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Abstract
Similar to language and music, dance performances provide an effective way
to express human emotions. With the abundance of the motion capture data,
content-based motion retrieval and classification have been fiercely investigated.
Although researchers attempt to interpret body language in terms of human
emotions, the progress is limited by the scarce 3D motion database annotated
with emotion labels. This article proposes a hybrid feature for emotional clas-
sification in dance performances. The hybrid feature is composed of an explicit
feature and a deep feature. The explicit feature is calculated based on the Laban
movement analysis, which considers the body, effort, shape, and space prop-
erties. The deep feature is obtained from latent representation through a 1D
convolutional autoencoder. Eventually, we present an elaborate feature fusion
network to attain the hybrid feature that is almost linearly separable. The abun-
dant experiments demonstrate that our hybrid feature is superior to the separate
features for the emotional classification in dance performances.
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1 INTRODUCTION

Similar to language and music, dance performances provide an effective way to express human emotions, especially in
dance dramas. Nowadays, motion capture (MOCAP) systems are often utilized to obtain 3D human motion in animation
and game industry. With the abundance of the MOCAP data, the content-based motion retrieval and classification have
been fiercely investigated.1-6 Although researchers attempt to interpret body language in terms of human emotions, the
progress is limited by the scarce 3D motion database annotated with emotion labels.7 Compared with the motion content,
emotions are more difficult to be recognized from the body movements.

Nowadays, human emotions play an increasingly fundamental role in all fields in computer society. In the field of
computer vision, researchers investigated emotional classification based on videos or images.8,9 Moreover, emotional
classification for speech or audio has always been a research hotspot10-12 in natural language processing. Furthermore,
sensor-based methods are proposed to classify human emotions.13 Compared with the above fields, researchers in com-
puter graphics pay less attention to human emotions. Although some scholars investigated the style transfer for motion
data,14-17 the proposed models can hardly be applied in emotional classification for complex motion such as dance
performance. In fact, human emotion is becoming continuously important in computer graphics, for example, crowd
simulation18 and VR Rehabilitation.19
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F I G U R E 1 Method overview.
The LMA feature and the deep
feature are extracted separately, and
then we use the proposed feature
fusion network to obtain the hybrid
feature. The hybrid feature is capable
of classifying the emotion of dance
performance correctly

To distinguish the emotion conveyed in human movement, a description for the human body needs to be defined first.
To extract the emotions in videos or images, either a composition of human body parts or a kinematic chain is selected
to model the human body.7 Researchers in computer graphics prefer the kinematic chain model to deal with MOCAP
data and then define descriptors to recognize the emotion. Recently, Aristidou et al.20 quantified the Laban movement
analysis (LMA), a technique that measures the dynamic properties for dance performances, and proposed 86 specific
variables calculated based on motion data. Since the dance movements can be interpreted based on these variables, they
are considered an explicit feature for emotion. In deep learning applications, Gram matrix has been utilized for image style
transfer21 and motion style transfer.22 Our intuition is to use the Gram matrix as a deep feature, but it is not practicable
to utilize this feature directly due to the high dimension of the matrix, which is expensive in computation time.

In this article, we propose a hybrid feature for emotional classification in dance performances. The hybrid feature
contains the abovementioned features, that is, the explicit feature and the deep feature. Then we design an elaborate
feature fusion network (FFN) to attain the hybrid feature. The overview of our approach is illustrated in Figure 1. The
experimental results demonstrate that our proposed method is able to enhance classification accuracy greatly without too
much computation cost.

The technical contributions of the article are summarized as follows:

• First, we propose a hybrid feature for the emotional classification in dance performances, which greatly enhances the
classification accuracy without too much computation cost.

• Second, we design an elaborate neural network for the feature fusion, which describes the two types of features well.
Moreover, the novel hybrid feature is almost linearly separable for the classification problem.

• Third, a large number of experiments are conducted to demonstrate the effectiveness of the new feature. The result
proves that our innovative hybrid feature can classify dance emotion correctly.

2 RELATED WORK

In this section, we review the techniques closely related to our approach, including human motion descriptors,
emotion-related applications, and Laban movement analysis (LMA).

2.1 Human motion descriptors

Human motion can be considered as time series data containing consecutive 3D human poses. Early methods generally
defined motion models in observation space to extract the high-level properties. Tian et al.1 proposed a semantic feature
for motion data and retrieved desired motion using the feature. In their approach, they extracted keyframes and con-
structed a Gaussian mixture model (GMM) based on the keyframes, and then a semantic feature is obtained using the
GMM probabilities. Cimen et al.23 defined descriptors to categorize the affective state based on posture, dynamic, and
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frequency. Some researchers attempt to define the descriptors using computer vision techniques. Laraba et al.3 projected
motion sequences to RGB images for action recognition and evaluated the accuracy using traditional classifiers. With
the development of deep neural networks, researchers investigated the deep representation for human motion. Holden
et al.24 employed a 1D convolutional autoencoder to construct a motion manifold. Aristidou et al.25 employed deep neu-
ral networks to obtain a descriptive representation for motion data. Recently, Chen et al.6 presented a hybrid feature for
action recognition composed of CNN-based feature and LSTM-based feature. Overall, there is a trend to represent human
motion using deep learning techniques.

2.2 Emotion-related applications

Emotion is expressed in a variety of ways and plays an increasingly fundamental role in human–computer interactions.
The accurate recognition of emotion helps computers better understanding human thoughts, and it will benefit the design
of the natural user interface. At the application level, VR/AR research on human emotion is expanding. Researchers
surveyed how visualization style affects users’ emotional responses,26 how to inspect users’ emotions in HMD,27 and how
to measure users’ trust in virtual environments.28 On the other hand, it is more practical to recognize human emotion
from body language, especially when one is wearing VR glasses. Compared with facial expression or speech, recognizing
emotion from body movement is difficult due to its diversity, which exists in the individual and the cultural differences.29

Noroozi et al.7 reviewed the literature on emotional body gesture recognition and summarized the advanced deep learning
techniques for video data. As the author mentioned, complex representations for emotional recognition from the human
movement are scarce because there is a lack of large-scale labeled databases. Particularly, this method30 is helpful to
construct a 3D motion database with emotional labels.

2.3 Laban movement analysis

Laban movement analysis (LMA) originated from Rudolf Laban and has developed into a qualitative theory for human
movement in dance, theater, pedestrian movement, and other nonverbal behavior.31 It considers four aspects: body, effort,
shape, and space. Aristidou et al.20 quantified LMA and proposed 86 variables to describe motion sequences’ proper-
ties, and then they utilized these features for emotional classification in dance movement. Then the LMA features were
expanded to 121 and were used for motion control.32 Senecal et al.33 proposed a motion classifying method using neu-
ral network to map motions onto Russell circumplex model, forming an emotion trajectory. Although there exist similar
definitions for motion data, the LMA features are more comprehensive. In addition to the aforementioned features, there
are similar definitions for LMA.34,35

3 PROPOSED METHOD

In our approach, the first step is to calculate the LMA features and the deep features separately, and then the feature
fusion is achieved using our proposed fusion neural network.

3.1 Data preparation

Recording human motion in different emotions is difficult, and it is subjective for emotion labeling. In our work, we select
the dance performance database constructed by the University of Cyprus.36 It contains contemporary dance performances
in various emotions, which are performed by seven professional dancers. Compared with annotating the dance emotion
after capturing, the database constructors used another way to label the emotion. To obtain dance performance in a
specific emotion, performers are required to dance under a song in the desired emotion. Therefore, the whole movement
is considered to be under the desired emotion. The performance is captured using an optical MOCAP system, and the
missing data due to noise has been handled. The retargeting work has been done for all the movements. Each one lasts
90–120 s with 30 frames per second. There are 123 clips of dance performance in the database, and we select 109 clips in
12 emotions in the experiments, including afraid, angry, annoyed, bored, excited, happy, miserable, pleased, relaxed, sad,
satisfied, and tired.
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Instead of analyzing the emotion based on the entire dance performance, the emotional features are computed on
2-s subclips. There are 60 frames in each subclip with 30 frames overlapped between adjacent clips. After dividing the
entire clip into small ones, we obtain about 5500 subclips. The initial skeleton has 54 joints, including 30 joints for the
hand fingers. We merge the hand fingers and reduce the initial skeleton joints to 26 and keep three values (x, y, and z
positions) for each joint. The final input is represented as X ∈ Rn×d, where n= 60 and d= 78 (n is the number of frames
in the subclip, and d is the total degree of freedom for the skeleton, i.e., d= 26× 3).

3.2 LMA feature

For the explicit feature, we employ the 121 LMA features32 to estimate the dance emotion, which consist of four compo-
nents: Body, Effort, Shape, and Space. Compared with the deep representations, the LMA features are more interpretable
than those. In Table 1, we list all the features utilized in our approach. The Body components describe how the body
parts move, the Effort components express the dynamic properties of the movement, the Shape components analyze the
changes of the entire body shape, and the Space components depict the relationship between the body and the environ-
ment. After the features are calculated, standardization is performed on the initial features. We denote the explicit feature
as FE. Although it is possible to remove some redundant variables, we still use the 121 variables in our method. The reason
is discussed in Section 4.3.

3.3 Deep feature

To calculate the deep feature, a motion manifold is constructed using a 1D convolutional autoencoder.24 Since the motion
sequences are constructed by connected poses, the 1D convolution is able to extract the dynamic properties in a short
time. After the latent variables are generated using the autoencoder, we construct the deep features based on the latent
variables. The autoencoder is illustrated in Figure 2. Compared with the 2D convolution in image processing, the 1D
convolution is more suitable for handling time series data.

The autoencoder consists of two operations: an encoder Φ and a decoder Φ†. The input of the encoder is the joint
positions X, and the output of the encoder is the latent variable H = Φ(X) ∈ R

n
2
×m, where m= 256 in our approach. The

decoder takes the latent variable H as input and outputs the position X̃ = Φ†(H) ∈ Rn×d. The encoder and decoder are
formulated as follows,

Φ(X) = ReLU(Ψ(X ⊗ W0 + b0)), (1)

Φ†(H) = (Ψ†(H) − b̃0)⊗ W̃0, (2)

where Ψ and Ψ† are the max-pooling layer and the unpooling layer, and ⊗ denotes a convolution operation. The loss
function with respect to the network parameters 𝜃 = {W0,b0, W̃0, b̃0} is defined as follows,

L(X, 𝜃) = ||X − Φ†(Φ(X))||22 + 𝛼||𝜃||1. (3)

The first term minimizes the reconstruction error, and the second term is a regularizer to avoid the overfitting problem.
𝛼 controls the influence of the regularizer.

Then we calculate the Gram matrix G as follows,

G = Gram(H) =
∑

i
HiHT

i , (4)

where i is the index on the temporal axis. We demonstrate the Gram matrices of two dance performances in Figure 3.
Since the dimension of the matrix is 65,536, that is, 256× 256, we perform principal component analysis (PCA) to
reduce the dimensions, greatly decreasing the computation time for classification. Finally, we use 133 components
(90%) to represent the deep feature. The reduced deep feature is denoted as FD that will be utilized in the following
procedures.
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T A B L E 1 The 121 LMA
features utilized in our approach LMA features Max Min SD Mean

Body Left foot–hip distance f 1 f 2 f 3 f 4

Right foot–hip distance f 5 f 6 f 7 f 8

Left-hand–shoulder distance f 9 f 10 f 11 f 12

Right-hand–shoulder distance f 13 f 14 f 15 f 16

Hands distance f 17 f 18 f 19 f 20

Left-hand–head distance f 21 f 22 f 23 f 24

Right-hand–head distance f 25 f 26 f 27 f 28

Left-hand–hip distance f 29 f 30 f 31 f 32

Right-hand–hip distance f 33 f 34 f 35 f 36

Hip-ground distance f 37 f 38 f 39 f 40

Hip-ground minus feet-hip f 41 f 42 f 43 f 44

Feet distance f 45 f 46 f 47 f 48

Left-hand and chest f 49 f 50 f 51 f 52

Right-hand and chest f 53 f 54 f 55 f 56

Effort Deceleration peaks f 57

Pelvis velocity f 58 f 59 f 60

Left-hand velocity f 61 f 62 f 63

Right-hand velocity f 64 f 65 f 66

Left foot velocity f 67 f 68 f 69

Right foot velocity f 70 f 71 f 72

Pelvis acceleration f 73 f 74

Left-hand acceleration f 75 f 76

Right-hand acceleration f 77 f 78

Left foot acceleration f 79 f 80

Right foot acceleration f 81 f 82

Jerk f 83 f 84

Shape Volume (five joints) f 85 f 86 f 87 f 88

Volume (all joints) f 89 f 90 f 91 f 92

Torso height f 93 f 94 f 95 f 96

Hands level f 97, f 98, f 99

Volume (upper body) f 100 f 101 f 102 f 103

Volume (lower body) f 104 f 105 f 106 f 107

Volume (right side) f 108 f 109 f 110 f 111

Volume (left side) f 112 f 113 f 114 f 115

Space Total distance f 116

Area per second f 117 f 118 f 119 f 120

Total volume f 121
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F I G U R E 2 The illustration of the 1D convolutional autoencoder. The upper part is the autoencoder that includes an encoder and a
decoder. The encoder takes the original motion as input and outputs the hidden unit, and the decoder takes the hidden unit as input and
reconstructs the human motion. The lower part demonstrates the convolution operation of the encoder. As depicted in the figure, the hidden
unit contains the properties for motion data in a period of time

F I G U R E 3 Visualization for
the Gram matrix and the reduced
ones of two dance clips. The upper
ones are the original Gram matrix,
and the lower ones are the reduced
ones. We reshape the vector (133
dimensions) into a 7× 19 matrix.
The difference of the reduced ones is
much more obvious than the
original Gram matrix

3.4 Feature fusion network

Our feature fusion network generates a novel hybrid feature that absorbs the advantages of the explicit feature FE and the
deep feature FD. This hybrid feature can precisely express the emotion of dance performance and enhance the accuracy
of classification. The structure of the FFN is illustrated in Figure 4.
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F I G U R E 4 The structure of the feature fusion
network (FFN). The inputs of FFN are the explicit
feature FE and the deep feature FD. In FFN, we only use
fully connected layers. The hybrid feature X4 comes from
three aspects, X21, X22, and X23. X21 and X23 contain the
properties of FE and FD, and X22 holds the property of
the concatenated variable X1 that couples the explicit
feature and the deep feature. The dimensionality
reduction from X3 to X4 will generate a compact feature
for classification. To train FFN, we need to obtain a
12-dimension variable X5, and we use the log softmax
function to estimate the probabilities for the emotions

The inputs of FFN are the explicit feature FE and the deep feature FD. Our network is constructed using the fully
connected layer Υ. Given an input x = {x1, x2, … , xN}, the fully connected layer Υ is defined as follows,

Υ(x) =
N∑
i

wixi + b, (5)

where b is a bias term. The entire calculation procedures can be written as follows,

X1 = Concat(FE,FD), (6)

X21 = ReLU(Υ(FE)), (7)

X22 = ReLU(Υ(X1)), (8)

X23 = ReLU(Υ(FD)), (9)

X3 = Concat(X21,X22,X23), (10)

X4 = ReLU(Υ(X3)). (11)

Finally, X4 is selected as our new feature for the emotional classification, which is denoted as FH . The hybrid feature
FH owns strong classification ability. On the one hand, our FFN inherits the properties of the explicit feature FE and the
deep feature FD, on the other hand, the network holds the properties of the concatenated feature X1. As a result, the
concatenated variable X3 and the 128-dimension variable X4 are superior to the separate features FE and FD, and X1. Since
we wish to obtain a discriminative descriptor in low dimension, we take X4 as the hybrid feature.

To train the network, we add a fully connected layer to X4 to obtain a 12-dimension variable X5 = ReLU(Υ(X4)), which
represents the 12 emotions. After that, a log softmax layer is appended to the last for the classification as demonstrated
in Figure 4. The log softmax layer is written as follows,

yi = LogSoftmax(xi) = log

(
exp(xi)∑

jexp(xj)

)
. (12)

In Equation (12), yi represents the probability that the item belongs to class i. We employ the negative log-likelihood
loss as the loss function, which is defined as follows,

Loss =
∑

i
tilogyi, (13)

where ti represents target. We use the fully connected layers, the ReLU layers, and the log softmax layer in the entire
network. The dimensions of the input vectors and the output vectors of each layer are described in Figure 4. Specifically,
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the batch size is set as 20, and the number of the epoch is 100 in the training process. Also, we use 70% data for training
and 30% data for evaluation.

4 EXPERIMENTAL RESULTS

The training for the autoencoder, the training for FFN, and the emotional classification are executed on a desktop with
Intel(R) Core(TM) i7-8700K CPU and NVIDIA GeForce GTX 1080 Ti GPU. The training for the autoencoder is operated
on GPU, and the training for FFN and the classification are carried out on CPU. PyTorch is utilized to construct the
autoencoder and FFN, and sklearn is employed for the classification.

We utilize the support vector classifier in the experiments. The linear kernel (Linear), the polynomial kernel (Poly-
nomial), the radial basis function kernel (RBF), and the sigmoid kernel (Sigmoid) are employed in the classifier. In the
classification, we use the one-vs-one decision function. To measure the performance of the feature, we calculate the
accuracy and the time consumption of the classifications.

In the training process of the autoencoder, all the motion data are utilized. For FFN, 70% data are used for training
and 30% data are used for evaluation. The aim is to obtain a good classification result using the deep neural network, and
then we can use the intermediate variable as a hybrid feature. For the evaluation of the support vector classifier, we also
employ 70% data for training and 30% data for testing.

4.1 Classification for separate features

The classification results for the explicit feature FE are documented in Table 2. Different kernel functions (Kernel),
degree of the polynomial kernel function (Degree), and gamma (𝛾) are tested. To evaluate the features, the accuracy

T A B L E 2 The classification results for the explicit feature, the Gram matrix, and the hybrid feature

Descriptor FE G FH

Kernel Degree 𝜸 Acc. Ttra/s Tpre/s Acc. Ttra/s Tpre/s Acc. Ttra/s Tpre/s

Linear 51.33% 4.15 0.71 80.49% 834.77 403.56 95.00% 0.28 0.20

Polynomial 2 1.0 73.27% 1.88 0.71 83.04% 1466.99 423.14 94.56% 0.26 0.20

0.1 74.56% 1.88 0.69 81.77% 1453.75 435.93 94.80% 0.25 0.19

0.01 60.44% 2.05 0.77 82.44% 1510.49 417.25 95.86% 0.29 0.25

3 1.0 81.70% 2.10 0.67 79.73% 1613.72 409.87 93.70% 0.23 0.18

0.1 80.42% 2.07 0.69 81.40% 1595.81 418.53 93.58% 0.26 0.19

0.01 63.81% 2.06 0.73 79.84% 1557.58 414.33 94.15% 0.27 0.20

4 1.0 77.22% 2.67 0.69 74.77% 1770.44 415.90 94.12% 0.26 0.17

0.1 77.54% 2.75 0.7 73.15% 1900.39 455.79 93.93% 0.24 0.17

0.01 59.97% 2.39 0.75 73.98% 1810.57 414.44 93.10% 0.27 0.18

RBF 1.0 15.75% 3.77 0.96 11.36% 1978.41 474.38 11.77% 4.29 1.03

0.1 58.70% 4.10 0.95 10.77% 2027.81 468.22 72.71% 4.14 0.95

0.01 68.64% 2.32 0.89 12.05% 1987.86 483.23 95.75% 0.86 0.53

0.001 37.61% 2.51 0.89 16.93% 2053.41 462.19 95.82% 0.87 0.72

Sigmoid 1.0 10.58% 1.93 0.95 11.03% 1038.41 447.71 11.09% 3.34 0.86

0.1 10.91% 2.28 1.01 9.64% 1090.83 445.63 10.95% 3.57 0.94

0.01 21.70% 1.85 0.86 8.60% 1115.81 452.83 21.13% 2.05 1.03

0.001 30.53% 2.70 0.88 10.74% 1140.42 453.18 94.83% 1.06 0.77
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(Acc.), the training time (Ttra), and the predicting time (Tpre) are calculated. The highest accuracy reaches 81.70% using a
third-order polynomial kernel function when the coefficient is 1.0. Increasing the degree of the polynomial function will
not improve the accuracy. The training time and the predicting time also need to be considered since they are meaning-
ful for evaluating the efficiency of the feature. It needs Ttra = 2.10 s and Tpre = 0.67 s to train the model and predict the
classification.

Also, In Table 2, we list the classification result for the Gram matrix G. The best accuracy reaches 83.04% using a
second-order polynomial kernel function. Although the accuracy is increased slightly, it takes much more time to train
the classifier (Ttra = 1466.99 s) and needs more time to predict the result (Ttra = 423.14 s) for the high dimensions of the
deep features.

Then we employ the hybrid feature FH for the emotional classification. The accuracy and time computations are
greatly enhanced. The best accuracy reaches 95.85% with Ttra = 0.29 s and Tpre = 0.25 s using a second-order polynomial
kernel. Compared with the separate features, the hybrid feature performs better in emotional classification.

4.2 Classification for hybrid feature

To prove the utility of FFN, we compare the accuracy of a simple concatenated feature X1, that is, a vector that
contains FE and FD. We record the classification results for FD and X1 in Table 3. FD is obtained from the Gram
matrix G using PCA. Although the dimension is reduced, the accuracy is improved (87.50%) since redundant infor-
mation is removed. Moreover, the training time and predicting time are decreased drastically, Ttra = 3.08 s and
Tpre = 0.80 s.

Besides, the result of the concatenated feature X1 is no better than the separate features. The best accuracy only
achieves 77.77%. It can be seen that this simple combination cannot stand for the emotion of dance performance. However,

T A B L E 3 The classification results for the deep feature, the concatenated feature, and the hybrid feature

Descriptor FD X1 FH

Kernel Degree 𝜸 Acc. Ttra/s Tpre/s Acc. Ttra/s Tpre/s Acc. Ttra/s Tpre/s

Linear 57.53% 3.90 0.68 57.50% 37.73 1.53 95.00% 0.28 0.20

Polynomial 2 1.0 85.18% 3.01 0.80 75.44% 4.07 1.74 94.56% 0.26 0.20

0.1 87.50% 3.08 0.80 76.04% 4.42 1.79 94.80% 0.25 0.19

0.01 76.85% 2.71 0.83 74.08% 4.28 1.87 95.86% 0.29 0.25

3 1.0 87.23% 3.54 0.76 76.96% 4.67 1.72 93.70% 0.23 0.18

0.1 86.31% 3.62 0.76 77.77% 4.20 1.52 93.58% 0.26 0.19

0.01 64.90% 3.28 0.82 76.19% 4.26 1.54 94.15% 0.27 0.20

4 1.0 77.71% 3.76 0.76 72.72% 5.84 1.63 94.12% 0.26 0.17

0.1 78.55% 3.68 0.77 72.34% 5.81 1.53 93.93% 0.24 0.17

0.01 49.22% 3.23 0.82 72.89% 5.88 1.52 93.10% 0.27 0.18

RBF 1.0 12.78% 4.41 1.03 11.46% 8.98 2.22 11.77% 4.29 1.03

0.1 32.39% 4.23 1.08 10.20% 8.69 2.32 72.71% 4.14 0.95

0.01 77.50% 3.75 1.01 11.04% 8.77 2.22 95.75% 0.86 0.53

0.001 46.53% 3.29 1.04 22.31% 7.83 1.95 95.82% 0.87 0.72

Sigmoid 1.0 9.41% 2.83 1.18 10.99% 3.91 1.86 11.09% 3.34 0.86

0.1 10.11% 2.68 1.01 10.35% 3.89 1.87 10.95% 3.57 0.94

0.01 31.78% 2.47 1.07 10.18% 4.09 1.87 21.13% 2.05 1.03

0.001 39.81% 3.61 1.06 9.76% 4.43 2.05 94.83% 1.06 0.77
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F I G U R E 5 The comparison between our hybrid feature and the LMA feature,32 and the reduced Gram matrix. In the first row, we
utilize a nonlinear dimensionality reduction on these features to obtain a 2D representation. In the second and the third rows, we employ
linear dimensionality reduction on these features. Clearly, our hybrid feature is almost linearly separable

the accuracy reaches 95.00% for the hybrid feature FH even with a linear kernel, proving that FFN generates a powerful
feature for representing the emotion of dance performance.

In Figure 5, we visualize the LMA feature32 (i.e., the explicit feature FE), the reduced Gram matrix (i.e., the
deep feature FD), and our hybrid feature FH . We employ linear dimensionality reduction (PCA) and nonlinear
dimensionality reduction (t-SNE) on these features. It can be observed that the hybrid feature FH is almost linearly
separable.

4.3 Discussion

In this section, we conduct a series of experiments to demonstrate the effectiveness of the new feature. The accuracy of the
classification is significantly enhanced, and the time consumption is decreased. It verifies our hybrid feature is superior to
the LMA feature32 and the Gram matrix.22 Moreover, our hybrid feature is almost linearly separable, so that it is suitable
for measuring the emotion of human movement.

The goal of our neural network is to obtain a better representation for the emotional classification problem. Since the
final task in FFN is a linear classification, the rest of the network tries to learn a representation to this classifier.37 We
also attempt to find a subset of the LMA variables to represent FE. We take the accuracy of SVM classifier (Polynomial,
Degree = 3, 𝛾 = 1.0) as the standard. In the first experiment, we compute the classification accuracy after removing one
variable, and then we delete all the variables whose accuracy is beyond 81.70%. However, the accuracy is decreased to
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79.12%. The results are documented in Table A1. In the second experiment, we employ the backward elimination38 to find
a subset. The backward elimination is a greedy algorithm, which removes the worst feature at one step until the result
cannot improve. In the experiment, we rank the classification accuracy after removing one variable, and then we delete
the variables according to the accuracy. The results are listed in Table A2. The accuracy is slightly enhanced by 0.56% after
removing four variables {f31, f11, f106, f105}. However, it is difficult to explain why these variables have a negative impact
based on the data directly. Moreover, the increase of the accuracy is not obvious . As a result, we still use the 121 LMA
variables to represent FE.

Nevertheless, our work is not without limitation. First, since most motion databases are not annotated with emo-
tional labels, the hybrid feature is only evaluated on dance performances. Our experiment is constrained by the
inadequate 3D motion data set. As mentioned in Reference 7, the quantity of labeled data is scarce, and there is no
agreement among experts on the definition of primary emotion states. Compared with 3D MOCAP data, it is easier
to collect data via videos. Then it is possible to transform the video data to 3D motion data. While the data quali-
ties are not satisfactory, estimated from 2D videos,39-41 constructing 3D motion database from 2D videos is promising.
Second, we do not fully utilize the interpretability of the LMA features though the hybrid feature is beneficial for
improving the emotional classification. It is meaningful to establish a connection between the explicit feature and the
deep feature.

5 CONCLUSION

In this article, we proposed a hybrid feature for the emotional classification of dance performances. Our hybrid feature
was composed of two types of features, that is, the explicit feature and the deep feature. Instead of concatenating these
features directly, we designed the feature fusion network to obtain the new feature, which was almost linearly separable
for the classification. The experimental results demonstrated that our hybrid feature could enhance the classification
accuracy and reduce the computation time.

In the future, we plan to construct a large-scale MOCAP database with common behaviors in different emotions
and justify the proposed feature. The abundance of motion data with emotional annotations will expand the application
scenarios for our technique. The new hybrid feature might be suitable for common behaviors, which can be utilized for
mental health monitoring.
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Subset of the LMA variables
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T A B L E A1 The classification results after removing one feature

Removed f i Acc. Removed f i Acc. Removed f i Acc. Removed f i Acc.

31 82.42% 11 82.33% 106 82.30% 105 82.28%

103 82.28% 118 82.09% 54 82.09% 37 82.08%

12 82.07% 76 82.04% 73 82.00% 13 81.99%

70 81.97% 26 81.97% 108 81.96% 116 81.95%

61 81.95% 18 81.91% 77 81.90% 82 81.87%

65 81.87% 29 81.87% 36 81.87% 90 81.85%

62 81.84% 64 81.84% 86 81.83% 98 81.82%

21 81.82% 79 81.82% 9 81.79% 88 81.78%

91 81.78% 6 81.77% 15 81.76% 87 81.73%

57 81.73% 99 81.72% 23 81.67% 40 81.65%

117 81.65% 66 81.63% 74 81.63% 95 81.62%

59 81.60% 56 81.60% 50 81.59% 38 81.58%

53 81.56% 4 81.56% 110 81.55% 30 81.54%

43 81.54% 27 81.54% 33 81.54% 39 81.51%

72 81.51% 84 81.50% 119 81.50% 71 81.49%

69 81.48% 121 81.48% 75 81.48% 24 81.47%

1 81.41% 35 81.39% 111 81.38% 8 81.38%

3 81.37% 101 81.37% 63 81.37% 14 81.35%

55 81.34% 47 81.32% 89 81.28% 114 81.27%

34 81.26% 2 81.25% 19 81.25% 51 81.23%

49 81.23% 22 81.22% 80 81.22% 120 81.21%

17 81.20% 93 81.20% 58 81.18% 115 81.17%

109 81.16% 68 81.15% 44 81.13% 45 81.12%

46 81.12% 113 81.12% 83 81.09% 20 81.06%

60 81.05% 97 81.03% 25 81.03% 67 81.02%

102 81.01% 96 80.98% 7 80.98% 100 80.95%

52 80.94% 48 80.89% 107 80.86% 16 80.81%

78 80.80% 85 80.78% 94 80.77% 41 80.77%

42 80.72% 112 80.62% 81 80.58% 10 80.51%

5 80.50% 32 80.45% 92 80.35% 28 80.31%

104 79.96% None 81.70%

Removed f i Acc.

31, 11 81.98%

31, 11, 106 82.01%

31, 11, 106, 105 82.26%

31, 11, 106, 105, 103 81.07%

T A B L E A2 The classification results after removing features using the backward elimination


