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Abstract

:

The technique of behavior cloning is to equip a robot with the capability of learning control skills through observation, which can naturally perform human–robot interaction. Despite many related studies in the context of humanoid robot behavior cloning, the problems of the unnecessary recording of similar actions and more efficient storage forms than recording actions by joint angles or motor counts are still worth discussing. To reduce the storage burden on robots, we implemented an end-to-end humanoid robot behavior cloning system, which consists of three modules, namely action emulation, action memorization, and action replay. With the help of traditional machine learning methods, the system can avoid recording similar actions while storing actions in a more efficient form. A jitter problem in the action replay is also handled. In our system, an action is defined as a sequence of many pose frames. We propose a revised key-pose detection algorithm to keep minimal poses of each action to minimize storage consumption. Subsequently, a clustering algorithm for key poses is implemented to save each action in the form of identifiers series. Finally, a similarity equation is proposed to avoid the unnecessary storage of similar actions, in which the similarity evaluation of actions is defined as an LCS problem. Experiments on different actions have shown that our system greatly reduces the storage burden of the robot while ensuring that the errors are within acceptable limits. The average error of the revised key-pose detection algorithm is reduced by 69% compared to the original and 26% compared to another advanced algorithm. The storage consumption of actions is reduced by 97% eventually. Experimental results demonstrate that the system can efficiently memorize actions to complete behavioral cloning.
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1. Introduction


Nowadays, the role of robots is highlighted due to their great potential, popularity [1] and the social influence [2]. Human–computer interaction is always the focus of robotics research, where safety [3], personalization [4], output complexity [5], and data collection [6] should all be considered. To improve the social identity of human–computer interaction, the primary problem to be solved is adapting the robot to the characteristics of human motion. The action and posture of the humanoid robot are essential manifestations of the robot’s ability, which will also have a profound impact on the user. Therefore, how to control the robot’s limb movement is a challenging task, and it is also an essential problem in robot research. In this work, human–computer interaction is implemented through behavioral cloning. Behavioral cloning is the most direct human–computer interaction [7]. In behavioral cloning, a human trainer first demonstrates the control task by observing a visualization of sensor data that is available to an autonomous controller and selecting the appropriate action that the controller should perform. Scholars from various countries have conducted research on this topic. Ref. [8] proposed the concept and method of basic motion set that is used to establish the basic motion set of the dynamic system, and study the motion learning problem of the humanoid robot. Refs. [9,10] showed how to evaluate the robots’ memory of pose. Ref. [11] achieved human-style locomotion with reinforcement learning methods, Ref. [12] used meta-learning to implement behavioral cloning, Ref. [13] designed neural networks for particular joints to enhance one-to-one mapping imitation. In addition, and Ref. [14] created a robot simulation learning platform that uses a series of evaluation indicators to evaluate the accuracy of robot motion simulation. While some achievements have been made in behavioral cloning, there are still aspects to be improved. First, due to the presence of environmental noise, the sensor has real-time variability when acquiring human joint data, which makes the robot easily cause jitter in action replay. Second, the same or similar actions performed by human demonstrators are often unnecessarily saved by robots. Third, data of partially similar actions are always stored separately in the form of the angles or motor counts of joints, consuming a large storage space. What is more, when the humanoid robot has limited computational performance, it is difficult to implement larger neural networks that allow it to autonomously perform saved actions.



In this work, a key-pose detection algorithm was proposed to keep minimal poses of each action. When the RGB-D camera sends the action data, the value of the rotation speed of the joints and the rotation direction of the joints on the robot will be used to determine whether the corresponding pose is a key pose. The value of each key-pose is assigned by the dissimilarity formula to distinguish them. In addition, we propose to implement a clustering algorithm [15], which documents the data by assigning each pose to its suitable group, and each group is labeled with a different ID. It not only effectively improves the memory efficiency of actions, but also further calculates the similarity between actions.



The remainder of this paper is organized as follows: Section 2 introduces two algorithms that we proposed and the functions of the designed system on the humanoid robot. The implementation of the system and the experimental data are presented in Section 3. In Section 4, the conclusion and future work are given.




2. Our Works


The architecture of the proposed system is shown in Figure 1. The personal computer (PC) in the system implements an inverse-kinematic algorithm and interpolation algorithm to process the data collected by the Kinect, a line of motion sensing input devices, and sends the results to the robot via a wireless network. On the humanoid robot side, three basic functional modules are implemented. Respectively, they serve for action emulation, action replay, and action memorization. When the RGB-D camera observes an action taken by a particular user, it sends the raw data to the PC, which further processes the data to convert them into geometrical information that is compatible with the modules on the robot.



2.1. Key-Pose Detection Algorithm


’Key pose’ is a term that originates in the animation field, where an action can be fully reflected by several key poses extracted from the action. It has already been applied in academic research as well. In our system, an action is defined as a sequence of many pose frames. Key poses are defined as the essential poses taken out of the sequence of poses of an action and are capable of composing a new sequence of poses necessary to recreate the action, from which ’essential’ means that once one of the key poses is deleted, the action created by the new sequence of key poses will have an unacceptable error value compared to the original action, or will not look similar to the original action at all.



When implementing behavioral cloning on robots, if image frames collected by the RGB-D camera are directly recorded to represent any actions, a large amount of storage space will be consumed. Additionally, it costs huge calculating resources to process and retrieve image data, which may result in lags in the system. Therefore, the key-pose detection algorithm is proposed to identify and record the key poses.



UDP, user datagram protocol, is chosen as the communication protocol in our system since retrieving data from the RGB-D camera only costs about 70 ms each time. Because of the relatively short time intervals, the action emulation can work even if some packets are lost. As is shown in Figure 2, each UDP packet contains motor counts, a bit for conforming key posture, a bit for conforming continuity, the group ID of the key pose, and the time interval needed by the pose.



‘KP_bit’, ‘CB_bit’, ‘G_ID’, and ‘Time’ in Figure 2 respectively refer to the ‘key pose bit’ (the bit for conforming key posture), ‘continuous bit’ (the bit for conforming continuity), the group ID of the key pose and the time interval between the next key pose and the key pose. If the value of ‘KP_Bit’ is 0, the value of ‘Time’ will be 0 as well. Otherwise, if the value of ‘KP_Bit’ is not 0, the value of ‘Time’ will be exactly the time interval between two key poses.



Algorithm 1 shows how each key pose is identified. Each time the skeleton data are generated, the data are simultaneously determined whether they are a key pose or not by the information about the rotation direction and speed of joints in the skeleton data. In Algorithm 1, two variables recording current and previous states are set to check whether the state in the algorithm changes. Firstly, inverse kinematics is implemented to calculate the rotation angle of each joint. Then, the value of the current angles of the joints is compared with the previous value. The state that the discrepancy between two angles is bigger than a preset threshold is defined as an ‘action state’. Otherwise, it is a ‘static state’. If the current state differs from the previous, key_pose_bit will be set as 1; otherwise, it is set as 0. After that, if the key_pose_bit is 0, the rotation directions of each joint are checked to be changed or not. If they are changed, the key_pose_bit will be set as 1. Otherwise, it will be designated as 0. All the data in the algorithm will be saved.



In this paper, we modified formula (1) into formula (2) to calculate the dissimilarity of poses so that the errors will be reduced:


   ρ  i , i + 1   =     ( n − 1 )   σ i   σ  i + 1   −  ∑  j = 1  12    β  i , j   −   β ¯  j     β  i + 1 , j   −   β ¯  j      ( n − 1 )   σ i   σ  i + 1       



(1)




where   ρ  i , i + 1    presents the calculated dissimilarity value, n is the total number of poses,  σ  is the standard deviation of pose numbered i,   β  i , j    presents the angle of the joint j in the pose numbered i, and    β ¯  j   is the average value of different angles of the joint numbered j in all poses:


   ρ  i − 1 , i , i + 1   = 1 −    ∑  j = 1  N    Δ  ϕ  i − 1 , i , j   −   Δ  ϕ j   ¯   ·  Δ  ϕ  i , i + 1 , j   −    Δ ϕ  ¯  j      N   σ  i − 1 , i      σ  i , i + 1       



(2)




where   ρ  i − 1 , i , i + 1    presents the calculated dissimilarity value, N is the total number of joints,   σ  i − 1 , i    is the standard deviation of changes in values of joints angles of poses numbered i and   i − 1  .   Δ  ϕ  i − 1 , i , j     is the angle change of poses numbered i and   i − 1   in joint j, and    Δ  ϕ j   ¯   represents the average of all the variation in joint numbered j of the poses:






	Algorithm 1 Key-pose detection algorithm.



	
	1:

	
while not Terminated do




	2:

	
   Calculate Dissimilarity Between Previous Data Via Inverse-Kinematics




	3:

	
   if The Dissimilarity ≥ Threshold then




	4:

	
      CurrentState = ActionState




	5:

	
   else




	6:

	
      CurrentState = StaticState




	7:

	
   end if




	8:

	
   if CurrentState   = =   PreState then




	9:

	
      key_pose_bit = 1




	10:

	
   else




	11:

	
       if the Direction is Changed then




	12:

	
       key_pose_bit = 1




	13:

	
       else




	14:

	
       key_pose_bit = 0




	15:

	
       end if




	16:

	
   end if




	17:

	
   Save Data




	18:

	
end while















2.2. Clustering Algorithm


The concept of grouping is always used in data mining and many other fields. In our work, grouping is defined as similar to clustering in data mining. With a key-pose detection algorithm, raw data from the RGB-D camera are transformed into data symbolizing essential poses, which are stored by way of motor counts and are less storage-consuming. In this paper, the agglomerative hierarchical clustering algorithm [15] is applied to the data of key poses to document them. Each pose will be assigned to a group with the group ID, and in this way, the storage load is reduced, and the similarity between actions can be further calculated with such group IDs. Figure 3 illustrates the changes in groups through the clustering algorithm, where each red dot presents the central point in the group it belongs to. Additionally, due to the geometric position of each red dot, every such dot can represent all the data points in the same group.



The key poses will be divided into several groups after the clustering algorithm, and each group will be assigned a unique group ID. Instead of recording motor counts, each action is stored by recording its group ID. Table 1 shows the storage space status of the humanoid robot. Table 2 compares the storage consumption of saving group ID and the storage consumption of saving motor counts. As Table 2 shows, saving each action by group ID reduces the total storage consumption substantially. In total, 450,000 actions could be saved in the format of group ID, which is over 30 times more than the maximum number of actions saved by recording the motor counts, which is only 13,000, as is shown in Table 2.




2.3. The Humanoid Robot Functions


2.3.1. Action Emulation


The humanoid robot retrieves the built-in library to find and calls for matched data when it receives processed data from the PC via Wi-Fi to synchronously imitate the user’s actions. Due to the discrepancy between the DOF, degree of freedom, of the humanoid robots’ shoulders, which is 2, and the DOF of the human shoulder, which is 3, humanoid robots cannot achieve complete imitation. In addition, synchronous imitation on the lower body is impossible to be reached due to the following two reasons:




	
RGB-D camera has low stability on the lower body skeleton relatively.



	
Robots have no ability to balance themselves.








Because of the above two reasons, only upper motors can be applied to synchronous imitation. When imitating lower body poses, some robots’ actions may differ from human actions. For instance, it is hard to find a way to process the raw data generated by the RGB-D camera focusing on a standing user to obtain precise knee joint data. Even if the knee joint data are accurate, chances are that the humanoid robot will fall backward or forward when performing emulation in the lower body due to imbalance.



The humanoid robot unpacks the UDP packets after receiving them from the PC. Then, it calls the functions in its local library and runs the emulation that keeps running until the end of the program.




2.3.2. Action Memorization


In our system, an action is defined as a sequence of many pose frames. As mentioned in the previous paragraph, each pose is assigned a unique group ID after the clustering algorithm. Therefore, each action could consist of a series of group IDs. The action can be compared with the groups’ IDs it concerns this way. To further reduce the storage cost, we propose a method to determine whether the latest received action data are worth being saved locally in the database. When the humanoid robot receives the action data, it checks whether the same data exist in the local database. If the data already exist, the data will be ignored.



When comparing two actions, the discrepancy in the key poses that they could be split into and the discrepancy in the speed of shifting the key poses from one to the other are noted. In our system, discrepancies in speed between actions are ignored when calculating the similarity between two actions because of the high storage cost of recording all the time variables. However, speed differences between actions will still be active when implementing the system. When calculating the similarity of actions, they are compared by the group IDs of the key poses contained by them. Evaluating the similarity of two series of key poses of two actions is characterized as solving the LCS, longest common subsequence, problem in our system. The longest common subsequence (LCS) problem [16] is the problem of finding the longest subsequence common to all sequences in a set of sequences. A similarity table is established to restore all the similarities. Algorithm 2 is the modified LCS algorithm procedure. The number of the longest common subsequence between two actions will be figured out by the algorithm, and Equation (3) shows how to calculate the similarity rate with the results of the LCS algorithm:


  S i m i l a r i t y  R a t e =   N ( L C S  (  A 1  ,  A 2  )  )  n   



(3)




where   S i m i l a r i t y  R a t e   presents how similar the two actions are. n is the number of segments of the compared actions;    A 1  ,  A 2    respectively represent the data of action numbered 1 and 2; and   N  L C S   A 1  ,  A 2      represents the number of LCS.




2.3.3. Action Replay


The robot has to achieve consistency in the representation and speed of the user’s actions. Such consistency can be attained with the help of applying and clustering algorithms, which will minimize the error between the representation and the original action. Figure 4 illustrates how to calculate the speech of each action. In Figure 4, ‘T’ refers to the time consumed. Each elapsed time interval between two key poses is calculated and can be further used to compute the changes in the speed of every joint. As shown in Figure 5, the elapsed time between the Key Pose labeled 1 and the Key Pose labeled 2 is (T1 + T2 + T3). The speed of the whole action can be calculated with the data from the motor or the number of total key poses.






	Algorithm 2 Revised LCS algorithm.



	
	1:

	
function  L C S  (   S 1  ,  S 2   )




	2:

	
   for   i = 0 , 1 , … , m   do




	3:

	
      len(i,0) = 0




	4:

	
   end for




	5:

	
   for   j = 1 , 2 , … , n   do




	6:

	
      len(0,j) = 0




	7:

	
   end for




	8:

	
   for   i = 1 , 2 , … , m   do




	9:

	
      for   j = 1 , 2 , … , n   do




	10:

	
       Search similarity table




	11:

	
        if    a i  =  b j    then




	12:

	
         len(i,j) = len(i−1,j−1)+1




	13:

	
        end if




	14:

	
        if len(i−1,j) ≥ len(i,j−1) then




	15:

	
         len(i,j) = len(i−1,j)




	16:

	
        else




	17:

	
         len(i,j) = len(i,j−1)




	18:

	
        end if




	19:

	
      end for




	20:

	
   end for




	21:

	
end function














As is shown in Figure 4, after taking data consistency and speed variations into account, there still exist standstills in the progress of imitation because the humanoid robot will directly implement the action data without any optimizing processing. Thus the whole action played by the robot seems to be not natural.
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Figure 4. Continuous motion interrupt diagram. 






Figure 4. Continuous motion interrupt diagram.



[image: Mathematics 11 00678 g004]







[image: Mathematics 11 00678 g005 550] 





Figure 5. Relation of poses and key poses. 






Figure 5. Relation of poses and key poses.



[image: Mathematics 11 00678 g005]





To solve the problem, a ‘continuous bit’ is added to the program. It is proposed to symbolize whether the state of the robot is active or not. The continuous bit is either 0 or 1. In the program, the speed of each joint is checked. If it is stable, implying that all the velocities of the joints are 0, the continuous bit will be set as 0, meaning that the robot is in a static state; otherwise, if there still exists any joint that is constantly moving, the continuous bit will be set as 1, meaning that the robot is in an active state, as is shown in Figure 6.



The continuous bit is used to enable the robot to perform the actions smoothly. If the current continuous bit is 1, the number of each motor count will add or remove a constant so that the motor will keep its speed and direction for a while after reaching its original goal position. The current motor count is continuously checked to ensure the accuracy of the action. The actual goal position of each pose may be changed because of the functions of the continuous bit. However, once the check and a particular pose are done, the motors on the robot will return to the original goal position or move to the next goal position. In this way, each motor will not halt when the robot reads the next key pose while the accuracy is ensured, as shown in Figure 7.






3. Implementation


3.1. Implementation of the Key-Pose Detection Algorithm


In this section, the method to identify key poses will be introduced. Two other methods are to be discussed besides the algorithm, which is revised from the key-pose detection algorithm based on dissimilarity, adopted in our study. They are the condition key-pose detection algorithm [17] and key-pose detection algorithm based on dissimilarity [18].



To evaluate the proposed key-pose detection algorithm, several experiments are conducted. Figure 8a is labeled Action I in the experiment; Figure 8b, Action II; Figure 8c, Action III, Figure 8d, Action IV. Action I, Action II, Action III and Action IV explain the research results.



To ensure accuracy, each action consists of 250 poses, taking nearly 15 seconds to be executed. Additionally, six joints of the humanoid robot are set to active to perform the action. They are respectively Left_Elbow, Left_Shoulder_Roll, Left_Shoulder_Pitch, Right_Elbow, Right_Shoulder_Roll, Right_Shoulder_Pitch.



After the action (Action I) performed by the user is received and processed by the RGB-D camera, three different algorithms will further process the data. The three corresponding results are shown below. Figure 9, Figure 10 and Figure 11 show the comparison between these three algorithms. Figure 9 presents the result for the condition key-pose detection algorithm. Figure 10 shows the result for the key-pose detection algorithm based on dissimilarity. Figure 11 is the result for the key-pose detection algorithm revised from the key-pose detection algorithm based on dissimilarity, which is used in our implementation.



Table 3 compares the average error values of the three algorithms with the same amount of key poses. As is shown in Table 3, after the modification, the key-pose detection algorithm based on dissimilarity can achieve the lowest error value, reducing 69% error compared to the original, 26% compared to the condition key-pose detection algorithm. The error is defined as the average value of the difference between the angles of each joint of the original poses and the key poses, as Equation (4) shows:


  E r r o r =    ∑  j = 1  6   ∑  n = 1  250    K n  −  O n     6 × 250   × 0.0878  



(4)




where j is the label of the joint, n is the label of the data of the pose,   K n   is the angles value of joints in the key pose, and   O n   is the angles value of the joints in the original pose.



The number of key poses and the value of the error can be varied with different values of the threshold, so a suitable value of the threshold, which maximizes the number of key poses recorded and minimizes the value of the error, should be established. Experiments are conducted for that, and the results are shown in Table 4, where different values of threshold, error, and numbers of key poses are listed. To facilitate the work, we specified that any threshold with an error of less than 3 is eligible and we eventually chose 0.35 as our final threshold value.




3.2. Implementation of Clustering Algorithm


In this section, the implementation of the clustering algorithm on the key poses from the key-pose detection algorithm is discussed and shown. Figure 12 compares the pose data of key poses with and without the clustering algorithm.



Table 5 shows the comparison of error values of the key poses processed with and without the clustering algorithm on different parts of the robot. The storage consumption is reduced with the help of the clustering algorithms, while a relatively slight increase in the total error value exists, which is acceptable.



In Table 5, L_E is Left Elbow; L_S_R is Left Shoulder Roll; L_S_P is Left Shoulder Pitch, R_E is Right Elbow, R_S_R is Right Shoulder Roll, R_S_P is Right Shoulder Pitch. All the key poses will be assigned to the suitable group with the group ID after being processed by the clustering algorithm.




3.3. Implementation of Action Emulation, Representation and Memorization


3.3.1. Action Emulation


Figure 13 shows how the humanoid robot replays Action I, which is the result of real-time imitation.



The motor counts of the motor should be ensured not to damage the motor when implementing synchronous behavior cloning, which means the difference in the structure of different robots must be taken into account. In our experiment, MX-28 is the motor of the humanoid robot, which can rotate in the range of 360 degrees, but it does not ensure that each joint can rotate freely like that, which may cause machinery problems in the robot. Table 6 shows the minimum and maximum scales of the joints on the robot. If such values are not compatible with the number of motor counts, the robot could be damaged.




3.3.2. Action Representation


Figure 14 shows the result of the replay in Action I of the humanoid robot. In the experiment, the action could be entirely duplicated by the robot, and acceptable time consumption was also ensured. In addition, the increase in the error due to the clustering algorithm could be ignored since it is slight enough.




3.3.3. Action Memorization


With the formula calculating the similarity rate of the poses, data processed by the clustering algorithm and the key-pose detection algorithm contain enough information to lead the robot to perform the displayed action, meaning that the function of action memorization is ensured. Table 7 lists the numbers of the original poses and the key poses of Action I to IV. The key poses are the results of the key-pose detection algorithm and the clustering algorithm. As is shown in Table 7, the number of key poses of Action II outnumbers that of Action I by 52, which is great enough to help the algorithm determine that the actions are different. For Actions I to IV, the similarity rates are calculated if the difference of the degree values of joints in key poses falls in a certain range.



After Action I is displayed in front of the RGB-D camera by the user, the data received by the camera will be saved into the database of the robot after being processed by the key-pose detection algorithm and the clustering algorithm. Action II will also be saved into the database because it could be determined to be a new action after being compared to the actions in the database. However, when the Action III is displayed, the data of the action will not be saved because they will be determined as an identical action to Action I. Meanwhile, Action IV will be detected as a new action though it is partially similar to the Action I; for that, the later part of the action is detected as a part of Action IV. In this way, the storage consumption is reduced since no superfluous action will be recorded.






4. Conclusions


In our behavior cloning system, two algorithms are implemented. They are the key-pose detection algorithm and the clustering algorithm. With a fixed limit on the number of key poses that can be stored for different actions, the average error value of the results from the key-pose detection algorithm is nearly 26% lower than [17] and nearly 69% lower than [18]. After assigning each key pose to suitable groups with group IDs, an action can be saved in the form of a series of group IDs, which makes it possible to store nearly 33 times more actions than saving the action in the form of the motor count. Results from the two algorithms ensure acceptable error values while reducing the storage consumption of the action data effectively. In addition, the system implements three basic functions. They are action emulation, action representation, and action memorization. These functions simplify the process of human–computer interaction and expand the user age range of the humanoid robots, which may lend the humanoid robots to become more useful in daily life. Additionally, our system requires less storage space on the robots with the help of the algorithm in the action memorization function.



There still exist problems to be investigated in future work. Currently, the source of the skeleton data is an RGB-D camera in our system, which cannot ensure the accuracy of the processed results, so more advanced multi-view human 3D posture reconstruction methods should be applied in our system to ensure that the original data in our behavior cloning system are not affected by environmental noise or misrecognition. Additionally, if there exist no real-time requirements, then optimization methods, such as genetic algorithms or simulated annealing, can be implemented to find the most suitable threshold parameter in the key-pose detection algorithm with the help of high-performance PCs and robot virtual platforms in order to minimize the error of the recreated action. Furthermore, a module for the equilibrium of the robot should be established to achieve lower body imitation.
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Abbreviations


The following abbreviations are used in this manuscript:



	PC
	Personal computer



	RGB-D
	Red, green, blue plus depth



	UDP
	User datagram protocol



	DOF
	Degree of freedom



	LCS
	Longest common subsequence



	  ρ  i , i + 1   
	Calculated dissimilarity value of two poses



	  ρ  i − 1 , i , j + 1   
	Calculated dissimilarity value of three poses



	  β  i , j   
	Angle of the joint j in the pose numbered i



	   β ¯  j  
	Average value of different angles of the joint numbered j in all poses



	  σ  i − 1   
	Standard deviation of changes in values of joints angles of poses numbered i and   i − 1  



	  Δ  ϕ  i − 1 , i , j    
	Angle change of poses numbered i and   i − 1   in joint j



	   Δ  ϕ j   ¯  
	Average of all the variation in joint numbered j of the poses



	T
	Time consumed
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Figure 1. System architecture. 






Figure 1. System architecture.
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Figure 2. Architecture of packet. 






Figure 2. Architecture of packet.
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Figure 3. Illustration of group. 






Figure 3. Illustration of group.
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Figure 6. Influence of key-pose detection diagram. 
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Figure 7. Improved of continuous motion diagram. 
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Figure 8. Action I (a), Action II (b), Action III (c) and Action IV (d). 
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Figure 9. Results of [17] condition key-pose detection algorithm versus original pose data: (a) motor counts data on Left Elbow. (b) Motor counts data on Left Shoulder Roll. (c) Motor counts data on Left Shoulder Pitch. (d) Motor counts data on Right Elbow. (e) Motor counts data on Right Shoulder Roll. (f) Motor counts data on Right Shoulder Pitch. 
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Figure 10. Results of [18] key-pose detection algorithm based on dissimilarity versus original pose data: (a) Calculated dissimilarity value. (b) Motor counts data on Left Elbow. (c) Motor counts data on Left Shoulder Roll. (d) Motor counts data on Left Shoulder Pitch. (e) Motor counts data on Right Elbow. (f) Motor counts data on Right Shoulder Roll. (g) Motor counts data on Right Shoulder Pitch. 
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Figure 11. Results of revised key-pose algorithm based on dissimilarity versus original pose data. (a) Calculated dissimilarity value. (b) Motor counts data on Left Elbow. (c) Motor counts data on Left Shoulder Roll. (d) Motor counts data on Left Shoulder Pitch. (e) Motor counts data on Right Elbow. (f) Motor counts data on Right Shoulder Roll. (g) Motor counts data on Right Shoulder Pitch. 
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Figure 12. (a) Motor counts data on Left Elbow. (b) Motor counts data on Left Shoulder Roll. (c) Motor counts data on Left Shoulder Pitch. (d) Motor counts data on Right Elbow. (e) Motor counts data on Right Shoulder Roll. (f) Motor counts data on Right Shoulder Pitch. 






Figure 12. (a) Motor counts data on Left Elbow. (b) Motor counts data on Left Shoulder Roll. (c) Motor counts data on Left Shoulder Pitch. (d) Motor counts data on Right Elbow. (e) Motor counts data on Right Shoulder Roll. (f) Motor counts data on Right Shoulder Pitch.
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Figure 13. The emulation of humanoid robot. 
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Figure 14. The humanoid robot is replaying action I. 
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Table 1. Storage space of the humanoid robot.






Table 1. Storage space of the humanoid robot.





	Storage Space
	Size





	Total
	3.6 GB



	Used
	2.3 GB



	Available
	1.3 GB
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Table 2. Different format comparison.
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	Item
	Group ID
	Motor Counts





	Action Size
	About 3 KB
	About 100 KB



	Number of Action
	About 450,000
	About 13,000










[image: Table] 





Table 3. Comparison of the three key-pose detection algorithms.
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	Algorithm
	Average of Error
	Amount of Key Poses





	Condition Key-Pose Algorithm
	1.24146
	   250 → 100   



	Original Dissimilarity Key-Pose Algorithm
	2.74349
	   250 → 100   



	Revised Dissimilarity Key-Pose Algorithm
	0.91062
	   250 → 100   
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Table 4. Different threshold and its average of error and amount of key poses.
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	Threshold
	Average of Error
	Amount of Key Poses





	0.21
	0.91062
	   250 → 100   



	0.25
	1.84542
	   250 → 89   



	0.3
	2.47993
	   250 → 78   



	0.35
	2.68958
	   250 → 69   



	0.4
	3.38649
	   250 → 58   
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Table 5. Group algorithms comparison table.
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	Error
	on L_E
	on L_S_R
	on L_S_P
	on R_E
	on R_S_R
	on R_S_P





	Without Clustering Algorithm
	2.088
	2.625
	2.159
	2.499
	4.053
	2.711



	With Clustering Algorithm
	2.263
	2.656
	2.386
	2.695
	4.390
	3.306
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Table 6. Limited rotation range of the humanoid robot motors.
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	Name
	Minimum
	Maximum





	L_Elbow
	1300
	3072



	R_Elbow
	1024
	2700



	L_Shoulder_Roll
	512
	2560



	R_Shoulder_Roll
	1536
	3584



	L_Shoulder_Pitch
	2048
	N/A



	R_Shoulder_Pitch
	N/A
	2048
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Table 7. Amount of the key poses of Actions I, II, III and IV.
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	Action
	Action I
	Action II
	Action III
	Action IV





	Number of key poses
	   250 → 69   
	   250 → 121   
	   250 → 83   
	   250 → 93   
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