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Abstract:



This paper suggests a method of classifying Korean pop (K-pop) dances based on human skeletal motion data obtained from a Kinect sensor in a motion-capture studio environment. In order to accomplish this, we construct a K-pop dance database with a total of 800 dance-movement data points including 200 dance types produced by four professional dancers, from skeletal joint data obtained by a Kinect sensor. Our classification of movements consists of three main steps. First, we obtain six core angles representing important motion features from 25 markers in each frame. These angles are concatenated with feature vectors for all of the frames of each point dance. Then, a dimensionality reduction is performed with a combination of principal component analysis and Fisher’s linear discriminant analysis, which is called fisherdance. Finally, we design an efficient Rectified Linear Unit (ReLU)-based Extreme Learning Machine Classifier (ELMC) with an input layer composed of these feature vectors transformed by fisherdance. In contrast to conventional neural networks, the presented classifier achieves a rapid processing time without implementing weight learning. The results of experiments conducted on the constructed K-pop dance database reveal that the proposed method demonstrates a better classification performance than those of conventional methods such as KNN (K-Nearest Neighbor), SVM (Support Vector Machine), and ELM alone.
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1. Introduction


The past decade has witnessed rapid growth in the number of motion capture applications, ranging from sports sciences and motion analysis to motion-based video games and movies [1,2,3,4,5]. Generally defined, motion capture is the process of recording the movements of humans. It refers to recording the actions of human actors and using that information to animate digital character models in 2D or 3D computer animation sequences. Recently, we have also witnessed the popularity of Korean pop (K-pop) music spread throughout the world. K-pop is a musical genre originating from South Korea that is characterized by a wide variety of audiovisual elements. Although it includes all genres of popular music in South Korea, the term is more often used in a narrower sense to describe a modern form of South Korean pop music covering a range of styles including dance-pop, pop ballads, electro-pop, rock, jazz, and hip-pop. One possible reason that K-pop has become so popular globally is that other aspiring dancers may feel inclined to view skilled young K-pop dancers as role models and to copy their dance styles. This can lead to plagiarism issues in both dance and music, which is our main motivation for classifying K-pop dance movements for the development of both video-based retrieval systems and dance training systems.



There are three main types of motion capture systems: optical systems, non-optical systems, and markerless systems. Optical systems use the data captured from optical sensors to detect the 3D positions of a subject located between two or more cameras that are calibrated to provide overlapping projections. Data acquisition is traditionally implemented by attaching special markers to the actor. Optical capture systems are used with several types of markers, including passive markers, active markers, time modulated active markers, and semi-passive imperceptible markers. Non-optical capture systems include inertial systems, mechanical motion systems, and magnetic systems. Among these, inertial motion capture is the best-known capture system. Inertial motion capture technology includes inertial sensors, biomechanical models, and sensor fusion algorithms. Inertial motion-sensor data are often transmitted wirelessly to a computer, where the motion is recorded or viewed. Finally, the markerless capture method is currently assisting the rapid development of the markerless approach to motion capture in the area of computer vision. Markerless systems do not require subjects to wear special equipment for tracking. Several studies related to markerless systems have been performed via motion analysis of data obtained from the well-known Kinect sensor [6,7,8,9,10,11,12,13,14,15].



In this paper, we focus on a markerless capture method based on the skeletal joint data of human motion utilizing a Kinect camera in a motion-capture studio environment for the classification of K-pop dance movements. The previous works have been focused on ballet analysis [16,17], video recommendation based on dance styles [18], dance pose estimation [19,20], dance animation [21], and e-learning of dance [22]. While some ballet movements and dance pose estimation have previously been studied in various aspects [16,17,18,19,20,21,22,23,24,25,26], nobody has yet performed research on K-pop dance movements using Kinect sensors to address the problem of dance plagiarism. In order to accomplish this, a K-pop dance database is constructed from the motions of professional dancers. The process of dance movement classification comprises feature extraction, dimensionality reduction, and, finally, the classification itself. In the first step, features are extracted from 25 markers of skeletal joint data. We use six features representing the important motion angles in each frame. These features are connected in the form of a feature vector for all of the frames. Next, a combination of principal component analysis (PCA) [27] and linear discriminant analysis (LDA) [28], referred to in this paper as “fisherdance”, is performed to reduce the dimensionality of the dance movements. In the last step, an extreme learning machine classifier (ELMC) is designed based on a rectified linear unit (ReLU)-based activation function. The characteristics of the ReLU-based ELMC are high accuracy, low user intervention, and real-time learning that occurs in seconds or milliseconds. Conventional ELMs have homogenous architectures for compression, feature learning, clustering, regression, and classification. Research has been conducted on the use of ELMs in various applications, including image super-resolution [29], real operation of wind farms [30], electricity price forecasting [31], remote control of a robotic hand [32], human action recognition [33], and 3D shape segmentation and labeling [34]. A considerable number of studies have been conducted on ELM variants [35,36,37,38,39,40]. The results of experiments performed on the constructed database demonstrate that the classification performance of the proposed method outperforms those employed in these studies.



This paper is organized in the following manner. Section 2 describes the generation of the concatenated vectors from the six core angles of each frame as well as the dimensionality reduction method utilized in this study. Section 3 describes the techniques used in dance movement classification realized via the ReLU-ELMC. Section 4 covers the results of simulations performed on the K-pop dance databases available at the Electronics and Telecommunications Research Institute (ETRI). Finally, Section 5 includes our concluding comments.




2. Dimensionality Reduction of Concatenated Vectors


In this section, we describe a dimensionality reduction method using both PCA and LDA. The dimensional reduction exploited here consists of a three-phase development process. First, concatenated vectors are produced from six important angles specifying K-pop dance movements. Next, the PCA is performed by projecting the high-dimensional vectors into lower-dimensional spaces. Finally, feature vectors with discriminating capabilities are obtained by the LDA.



2.1. Generating Concatenated Vectors


In the first stage of our analysis, concatenated vectors are generated. Figure 1 illustrates the six core angles that distinguish each dance movement. As shown in Figure 1, these angles are related to the positions of both elbows, both knees, and both shoulders. Figure 2 illustrates an angle between two joints. This angle is calculated with the following equations:
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Figure 1. Six core angles distinguishing each dance movement.
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Figure 2. Angle between two neighboring joints.
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The total concatenated angles are generated by connecting these values within each frame, as shown in Figure 3. In general, the frame lengths of dance movements differ according to the dance type. To solve this problem, we perform a zero-padding method to set the frame sizes to the same size as the largest frame. For example, if the number of frames in a certain dance movement is 200, the size of the concatenated vector for each dance movement is 6 × 200 frames.


Figure 3. Architecture of the proposed method.
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2.2. Combination of PCA and LDA for Dimensional Reduction


The method combining PCA and LDA for dimensional reduction is insensitive to large variations in movement. By maximizing the ratio of the between-scatter matrix to the within-scatter matrix, LDA produces well-separated dance movement categories in a low-dimensional subspace. In what follows, we briefly describe the method referred to as “fisherdance” in this work as the well-known fisherface method [19]. This method consists of the two steps shown in Figure 3. In the first step, the PCA projects the concatenated vectors from a high-dimensional image space into a lower-dimensional space. In the second step, the LDA finds the optimal projection from a classification perspective, which is known as a class-specific method. Therefore, we can perform this step by first projecting the K-pop dance movement into a lower-dimensional space using the combination of PCA and LDA, so that the resulting within-class scatter matrix is nonsingular, before computing the optimal projection.



We denote the training set of [image: there is no content] different dance movements as [image: there is no content] and define the covariance matrix as follows:
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where [image: there is no content] is the concatenated vector of a dance movement. Then, both the eigenvalues and eigenvectors of the covariance matrix [image: there is no content] are calculated. Let [image: there is no content] contain the eigenvectors corresponding to the largest eigenvalues. For a set of original dance movements [image: there is no content], the corresponding reduced feature vectors, [image: there is no content], can be obtained by projecting [image: there is no content] into the PCA-transformed space according to the following equation:
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The second step, which is based on the use of the LDA, can be described as follows. Consider c classes with N samples each. Let the between-class scatter matrix be defined as


[image: there is no content]
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where [image: there is no content] is the number of samples in the ith class [image: there is no content], [image: there is no content] is the mean of all of the samples, and [image: there is no content] is the mean of class [image: there is no content]. The within-class scatter matrix is defined as


SW=∑i=1c∑xk∈Ci(xk−mi)(xk−mi)T=∑i=1cSWi,



(8)




where [image: there is no content] is the covariance matrix of class [image: there is no content]. The optimal projection matrix, [image: there is no content], is obtained as the matrix with orthonormal columns that maximize the ratio of the determinant of the projected samples’ between-class matrix to their determinant of the within-class scatter matrix, as in the following expression:
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where [image: there is no content] is the set of generalized discriminant vectors of both [image: there is no content] and [image: there is no content] corresponding to the [image: there is no content] largest generalized eigenvalues [image: there is no content], i.e.,
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Thus, the feature vectors [image: there is no content] for any dance movement [image: there is no content] can be calculated as follows:
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To complete the classification of a new dance pattern [image: there is no content], we compute the distance between [image: there is no content] and a pattern in the training set [image: there is no content] such that


[image: there is no content]



(12)







The measure [image: there is no content] is defined as the distance between the training dance movement [image: there is no content] and a given movement [image: there is no content] in the test set. Note that this distance is computed based on both [image: there is no content] and [image: there is no content], which are the LDA-transformed feature vectors of dance movements [image: there is no content] and [image: there is no content], respectively. While the distance function [image: there is no content] can be broadly interpreted, quite often we confine ourselves to the Euclidean distance.





3. Design of ReLU-Based ELMC


In this section, we design the ReLU-based ELMC based on the feature vectors obtained by the PCA and LDA. This classifier possesses the important characteristics of both a simple tuning-free network and a fast learning speed. Unlike those in conventional existence theories, the node parameters hidden in the design of an ELM are independent of the training data. Although hidden nodes are both important and critical, these nodes generally do not need to be tuned.



ELMC


Most studies on neural networks are performed based on conventional existence theories, including those of the adjustment and learning of hidden nodes. Many researchers have performed intensive research on developing good learning methods over the past few decades. In contrast to conventional neural networks, we develop an ELMC with real-time learning and high classification abilities for classifying dance movements. Figure 3 shows the architecture of the ELMC. Given random hidden neurons that need not be either algebraic sums or other ELM feature mappings, almost all nonlinear piecewise continuous hidden nodes can be represented as follows:
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where [image: there is no content] and [image: there is no content] are the weight and the bias between the input and hidden layers, respectively. Although we do not know true output functions of biological neurons, most of them are nonlinear piecewise continuous functions covered by ELM theories. The output function of a generalized single layer feedforward network is expressed as
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The output function of the hidden layer mapping is as follows:


[image: there is no content]
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The output functions of hidden nodes can be used in various forms. Many different types of learning algorithms exist, including sigmoid networks, radial basis function (RBF) networks, polynomial networks, complex networks, Fourier series networks, and wavelet networks, some of which are represented by:


Sigmoid: G(ai,bi,x)=g(ai⋅x+bi)RBF: G(ai,bi,x)=g(bi‖x−ai‖)Fourier series: G(ai,bi,x)=cos(ai⋅x+bi)Random projection: G(ai,bi,x)=ai⋅x








where conventional random projection is just a specific case of ELM random feature mapping when an additive linear hidden node is used. This not only proves the existence of the networks but also provides learning solutions. In this paper, we use the ReLU-based activation function that is utilized effectively in convolutional neural networks and is given as follows:
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where x is the input to a neuron. In contrast to the sigmoid function, the major advantage of the ReLU function is in solving the vanishing gradient problem in neural network design. Furthermore, the constant ReLU function gradient results in faster learning.



Given a training set [image: there is no content], the hidden node output function [image: there is no content], and the number of hidden nodes L, the ELM determines both the hidden node parameters and the output weights using the following three-steps:



[Step 1] Assign the hidden node parameters randomly [image: there is no content]



[Step 2] Calculate the hidden layer output matrix [image: there is no content]



[Step 3] Calculate the output weights [image: there is no content] using the least square estimate with


[image: there is no content]



(17)




where [image: there is no content] is the Moore-Penrose generalized inverse of matrix [image: there is no content]. When [image: there is no content] is nonsingular, [image: there is no content]. The significant features of ELM are summarized in the following.



First, the hidden layer does not need to be tuned. Second, the hidden layer mapping h(x) satisfies universal approximation conditions. Third, the parameters of ELM are minimized as follows:


[image: there is no content]



(18)







ELM satisfies both the ridge regression theory and the neural network generalization theory. Finally, it fills the gaps and builds bridges among neural networks, SVMs, random projections, Fourier series, matrix theories, and linear systems.



Figure 4 shows the point-dance classification process flow regarding angle calculation between joints, frame normalization, dimensional reduction, and ELM classifiers.


Figure 4. Point dance classification process flow.
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4. Experimental Results


This section reports on a comprehensive set of comparative experiments performed to evaluate the performance of the proposed approach.



4.1. Construction of K-Pop Dance Database


A K-pop dance database was constructed containing 200 point-dance movements from four professional dancers (two men and two women) obtained by a motion capture system that produced skeletal forms. Thus, there were 800 dance-movement data points in total. In order to construct this database, we recorded the skeletal information of these point-dances using a Kinect v2 sensor. The point-dances included in the K-pop dance database were composed of movements lasting for 4–9 s, and there were 25 skeletal joints considered. Among these joints, we selected 13 to obtain six core angles. The longest and shortest dance movements captured contained 147 and 276 frames, respectively. As mentioned in the previous section, we used a zero-padding method to produce frames of the same size. Zero padding padded the concatenated vector with zeros on both sides. Thus, the size of a point dance motion resultant vector was 6 × 276 elements. In this paper, we perform two different experiments. In the first experiment, the 800 total dance movements were divided into training and test sets of 400 movements each (one man and one woman). The total size of the training data set was 400 × 1656 elements. Here we used the data sequences showing the best results. In the second experiment, we performed 4-fold cross validation to test if the algorithm was independent from the dancer. Here we obtained the average rate of four classification results. Furthermore, we also performed the experiments regarding the normalized coordinates of shoulder, elbow, and knee joints. Figure 5 shows the environment of database construction using a Kinect camera. Figure 6 illustrates three examples of dance movements with sequential images.


Figure 5. Database construction environment.
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Figure 6. Three examples of dance movements (a) dance 1; (b) dance 2; (c) dance 3.
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4.2. Experiments and Results


In the first experiment, we compared the proposed method with conventional methods, such as the uses of KNN, SVM, and ELM alone. Figure 7 shows the right elbow and right knee angles, which were among the six angles representing a point-dance movement in each frame. After obtaining the concatenated vector, we selected r eigenvectors referring to the maximal recognition rate produced by the PCA method. Next, we determined the numbers of discriminant vectors m as the number of features in the LDA method increased. As a result, we selected the 100 eigenvectors that corresponded to the maximum recognition rate. From the obtained eigenvectors, we were able to determine that the use of 40 discriminant vectors provided the maximum recognition rate, as shown in Figure 8.


Figure 7. Right elbow and right knee angles (a) right elbow; (b) right knee.
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Figure 8. Classification rates based on PCA (Principal Component Analysis) + LDA (Linear Discriminant Analysis) (Euclidean distance).
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Figure 9 shows the variation in classification rates as the number of hidden nodes in the ReLU-based ELMC design increases after the fisherdance method had been performed. We obtained a maximum classification rate of 96.5% when there were 120 hidden nodes. Table 1 compares the classification performance results of both the proposed method and the conventional methods. As listed in Table 1, the proposed method generally led to better classification results than the KNN, SVM, and ELM methods alone. Noticeably, the conventional ELM showed a worse performance than those of the conventional machine learning methods. Figure 10 shows fisherdance images representing the discriminant vectors defined in Equation (9). Here we visualize 20 discriminant vectors with the size of 1650 × 20. Each discriminant vector is converted into an image with a 24 × 69-pixel array with gray levels ranging from 0 to 255.


Figure 9. Classification rate according to the number of hidden nodes in the design of the ELMC.
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Figure 10. Fisherdance images.
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Table 1. Comparison of classification performance results.







	
Method

	
Dimensionality Reduction

	
Classification Rate (%)






	
KNN

	
—

	
77.75




	
PCA + LDA

	
92.25




	
SVM

	
—

	
84.50




	
PCA + LDA

	
92.75




	
ELM-1 (sigmoid)

	
—

	
43.00




	
PCA + LDA

	
84.25




	
Proposed method

	
—

	
71.00




	
PCA + LDA

	
96.50










In the second experiment, we performed 4-fold cross validation to test if the proposed method is independent from the dancer. That is, we used four data sets with 200 dance movements constructed by each professional dancer. Here, we also performed the experiments regarding the normalized coordinates of shoulder, elbow, and knee joints. Figure 11 visualizes the classification rates obtained by 4-fold cross validation. Table 2 lists the average rate of four classification results for the 4-fold cross validation method. As shown in Figure 11 and Table 2, it was found from the results that the proposed method showed a good performance in comparison with the SVM, KNN, and ELM methods with sigmoid and hard limit activation function. Table 3 lists the average classification rates for the 4-fold cross validation method with normalized coordinates. The results indicated that the normalization method in this study did not show a good performance in comparison with the general method without normalization.


Figure 11. Each classification rate obtained by 4-fold cross validation.
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Table 2. Comparison of the classification performance results for 4-fold cross validation.







	
Method

	
Dimensionality Reduction

	
Classification Rate (%)






	
KNN

	
—

	
53.81




	
PCA + LDA

	
85.66




	
SVM

	
—

	
87.00




	
PCA + LDA

	
93.92




	
ELM-1 (sigmoid)

	
—

	
50.37




	
PCA + LDA

	
93.12




	
ELM-2 (hard-limit)

	

	
50.99




	
PCA + LDA

	
92.5




	
Proposed method

	
—

	
77.61




	
PCA + LDA

	
97.00










Table 3. Comparison of the classification performance results for 4-fold cross validation (normalization).







	
Method

	
Dimensionality Reduction

	
Classification Rate (%)






	
KNN

	
—

	
88.12




	
PCA + LDA

	
92.50




	
SVM

	
—

	
62.75




	
PCA + LDA

	
84.37




	
ELM-1 (sigmoid)

	
—

	
49.88




	
PCA + LDA

	
91.12




	
ELM-2 (hard-limit)

	

	
48.63




	
PCA + LDA

	
90.75




	
ReLU-based ELMC

	
—

	
75.49




	
PCA + LDA

	
95.62












5. Conclusions


We performed a point-dance movement classification via a combination of the fisherdance method and the ReLU-based ELMC. Furthermore, we constructed the first K-pop dance database with a total of 800 dance movements including 200 dance types obtained from four professional dancers by a Kinect sensor. The experimental results revealed that the proposed approach demonstrated a good performance in comparison with those of the methods used in previous works, including KNN, SVM, and ELM alone. Experimental results confirmed that the feature extraction of the concatenated vectors, the dimensional reduction performed by fisherdance, and the design of the proposed classifier were able to classify point-dance movements successfully. These results led us to the conclusion that the proposed method can be used effectively for various applications, such as dance plagiarism identification, dance training systems, and dance retrieval. In future research, we will analyze different sequential dance motions using DTW (Dynamic Time Warping) to solve the limitation of the fixed length of the feature vector. Furthermore, we will design a dance-movement classification system by integrating skeletal motion data with depth image sequences based on both a large dance movement database and deep learning.







Acknowledgments


This research is supported by the Ministry of Culture, Sports, and Tourism (MCST) and the Korea Creative Content Agency (KOCCA) in the Culture Technology (CT) Research & Development Program, 2016.




Author Contributions


Do-Hyung Kim constructed the dance motion database and suggested the concepts for the work, Dong-Hyeon Kim analyzed the database and performed the experiments, and Keun-Chang Kwak designed the experimental method. All of the authors wrote and revised the paper.




Conflicts of Interest


The authors declare no conflict of interest.




References


	1. 
Michal, B.; Konstantinos, N.P. Human gait recognition from motion capture data in signature poses. IET Biom. 2017, 6, 129–137. [Google Scholar]

	2. 
Daniel, P.B.; Jeffrey, M.S. Action Recognition by Time Series of Retinotopic Appearance and Motion Features. IEEE Trans. Circuits Syst. Video Technol. 2016, 26, 2250–2263. [Google Scholar]

	3. 
Eum, H.; Yoon, C.; Park, M. Continuous Human Action Recognition Using Depth-MHI-HOG and a Spotter Model. Sensors 2015, 15, 5197–5227. [Google Scholar] [CrossRef] [PubMed]

	4. 
Oscar, D.L.; Miguel, A.L. A survey on human activity recognition using wearable sensors. IEEE Commun. Surv. Tutor. 2013, 15, 1192–1209. [Google Scholar]

	5. 
Chun, Z.; Weihua, S. Realtime Recognition of Complex Human Daily Activities Using Human Motion and Location Data. IEEE Trans. Biomed. Eng. 2012, 59, 2422–2430. [Google Scholar]

	6. 
Yang, B.; Dong, H.; Saddik, A.E. Development of a Self-Calibrated Motion Capture System by Nonlinear Trilateration of Multiple Kinects v2. IEEE Sens. J. 2017, 17, 2481–2491. [Google Scholar] [CrossRef]

	7. 
Shuai, L.; Li, C.; Guo, X.; Prabhakaran, B.; Chai, J. Motion Capture with Ellipsoidal Skeleton Using Multiple Depth Cameras. IEEE Trans. Vis. Comput. Graph. 2017, 23, 1085–1098. [Google Scholar] [CrossRef] [PubMed]

	8. 
Alazrai, R.; Momani, M.; Daoud, M.I. Fall Detection for Elderly from Partially Observed Depth-Map Video Sequences Based on View-Invariant Human Activity Representation. Appl. Sci. 2017, 7, 316. [Google Scholar] [CrossRef]

	9. 
Liu, Z.; Zhou, L.; Leung, H.; Shum, H.P.H. Kinect Posture Reconstruction Based on a Local Mixture of Gaussian Process Models. IEEE Trans. Vis. Comput. Graph. 2016, 22, 2437–2450. [Google Scholar] [CrossRef] [PubMed]

	10. 
Du, Y.; Fu, Y.; Wang, L. Representation Learning of Temporal Dynamics for Skeleton-Based Action Recognition. IEEE Trans. Image Process. 2016, 25, 3010–3022. [Google Scholar] [CrossRef] [PubMed]

	11. 
Zhu, G.; Zhang, L.; Shen, P.; Song, J. An Online Continuous Human Action Recognition Algorithm Based on the Kinect Sensor. Sensors 2016, 16, 161. [Google Scholar] [CrossRef] [PubMed]

	12. 
Bonnet, V.; Venture, G. Fast Determination of the Planar Body Segment Inertial Parameters Using Affordable Sensors. IEEE Trans. Neural Syst. Rehabil. Eng. 2015, 23, 628–635. [Google Scholar] [CrossRef] [PubMed]

	13. 
Hu, M.C.; Chen, C.W.; Cheng, W.H.; Chang, C.H.; Lai, J.H.; Wu, J.L. Real-Time Human Movement Retrieval and Assessment With Kinect Sensor. IEEE Trans. Cybern. 2015, 45, 742–753. [Google Scholar] [CrossRef] [PubMed]

	14. 
Gao, Z.; Yu, Y.; Zhou, Y.; Du, S. Leveraging Two Kinect Sensors for Accurate Full-Body Motion Capture. Sensors 2015, 15, 24297–24317. [Google Scholar] [CrossRef] [PubMed]

	15. 
Yao, Y.; Fu, Y. Contour Model-Based Hand-Gesture Recognition Using the Kinect Sensor. IEEE Trans. Circuits Syst. Video Technol. 2014, 24, 1935–1944. [Google Scholar] [CrossRef]

	16. 
Saha, S.; Konar, A. Topomorphological approach to automatic posture recognition in ballet dance. IET Image Process. 2015, 9, 1002–1011. [Google Scholar] [CrossRef]

	17. 
Muneesawang, P.; Khan, N.M.; Kyan, M.; Elder, R.B.; Dong, N.; Sun, G.; Li, H.; Zhong, L.; Guan, L. A Machine Intelligence Approach to Virtual Ballet Training. IEEE MultiMedia 2015, 22, 80–92. [Google Scholar] [CrossRef]

	18. 
Han, T.; Yao, H.; Xu, C.; Sun, X.; Zhang, Y.; Corso, J.J. Dancelets mining for video recommendation based on dance styles. IEEE Trans. Multimedia 2017, 19, 712–724. [Google Scholar] [CrossRef]

	19. 
Zhang, W.; Liu, Z.; Zhou, L.; Leung, H.; Chan, A.B. Martial Arts, Dancing and Sports dataset: A challenging stereo and multi-view dataset for 3D human pose estimation. Image Vis. Comput. 2017, 61, 22–39. [Google Scholar] [CrossRef]

	20. 
Ramadijanti, N.; Fahrul, H.F.; Pangestu, D.M. Basic dance pose applications using kinect technology. In Proceedings of the 2016 International Conference on Knowledge Creation and Intelligent Computing (KCIC), Manado, Indonesia, 15–17 November 2016; pp. 194–200. [Google Scholar]

	21. 
Hegarini, E.; Dharmayanti; Syakur, A. Indonesian traditional dance motion capture documentation. In Proceedings of the 2016 2nd International Conference on Science and Technology-Computer (ICST), Yogyakarta, Indonesia, 27–28 October 2016; pp. 108–111. [Google Scholar]

	22. 
Saha, S.; Lahiri, R.; Konar, A.; Banerjee, B.; Nagar, A.K. Human skeleton matching for e-learning of dance using a probabilistic neural network. In Proceedings of the 2016 International Joint Conference on Neural Networks (IJCNN), Vancouver, BC, Canada, 24–29 July 2016; pp. 1754–1761. [Google Scholar]

	23. 
Wen, J.; Li, X.; She, J.; Park, S.; Cheung, M. Visual background recommendation for dance performances using dancer-shared images. In Proceedings of the 2016 IEEE International Conference on Internet of Things (iThings) and IEEE Green Computing and Communications (GreenCom) and IEEE Cyber, Physical and Social Computing (CPSCom) and IEEE Smart Data (SmartData), Chengdu, China, 15–18 December 2016; pp. 521–527. [Google Scholar]

	24. 
Karavarsamis, S.; Ververidis, D.; Chantas, G.; Nikolopoulos, S.; Kompatsiaris, Y. Classifying salsa dance steps from skeletal poses. In Proceedings of the 2016 14th International Workshop on Content-Based Multimedia Indexing (CBMI), Bucharest, Romania, 15–17 June 2016; pp. 1–6. [Google Scholar]

	25. 
Nikola, J.; Bennett, G. Stillness, breath and the spine—Dance performance enhancement catalysed by the interplay between 3D motion capture technology in a collaborative improvisational choreographic process. Perform. Enhanc. Health 2016, 4, 58–66. [Google Scholar] [CrossRef]

	26. 
Volchenkova, D.; Bläsing, B. Spatio-temporal analysis of kinematic signals in classical ballet. J. Comput. Sci. 2013, 4, 285–292. [Google Scholar] [CrossRef]

	27. 
Turk, M.; Pentland, A. Face recognition using eigenface. In Proceedings of the 1991 IEEE Computer Society Conference on Computer Vision and Pattern Recognition, Maui, HI, USA, 3–6 June 1991; pp. 586–591. [Google Scholar]

	28. 
Belhumeur, P.N.; Hespanha, J.P.; Kriegman, D.J. Eigenfaces vs. Fisherfaces: recognition using class specific linear projection. IEEE Trans. Pattern Anal. Mach. Intell. 1997, 19, 711–720. [Google Scholar] [CrossRef]

	29. 
An, L.; Bhanu, B. Image super-resolution by extreme learning machine. In Proceedings of the 2012 19th IEEE International Conference on Image Processing, Orlando, FL, USA, 30 September–3 October 2012; pp. 2209–2212. [Google Scholar]

	30. 
Saavedra-Moreno, B.; Salcedo-Sanz, S.; Carro-Calvo, L.; Gascón-Moreno, J.; Jiménez-Fernández, S.; Prieto, L. Very fast training neural-computation techniques for real measure-correlate-predict wind operations in wind farms. J. Wind Eng. Ind. Aerodyn. 2013, 116, 49–60. [Google Scholar] [CrossRef]

	31. 
Chen, X.; Dong, Z.Y.; Meng, K.; Xu, Y.; Wong, K.P.; Ngan, H.W. Electricity Price Forecasting with Extreme Learning Machine and Bootstrapping. IEEE Trans. Power Syst. 2012, 27, 2055–2062. [Google Scholar] [CrossRef]

	32. 
Lee, H.J.; Kim, S.J.; Kim, K.; Park, M.S.; Kim, S.K.; Park, J.H.; Oh, S.R. Online remote control of a robotic hand configurations using sEMG signals on a forearm. In Proceedings of the 2011 IEEE International Conference on Robotics and Biomimetics, Karon Beach, Phuket, Thailand, 7–11 December 2011; pp. 2243–2244. [Google Scholar]

	33. 
Minhas, R.; Mohammed, A.A.; Wu, Q.M.J. Incremental Learning in Human Action Recognition Based on Snippets. IEEE Trans. Circuits Syst. Video Technol. 2012, 22, 1529–1541. [Google Scholar] [CrossRef]

	34. 
Xie, Z.; Xu, K.; Liu, L.; Xiong, Y. 3D Shape Segmentation and Labeling via Extreme Learning Machine. Comput. Graph. Forum 2014, 33, 85–95. [Google Scholar] [CrossRef]

	35. 
Xu, Y.; Wang, Q.; Wei, Z.; Ma, S. Traffic sign recognition based on weighted ELM and AdaBoost. Electron. Lett. 2016, 52, 1988–1990. [Google Scholar] [CrossRef]

	36. 
Oneto, L.; Bisio, F.; Cambria, E.; Anguita, D. Statistical Learning Theory and ELM for Big Social Data Analysis. IEEE Comput. Intell. Mag. 2016, 11, 45–55. [Google Scholar] [CrossRef]

	37. 
Yang, Y.; Wu, Q.M.J. Extreme Learning Machine with Subnetwork Hidden Nodes for Regression and Classification. IEEE Trans. Cybern. 2016, 46, 2885–2898. [Google Scholar] [CrossRef] [PubMed]

	38. 
Liu, X.; Li, R.; Zhao, C.; Wang, P. Robust signal recognition algorithm based on machine learning in heterogeneous networks. J. Syst. Eng. Electron. 2016, 27, 333–342. [Google Scholar] [CrossRef]

	39. 
Cambuim, L.F.S.; Macieira, R.M.; Neto, F.M.P.; Barros, E.; Ludermir, T.B.; Zanchettin, C. An efficient static gesture recognizer embedded system based on ELM pattern recognition algorithm. J. Syst. Archit. 2016, 68, 1–16. [Google Scholar] [CrossRef]

	40. 
Iosifidis, A.; Tefas, A.; Pitas, I. Minimum Class Variance Extreme Learning Machine for Human Action Recognition. IEEE Trans. Circuits Syst. Video Technol. 2013, 23, 1968–1979. [Google Scholar] [CrossRef]



































© 2017 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license ( http://creativecommons.org/licenses/by/4.0/).







media/file8.jpg
2.0m





media/file13.png
T T T T T T T
o
- /1 O
=
B 4 O
o
\.‘. 1 1 1 1 1 o
o o o o o o o (o] o
o] M~ [{e] o] ~r [sp] N ~ (o]
h h h h h h h h h
aauy Jybu Jo s|bue
o
T T T T T T 0
0
o
- /1 O
=
- 4 O©
o
\\_ 1 1 1 1 1 1 o
o o (o] o o o o (o] o
0 [{e] < AN o 0 [{e] < AN
h h h h h

Mmoq|e ybu Jo s|bue

150

num. of frame

num. of frame

(b)

(a)





media/file12.jpg
(b)






media/file18.jpg





media/file9.png
2.7m

.0m

2






media/file22.png





media/file14.jpg
95

90

9 )
@ 8

(9%)a1e1 uoRIISSEID

75

704

40

num. of discriminant vec.

20

10





media/file20.jpg
100

9
o
8!
8

60 |||| ‘||‘ |||| |||| I“I

7
7
6!

SVM KNN ELM-1 ELM-2 Proposed method

Classification rates





media/file5.png
Activation Function

Elbow Right Angle @h nd oh __ ° S Outout oht
fs O " ‘?/' o
il ;

, s [ RIS

Knee Right Angle 8 Xy C Q\“") Y ¥ \“4 é
Knee Left Angle . i A e " "\“ = e

3—> / v" '0
) + 7 N\ /\ - / \ \ G

fa| o F A, ‘v Vany
- D

28K

Input data Output layer

Hidden layer

Y
ELM Classifier





media/file15.png
Classification rate(%)

90

85

80

75

700

10

20

30 40 50 60 70
num. of discriminant vec.

80

90





media/file19.png





media/file2.jpg





nav.xhtml


  sensors-17-01261


  
    		
      sensors-17-01261
    


  




  





media/file11.png
e e W=
S = =,

e, = @, S





media/file6.jpg
JoetType Shouderiest =4

Sonype Elboviet =5
oo ShouderRight
Joeype ElonRighs =9
SonType KaeeLek = 13
JoeTpe KaoeRigh

I

Joints
Selection

Point dance
Streams using

Joints
Extraction

Joints

Feature Extraction

Frame Normalization

Point dance
Classification

Dimensional reduction






media/file1.png





media/file10.jpg





media/file7.png
JountType Shoulderleft =4
¢ JointType Elbowleft =3
\ JointType ShoulderRight = &
| JointType ElbowRight =9
v JoutType Kneeleft = 13
_ ¢ JoimtType KneeRipht = 17
Point dance :
slreams using kinect sensor

Angle
Joints calculation
Selection between

L joints

[oints
Extraction

—

)

Point dance
Classification

e | ELM Classifier

Dimensional reduction

Frame Normalization






media/file16.jpg
100 -

8

]

2 8 8 2 8°8

(9%)a1e1 uopealisserD

100 120 140 160 180 200

num. of hidden node

80

60

40





media/file3.png





media/file17.png
1 | 1 | 1 |

| _
o o o o o - - o o
)] o0) M~ ©o e} < ™ AN -

100

(%)erel uoneolyisse|)

0 120 140 160 180 200

0

1

0

8
num. of hidden node

60

40

20





media/file4.jpg





media/file0.jpg





media/file21.png
Classification rates

100

95

90

85

80

75

70

65

60

I
SVM

Il
KNN

Il
ELM-1

I Il
ELM-2 Proposed method





