoid motion 

planning of RL based on the above rules. In Section V, the 

experimental results on a robotic arm are given, and Section 

VI concludes this paper. 

II. PROBLEM DESCRIPTION AND METHOD 

ARCHITECTURE 

A. MAPPING THE RELATIONSHIP BETWEEN A HUMAN 

ARM AND A ROBOTIC ARM 

The key to implement the humanoid motion of a robotic arm 

is to fuse the motion features of the human arm into the robotic 

arm, which requires mapping the relationship between them. 

The human arm is mainly composed of three complex 

joints as depicted in Fig. 1 [29], namely the shoulder complex,  



TABLE 1.  Relationship and range of joint angles between the human arm and Jaco2 robotic arm. 

Human arm joint Robotic arm joint Ways of movement Angular range of the robot motion (rad) 

 joint 1 Circumduction [−2𝜋, 2𝜋] 
Shoulder complex joint 2 Flexion/Extension [3.438, 5.76] 

Elbow complex joint 3 Flexion/Extension [0.559, 𝜋] 
Wrist joint joint 4-joint 6 Circumduction [−2𝜋, 2𝜋] 

 

elbow complex, and wrist joint. The shoulder complex can 

accomplish flexion/extension, adduction/abduction, internal/ 

external rotation, and circumduction. The elbow complex can 

be flexed/extended and rotated in/out. The wrist joint can also 

be flexed/extended, adducted/abducted, and rotated around. 

 

FIGURE 1.  Human upper limb anatomy structure [29]. 

The Jaco2 robotic arm of Kinova Company with 6 

degrees of freedom (DOF) is selected as the research object in 

this paper, and it meets the requirements of research and 

human-robot interaction. By analyzing the differences 

between the robotic arm and the human arm, the Jaco2 can be 

regarded as consisting of a shoulder joint with 1 DOF, an 

elbow joint with 1 DOF, a wrist joint with 3 DOF, and the last 

1 DOF that is used to control the robotic arm to rotate around 

the base coordinate axis. The movement of the shoulder joint 

of the robot corresponds to the flexion/extension of the human 

shoulder complex, the robot’s elbow joint motion corresponds 

to the flexion/extension of the human elbow complex, and the 

robot’s wrist motion corresponds to the circumrotation of the 

human wrist joint. Comparing with the motion angle range of 

the human arm joints given in [30-32], the humanoid motion 

range of each joint angle of the robotic arm can be limited. 

Table 1 shows the relationship and range of joint angles 

between human and robotic arms.  

B. METHODOLOGY ARCHITECTURE 

The humanoid motion of the robotic arm requires that its 

movement should mimic the motion of the human arm. It not 

only includes the motion range of each joint, but also the 

position relationship of each joint and the mutual constraint of 

each part (shoulder, upper arm, and forearm) during the 

movement. 

The architecture of the humanoid motion planning of a 

robotic arm based on RL is shown in Fig. 2, which clearly 

includes two sections: humanoid motion rules (HMRs) 

extraction and RL training. The HMRs extraction mainly uses 

the VICON to obtain the actual trajectory data of a human arm, 

and through the analysis and learning of a large number of 

these data, the corresponding HMRs are extracted. They 

include the range of shoulder angle 𝛼1 and the elbow angle 

𝛼2 , the position relationship between elbow joint and wrist 

joint, and the rule of wrist joint motion angle 𝛽1. The role of 

this part is to provide a priori knowledge of the humanoid 

motion of robotic arm for the following RL training. In the RL 

training section, the DDPG and HER algorithms are adopted 

to train the humanoid motion of the robotic arm by combining 

the former's motion rules and designing the corresponding 

reward functions. It generates random action 𝑎𝑡  by 

introducing random noise into the Actor-Critic neural 

network, and then obtains the immediate reward (IR) 𝑟𝑡 and 

environment state 𝑠𝑡+1 after each action. These 𝑠𝑡 , 𝑠𝑡+1, 𝑎𝑡 , 

and 𝑟𝑡 are stored and updated to renew the Actor-Critic neural 

network, and then complete the training of RL. Finally, the 

motion trajectory generated is sent to the practical robotic 

platform by using TCP/IP communication to verify the 

humanoid motion of the robotic arm. 

III. HUMANOID MOTION RULES EXTRACTION 

The human arm makes its movement complex and diverse. 

The mutual restriction and cooperation between its different 

joints enable the human arm to perform required actions. This 

paper uses the VICON system to obtain the data of the motion 

of a human arm. Through analyzing and learning these data, it 

is possible to extract typical HMRs. 

A. ACTION DATA ACQUISITION OF HUMAN ARM 

The VICON optical motion capture system used in this paper 

consists of 12 infrared cameras, and the sampling frequency is 

set to 25 Hz. Its characteristics include high speed, high 

resolution, and high precision, which can ensure the accuracy 

of data acquisition of human arm reaching motion. 

In order to use the VICON system, infrared reflecting 

balls are pasted on the object, as markers. The camera captures 

the light reflected by these markers to get the three-

dimensional coordinates of the rigid body. From Fig. 1, the 

human arm can be divided into shoulder, upper arm, and 

forearm, therefore, at least three different rigid bodies need to 

be constructed to mark the spatial positions of the human arm 

during movement, namely, the shoulder markers block, the 

upper arm markers block, and the forearm markers block. 

These rigid bodies need to have different structures to 

distinguish the different positions of the three parts of the 

human arm. 

For each rigid body block, four markers are employed to  
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FIGURE 2.  Architecture of the proposed method. 
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FIGURE 3.  Rigid body markers blocks. (a) Shoulder markers block, (b) Upper arm markers block, (c) Forearm markers block, (d) Position of markers blocks on the 

human arm. 

construct a rigid body, with different layouts on each section 

of the arm to distinguish from each other, as shown in Fig. 3. 

To be precise, the S4 marker in the shoulder markers block is 

located at the acromioclavicular joint for describing the 

position of the shoulder joint, and S1 and S4 markers are used 

to construct the shoulder vector 𝑉𝑆
⃑⃑  ⃑ . Similarly, A1 and A4 

markers in the upper arm markers block are used to construct 

the upper arm vector 𝑉𝐴
⃑⃑⃑⃑ . F1 marker is located at the humero-

ulnar joint for describing the position of the elbow joint, whilst 

F4 marker is located at the distal radio-ulnar joint for 

describing the wrist joint. The F1 and F4 markers are then used 

to construct the forearm vector 𝑉𝐹
⃑⃑⃑⃑ . 

For any reachable target points in space, the robotic arm 

can always rotate around joint 1 to transform these target 

points to be located at its right front. Rotation here refers to the 

rotation of the robotic arm around the base coordinate system 

(CS), and the purpose of this rotation is to make the object in 

the space be located in the right front of the robotic arm. In this 

way, we only need to study the problem of the reaching motion 

in the right front half-space of the robotic arm, and then it can 

be extended to other spaces. 

In addition, the human arm usually grasps forward and 

upward, so the participant of the experiment makes 100 

reaching motions at the 4 points in Fig. 4, that is, the upper 

front (Point A), the upper right (Point B), the straight ahead 

(Point C), and the right front (Point D). The human body CS, 

{𝑉}, is defined in Fig. 4, its origin O is the geometric center of 

the projection area of the human body on the ground, the x-

axis of {𝑉} points to the right of the human body, and its y-

axis points to the front of the human body. The four points (A, 

B, C, D) are located in the right front of the body and can be 

easily touched by the natural extension of the human arm, and 

the plane formed by the four points is parallel to the x-z plane 

of the {𝑉}, and the distance difference is l. In other words, 

these four points define an accessible working region or space. 

The initial position of the human arm is naturally drooping, 

and the VICON system is used to record the position of the 

markers and the target 𝐺 = (𝑥𝐺 , 𝑦𝐺 , 𝑧𝐺) in the experiments. 

B. CONSTRUCTION OF MOTION VARIABLES OF HUMAN 

ARM 

According to the requirement of humanoid motion analysis of 

a robotic arm, the feature variables of human arm reaching 

motion are proposed in this paper as shown in Fig. 4. 

1) SHOULDER ANGLE AND ELBOW ANGLE 

In order to describe the mutual constraints between various 

parts of the human arm in motion, two feature variables, the 

shoulder angle 𝛼1  and the elbow angle 𝛼2 , are defined to 

describe the relationship among the three parts of the human 

arm. The shoulder angle 𝛼1 is the angle between the shoulder 

vector 𝑉𝑆
⃑⃑  ⃑ and the upper arm vector 𝑉𝐴

⃑⃑⃑⃑ , where 𝛼2 is the elbow 
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angle between the upper arm vector 𝑉𝐴
⃑⃑⃑⃑  and the forearm vector 

𝑉𝐹
⃑⃑⃑⃑ . 
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FIGURE 4.  Feature variables of human arm action. 

2) WRIST JOINT MOTION ANGLE 

The wrist joint motion angle 𝛽1  is defined to describe the 

motion of the wrist joint. The wrist vector 𝑉𝑊
⃑⃑ ⃑⃑  ⃑  is defined from 

the origin O to the wrist projection point 𝑊′ in the {𝑉}, and 

𝛽𝑊 is the angle from the x-axis of {𝑉} to 𝑉𝑊
⃑⃑ ⃑⃑  ⃑. Similarly, the 

goal vector 𝑉𝐺
⃑⃑⃑⃑  is defined from the origin O to the goal 

projection point 𝐺′ = (𝑥𝐺 , 𝑦𝐺 , 0)  in the {𝑉} , and 𝛽𝐺  is the 

angle from the x-axis of {𝑉} to 𝑉𝐺
⃑⃑⃑⃑ . Thus, the wrist joint motion 

angle 𝛽1 is defined as the angle between the wrist vector 𝑉𝑊
⃑⃑ ⃑⃑  ⃑ 

and goal vector 𝑉𝐺
⃑⃑⃑⃑ , and it can be also calculated by 𝛽1 =

|𝛽𝐺 − 𝛽𝑊|. 

C. DATA ANALYSIS AND LEARNING 

Through the data acquisition experiments, the real-time 

coordinates of the markers and rigid bodies can be obtained by 

the VICON. From human arm movement depicted in Fig. 4, 

the motion model can be represented as 

4 1 4 1 4 1

4 1 4 1 4 1

4 1 4 1 4 1

( , , )

( , , )

( , , )

S S S S S S S

A A A A A A A

F F F F F F F

V x x y y z z

V x x y y z z

V x x y y z z

    


   
    

 (1) 

where 𝑥𝑖 , 𝑦𝑖 , 𝑧𝑖  are the position coordinates of the point 𝑖 in 

the {𝑉} CS. 

The shoulder angle 𝛼1  and the elbow angle 𝛼2  are 

calculated by 

1

2

arccos( )

arccos( )

S A S A

A F A F

V V V V

V V V V





   


  

 (2) 

The shoulder angle 𝛼1 and the elbow angle 𝛼2 are used 

to describe the relationship of the human arm joints. The arm 

is usually limited in its range of rotation when moving, so 𝛼1 

and 𝛼2 also have a constrained range of motion. Because the 

experimental target points are located at the boundary of the 

right half-space of the robot, the allowable range of the 

shoulder angle 𝛼1  and elbow angle 𝛼2  can be obtained by 

analyzing the collected data. 

When Point B in Fig. 4 is chosen as the target point for 

human arm reaching motion, the frequency histograms based 

on 100 runs of the minimum and maximum values of 𝛼1 

satisfy the normal distribution, as shown in Fig. 5. Therefore, 

the minimum and maximum values of 𝛼1 can be obtained by 

parameter estimation. In a similar manner, the maximum and 

minimum of 𝛼1 and 𝛼2 with the remaining targets, i.e. points 

A, C, and D in Fig. 4, can also be achieved. The statistical 

ranges of 𝛼1 and 𝛼2 with the human arm reaching these points 

is then shown in Fig. 6.  

Suppose that the inner region surrounded by the 4 points 

A, B, C, and D is the study area. The corresponding 𝛼1 and 

𝛼2 should be controlled within a certain range to implement 

the humanoid motion planning of robotic arm within the area 

bounded by those 4 points. These angle ranges are determined 

as 

 

 
1

2

0.59 1.30 rad

0.14 1.56 rad









，

，
                       (3) 

 
(a) 

 
(b) 

FIGURE 5.  Frequency histograms of shoulder angle 𝜶𝟏(e.g. Point B). (a) 

Minimum distribution, (b) Maximum distribution. 

 
(a) 
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(b) 

FIGURE 6.  Statistical ranges of shoulder angle 𝜶𝟏 and elbow angle 𝜶𝟐. (a) 

Shoulder angle 𝜶𝟏, (b) Elbow angle 𝜶𝟐. 

In addition, it can be found through experiments that 

when the human arm grasps the front object, the wrist joint of 

the arm is usually located in front of the elbow joint. In other 

words, the y-coordinate of the wrist joint in {𝑉} is usually 

greater than that of the elbow joint. As shown in Fig. 7, in 

order to grasp the G1 and G2, the wrist position of the human 

arm is forward compared to the elbow position during the 

movement. 

     
FIGURE 7. Joint position scenario demonstrations. 

For an intuitive comparison, the positions of the elbow 

joint, point 𝐹1 = (𝑥𝐹1, 𝑦𝐹1, 𝑧𝐹1)  and the wrist joint, point 

𝐹4 = (𝑥𝐹4, 𝑦𝐹4, 𝑧𝐹4) are decomposed into the respective 𝑥, 𝑦, 

𝑧 axes in the {𝑉}. As an example of reaching motion in which 

the target point is Point B, Fig. 8 shows the part of the acquired 

data. It can be seen that at any time, the y-value of the wrist 

joint position being greater than the elbow joint.  

 

FIGURE 8.  Position relationship between elbow and wrist joints. 

Moreover, the wrist joint motion angle 𝛽1  is used to 

describe the motion of the wrist joint in the process of moving 

towards the target point, which can be calculated by 

 
1 arctan( ) arctan( )G W

G W

y y

x x
    (4) 

As the distance decreases between the wrist and the goal, 

the wrist motion angle 𝛽1  will asymptotically and 

monotonically converge to a small value. This value reflects 

the state of the wrist joint when the human arm is close to the 

target point. Fig. 9 shows the change trend of 𝛽1 during the 

reaching motion with Point B as the target. 

Monotonically 

decreasing

 

FIGURE 9.  Relationship between wrist motion angle 𝜷𝟏 and distance. 

Table 2 lists the convergent statistical values 𝛽1−𝑆  by 

using the parameter estimation method of normal distribution 

fitting with the given 4 boundary target points in the 100 labs 

of reaching motion. Thus, in order to make the robotic arm 

imitate the human arm action, the wrist motion angle 𝛽1 needs 

to be guaranteed to be monotonically decreasing in the motion 

process, and ultimately converges to a small convergence 

threshold angle, which can be constructed by 𝛽1−T =
[0,max(𝛽1−𝑆)] rad. For the area bounded by the four points 

(A, B, C, D) in Fig. 4, the convergence threshold of 𝛽1  is 

𝛽1−T = [0, 0.01]rad. 

TABLE 2. Convergent statistical values 𝜷𝟏−𝑺 of wrist motion angle 𝜷𝟏. 

Boundary target points 
Convergent statistical values 

𝛽1−𝑆 (rad) 

A 0.007 

B 0.009 

C 0.006 
D 0.010 

IV. HUMANOID MOTION PLANNING BY RL 

The agent in RL can complete the task training by itself 

according to the goal of the task, and does not need to 

manually specify redundant task-related parameters. 

Therefore, to avoid improper parameter setting leading to non-

humanoid motion planning, the RL method is used for the 

humanoid motion planning of the robot, and the RL method 

integrates all the HMRs. 

A. ENVIRONMENT STATE DESIGN 
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The RL method is adopted here to achieve the ultimate goal 

through continuous trial and error. If apply RL training on a 

real robotic arm, two problems need to be considered as 

follows: (1) the service life of the robotic arm may be seriously 

reduced due to prolonged operation; (2) due to the randomness 

of resulting movements, the robotic arm may collide with 

obstacles, which could cause damage to it. Therefore, the 

training process can be carried out in a simulation 

environment, and once satisfactory results are obtained, the 

results can be directly applied to the real robotic arm. 

This paper uses the physical simulator MuJoCo [33] to 

construct the RL-based simulation environment, including the 

Jaco2 robot and the targets used in the experiment, as shown 

in Fig. 10. The state of the robotic arm is the initial state of 

each training, and its right half-space is the I octant with the 

robotic arm base {𝐵} CS as the reference frame. The target 

points in the environment and the position of each arm joint 

are all measured with respect to {𝐵} as the reference frame. 

 

FIGURE 10.  Robotic arm reinforcement learning simulation model. 

The RL is a typical Markov decision process (MDP), and 

the training goal is to maximize the expected cumulative 

reward. The robotic arm humanoid motion planning algorithm 

proposed in this paper is also a MDP, which is mainly 

composed of four elements (𝑆, 𝑎, 𝑟𝑡 , 𝑃). Here, 𝑆 represents the 

state information of the environment, which is defined as 𝑆 =
{𝑆𝑔𝑟𝑖𝑝 , 𝑆𝑔𝑜𝑎𝑙 , 𝑆𝑗𝑜𝑖𝑛𝑡 , 𝑆𝑑𝑖𝑠}, where 𝑆𝑔𝑟𝑖𝑝  is the position of the 

end-effector of the robot, 𝑆𝑔𝑜𝑎𝑙  is the target position, 𝑆𝑗𝑜𝑖𝑛𝑡  is 

the angle of each joint, and 𝑆𝑑𝑖𝑠 is the distance between the 

end-effector of the robotic arm and the target. The action of 

RL is defined as 𝑎 = {𝜃1, 𝜃2, 𝜃3, 𝜃4, 𝜃5, 𝜃6}, and it denotes the 

rotations of joint 1-joint 6, respectively. 𝑃  is the transition 

probability. 𝑟𝑡  depicts the reward function which will be 

discussed in detail in the next section. Thus, the proposed 

cumulative reward for each timestep 𝑡 is defined as  

 ( ) ( , )
T

i t

i i

i t

R t r s a 



   (5) 

where 𝑇  is the timesteps of a rollout, 𝑟(𝑠𝑖 , 𝑎𝑖)  is the 

immediate reward at timestep 𝑖, and 𝛾𝜖[0, 1] is the discount 

factor, which represents the importance of current and future 

rewards. The action-value function is used to represent the 

expected cumulative reward for action 𝑎𝑡 in state 𝑠𝑡. 

 ( , ) [ ( , )]
T

i t

t t i i

i t
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    (6) 

B. REWARD FUNCTIONS DESIGN 

The generation of the RL policies is influenced by reward 

functions. In order to implement the humanoid motion for the 

robotic arm, the design of reward functions based on HMRs is 

very important. Assume 𝑟𝑡 to be the IR at each timestep, the 

reward functions for making the humanoid motion are 

designed in three aspects. 

1) TARGET CONSTRAINT 

The primary task of the robotic arm with humanoid motion is 

to move the end-effector towards the target point whilst 

avoiding collision. In order to achieve this task while making 

sure that the robot does not collide, the reward function 𝑟1 is 

designed based on the distance between the end-effector and 

the target, as shown in the below equations. 

 E Gdis X X K    (7) 

 1

ln( ),  1

      0     ,   1

dis dis
r

dis

 
 


 (8) 

where 𝑋𝐸 ∈ ℝ3 is the end-effector position of the arm, 𝑋𝐺 ∈
ℝ3  is the target position, and ‖⋅‖  denotes the Euclidean 

distance. 

Since the distance obtained by the RL method is in meters 

by default, in order to avoid the numerical variations caused 

by the size of the distance unit, the obtained distance data can 

be scaled by 𝐾 in Equation (7). It is to adjust the matching 

problem between different scale data, so that the target data dis 

is maintained at a reasonable value. One of the special cases is 

K = 100, which corresponds to the conversion from m to cm. 

The first condition of Equation (8) shows that when the 

distance between the end-effector and the target is greater than 

1 cm, 𝑟1 is a negative reward, and it decreases as the distance 

increases. On the other hand, the second term gives a reward 

of 0 when the distance is less than 1 cm, and the robotic arm 

can be considered to have reached the target position. If a 

collision of the robotic arm is detected, the training of this 

stage will be ended immediately and the IR will be set to 𝑟𝑡 =
−100. 

2) HUMANOID MOTION CONSTRAINTS 

a: LESS UPPER ARM MOVEMENT, MORE FOREARM 

MOVEMENT 

It was mentioned earlier that the upper arm is in the passive 

state and the forearm is in the active state in the human arm 

action process, which makes the human arm present the state 

of “less upper arm movement and more forearm movement.” 

So it is necessary to employ this arm movement rule during 

the RL humanoid training. 

In Equation (9), the rotation angles 𝜃2  and 𝜃3  of the 

shoulder joint (joint 2) and the elbow joint (joint 3) 

respectively are accumulated in each timestep of the RL to 
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obtain the amount of the upper arm and the forearm rotation 

in each episode. 

 
,

1

timesteps

i i j

j




    (9) 

where 𝜃𝑖,𝑗  represents the rotation angle 𝜃𝑖  at the 𝑗 timestep, 

𝑖 = 2, 3  corresponds to the rotation angles 𝜃2  and 𝜃3 

respectively, “timesteps” means the number of time steps per 

episode, Ω2 is the amount of the shoulder rotation per episode, 

and Ω3 is the amount of the elbow rotation per episode. When 

Ω2 < Ω3, the robotic arm satisfies the constraint condition. 

b: CONSTRAINTS OF SHOULDER ANGLE AND ELBOW 

ANGLE 

Assume 𝑋𝑖 ∈ ℝ3, 𝑖 ∈ [1, 6]  correspond to the positions of 

joint 1-joint 6 in RL, respectively. The shoulder vector 𝑉𝑆
⃑⃑  ⃑

′
, the 

upper arm vector 𝑉𝐴
⃑⃑⃑⃑ 

′
 and the forearm vector 𝑉𝐹

⃑⃑⃑⃑ 
′
 of the robotic 

arm can be calculated using Equation (10). Furthermore, the 

shoulder angle 𝛼1
′ and the elbow angle 𝛼2

′ of the robotic arm 

are calculated by Equation (2). 
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 (10) 

As shown in Fig. 6, when 𝛼1
′ ∈ [0.59, 1.30]  rad and 

𝛼2
′ ∈ [0.14, 1.56] rad during the training process, the robotic 

arm satisfies the constraints of both the shoulder and elbow 

angles, so its reward function is 𝑟2 = 0 . When 𝛼1
′ ∉

[0.59, 1.30]  rad or 𝛼2
′ ∉ [0.14, 1.56]  rad, the reward 

function 𝑟2 is given in Equation (11), 

 
1 2

2 1 2

arctan arctan

2 2
r

 
 

 

 
      (11) 

where the weights are given as 𝜔1 = 𝜔2 = 0.5 by trial and 

error, ∆𝛼1 is the deviation between the current shoulder angle 

𝛼1
′ of the robotic arm and the shoulder angle range of human 

arm, which can be expressed as Equation (12), 

 
1 1

1

1 1
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1.30,  1.30

 


 

   
  

  

 (12) 

and ∆𝛼2 is the deviation between the current elbow angle 𝛼2
′ 

of the robotic arm and the elbow angle range of human arm, 

which can be given as Equation (13). 
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1.56,  1.56

 


 

   
  

  

 (13) 

3) HUMANOID POSTURE CONSTRAINTS 

a: CONSTRSAINS OF ELBOW JOINT AND WRIST JOINT 

POSITIONS 

From what the above mentioned, it is known that the position 

value of elbow joint is smaller than that of wrist joint on the y-

axis during the reaching motion. When collecting the human 

arm motion data, the targets A-D are located in the I octant of 

the CS {𝑉}. Therefore, for the robot’s arm base CS {𝐵}, the 

absolute value of the robot elbow joint (𝑋3) is smaller than that 

of the wrist joint (𝑋4, 𝑋5, 𝑋6) on the y-axis when the targets 

are located at the I or III octant. When the targets are located 

at the II or IV octant, the absolute value of 𝑋3 on the x-axis is 

smaller than that of 𝑋4, 𝑋5, 𝑋6. 

According to the above rules, when the targets are located 

at the I or III octant, the reward is given in Equation (14), 

31 2

3

3 4 5

3

( ) ,other

0 ,  y y
i

yy y

X X

e e e e
r

  
      

 


      
 (14) 

where 𝑖 = 4, 5, 6  and |∆𝑦1|, |∆𝑦2|, |∆𝑦3|  represent the 

distance between the wrist joint 𝑋4, 𝑋5, 𝑋6 and the elbow joint 

𝑋3 on the y-axis, respectively. Since the elbow joint position 

has a great influence on the arm motion rule, and in order to 

ensure that the reward value is within [−1, 0] each time, the 

weights are set as 𝜔3 = 0.6 and 𝜔4 = 𝜔5 = 0.2 by trial and 

error. In Equation (14), the first term shows that the reward 

function 𝑟3 is negative when the elbow joint position exceeds 

the wrist joint position during the robot movement, and its 

value decreases with the increase of the angle deviation 

between the elbow joint and the wrist joint. For the bottom 

term, the reward function 𝑟3 is 0 when the humanoid motion 

is satisfied. 

Similarly, when the targets are located at the II or IV 

octant, the reward is given in Equation (15), 
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( )  ,other
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r
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 (15) 

where 𝑖 = 4, 5, 6  and |∆𝑥1|, |∆𝑥2|, |∆𝑥3|  represent the 

distance between the wrist joint 𝑋4, 𝑋5, 𝑋6 and the elbow joint 

𝑋3 on the x-axis, respectively. 

b: CONSTRAINT OF WRIST JOINT MOTION ANGLE 

The unique wrist joint design of the Jaco2 enables joint 5 to 

easily rotate around during the training. Assuming 𝛽1
′  to be the 

wrist joint motion angle of joint 5, the calculation method is 

shown in Equation (16). 

 5

5

1 arctan( ) arctan( )G

G

X X

X X

y y

x x
     (16) 

Table 2 lists the converging statistical values 𝛽1−𝑆 for the 

given 4 boundary target points, and the convergence threshold 

𝛽1−T = [0, 0.01] rad. When 𝛽1
′ ∈ 𝛽1−T , the robotic arm 

satisfies the constraint of the wrist joint motion angle and the 

reward function 𝑟4  is 0. When 𝛽1
′ ∉ 𝛽1−T , the robotic arm 

appears to uncomfortable rotation. The value of the reward 

function 𝑟4  decreases as 𝛽1
′  increases. Equation (17) is the 

reward function of the wrist motion angle constraint. 
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In summary, if the above three constraints, that is, the 

target constraint, the humanoid motion constraints, and the 

humanoid posture constraints are satisfied at each timestep of 

the RL training, the immediate reward is 𝑟𝑡 = 10 by trial and 

error. If any one of the three constraints is not satisfied, the 

immediate reward 𝑟𝑡 is given in Equation (18), 

 

4

1

t i i

i

r r


   (18) 

where the weights are determined by the importance level as 

𝜆1 = 1, 𝜆2 = 1, 𝜆3 = 0.7, 𝜆4 = 0.5. 

C. HUMANOID MOTION TRAINING PROCESS 

To improve the efficiency of the RL and make the robotic arm 

learn from failure, DDPG and HER algorithms are used to 

train the humanoid motion of the robotic arm. The specific 

training process of the RL algorithm is proposed in Algorithm 

1. 

Algorithm 1: Humanoid motion RL algorithm 

Inputs:  

Humanoid reward functions: 𝑟1, 𝑟2, 𝑟3, 𝑟4, 𝑟𝑡. 
Outputs: 

The joint angle of each joint of the Jaco2 robotic arm Φ =
{𝜙1, 𝜙2, 𝜙3, 𝜙4, 𝜙5, 𝜙6}. 
1: Initialize the Actor-Critic neural network parameters of 

DDPG algorithm, and assign these parameters to the 

corresponding target network. 

2: Initialize the experience replay memory ℛ. 

3: for episode = 1, M do 

4:       Initialize the state of the Jaco2 robotic arm 𝑆𝑗𝑜𝑖𝑛𝑡 . 

5:    Sample the target point 𝑔  randomly in configuration 

working region. 

6:       Observe the current state 𝑆0 of the environment. 

7:    for 𝑡 = 0, 𝑇 − 1 do 

8:       Sample an action 𝑎𝑡 of Jaco2 robotic arm randomly by 

the policy of DDPG. 

9:       Execute the action 𝑎𝑡. 

10:     Renew the state 𝑆𝑡. 

11:   if collision happens to the Jaco2 robotic arm do 

12:     𝑟𝑡 = −100, and terminate this episode. 

13:   else Judge： 

If the Jaco2 robotic arm satisfies the following 

conditions: 

14:       (1) The end-effector reaches near the target; 

(2) Humanoid motion constraints; 

(3) Humanoid posture constraints; 

15:      then 𝑟𝑡 = 10. 

16:     else 𝑟𝑡 is calculated by Equation (18). 

17:   end for 

18:   for 𝑡 = 0, 𝑇 − 1 do 

19:    Based on target 𝑔, store the current state 𝑠𝑡, action 𝑎𝑡, 

immediate reward 𝑟𝑡 , and the next state 𝑠𝑡+1  in ℛ , i.e. 

(𝑠𝑡||𝑔, 𝑎𝑡 , 𝑟𝑡 , 𝑠𝑡+1||𝑔). 

20:    In this episode, sample k end-effector states of the Jaco2 

robotic arm randomly as the new target points 𝐺 after 𝑡. For 

𝑔′ ∈ 𝐺, store (𝑠𝑡||𝑔
′, 𝑎𝑡 , 𝑟𝑡

′, 𝑠𝑡+1||𝑔
′) in ℛ. 

21:    end for 

22:    Sample N (𝑠𝑖 , 𝑎𝑖 , 𝑟𝑖 , 𝑠𝑖+1) data randomly in ℛ as a mini-

batch to renew the Actor-Critic neural network. 

23: end for 

V. VERIFICATION OF HUMANOID MOTION 

PLATFORM 

A. HUMANOID REACHING MOTION BASED ON RL 

1) SIMULATION TRAINING 

In this paper, the RL simulation environment Gym [34] 

developed by OpenAI is employed to carry out the algorithms 

testing and parameters training, where the robotic arm 

environment for the training has been produced by MuJoCo. 

The success rates of the humanoid motion are obtained 

by setting different training episodes and timesteps. Through 

trial and error, the training episode is set to 10000, and the 

timesteps is set to 20 per episode. Epoch is the number of 

policy updates. The humanoid motion training result based on 

the RL method is shown in Fig. 11, and it can be seen that the 

average success rate is 89.4% with the increase in training 

times. As long as the training of the humanoid model is 

completed once, the humanoid reaching motion planning of 

the robotic arm for different target points can be implemented. 

 

FIGURE 11.  Reinforcement learning training results. 

G
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FIGURE 12.  Kinova Jaco2 robotic arm. 
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FIGURE 13. The robotic arm humanoid motion platform. (a) Structure schematic diagram, (b) Physical diagram. 
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FIGURE 14. Motion control flow of robotic arm humanoid motion platform. 
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FIGURE 15.  Data processing procedure between the training PC (PC1) and control PC (PC2). 

2) PLATFORM INTRODUCTION AND COMMUNICATION 

The robot employed in the practical verification is Kinova 

Jaco2 robot, as depicted in Fig. 12. The point 𝐺 in the base CS 

is selected as the reaching motion target. In order to reduce the 

interference between the RL program and the real-time control 

program of the Jaco2, the hardware arrangement of two PCs 

is employed. Fig. 13 shows the robotic arm humanoid motion 

platform. The computer PC1 is used for the RL training of 

humanoid motion, and the computer PC2 is used to control the 

movement of the Jaco2. With the DH parameters of the Jaco2 

robotic arm, PC2 is able to generate a Jaco2 model under Rviz 

using ROS by creating a URDF file of Jaco2. Different from 

the RL model of the robotic arm, this model is mainly used to 

control the real robotic arm. 

For any target point, the motion control flow of the 

robotic arm humanoid motion platform is shown in Fig. 14. 

The coordinates of the target points are used as the input to the 

humanoid motion training in RL. Then, the humanoid motion 

RL algorithm is used to plan the humanoid trajectory. Using 

TCP/IP communication, the outcomes of RL training are 

transmitted from PC1 to PC2. When the PC2 receives the 

movement information Φ = {𝜙1, 𝜙2, 𝜙3, 𝜙4, 𝜙5, 𝜙6} of each 

joint of the robotic arm, these motion data are recorded as the 

waypoints in turn, and the whole action trajectory planning is 

finally carried out. Further, details of the above process are 

illustrated in Fig. 15. Generally, there are eight octants in the 

space, assuming that the robot moves in the upper half-space, 

so we only need to study the situation that the target object is 

located in the I, II, III, and IV octants. When the target is not 

in the right front half-space of the robotic arm, the robot needs 

to rotate around the base CS to make the target in its right front 

half-space. For example, joint 1 of the Jaco2 robot can be used 

to control the rotation of the whole robotic arm around the base 

CS, {B}. When the target is located at the I octant of {B}, the 

robotic arm does not need to rotate; When it is located at the 

II octant, joint 1 needs to be rotated by -90°; When it is at the 

III octant, joint 1 needs to rotate 180°; When it is at the IV 

octant, joint 1 needs to be rotated by 90°. 

B. HUMANIZATION VERIFICATION OF RL PLANNING 

ALGORITHM 
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In order to analyze the motion of the robotic arm in the upper  

TABLE 3.  RL-based angular variations of the robotic arm joints. 

Target point 
Angular variations (rad) 

joint 1 joint 2 joint 3 joint 4 joint 5 joint 6 

𝐺1 = (0.38, 0.45, 0.75) [1.57, 5.40] [3.44, 3.68] [0.56, 2.26] [0, 0.73] [−1.03, 0] [0, 0.02] 

𝐺2 = (−0.63, 0.55, 0.41) [1.57, 4.24] [3.54, 3.49] [0.60, 2.28] [−0.03, 0.51] [−0.95, 0] [−0.11, 0] 

𝐺3 = (−0.4,−0.5, 0.9) [0, 1.57] [3.44, 3.57] [0.58, 1.92] [0, 0.38] [−0.84, 0] [0,0.09] 

𝐺4 = (0.28,−0.61, 0.88) [1.57, 2.23] [3.51, 3.54] [0.61, 1.62] [0, 0.48] [−1.09, 0] [−0.05, 0.02] 

 

half-space of the {B} CS, four target points are randomly 

selected to perform the reaching motion, wherein the four 

target points are respectively in the I-IV octants of the {B} CS. 

Fig. 16 illustrates the trajectories of the reaching motion of the 

robotic arm towards the targets 𝐺1 = (0.38, 0.45, 0.75) , 

𝐺2 = (−0.63, 0.55, 0.41), 𝐺3 = (−0.4, −0.5, 0.9) and 𝐺4 =
(0.28, −0.61, 0.88) by using RL under Rviz. The trajectories 

of the robotic arm are smooth and natural, which are able to 

meet the requirements of the humanoid motions. The angle 

changes of the arm joints during the movements are shown in 

Table 3. Comparing them with the humanoid motion range of 

each joint of the robotic arm in Table 1, it is demonstrated that 

the dynamic motion process of the robot satisfies the proposed 

joint angle constraints. They preliminarily verify the 

humanization of the RL planning algorithm. 

  
 (a) (b) 

  
 (c) (d) 
FIGURE 16.  Trajectories of reaching motion of the robotic arm by RL. (a) 

Take 𝑮𝟏 as  the target point, (b) Take 𝑮𝟐 as  the target point, (c) Take 𝑮𝟑 as  the 

target point, (d) Take 𝑮𝟒 as  the target point. 

The motion mode of the robotic arm planned by RL 

method is compared with that of the human arm. Not only the 

trajectory, and range of robotic arm motion are demonstrated, 

but also the shoulder angle, elbow angle, the relationship 

between the elbow and the wrist joints, and the wrist motion 

angle are compared to verify whether the result of the 

proposed humanoid motion planning is consistent with the 

characteristics of human arm action. Taking the above four 

points as target points, the demonstrated motion range of the 

shoulder angle 𝛼1
′  and the elbow angle 𝛼2

′  of the robotic arm 

are shown in Table 4. They are within the range achieved in 

Equation (3). The elbow and wrist positions of the robotic arm 

in Fig. 17 satisfy the corresponding human arm position 

constraint in Section III. Similarly, the wrist joint motion 

angles of the robotic arm in Fig. 18 monotonically decrease 

with the decrease of the distance, and converge to 0, satisfying 

the wrist joint motion angle constraint in Section III. 

TABLE 4.  Range of motion of shoulder angle 𝜶𝟏
′  and elbow angle 𝜶𝟐

′  of the 

robotic arm. 

Target point Shoulder angle 𝜶𝟏
′  (rad) Elbow angle 𝜶𝟐

′  (rad) 

𝐺1 [0.59, 0.61] [0.85, 1.23] 

𝐺2 [0.73, 1.15] [0.16, 0.78] 

𝐺3 [1.08, 1.27] [0.66, 1.56] 

𝐺4 [0.91, 1.09] [0.93, 1.51] 

Therefore, they finally demonstrate that the planned 

movements meet the requirements of the achieved action rules 

and constraints of human arm, and have the ability of 

humanization. Based on the human arm features and the RL 

method proposed in this paper, the humanoid motion planning 

of a robotic arm is then carried out. When the planned path 

satisfies all the humanoid constraints, the obtained path results 

are applied to the Jaco2 to replicate the humanoid actions. 

C. ANALYSIS OF THE ROBOTIC ARM HUMANOID 

MOTION 

The above experiments verify the humanoid features of the 

proposed motion planning method. In order to further verify 

the feasibility and effectiveness of the proposed method, a 

large number of experiments of reaching motion are carried 

out in the motion space of the robotic arm. Table 5 shows the 

success rate of the humanoid motion of robotic arm under 

different octants. The experimental results show that the RL 

humanoid planning method converges to a good result by 

designing the state, the reward functions, and the discount 

factor. The success rate of humanoid motion of robotic arm is 

89. 88%, which could effectively support the implementation 

of the humanoid motion planning. 
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(a) (b) (c) (d) 

FIGURE 17.  The position relationship between elbow joint and wrist joint of the robotic arm during the movement. (a) Take 𝑮𝟏 as  the target point, (b) Take 𝑮𝟐 as  the 

target point, (c) Take 𝑮𝟑 as  the target point, (d) Take 𝑮𝟒 as  the target point. 
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(a) (b) (c) (d) 

FIGURE 18.  The relationship between the distance and the wrist joint motion angle of the robotic arm during the movement. (a) Take 𝑮𝟏 as  the target point, (b) Take 

𝑮𝟐 as  the target point, (c) Take 𝑮𝟑 as  the target point, (d) Take 𝑮𝟒 as  the target point. 

TABLE 5.  Success rate of humanoid motion of robotic arm under different 

octants. 

Position of the 

target point 

Number of the 

reaching motion 

Number of 

success 

Success 

rate 

The I octant 200 180 90.00% 

The II octant 200 178 89.00% 

The III octant 200 182 91.00% 

The IV octant 200 179 89.50% 

Average   89.88% 

VI. CONCLUSIONS 

In this paper, the humanoid motion planning approach based 

on the human arm action features and the RL method is 

proposed to generate human-like motion of a robotic arm. The 

VICON system was used to collect the data of the actual 

human arm reaching motions, from which the action features 

and rules were extracted and analyzed. Based on the acquired 

features and rules, the corresponding reward functions were 

proposed and the humanoid motion training of the robotic arm 

was carried out by using the RL method based on DDPG and 

HER algorithms. By analyzing the states of the robotic arm 

and comparing its action features with the human arm action 

on the robotic arm platform, the humanization, feasibility, and 

effectiveness were verified, and the observed results showed 

that the proposed approach could be used to construct the 

humanoid motion for the robotic arm. 
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