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A B S T R A C T

Affective body expression recognition technology enables machines to interpret non-verbal emotional signals
from human movements, which is crucial for facilitating natural and empathetic human–machine interaction
(HCI). This work proposes a new framework for emotion recognition from body movements, providing a
universal and effective solution for decoding the temporal–spatial mapping between emotions and body
expressions. Compared with previous studies, our approach extracted interpretable temporal and spatial
features by constructing a body expression energy model (BEEM) and a multi-input symmetric positive definite
matrix network (MSPDnet). In particular, the temporal features extracted from the BEEM reveal the energy
distribution, dynamical complexity, and frequency activity of the body expression under different emotions,
while the spatial features obtained by MSPDnet capture the spatial Riemannian properties between body
joints. Furthermore, this paper introduces an attentional temporal–spatial feature fusion (ATSFF) algorithm
to adaptively fuse temporal and spatial features with different semantics and scales, significantly improving
the discriminability and generalizability of the fused features. The proposed method achieves recognition
accuracies over 90% across four public datasets, outperforming most state-of-the-art approaches.
1. Introduction

Emotion recognition plays a crucial role in human survival and
social interaction. With the development of human–machine interac-
tion (HCI) technology, the timely and effective understanding of users’
emotions has become an important factor in improving HCI efficiency
and user experience [1]. Therefore, automatic emotion recognition has
received extensive attention in recent years.

Although significant progress has been made in emotion recognition
using different approaches, including text [2,3], vocal expressions [4],
facial expressions [5], and electroencephalogram (EEG) [6], there have
been few studies on emotion recognition from body expressions. Body
expression can be understood as the movement of extremities, the
torso, and various other human body parts, which is one of the most
important marks of the human cognitive state [7]. It has been found
that 65% of human emotional expressions are influenced by non-verbal
signals, such as body postures and motions [8]. Moreover, body move-
ments have been proven to provide comparable recognition accuracy
relative to facial expression [9,10], and there is a special mapping
between human movements and emotions [11]. With the advancement
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of motion capture technology, it is now possible to precisely track
the trajectories of major human joints in a three-dimensional (3D)
space [12]. This has further promoted research on emotion recognition
based on 3D body skeletal data.

Although enormous efforts have been made in affective body expres-
sion recognition, the current solutions still face the following issues.
First, for the temporal and spatial analysis of body expressions, pre-
vious studies have often extracted the kinematic features of body
movements, such as speed, arm swing, and head movement, as affec-
tive temporal–spatial representations [13–15]. However, these features
were concentrated on the certain-frame data of a few joints, and thus
only shallow features could be extracted. Many subsequent studies have
instead utilized deep learning models to extract emotional temporal and
spatial information in body expressions. For example, Bhatia et al. [16]
used a hybrid architecture combining LSTM and MLP to classify four
emotions based on affective body expressions. Karumuri et al. used a
multi-input CNN structure for emotion recognition from body skeleton
data encoded by images [17,18]. Bhattacharya et al. [19] improved
the Spatial Temporal Graph Convolutional Network (ST-GCN) model
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Knowledge-Based Systems 308 (2025) 112744 
proposed in [20], and used the model to learn temporal–spatial patterns
rom skeletal data of body expressions. However, such methods often
ely on deep neural networks (DNNs) with a large number of param-

eters, leading to overfitting of the model and reduced interpretability.
Therefore, there is a need to further propose more interpretable mod-
els and features to understand and analyze the complex mapping
relationship between body expressions and emotional states. Second,
existing methods for affective body expression recognition often rely on
emporal–spatial fusion features. However, these approaches typically
erform feature fusion using simple operations such as concatenation

or addition. This results in fixed linear mappings of the fused features,
thereby neglecting the diverse semantic and scale information inherent
in temporal and spatial features. Therefore, these methods fail to
efficiently and dynamically integrate crucial temporal–spatial features.

To address the existing problem, this work proposes an innovative
framework for affective body expression recognition. The framework
extracts advanced and interpretable temporal–spatial features, provid-
ing a general and effective solution for decoding the complex mapping
between emotions and body expressions. Considering the first question,
or the temporal feature analysis, we construct an interpretable Body
xpression Energy Model (BEEM) to quantify the effects of different
motions on the energy distribution, dynamic complexity and fre-
uency activity of posture movements. For the spatial feature analysis,
e encode spatial correlations between body joints using position and
ngle covariance matrices. Meanwhile, we propose the Multi-Input
ymmetric Positive Definite Matrix Network (MSPDnet) to learns the

spatial Riemannian properties from the position and angle matrices.
o address the second problem, namely fusing temporal and spa-
ial features with different semantics and scales, and mitigating the

overfitting problem in feature fusion, we introduce the Attentional
Temporal–Spatial Feature Fusion (ATSFF) algorithm. The algorithm
dynamically extracts contextual information across global and local
scales, enhancing the discriminability and generalizability of the fused
temporal–spatial features.

We evaluated the performance and generalization capability of our
ethod on four public datasets, which were collected using different

devices (e.g. Kinect and Mocap). On all datasets, our method achieved
an emotion recognition rate of over 90%, surpassing the state-of-the-art
approaches. The primary contributions of this paper can be summarized
s follows:

• An interpretable BEEM is constructed to quantify dynamic energy
evolution during body movements. The optimal temporal feature
patterns extracted from the BEEM decode the energy distribution,
dynamic complexity, and frequency activity properties of body
expressions under different emotions.

• The MSPDnet consisting of two parallel shallow matrix networks
is proposed to learn the spatial Riemannian properties between
body joints. It not only jointly processes input multi-dimensional
posture covariance matrices, but also maintains the spatial prop-
erties encoded in the matrix structure during the mapping process
of the network.

• The ATSFF algorithm is proposed to fuse temporal and spatial
features with inconsistent semantics and scales, while enabling
the model to adaptively extract fused features at both global and
local scales, significantly improving the performance of feature
fusion.

The rest of this paper is organized as follows. Section 2 reviews
related research on affective body expression recognition. Section 3
describes the proposed framework in detail, including temporal and
patial feature extraction and the feature fusion optimization algorithm.
he experimental results of our approach are presented in Section 4.

Finally, conclusions and future work are discussed in Section 5.
2 
2. Related work

2.1. Affective body expression recognition

Affective body expression recognition is the process of interpret-
ing and understanding human emotions through the analysis of body
ostures and movements. In recent years, researchers have conducted
n-depth studies on the relationship between body expressions and

emotional states, and skeletal data analysis in particular has received
idespread attention for its intuitive and effective approach [21,22].

With the development of affordable and portable depth sensors and
earable devices, researchers can more easily extract skeletal infor-
ation of body movements, especially using devices like Kinect and
otion Capture (MoCap). The Kinect is a depth-sensing input device

hat uses an infrared projector and camera to create a depth map of
objects by measuring the reflection time of light points, thus capturing
the 3D skeletal data of human motions [23]. The MoCap is a generic
term for motion capture system. The system employs wearable sensors,
such as accelerometers, gyroscopes, and magnetometers, to capture 3D
skeleton data during body movements [12].

Because of the significant advantages of Kinect and MoCap in terms
f extraction accuracy, real-time performance and the ability to capture
omplex movements, more researchers have used these technologies
o extract skeletal information of body expressions and integrate it

with sophisticated machine learning methods for affective body ex-
pression recognition. For instance, Ahmed et al. [24] used Kinect
to extract skeletal information of body movements, and the authors
used statistical and genetic algorithms to achieve effective two-layer
feature extraction and combined various machine learning algorithms,
such as Decision Tree (DT) and Gaussian Plain Bayes (GNB), for the
ecognition of five emotions. Zhang et al. [25] collected seven types of

emotional body expressions using Kinect and proposed a stack LSTM
etwork based on attention (AS-LSTM) for emotion recognition from
ody movements. In another study, Daoudi et al. [26] used MoCap
o perform Riemannian centroid calculations of raw joint trajectories.

By utilizing the log-Euclidean Riemannian metric between the test
ata and class centers, the authors classified five emotions using a

nearest-neighbor classifier. Bhattacharya et al. [27] introduced a semi-
upervised learning approach for classifying human-perceived emotions
rom walking styles captured by the MoCap system.

These studies highlight the importance of leveraging advanced sen-
sor technologies like MoCap and Kinect for emotional expression anal-
ysis. Therefore, this work proposes a new method for recognizing af-
fective body expressions based on skeletal data using multiple datasets
rom MoCap and Kinect, aiming to provide a general and effective

solution for decoding the mapping relationship between emotions and
body expressions.

2.2. Temporal and spatial analysis of affective body expression

Many previous studies have used deep learning models to extract
temporal–spatial features of body expressions. These models often ex-
ract features from affective body expressions through complex network
appings. For example, Ghaleb et al. [28] encoded the body joints

nto a graphical format, which was then processed with Graph Con-
olutional Networks (GCNs) to obtain temporal–spatial features of the
ody expressions. Sapinski et al. [29] tested the performance of various

neural network architectures for affective body expression recognition,
including Convolutional Neural Networks (CNNs), Recurrent Neural
Networks (RNNs), and Long Short-term Memory (LSTM). The results
f the study show the superior performance of the RNN-LSTM model.
vola et al. [30] constructed a multi-branch architecture that employs
STM to analyze temporal features and uses MLP to extract global fea-
ures. Zacharatos et al. [31] encoded 3D skeleton motion data into 2D

images and used the pre-trained convolutional neural network Incep-
tion V3 to classify happy and sad emotions. However, these approaches
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Knowledge-Based Systems 308 (2025) 112744 
rely on deep neural networks with extensive model parameters, which
can lead to overfitting and lack of interpretability. Therefore, more
and more researchers focus on proposing interpretable models and
features to understand and analyze the relationship between body ex-
pressions and emotional states. For example, Oguz et al. [32] proposed
a method based on sliding windows to extract temporal–spatial features
f body expressions. The authors segmented the body skeleton sequence

into different lengths of windows and then extracted features such
as mean, root mean square, continuous wavelet transform, and joint
neighborhood distance from each window. Using these methods, the
authors extracted interpretable spatiotemporal features for affective
ody expression recognition. Some researchers have focussed on using
he energy generated by body movements to investigate body expres-

sions. For instance, Li et al. [33] obtained motion energy from a 3D
ody skeleton sequence by calculating coordinate differences. Then,
hey performed a discrete Fourier transform on the energy model to
xtract time–frequency features used to identify three emotions. In
nother study, Kacem et al. [34] used covariance matrices to encode
D body movements, and then they proposed a geometric-perceptual

(dis-) similarity metric that extracts spatial features from the covari-
nce matrices for emotion recognition. Given that, this study proposes
he BEEM and MSPDnet based on matrix network architecture to
xtract effective and interpretable temporal and spatial features for
ffective body expression recognition. Furthermore, we introduce a
ovel feature fusion algorithm ATSFF to adaptively fuse temporal–
patial features. The proposed method provides a generic and effective
olution for decoding the complex mapping between emotions and
ody expressions.

3. Method

3.1. Method overview

The overview of the proposed framework is given in Fig. 1. It
comprises three main components: temporal feature extraction, spatial
eature extraction, and the fusion of temporal and spatial features for
motion recognition. For the temporal feature extraction (Section 3.2),

an interpretable energy model BEEM is constructed to quantify the
temporal dynamic energy evolution of the body movement across time
(Section 3.2.1), which is illustrated in Fig. 1(a). Then, multiple types
f features extracted from the BEEM were systematically evaluated
o determine the impact of different emotions on energy distribu-
ion, dynamic complexity, and frequency activity of body movements
Section 3.2.2), which is shown in Fig. 1(b). For the spatial feature

extraction (Section 3.3), we first encode the spatial Riemannian cor-
relations between different joints using position and angle covariance
matrices (Section 3.3.1). Subsequently, the MSPDnet is proposed to
learn the spatial body expressions encoded in the multi-dimensional
posture covariance matrices (Section 3.3.2). The above processes are
shown in Fig. 1(c) and (d). To fuse the above obtained temporal and
patial features with different semantics and scales, we introduce the

ATSFF algorithm (Section 3.4). The algorithm can dynamically extract
he contextual information of the fused features at global and local

scales. The fused temporal–spatial features are used for emotion recog-
ition from body expressions, as shown in Fig. 1(e). Table 1 provides

detailed descriptions of the main symbols.

3.2. Temporal feature extraction

3.2.1. Body expression energy model (BEEM)
In temporal analysis, the energy generated by body expression is

onsidered an important measure of emotional state [35]. Therefore,
this study hypothesize that an energy model can quantify the corre-
lation between body expressions and emotions, thereby constructing
an interpretative model for the temporal analysis of body expressions.
3 
For this purpose, we adopted the theoretical framework of mechanical
energy and developed a body expression energy model (BEEM).

We define the BEEM of the 𝑖th joint in the 𝑓 th frame during body
expression as follows:

𝐸𝑓
𝑖 = 𝐸𝑓

𝑘,𝑖 + 𝐸𝑓
𝑝,𝑖 =

1
2
𝑚
(

𝐕𝑓
𝑖

)2
+ 𝑚𝑔𝐇𝑓

𝑖 (1)

where 𝑖 ∈ [1, 𝑁] and 𝑓 ∈ [1, 𝐹 ], and 𝑁 and 𝐹 denote the total numbers
of joints and frames respectively. 𝐸𝑓

𝑘,𝑖 denotes the kinetic energy, and
𝐸𝑓
𝑝,𝑖 denotes the potential energy. 𝐕𝑓

𝑖 represents the velocity of each
joint, while 𝐇𝑓

𝑖 represents the Euclidean distance between the position
of each joint and its corresponding neutral posture. In this study, we
assume that all body joints have the same mass 𝑚 and ignore the
gravitational acceleration 𝑔. Therefore, the BEEM is composed of the
kinetic energy curve 𝐕 and the potential energy curve 𝐇.

First, we construct the kinetic energy curve 𝐕. Body movement is
approximated as the evolution of 𝑁 joints in 3D space (x-, y-, and z-
axis) over time. Furthermore, angular velocity has been shown to be
an effective representation in affective body expression [36]. There-
fore, we combine the displacement velocity and angular velocity of
joints by calculating the finite differences between consecutive frames
(i.e., between frame 𝑓 and frame 𝑓 − 1). We assume that all joints
ave zero velocity at the initial frame 𝑓 = 0. The result is defined

as a kinetic energy curve, which describes the kinetic energy variation
of body expressions over time. The kinetic energy curve is defined as
follows:

𝐕 =
⎛

⎜

⎜

⎝

𝑃 2
1 − 𝑃 1

1 … 𝑃 2
𝑁 − 𝑃 1

𝑁
⋮ ⋱ ⋮

𝑃 𝐹
1 − 𝑃 𝐹−1

1 ⋯ 𝑃 𝐹
𝑁 − 𝑃 𝐹−1

𝑁

⎞

⎟

⎟

⎠

, 𝑃 ∈ R6 (2)

where 𝑃 𝑓
𝑖 = [𝑥, 𝑦, 𝑧, 𝛿 , 𝜃 , 𝜑] indicates the position and angle parameter

of the 𝑖th joint in the 𝑓 th frame.
To investigate the potential energy during body movements, this

study initially defines a neutral posture as the baseline for measuring
otential energy changes. The neutral posture is identified as a relaxed
tanding position with the head raised, both arms naturally hanging
own by the thighs, and both legs remain upright. For this purpose,
e define the following six vectors:

⃖⃗𝑙𝑖 =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

head − shouldercenter for 𝑖 = 1
shouldercenter − hipcenter for 𝑖 = 2
shoulder𝑗 − wrist𝑗 for 𝑖 = 3, 4, 𝑗:left or right
hip𝑘 − ankle𝑘 for 𝑖 = 5, 6, 𝑘:left or right

(3)

Subsequently, in all movement segments of each subject, we ob-
ained the individual’s neutral posture 𝑃𝑛𝑒𝑢𝑡𝑟𝑎𝑙 using the following defi-

nition:

𝛼𝑠𝑢𝑚 =
6
∑

𝑖=1
ar ccos

(

⃖⃗𝑙𝑖 ⋅ ⃖⃗𝑛

‖

⃖⃗𝑙𝑖‖ ⋅ ‖⃖⃗𝑛‖

)

(4)

𝑆𝑚𝑖𝑛 = ar gmin
𝑓∈𝐹 ,|𝑆𝑚𝑖𝑛|=𝑡

(𝛼𝑓𝑠𝑢𝑚) (5)

𝑃𝑛𝑒𝑢𝑡𝑟𝑎𝑙 ,𝑖 = 1
|

|

𝑆min
|

|

∑

𝑓∈𝑆min

𝑃 𝑓
𝑖 (6)

where ⃖⃗𝑛 is the normal to the horizontal plane. 𝐹 is the set of all posture
rame sequences for each individual, and 𝑆min is the set of frame data
hat contains the frame sequence corresponding to the smallest 𝑡 values
f 𝛼𝑠𝑢𝑚, and 𝑡 is taken to be 6 in this paper. 𝑃 𝑓

𝑖 is the position and angle
arameter of the 𝑖th joint in the 𝑓 th frame.

We obtained the neutral posture corresponding to each individual
by the above equation. Finally, for each body expression segment,
we integrate the 3D positional and angular information of each joint
and compute their Euclidean distances from the neutral posture in
each frame. This result is known as the potential energy curve, which
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Fig. 1. The framework of the proposed method. In the extraction of temporal features, (a) the BEEM is established to quantify the dynamic energy evolution by combining the
curves of kinetic energy and potential energy; (b) multiple types of features are then utilized to obtain the optimal temporal feature patterns from the BEEM. VT (variance trend),
SK (skewness), 1stNor (first differences), 2ndNor (second differences), LZC (Lempel–Ziv complexity), SE (Shannon entropy), C0 (C0-complexity), PSD (power spectral density). In
the extraction of spatial features, (c) the position and angle information of the posture skeleton sequences are first encoded into covariance matrices with different dimensions;
(d) the MSPDnet is then proposed to map multi-dimensional covariance matrices onto the Riemannian manifold and jointly extract the spatial features. Finally, (e) the temporal
and spatial features are fused by the ATSFF, and then fed into the fully connected (FC) and softmax layer for emotion recognition.
Table 1
Notations and descriptions.

Symbol Description Symbol Description

𝐸𝑓
𝑖 Energy of 𝑖th joint in 𝑓 th

frame
𝐸𝑓

𝑘,𝑖 Kinetic energy of 𝑖th joint in
𝑓 th frame

𝐸𝑓
𝑝,𝑖 Potential energy of 𝑖th joint in

𝑓 th frame
𝑉 𝑓
𝑖 Velocity of 𝑖th joint in 𝑓 th

frame
𝐻𝑓

𝑖 Euclidean distance between 𝑖th
joint and its neutral posture

𝑃 𝑓
𝑖 Position and angle parameter

of 𝑖th joint in 𝑓 th frame
𝑃𝑛𝑒𝑢𝑡𝑟𝑎𝑙 Neutral posture 𝑉 𝑇 Variance Trend
𝑆 𝐾 Skewness 1𝑠𝑡𝑁 𝑜𝑟 First normalized difference
2𝑛𝑑 𝑁 𝑜𝑟 Second normalized difference 𝐿𝑍 𝐶 Lempel–Ziv complexity
𝑆 𝐸 Shannon entropy 𝐶0 C0-complexity
PSD Power spectral density 𝐶 Covariance matrix of the

skeletal segment
𝑋𝑡𝑓 Temporal feature extracted

from BEEM
𝑋𝑠𝑓 Spatial feature extracted from

MSPDnet
𝐺(𝑋) Global feature context 𝐿(𝑋) Local channel context
𝑇 𝑆 Fused temporal and spatial

feature
𝑋𝑠 Statistical features

𝑋𝑒 Information-theoretic features 𝑋𝑓 Frequency features
𝐶𝑝 Covariance matrix of 3D

position of body expression
𝐶𝑎 Covariance matrix of 3D angle

of body expression
4 
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effectively reflects the displacement 𝐇 of each joint relative to the
neutral posture, and is defined as follows:

𝐇 =
⎛

⎜

⎜

⎝

𝑃 1
1 − 𝑃𝑛𝑒𝑢𝑡𝑟𝑎𝑙 ,1 … 𝑃 1

𝑁 − 𝑃𝑛𝑒𝑢𝑡𝑟𝑎𝑙 ,𝑁
⋮ ⋱ ⋮

𝑃 𝐹
1 − 𝑃𝑛𝑒𝑢𝑡𝑟𝑎𝑙 ,1 ⋯ 𝑃 𝐹

𝑁 − 𝑃𝑛𝑒𝑢𝑡𝑟𝑎𝑙 ,𝑁

⎞

⎟

⎟

⎠

, 𝑃 ∈ R6 (7)

We combine the kinetic and potential energy curves to obtain the
BEEM, which is shown in Fig. 1(a). This model quantifies the dynamic
energy evolution in affective body expressions and provides us with
an interpretable model for decoding the temporal mapping between
emotions in body expressions.

3.2.2. Temporal feature analysis
In this section, we extract multiple types of features from BEEM to

orm optimal temporal feature patterns for interpreting and analyzing
ffective body expressions. Given the multifaceted and complex nature
f emotional states, we extracted various features, including statistical,
nformation-theoretic, and frequency features. We used a 2-second slid-
ng window with a 1.5-second overlap to segment the original skeletal
equence into multiple segments and extracted these features from
ach segment. Based on these features, we examined how emotional
tates are expressed through changes in energy distribution, dynamic
omplexity, and frequency activity of body movements.

(1) Statistical features have often been used in the analysis of
human postures [37,38]. For each dimension sequence 𝐞(𝑗) ∈ R𝑓 in
the BEEM, the following four statistical features are extracted, where 𝑓
enotes the sequence length.

• Variance Trend (VT): it measures the stability of data fluctuations
over consecutive time windows. We divide a posture segment into
several small windows. The variance 𝛿2(𝐞) for each window is
calculated, and then the absolute value of the difference between
the variance of each window and its neighboring window is
summed up. This result describes the variance trend over the
duration of body expression, which is computed as follows:

𝛿2(𝐞) = 1
𝑓 − 1

𝑓
∑

𝑗=1

(

𝐞𝑗 − 𝜇𝐞
)2 (8)

𝑉 𝑇 =
𝑓∕𝑚
∑

𝑗=2

(

|

|

|

𝛿2𝑗 (𝐞) − 𝛿2𝑗−1(𝐞)
|

|

|

)

(9)

where 𝜇𝐞 is the mean of the signal, 𝑚 is the number of windows
into which the posture segment is divided, which is set to 10. A
high VT indicates large fluctuations in the energy distribution of
body expressions, which may suggest unstable emotional states or
intense body motions.

• Skewness (SK): it describes the asymmetry of energy fluctua-
tions generated by affective body expressions. Positive skewness
indicates that high-energy states are dominant, suggesting high
arousal emotions. On the other hand, negative skewness may be
associated with low arousal emotional states.

𝑆 𝐾 =
1
𝑓
∑𝑓

𝑗=1
(

𝐞𝑗 − 𝜇𝐞
)3

{

1
𝑓
∑𝑓

𝑗=1
(

𝐞𝑗 − 𝜇𝐞
)2
}3∕2

(10)

• The first and second normalized differences (1stNor, 2ndNor):
The 1stNor measures the immediate change in body motions. The
2ndNor quantifies the rate of change in posture movements. These
indicators can detect sudden emotional responses or gradual emo-
tional shifts. The 1stNor can be calculated by:

𝐞′ =
𝐞(𝑗) − 𝜇𝐞

𝛿(𝐞)
(11)

1𝑠𝑡𝑁 𝑜𝑟 = 1
𝑓−1
∑

∣ 𝐞′(𝑗 + 1) − 𝐞′(𝑗) ∣ (12)

𝑓 − 1 𝑗=1

5 
• The 2ndNor can be calculated by:

2𝑛𝑑 𝑁 𝑜𝑟 = 1
𝑓 − 2

𝑓−2
∑

𝑗=1
∣ 𝐞′(𝑗 + 2) − 𝐞′(𝑗) ∣ (13)

(2) The three following information-theoretic features are extracted
rom the BEEM.

• Lempel–Ziv Complexity (LZC): It indicates the richness and unpre-
dictability of the posture energy signals. Higher values indicate
a high complexity of body expression. First, for the data of each
dimension in the BEEM, we use the average value as the threshold
to binarize it and the length of the processed sequence is 𝑛. Next,
the binarized sequence is decomposed into 𝑞 blocks, which are
used to compute the LZC as follows:

𝐿𝑍 𝐶 =
𝑞 log2 𝑛

𝑛
(14)

• Shannon entropy (SE): It quantifies the randomness of body ex-
pressions. High entropy values indicate the diversity and high
complexity of body motions.

𝑆 𝐸 = −
𝐾
∑

𝑖=1
𝑝(𝑖) log(𝑝(𝑖)) (15)

where 𝐾 represents the number of unique values in each dimen-
sion of the BEEM and 𝑝(𝑖) is the corresponding probability for
these unique values.

• C0-complexity: It measures the irregularity of affective body ex-
pressions. For each dimension sequence 𝐞(𝑗) ∈ R𝑓 in the BEEM,
the mean amplitude of the power spectrum of 𝐞(𝑗) can be obtained
as follows:

𝐷 = 1
𝑓

𝑓−1
∑

𝑘=0
|𝐞(𝑘)|2 (16)

where 𝐞(𝑘) is the fast Fourier transform (FFT) of 𝐞(𝑗). A new
spectrum is constructed using 𝐞(𝑘) and 𝐷 as follows:

𝐲(𝑘) =
{

𝐞(𝑘) |𝐞(𝑘)|2 > 𝐷
0 |𝐞(𝑘)|2 ≤ 𝐷

(17)

The C0-complexity of 𝐞(𝑗) can be calculated by:

𝐶0 = 𝐴1
𝐴0

=

∑𝑓−1
𝑗=0 |𝐞(𝑗) − 𝐲(𝑗)|2

∑𝑓−1
𝑗=0 |𝐞(𝑗)|2

(18)

where 𝐲(𝑗) is the inverse Fourier transform of 𝐲(𝑘), and 𝐴1 and 𝐴0
are the powers of irregular and regular parts of 𝐞(𝑗), respectively.

(3) The absolute power spectral density (PSD) of the low fre-
uency (0.1–3 Hz) and high-frequency (3–10 Hz) was calculated us-
ng Welch’s FFT technique [39]. The reason we employ both low-

frequency and high-frequency analysis is that human motion can be
divided into micro-movements (rapid and subtle movements) and

acro-movements (slow and wide-range movements). Therefore, low-
requency PSD captures macro-movements with slow changes in affec-
ive body expression, while high-frequency PSD captures the quicker
icro-movements. A data window is used in each dimension sequence

f BEEM.
Let 𝑥𝑑(𝑡) be the sequence, where 𝑑 = 1, 2, 3 …𝐿 (signal intervals)

nd 𝑀 is interval length. Hence, the definition of power spectral
ensity utilizing the Welch method is as follows:

𝑑(𝑓 ) = 1
𝑀 𝑈

|

|

|

|

|

|

𝑀−1
∑

𝑡=0
𝑥𝑑(𝑡)𝑤(𝑡)𝑒−𝑗2𝜋 𝑓

|

|

|

|

|

|

2

(19)

which 𝑈 stands for normalization factor for power in window function

𝑈 = 1
𝑀

𝑀−1
∑

|𝑤(𝑡)|2 (20)

𝑡=0
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where 𝑤(𝑡) represents windowed data, the Welch power spectrum is
calculated as the average over modified periodograms defined by:

𝑊 𝑒𝑙 𝑐 ℎ(𝑓 ) = 1
𝐿

𝐿−1
∑

𝑖=0
𝑑(𝑓 ) (21)

In this study, each posture segment was divided into 10 segments
ithout overlap. Each segment was subjected to the Hamming window,
nd the resulting periodograms were averaged to determine the PSD

estimate. The spectra are calculated by the periodogram method using
a 128-point FFT and periodic Hamming windows.

Subsequently, we will use the above three types of features and
heir fused features to recognize affective body expression, aiming to
onstruct the optimal temporal feature patterns. To obtain the more
eneralized optimal temporal feature patterns, we conducted exten-
ive experiments on six common classifiers. We evaluated K-Nearest
eighbors (KNN), Support Vector Machine (SVM), Random Forest (RF),
inear Discriminant Analysis (LDA), Extreme Gradient Boosting (XG-
oost), and Multilayer Perceptron (MLP) classifiers across four datasets.
ach classifier was tested for performance on statistical, information-
heoretic, frequency features, and their fusion features. We also com-
ine an infinite feature selection algorithm [40] for dimensionality
eduction. To prevent overlooking important features with small or neg-

ative values during classification, the min–max normalization method
was used to normalize the features.

3.3. Spatial feature extraction

3.3.1. Posture covariance matrix
In the above temporal features extraction, each joint is studied

independently, ignoring the significance of the spatial correlations be-
tween joints for body expression recognition. Therefore, in this section,
we introduce the covariance matrix to capture the spatial correlation
between different joints.

Assume 𝐱 ∈ R𝑑 denotes a 𝑑-dimensional feature vector of the 3D
position information of the joints, and 𝐗 =

[

𝐱1,… , 𝐱𝑓
]

∈ R𝑑×𝑓 denotes
 set containing the 𝑑-dimensional feature vectors of 𝑓 frame skeletal

sequences. The covariance matrix of the skeletal segment 𝐗 is defined
by:

𝐂 = 1
𝑓 − 1

𝑓
∑

𝑗=1

(

𝐱𝑗 − 𝝁
) (

𝐱𝑗 − 𝝁
)T (22)

where 𝝁 is the mean of 𝐱𝑓 . In this study, considering the importance
f angle information of each joint for body expression recognition, we
ncoded the 3D position and angle information of the skeleton sequence
eparately using the covariance matrix. In addition, we used a 2 s
liding window with an overlap of 1.5 s to divide the original skeleton
equence into segments. In each posture segment, we extracted the
osition and angle covariance matrices.

3.3.2. Multi-input SPD matrix network
A non-singular covariance matrix belongs to the SPD matrices,

hich form a connected Riemannian manifold 𝑆 𝑦𝑚+
𝑑 [41]. Previous

research has shown that Riemannian neural network [42] can extract
ore discriminative spatial features from the SPD matrix, significantly

mproving classification performance. Therefore, based on the Rieman-
ian network architecture [42], we improve the arrangement of the

network layers and construct a two-branch network structure, thus
proposing the multi-input symmetric positive definite matrix network
(MSPDnet). The MSPDnet can jointly process the multi-dimensional
covariance descriptors encoded with position and angle information
and the network architecture of MSPDnet is detailed in Fig. 1(d).
Each branch network is composed of multiple parallel eigenvalue rec-
tification (ReEig) layers, bilinear mapping (BiMap) layers, and eigen-
value logarithm (LogEig) layers. The inputs are covariance matrices
of 3D position and angle information. At the network output, the
6 
mapped covariance matrices are vectorized and joined to form a one-
dimensional vector. It is then fused with the temporal feature by the
ATSFF algorithm.

(1) ReEig layer: The input covariance matrix calculated by (22)
may belong to the Symmetric Positive Semi-Definite (SPSD) matrices.
Therefore, the first layer of the network is ReEig, which serves to nor-

alize the covariance matrix. Furthermore, a ReEig layer follows each
iMap layer to ensure the mapped matrix remains on the Riemannian
anifold and to introduce a nonlinear mapping process. The ReEig

ayer is defined as follows:

𝐂𝑟,𝑛 = 𝑓𝑟
(

𝐂𝑛−1, 𝜀
)

= 𝐔𝑛−1 Max
(

𝜀𝐈, 𝛬𝑛−1
)

𝐔T
𝑛−1 (23)

Max
(

𝜀𝐈, 𝛬𝑛−1
)

= 𝐄(𝑖, 𝑖) =
{

𝛬(𝑖, 𝑖), if 𝛬(𝑖, 𝑖) > 𝜀
𝜀, if 𝛬(𝑖, 𝑖) ≤ 𝜀

(24)

where 𝐔𝑛−1 and 𝛬𝑛−1 denote the eigenvectors and eigenvalues of the
nput matrix 𝐂𝑛−1 in 𝑛th layer respectively, and 𝐈 is an identity matrix.
he 𝜀 is a preset threshold which is used to replace null eigenvalues or
mall eigenvalues.

(2) BiMap layer: The function of the BiMap layer is to convert the
SPD matrix into a matrix with higher discriminative properties, while
preserving the geometric information encoded in the SPD matrix. The
BiMap layer is defined as follows:

𝐂𝑏,𝑛 = 𝑓𝑏
(

𝐂𝑛−1,𝐖𝑛
)

= 𝐖𝑛𝐂𝑛−1𝐖T
𝑛 (25)

where 𝐂𝑛−1 ∈ 𝑆 𝑦𝑚+
𝑑𝑛−1

is the input SPD matrix of size 𝑑𝑛−1 × 𝑑𝑛−1, and
𝐖𝑛 ∈ R𝑑𝑛×𝑑𝑛−1 is the bilinear mapping matrix.

(3) LogEig layer: The LogEig layer imparts a Lie group structure to
lements on Riemannian manifolds, allowing the matrix to be simpli-
ied into a flat space where traditional Euclidean computations can be
pplied [43]. The LogEig layer is defined as follows:

𝐂𝑙 ,𝑛 = 𝑓𝑙
(

𝐂𝑛−1
)

= 𝐐𝑛−1 log
(

𝐀𝑛−1
)

𝐐T
𝑛−1 (26)

where 𝐐𝑛−1 and 𝐀𝑛−1 denote the eigenvectors and eigenvalues of the
nput matrix respectively, and log(⋅) is the matrix logarithm operation.

3.4. Fusion of temporal and spatial features

Considering the intricate correlation between body expressions and
motions, it is inadequate to focus solely on either temporal or spatial

features. However, existing emotion recognition methods based on the
usion of temporal–spatial features often employ simplistic addition or
oncatenation. This approach merely offers a fixed linear aggregation
f feature maps, ignoring the different semantic and scale information
nherent in temporal and spatial features. To address this issue, inspired
y the work of [44], we introduce an Attentional Temporal and Spatial
eature Fusion (ATSFF) algorithm. This algorithm dynamically fuses
emporal and spatial features across different semantics and scales
ith attention mechanisms, significantly enhancing the performance of

eature fusion.
Our algorithm uses a multiscale channel attention module to

achieve attentional feature fusion across temporal and spatial dimen-
ions. As illustrated in Fig. 2, the multiscale channel attention module

innovatively designs a two-branch structure, which maintains net-
work’s sensitivity to global features while allowing for detailed process-
ng of local features. Specifically, in the initial phase of the module,
he ⊕ denotes the broadcasting addition of the temporal and spa-
ial features. This initial integration provides a fused feature map,
hich ensures that subsequent attention mechanisms can consider
oth features with different semantics and scales simultaneously. In
he left branch of the module, we introduce a combination of Global
verage Pooling (GAP) and Fully Connected (FC) layers to extract
lobal channel context of the fused temporal–spatial features, similar
o SENet [45]. The GAP layer initially compresses the spatial infor-

mation into global statistics for each channel, which are then further
captured by the FC layer to grasp the global channel dependencies.
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Fig. 2. The structure of the proposed multiscale channel attention module.

This process extracts global dependencies of the feature channels,
llowing the model to understand broader, more generalized features.
n the right branch of the module, we employ Point-wise Convolution
PWConv) [46] to extract local channel context. Through the 1 × 1
onvolution mapping, we can capture the local channel dependencies

of the fused features. This method captures fine-grained details and
ocal dependencies within the feature channels. By combining global

and local contexts, the model maintains sensitivity to both overarch-
ing patterns and detailed nuances. To maintain a lightweight design,
we integrate the global context 𝐆(𝐗) with the local context 𝐋(𝐗)
within the attention framework, employing a bottleneck structure for
computation.

As shown in Fig. 2, given temporal and spatial feature 𝑋𝑡𝑓 , 𝑋𝑠𝑓 ∈
R𝐶×𝐻×𝑊 with 𝐶 channels, the fused feature can be expressed as follows:

𝐓𝐒 = 𝐅(𝑋𝑡𝑓 ⊎ 𝑋𝑠𝑓 )⊗ 𝑋𝑡𝑓 + (1 − 𝐅(𝑋𝑡𝑓 ⊎ 𝑋𝑠𝑓 ))⊗ 𝑋𝑠𝑓 (27)

where 𝐓𝐒 ∈ R𝐶×𝐻×𝑊 is the fused temporal and spatial feature, and ⊎ is
he initial feature integration, which is computed based on broadcasting
ddition. The fusion weight of the temporal features generated by
he attention module is 𝐅(𝑋𝑡𝑓 ⊎ 𝑋𝑠𝑓 ), which consists of real numbers
etween 0 and 1. The fusion weight 1 − 𝐅(𝑋𝑡𝑓 ⊎ 𝑋𝑠𝑓 ) of the spatial
eatures is also a real number. The fusion weights enable the network
o perform weighted averaging between 𝑋𝑡𝑓 and 𝑋𝑠𝑓 . ⊗ denotes the
lement-wise multiplication after adjusting dimensions using padding,
nd 𝐅(𝑋𝑡𝑓 ⊎ 𝑋𝑠𝑓 ) is computed as follows:

𝐅(𝑋𝑡𝑓 ⊎ 𝑋𝑠𝑓 ) = 𝜎(𝐆(𝑋𝑡𝑓 ⊎ 𝑋𝑠𝑓 )⊕ 𝐋(𝑋𝑡𝑓 ⊎ 𝑋𝑠𝑓 )) (28)

where 𝜎 is the Sigmoid function and ⊕ denotes the broadcasting addi-
tion. 𝐆(𝑋𝑡𝑓 ⊎ 𝑋𝑠𝑓 ) ∈ R𝐶 is the global feature context and 𝐋(𝑋𝑡𝑓 ⊎ 𝑋𝑠𝑓 ) ∈
𝐶×𝐻×𝑊 is the local channel context, they can be computed as follows:

𝐆(𝑋𝑡𝑓 ⊎ 𝑋𝑠𝑓 ) = 
(

𝐹2
(

𝛿
(


(

𝐹1(𝑔(𝑋𝑡𝑓 ⊎ 𝑋𝑠𝑓 ))
))))

(29)

𝐋(𝑋𝑡𝑓 ⊎ 𝑋𝑠𝑓 ) = 
(

𝜌2
(

𝛿
(


(

𝜌1(𝑋𝑡𝑓 ⊎ 𝑋𝑠𝑓 )
))))

(30)

where 𝑔(𝑋𝑡𝑓 ⊎ 𝑋𝑠𝑓 ) is the GAP. 𝐹1 and 𝐹2 define FC1 and FC2. These
wo FC layers form the bottleneck structure, where 𝐹1 is the dimension
eduction layer, and 𝐹2 is the dimension increasing layer. Similarly, 𝜌1
nd 𝜌2 define PWConv1 and PWConv2.  denotes the Batch Normal-
zation (BN) [47], and 𝛿 denotes the Rectified Linear Unit (ReLU) [48].

The temporal–spatial features fused by the multiscale channel at-
ention module are fed into the FC and softmax layers to obtain the
inal prediction results, which is shown in Fig. 1(e). The optimization
7 
Algorithm 1 Attentional temporal-spatial feature fusion
Input: temporal features: 𝑋𝑠, 𝑋𝑒, 𝑋𝑓

spatial features: 𝐶𝑝, 𝐶𝑎
learning rate: 𝛼𝑝, 𝛼𝑎, 𝛼𝑓
training set label: 𝑌

utput: parameters of MSPDnet: 𝜔𝑝, 𝜔𝑎
parameters of FC layer: 𝜔𝑓

1: initialization: iteration 𝑡 = 1, 𝑚𝑎𝑥𝑖𝑡𝑒𝑟 = 600;
2: while 𝑡 ≤ maxiter do
3: Extract temporal features:
4: # Combine statistical, information-theoretic, and frequency features

extracted from the BEEM
5: 𝑋𝑡𝑓 = 𝑇 (𝑋𝑠, 𝑋𝑒, 𝑋𝑓 )
6: Extract spatial features:
7: # Use MSPDnet to process posture covariance descriptors
8: 𝑋𝑡

𝑠𝑓 = 𝑆(𝐶𝑝, 𝐶𝑎, 𝜔𝑡
𝑝, 𝜔𝑡

𝑎)
9: Fusing temporal and spatial features by Eq. (27)
0: Compute output of the fully connected (FC) layer:
1: # Feed the fused features into the FC layer for classification

2: 𝑓 𝑡 = 𝐹 𝐶
(

𝑇 𝑆 𝑡, 𝜔𝑡
𝑓

)

13: 𝐿𝑜𝑠𝑠 = 𝐿
(

𝑓 𝑡, 𝑌 )
14: Update the parameters of the MSPDnet:
15: 𝜔𝑡+1

𝑝 ← 𝜔𝑡
𝑝 − 𝛼𝑝(

𝜕 𝐿𝑜𝑠𝑠
𝜕 𝑓 𝑡 ⋅ 𝜕 𝑓 𝑡

𝜕 𝑋𝑡
𝑠𝑓

⋅
𝜕 𝑋𝑡

𝑠𝑓

𝜕 𝜔𝑡
𝑝
)

16: 𝜔𝑡+1
𝑎 ← 𝜔𝑡

𝑎 − 𝛼𝑎(
𝜕 𝐿𝑜𝑠𝑠
𝜕 𝑓 𝑡 ⋅ 𝜕 𝑓 𝑡

𝜕 𝑋𝑡
𝑠𝑓

⋅
𝜕 𝑋𝑡

𝑠𝑓

𝜕 𝜔𝑡
𝑎
)

17: Update the parameters of the FC layer:
18: ∇𝜔𝑡

𝑓 = 𝜕 𝐿𝑜𝑠𝑠
𝜕 𝑓 𝑡 ⋅ 𝜕 𝑓 𝑡

𝜕 𝜔𝑡
𝑓

19: 𝜔𝑡+1
𝑓 ← 𝜔𝑡

𝑓 − 𝛼𝑓∇𝜔𝑡
𝑓

20: 𝑡 = 𝑡 + 1
21: end while

scheme of the above temporal–spatial feature fusion algorithm ATSFF is
hown in Algorithm 1. Where, 𝑋𝑠, 𝑋𝑒, and 𝑋𝑓 represent the statistical,
nformation-theoretic, and frequency features extracted from the BEEM,
espectively. 𝐶𝑝 and 𝐶𝑎 are the covariance descriptors of 3D position
nd angle of body expression, respectively. 𝛼𝑝 and 𝛼𝑎 are the learning
ates for processing the position and angle covariance matrices in the
SPDnet, respectively. 𝛼𝑓 is the learning rate in the FC layer. In

ddition, 𝜔𝑝 and 𝜔𝑎 are the bilinear transformation matrices of two
arallel networks in the MSPDnet. 𝑡 denotes the number of iterations of
he ATSFF algorithm and 𝑚𝑎𝑥𝑖𝑡𝑒𝑟 is the maximum number of iterations.
urther, the fused temporal–spatial feature vector is denoted as 𝑇 𝑆𝑡 =
(𝑋𝑡𝑓 ⊎ 𝑋𝑡

𝑠𝑓 )⊗ 𝑋𝑡𝑓 + (1 − 𝐹 (𝑋𝑡𝑓 ⊎ 𝑋𝑡
𝑠𝑓 ))⊗ 𝑋𝑡

𝑠𝑓 , which is obtained from
he multiscale channel attention module. 𝑋𝑡𝑓 is the optimal temporal
eature pattern and 𝑋𝑡

𝑠𝑓 is the spatial features extracted by MSPDnet.
he mapping operation of the FC layer is represented by 𝐹 𝐶

(

𝑇 𝑆𝑡, 𝜔𝑡
𝑓

)

,
here 𝜔𝑡

𝑓 denotes a set of weight parameters of the FC layer. In
ddition, the loss function 𝐿

(

𝑓 𝑡, 𝑌 ) is defined as cross entropy and 𝛼(⋅)
s the learning rate.

4. Results and discussion

In this section, we provide a detailed description of our experi-
ents, mainly covering seven aspects: the introduction of the dataset

Section 4.1), the experimental settings (Section 4.2), the temporal
feature analysis results (Section 4.3), the spatial feature analysis results
Section 4.4), the effectiveness evaluation of the attentional temporal–
patial feature fusion algorithm (Section 4.5), the performance assess-

ment of the proposed framework (Section 4.6) and comparison with
existing methods (Section 4.7).

4.1. Dataset

In this study, we aim to develop a universal and effective framework
for affective body expression recognition. To ensure the effectiveness
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Table 2
The description of the datasets used to evaluate the proposed method.

Datasets Device Subjects Joints Samples Emotions

UCLIC Mocap
(Vicon MX)

13 32 183 Ha, Sa, An, Fe

EGBM Kinect V2 16 25 560 Ha, Sa, Ne, An,
Di, Fe, Su

KDAE Mocap
(Noitom PN)

22 72 1402 Ha, Sa, Ne, An,
Di, Fe, Su

MPI Mocap
(Xsens MVN)

8 28 1447 An, Fe, Ha, Pr,
Sa, Su, Re, Di,
Ne, Am, Sh

Abbreviations for emotions: Am: Amusement, An: Anger, Di: Disgust, Fe: Fear, Ha:
Happiness, Ne: Neutral, Pr: Pride, Re: Relief, Sa: Sadness, Sh: Shame, Su: Surprise.

and generalization of this framework, four publicly available datasets
ere used for validation and testing. These datasets include body

xpression data collected by various devices, such as Kinect and Mocap
ystems, from participants across diverse regions. Details of the four
atasets used are listed in Table 2.

(1) UCLIC [49]: Captured with the Vicon MX Mocap system, this
database has 183 emotional posture segments across 4 emotions, per-
formed by 13 actors. It includes 3D position and rotation data for 32
ody joints in each sample.

(2) EGBM [50]: Using the Kinect V2 sensor, this database contains
60 body motion samples for 7 emotions, acted by 16 Polish actors.
ach sample includes 3D position and orientation data for 25 joints.

(3) KDAE [51]: Recorded with the Noitom Perception Neuron (PN)
Mocap system, this dataset offers 1402 full-body expressions of 7
emotions, demonstrated by 22 Chinese actors. It tracks position and
otation for 72 anatomical nodes.

(4) MPI [52]: Using the Xsens MVN system, MPI contains 1,447
samples of 11 emotions, performed by 8 actors. Each segment has 3D
data for 28 markers. Note: this database is highly imbalanced in terms
of emotional expression.

4.2. Experimental settings

In the temporal feature analysis section (Section 3.2.2), to obtain
the most generalized temporal feature patterns, we conducted extensive
xperiments using various types of temporal features and their fused
eatures on six traditional classifiers. Table 3 lists the main parameter

configurations used by the classifiers, which were optimized through
rid search. In Section 3.3.2, we present the MSPDnet to extract spatial

features, with four BiMap/ReEig blocks used for each branch of the
network. In particular, the structure of each branch network is 𝑪0 →

𝑟 → 𝑓 (1)
𝑏 → 𝑓 (1)

𝑟 → 𝑓 (2)
𝑏 → 𝑓 (2)

𝑟 → 𝑓 (3)
𝑏 → 𝑓 (3)

𝑟 → 𝑓 (4)
𝑏 → 𝑓 (4)

𝑟 → 𝑓𝑙,
where 𝑓𝑟, 𝑓𝑏, 𝑓𝑙 denote the ReEig, BiMap, and LogEig respectively. The
transformation matrices 𝐖 within the BiMap layers have been sized
at [𝑑𝑛−1 × 50, 50 × 40, 40 × 30, 30 × 20], respectively, with the
𝑑𝑛−1 referring to the dimension of the input covariance matrix. The
ReEig layer employs a rectification threshold 𝜀 that is set at 1e−8.
The extracted optimal temporal feature patterns and spatial features
are fused in the feature fusion algorithm ATSFF, which is shown in
Fig. 1(e). In particular, the kernel sizes of FC1 and FC2 are 𝐶

𝑟 × 𝐶
and 𝐶 × 𝐶

𝑟 , respectively. Similarly, the kernel sizes of PWConv1 and
WConv2 are 𝐶

𝑟 × 𝐶 × 1 × 1 and 𝐶 × 𝐶
𝑟 × 1 × 1, respectively. 𝐶 is the

channel number of the fused feature, and 𝑟 is the channel reduction
ratio and its value is 8 in this paper. The fused temporal–spatial features
re fed into the FC and softmax layers to derive the final prediction. The
tructure employs an FC layer that has 128 hidden nodes, measuring
ts performance via the cross-entropy loss. The optimizer is Adam,
ith a learning rate 𝛼(⋅) set to 0.01. The training parameters specify
 batch size of 64 and an epoch of 600, and the early stopping strategy
 g

8 
Table 3
The main parameters of the classifiers used in temporal feature analysis.

Algorithm Parameter name and values

KNN n_neighbors = 4, distance metric = ‘Euclidean’
SVM regularization: 0.2, gamma = ‘scale’, kernel = ‘rbf’
RF n_estimators = 200, criterion for split = ‘Gini Impurity’
LDA n_components = 1, solver = ‘svd’

XGBoost estimators: 1000, learning_rate = 0.1,
tree_method = ‘gpu_hist’

MLP hidden_layer_sizes = [8, 16, 32], learning_rate = 0.01,
max_iter = 100, activation = ‘relu’, solver = ‘adam’

is employed to mitigate overfitting.2 The experimental process was
conducted on two NVIDIA GeForce RTX 3090 GPUs, utilizing CUDA
12.1 through the TensorFlow API. All experiments utilize a 10-fold
cross-validation approach to ensure robustness, with the classification
performance being assessed through metrics such as accuracy, recall,
F1-score, and AUC.

4.3. Results of temporal feature

In this section, we conduct extensive analyses of statistical,
nformation-theoretic, and frequency features extracted from the BEEM
Section 4.3.1). Our aim is to reveal how emotional states are expressed

through changes in the energy distribution, dynamic complexity, and
frequency activity of body movements. In addition, we also employ
multiple types of features and their fused features for affective body
expression recognition, striving to construct optimal temporal feature
patterns (Section 4.3.2).

4.3.1. Statistical analysis of multi-dimensional temporal feature
In this section, we thoroughly analyze the body expressions under

various emotional states using multi-dimensional temporal features.
The UCLIC dataset is used for visual analysis. For the four emotions
(happiness, sadness, anger, surprise) in the dataset, we used one-way
ANOVA for between-group comparisons, followed by post-hoc pairwise
omparisons for features showing significant differences among the

four emotion groups. These results are shown in Fig. 3. We perform
Bonferroni correction to counteract the spurious positives caused by
multiple comparisons [53].

As shown in Fig. 3, the VT of the BEEM was significantly different
(𝑝 < 0.05) between groups for all four emotions. The highest VT
was found for fear, followed by happiness, anger, and sadness. This
indicates that body expressions may be more unstable and varied when
experiencing fear. The SK results show higher skewness for fear and
happiness, with no significant difference between sadness and anger
(𝑝 = 0.092). This may indicate that fear and happiness might exhibit
more extreme energy distribution shifts in affective posture expression.
The 1stNor and 2ndNor results also indicate higher values for fear and
happiness, suggesting rapid changes in body movement during these
emotions.

In the information-theoretic features, the C0 shows the most signif-
icant differences across all four emotions. Additionally, the results for
LZC, SE, and C0 indicate the highest complexity in posture movements
nder fear, suggesting complex and diversified patterns in fear-driven
ody expressions. In contrast, sadness exhibits the lowest complex-
ty, reflecting slower and more limited body movements in sadness.
ecause the PSD only differed significantly between groups in the low-
requency band, only the results of PSD in the low-frequency band
re shown. The PSD results revealed that in the low-frequency, the
SD values of sadness were significantly higher than those of the other
motions (𝑝 < 0.05), which suggests that the distribution of energy of

2 Interested readers can contact the authors to obtain the code, and we will
ladly provide the necessary resources.
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Fig. 3. The comparison of different features extracted from the BEEM on the UCLIC dataset over four emotions: Ha-happiness, Sa-sadness, An-anger, and Fe-fear. ‘‘All ∗’’ indicates
significant differences (𝑝 < 0.05) in both between-group comparisons and post-hoc pairwise comparisons between each pair of groups. The horizontal lines with p-values indicate
that the differences between the two groups are not significant in the post-hoc comparisons.
i

B

body postural movements in sadness tends to be in the low-frequency
ange. This may imply that body expressions under sadness have more
acro-movements, i.e., slower and longer-lasting body motions.

Overall, the above results demonstrate three key conclusions: (1)
The results of both statistical and information-theoretic features indi-
cate that fear and happiness lead to highly unstable body expressions
with wide movement ranges and rapid changes, showing high complex-
ity. This may be due to the high arousal nature of these emotions, which
are often accompanied by more pronounced physiological and behav-
ioral responses, like escaping danger or engaging actively. This requires
rapid and varied postural changes and more energy. (2) Sadness is
typically associated with lower values in most features, indicating
reduced intensity and complexity in body movements. This reduction
may correspond to decreased physical activity and more restrained, in-
troverted postures, aligning with findings from psychological studies on
proximate psychological mechanisms [54]. (3) The low-frequency PSD
analysis shows significantly higher values for sadness, which contrasts

ith the lower values observed in other features. This indicates that
ody expressions under sadness tend to be in the low-frequency range,
uggesting that sadness-driven body expressions have slower and more
ustained macro-movements.

4.3.2. Classification results of temporal features
In Section 4.3.1, we observed significant differences in various types

of temporal features across different emotions, and there is strong
complementarity between these features. Based on this finding, we
further explore the performance of different features for affective body
expression recognition and examined the enhancement achieved by
fusing these features. Extensive experiments were conducted using six
common classifiers to identify the optimal combination of temporal
features.

Table 4 shows the performance of statistical, information-theoretic,
requency-domain features, and their fusion feature. The results indi-

cate that the fused features generally provide higher accuracy than
individual features. Specifically, the fused features achieved the best
performance on all datasets with XGBoost and MLP classifiers. For ex-
ample, XGBoost reached the highest accuracy of 89.02% and an AUC of
96.06% on the UCLIC dataset. For the EGBM, KDAE and MPI datasets,
the MLP classifier obtained the highest accuracies of 85.29%, 83.74%
and 72.30%, respectively. These results demonstrate the effectiveness
of fused temporal features in improving emotion recognition perfor-
mance. In summary, fusing temporal features significantly enhanced
9 
Fig. 4. The hierarchical visualization of the proposed MSPDnet on the KDAE dataset
for the (a) input posture covariance matrix, (b) output of the ReEig2 layer, (c) output
of the LogEig layer. (d)–(f) represent the results of the hierarchical visualization in the
second branch network. Different colors indicate different emotional classes.

the recognition performance of affective body expressions. This fu-
sion strategy effectively leveraged the strengths of individual features,
improving the model’s sensitivity to changes in emotional states.

4.4. Results of spatial feature

To analyze the extracted spatial features after different mapping
layer of the MSPDnet, we perform the hierarchical visualization of
MSPDnet on the KDAE dataset using the t-distributed stochastic neigh-
bor embedding (t-SNE) [55], which is shown in Fig. 4. The high-
dimensional output matrices of different layers of MSPDnet are pro-
jected into the 2-D embedded space, and the emotional states are
represented by different colors.

We first draw the raw position and angular covariance matrices
n the network inputs, which are shown in Fig. 4(a) and (d). It can

be observed that spatial features of different emotional classes are
mixed haphazardly. Then, the input matrices are mapped through two

iMap/ReEig blocks, and the outputs of the ReEig2 layer are shown
Fig. 4(b) and (e). We can observe that the distribution of different
in
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Table 4
The classification results of statistical, information-theoretic, frequency-domain, and temporal fusion features on various evaluation criteria (Accuracy, Recall, F1-score, and AUC).

he best results are labeled in bold.
UCLIC EGBM KDAE MPI

Accuracy Recall F1-score AUC Accuracy Recall F1-score AUC Accuracy Recall F1-score AUC Accuracy Recall F1-score AUC

Statistical
Feature

KNN 79.68 78.68 78.10 83.68 75.20 74.40 74.34 83.04 72.12 71.83 69.60 75.56 56.81 54.96 54.36 62.92
SVM 84.20 83.78 82.59 91.59 76.29 74.43 75.42 81.44 77.47 76.43 75.37 84.80 57.01 56.42 55.01 65.90
RF 88.43 87.46 86.82 94.53 79.34 79.58 78.55 83.00 80.29 79.39 78.64 90.63 60.36 60.75 58.02 69.43
LDA 79.23 78.30 77.46 89.04 72.21 69.79 69.31 77.45 74.39 73.67 72.25 83.25 54.34 53.34 51.98 61.10
XGBoost 87.68 86.46 86.14 96.02 80.15 80.01 79.63 87.60 81.29 80.91 79.89 90.30 63.85 63.95 61.66 71.18
MLP 86.15 85.59 84.52 93.28 82.70 82.90 82.41 91.79 82.38 82.07 80.84 89.94 69.28 70.14 68.67 78.77

Information-theoretic
Feature

KNN 77.81 76.92 75.94 82.82 73.57 71.80 71.99 76.98 71.66 69.76 69.31 77.48 52.23 51.36 50.44 59.76
SVM 84.85 84.20 83.35 88.70 74.39 75.39 73.50 84.53 74.57 72.85 72.51 80.67 51.62 51.59 46.76 60.46
RF 84.57 82.91 82.85 89.73 74.30 74.74 73.77 80.36 76.75 76.53 74.37 80.38 59.89 59.34 57.60 65.17
LDA 77.19 75.34 75.50 83.22 70.17 70.72 69.26 74.19 73.29 72.13 70.48 76.23 50.76 49.75 47.69 54.23
XGBoost 86.72 86.07 85.12 92.62 78.02 77.55 77.28 85.41 78.38 77.37 76.59 88.59 58.57 57.96 54.47 62.78
MLP 82.58 81.71 80.83 90.54 81.34 81.86 80.46 87.98 77.89 77.15 76.24 85.25 65.54 64.38 63.57 74.25

Frequency
Feature

KNN 72.64 71.13 69.87 80.18 66.23 65.81 64.64 69.39 65.93 65.40 64.26 72.00 50.05 49.24 47.73 54.00
SVM 79.40 78.70 77.81 87.88 68.67 68.65 67.51 75.09 68.20 67.88 65.35 79.97 52.57 50.27 49.12 57.70
RF 80.48 80.18 78.94 87.82 73.78 72.31 72.29 79.55 72.97 71.69 70.15 79.78 58.53 57.92 54.46 68.02
LDA 74.91 73.98 72.25 78.39 63.74 64.18 62.93 66.06 64.34 61.77 59.81 70.99 55.11 53.06 52.57 58.16
XGBoost 82.12 79.42 79.62 91.74 73.02 70.45 71.70 79.53 78.96 78.34 77.30 85.82 59.82 59.26 57.65 68.50
MLP 76.22 75.29 74.34 84.80 74.80 73.09 73.61 82.08 78.80 76.63 76.36 87.88 67.51 66.88 66.53 75.80

Temporal Fusion
Features

KNN 83.88 82.62 82.13 91.83 76.16 76.41 75.31 81.10 76.83 76.29 74.62 84.14 52.33 52.20 50.28 57.31
SVM 86.04 84.66 84.54 92.20 78.70 79.62 77.97 85.86 79.02 78.54 77.33 89.63 61.87 62.81 59.20 70.24
RF 87.23 86.53 85.70 95.67 81.61 80.89 80.97 88.34 82.47 82.26 81.02 91.93 65.96 66.45 64.94 73.14
LDA 81.78 80.53 80.07 90.50 71.11 71.61 69.97 75.87 75.75 74.73 73.44 84.86 59.45 59.93 56.32 69.57
XGBoost 89.02 88.36 87.61 96.06 82.61 81.85 82.32 90.23 79.93 78.90 78.14 90.92 69.29 67.64 66.65 75.51
MLP 88.48 87.01 87.11 95.75 85.29 85.12 84.95 95.57 83.74 83.01 82.21 92.42 72.30 72.91 69.65 81.31
c

A

b

Table 5
The classification results for MSPDnet with different number of BiMap/ReEig blocks on
arious evaluation criteria (Accuracy, Recall, F1-score, and AUC). The best results are
abeled in bold.

Accuracy Recall F1-score AUC

UCLIC

MSPDnet-1 85.23 85.03 83.33 91.46
MSPDnet-2 92.17 91.36 91.45 95.79
MSPDnet-4 93.69 92.53 92.12 96.89
MSPDnet-8 89.96 88.83 88.36 92.43

EGBM

MSPDnet-1 81.69 81.93 81.41 86.01
MSPDnet-2 88.96 88.02 87.47 90.94
MSPDnet-4 89.74 88.81 88.33 94.37
MSPDnet-8 89.55 88.32 87.22 92.81

KDAE

MSPDnet-1 80.63 79.64 78.35 84.49
MSPDnet-2 87.56 86.39 85.88 91.40
MSPDnet-4 90.76 89.72 89.51 95.65
MSPDnet-8 88.91 88.59 88.44 92.24

MPI

MSPDnet-1 75.73 74.67 72.22 80.63
MSPDnet-2 81.81 80.83 79.70 85.47
MSPDnet-4 84.34 83.24 82.56 89.04
MSPDnet-8 84.72 83.75 83.20 86.97

emotional representations changes significantly, but it is still difficult to
istinguish seven emotions. Finally, we also visualize the final mapped

covariance matrix after the four BiMap/ReEig blocks and LogEig oper-
ations, as shown in Fig. 4(c) and (f), and it can be observed that the
features of different emotions are linearly separable through multiple

apping layers of MSPDnet. The results further prove that the proposed
MSPDnet can learn more discriminative emotion representations from
osture covariance matrices.

Furthermore, we conducted experiments to evaluate the impact of
different number of BiMap/ReEig blocks (1, 2, 4, and 8 blocks) on
he performance of MSPDnet. The results are summarized in Table 5.

The results show that increasing the number of BiMap/ReEig blocks
can improve the MSPDnet performance within a certain range, but
too many layers (8 layers) may lead to performance degradation. This
decline in performance could be attributed to overfitting, especially
when dealing with small-sample datasets like our affective body ex-
pression dataset. Therefore, we chose 4 layers as the optimal balance
10 
Fig. 5. The classification error curves of MSPDnet at different rectification thresholds
𝜀 on (a) EGBM dataset, and (b) KDAE dataset.

that guarantees the model’s performance without increasing the model
omplexity excessively.

Fig. 5 compares the classification error for different rectification
thresholds 𝜀 (1e−2, 1e−4, 1e−8, 0) on the EGBM and KDAE datasets,
which can reflect the effect of different threshold choices on the con-
vergence and performance of the network. Fig. 5 indicates that a higher
𝜀 may include too much noise in the features, while 𝜀 = 0 would
eliminate the rectification effect, significantly reducing the model’s
performance. We found that 𝜀 = 1e−8 yielded the best convergence and
performance across two datasets. Furthermore, the performance was
relatively stable across different 𝜀 values, demonstrating the robustness
of our model to this parameter.

4.5. Effectiveness of attentional temporal and spatial feature fusion

In Section 3.4, we introduce a novel fusion optimization algorithm,
TSFF, designed to integrate temporal and spatial features using a

multiscale channel attention module. To confirm the effectiveness of
ATSFF, we compared the classification performance of fused temporal–
spatial features with temporal features (TF-BF) and spatial features
efore fusion (SF-BF). Furthermore, ATSFF was compared with ad-

vanced temporal and spatial fusion methods and the results are shown
Table 6.
in
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Fig. 6. The recognition accuracy (%) of temporal features, spatial features, and ATSFF for different emotions on (a) UCLIC dataset, (b) EGBM dataset, (c) KDAE dataset, and (d)
PI dataset.
Table 6
The classification results of different feature fusion methods on various evaluation criteria (Accuracy, Recall, F1-score, and AUC). The best results are labeled in bold.

UCLIC EGBM KDAE MPI

Accuracy Recall F1-score AUC Accuracy Recall F1-score AUC Accuracy Recall F1-score AUC Accuracy Recall F1-score AUC

TF-BF 89.98 89.00 88.50 94.52 87.33 86.38 85.75 94.09 86.92 85.97 85.32 94.45 77.07 76.20 75.09 83.35
SF-BF 93.69 92.53 92.12 96.89 89.74 88.81 88.33 94.37 90.76 89.72 89.51 95.65 84.34 83.24 82.56 89.04

TSFF-CON 92.38 91.29 91.39 94.63 91.90 90.93 90.02 93.30 91.31 90.28 90.07 94.29 81.35 80.17 79.45 85.26
TSFF-FC 94.89 93.85 93.73 96.16 93.87 92.61 92.32 94.96 93.37 92.41 92.09 95.59 85.93 84.95 84.29 91.73
TSFF-PWConv 94.87 93.78 93.71 97.14 92.84 91.70 91.98 94.34 92.53 91.55 91.18 96.19 86.97 86.01 85.40 92.55

ST-GCN [20] 91.84 90.85 90.43 94.95 93.19 92.19 91.84 97.89 91.90 90.99 90.66 96.88 83.85 82.92 82.17 91.19
MS-G3D [56] 95.20 94.18 93.92 98.25 94.36 95.33 94.51 96.00 93.48 92.60 92.32 97.96 89.37 88.42 87.99 94.41
ST-TR [57] 94.99 93.97 93.71 97.93 93.78 92.77 92.45 96.33 93.31 92.42 92.14 97.19 86.12 85.12 84.56 92.96
ATSFF 96.91 95.80 95.67 98.90 97.43 97.25 96.99 98.44 96.67 95.94 94.96 98.27 90.61 89.50 88.98 96.49
Table 7
The comparison of the proposed method and existing methods.

Research Dataset Acquisition
device

Movement
information

Methodology Recognition performance

Burton et al. [58] UCLIC Mocap Pos, Rot LMA+HMM 72.00%
Wang et al. [59] UCLIC Mocap Pos, Rot Low/high-level postural

and temporal features+RF
78.00%

Dewan et al. [60] UCLIC Mocap Pos LMA+LSTM 87.30%
Sapinski et al. [29] EGBM Kinect Pos, Rot RNN-LSTM 69.00%
Zhang et al. [25] EGBM Kinect Pos, Rot AS-LSTM 74.10%
Avola et al. [61] KDAE Mocap Pos Low-level postural

features+MVRL
64.10%

Ghaleb et al. [28] KDAE Mocap Pos, Rot ST-GCNs 65.00%
Oguz et al. [32] KDAE Mocap Pos, Rot Postural statistical

features+RegNetY-800MF
99.99%

Farinelli et al. [62] KDAE Mocap Pos, Rot LMA+LSTM 96.00%
Shirian et al. [63] MPI Mocap Pos, Rot GCN, L-GrIN 56.03% using GCN,

58.59% using L-GrIN
Crenn et al. [64] UCLIC, MPI Mocap Pos, Rot Posture and temporal

features+SVM
UCLIC: 74.00%, MPI: 78.60%

Our method UCLIC, EGBM,
KDAE, MPI

Mocap, Kinect Pos, Rot Fused temporal–spatial feature UCLIC: 96.91%, EGBM: 97.43%,
KDAE: 96.67%, MPI: 90.61%

Abbreviations: AS-LSTM: LSTM network based on attention, GCN: Graph Convolution Network, HMM: Hidden Markov Model, L-GrIN: Learnable
Graph Inception Network, LMA: Laban Movement Analysis, LSTM: Long Short-Term Memory, MVRL: Multi-View Representation Learning, Pos:
Position, RegNetY-800MF: Regular Network Y-800 MegaFLOPs, RF: Random Forest, RNN: Recurrent Neural Network, Rot: Rotation, ST-GCNs:
Spatio-Temporal Graph Convolutional Networks, SVM: Support Vector Machine.
11 
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Fig. 7. The confusion matrices of the proposed method on the (a) UCLIC dataset, (b) EGBM dataset, (c) KDAE dataset, (d) MPI dataset.
As presented in Table 6, ATSFF outperformed individual temporal
or spatial features across all datasets, with an accuracy improvement
of 3.22–13.54%. Additionally, to assess the performance improvement
of fused features on different emotions, Fig. 6 shows the recognition
accuracies of individual temporal and spatial features compared to
fused features for different emotions across four datasets. As shown
in Fig. 6, the fused feature (ATSFF) well integrates the complemen-
tary between TF-BF and SF-BF in recognizing various emotions. For
instance, in the KDAE dataset, TF-BF had only 88.52% accuracy and SF-
BF showed 71.37% in recognizing surprise, while their fusion feature
achieves 95.15% accuracy. These findings indicate that the proposed
ATSFF significantly enhances the model’s sensitivity and discrimination
for different emotions.

To verify the superiority of the proposed two-branch ATSFF in
jointly extracting global and local information, we conducted three
ablation experiments to compare the proposed ATSFF with TSFF-CON,
TSFF-FC and TSFF-PWConv. TSFF-CON is a traditional temporal–spatial
feature concatenation method. TSFF-FC is a single-branch global fea-
ture fusion model constructed using GAP and FC, and TSFF-PWConv is
a single-branch local feature fusion model constructed using PWConv.
Furthermore, we also compare three advanced temporal and spatial
fusion methods, i.e., spatial–temporal graph convolutional networks
(ST-GCN) [20], multi-scale spatial–temporal graph convolution (MS-
G3D) [56], and spatial–temporal transformer network (ST-TR) [57]. As
shown in Table 6, ATSFF achieved the best recognition results on all
datasets. These results indicate that ATSFF significantly outperforms
traditional feature fusion methods and surpasses current advanced
temporal–spatial fusion techniques. This may be attributed to ATSFF’s
two-branch network structure, which can dynamically extract con-
textual information of the fused features at both global and local
scales, achieving attentional feature fusion across temporal and spatial
domains.
12 
4.6. Performance of the affective body expression recognition framework

Fig. 7 shows the recognition results of the proposed method on
the four datasets in the form of confusion matrix. As shown in Fig. 7,
the proposed method performs well in identifying all emotions on
the UCLIC, EGBM, and KDAE datasets, achieving an accuracy rate
exceeding 94% for each emotion. It is important to note that both
UCLIC and EGBM are small sample datasets. The classification accuracy
on the MPI dataset was lower compared to the other datasets. This
may be due to the significant imbalance among the 11 emotional
categories in the MPI dataset. Nevertheless, the model maintained a
recognition accuracy exceeding 84% for all emotions, with particularly
high accuracy rates for amusement and shame, surpassing 94%. These
findings demonstrate the robustness of our method across datasets with
significant variance, proving its effectiveness in handling small-scale
and imbalanced data.

To evaluate the computational complexity of our proposed model,
we calculated the Floating Point Operations (FLOPs) [65] of our model.
FLOPs measure the number of floating-point arithmetic operations a
model can perform in one second, providing a clear understanding
of its efficiency and computational complexity. For the most complex
KDAE dataset, the FLOPs value of our model is 0.22 G. This result
demonstrates the lightweight nature of our model, which can achieve
a good balance between accuracy and computational complexity.

4.7. Comparison with different methods

In this section, we present a comprehensive comparison of the pro-
posed method with state-of-the-art methods. The comparison includes
the used datasets, data acquisition equipment, anatomical movement
information, specific methods and recognition results. As shown in
Table 7, our method uses the most validation datasets, including major
collection devices like Kinect and Mocap. Furthermore, the proposed
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method effectively utilizes positional and rotational information from
ffective body expressions, achieving optimal classification results on
he UCLIC, EGBM, and MPI datasets, with recognition accuracies of
6.91%, 97.43% and 90.61%, respectively. Specifically, our method
utperforms the RF, SVM, and HMM based on hand-crafted posture
eatures, as well as deep learning methods using LSTM and GCN ar-
hitectures. These results further demonstrate the excellent recognition
erformance and generalization ability of our method.

On the KDAE dataset, our method also performed well, achieving
a classification accuracy of 96.67%, although slightly lower than the
results reported in [32]. It is important to note that the method in [32]
chieved the best classification results on the KDAE dataset to date.
n their work, the authors extracted several statistical features from
ody motions, including mean, root mean square (RMS), continuous
avelet transform (CWT), and joint neighborhood distance (JND). They

hen combined the extracted features with various machine learning
nd deep learning models for emotion recognition. However, this ap-
roach only considered statistical posture features in the temporal
omain and achieved good results solely on the KDAE dataset. In con-
rast, our method effectively fused temporal–spatial features, achieving
ood classification performance across various datasets. This further
emonstrates that the proposed method offers better generalizability
n affective body expression recognition.

5. Conclusion and future work

This study introduces an affective body expression recognition
framework to provide a universal and effective solution for decod-
ing the complex mapping between emotions and body expressions.

his framework extracts advanced and interpretable temporal–spatial
eatures and employs a novel attentional feature fusion algorithm.
articularly, by introducing the interpretable body expression energy
odel (BEEM) and the multi-input symmetric positive definite matrix
etwork (MSPDnet), our framework effectively quantifies and decodes
he energy distribution, dynamic complexity, frequency activities, and
he spatial Riemannian representation between body joints in body
xpressions. Furthermore, by utilizing a multiscale channel attention
odule with a two-branch bottleneck structure, the proposed ATSFF

lgorithm achieves attention temporal–spatial feature fusion at both
lobal and local scales, significantly improving the performance of
ffective body expression recognition.

Although the proposed framework has made significant progress
in emotional body expression recognition, there are still some limita-
tions and constraints. First, a significant challenge for our approach is
dealing with complex or imbalanced body expressions, such as those
n the MPI dataset. To address this issue, future work will explore
nnovative data augmentation techniques. For instance, Generative Ad-
ersarial Networks (GANs) can be employed to generate more complex
ody expression data, thereby increasing the diversity of the training
et. Additionally, geometric transformations and temporal perturbation
echniques can be used to produce affective body expressions from
ifferent perspectives and scales. These techniques aim to create a
ore varied and representative training set, thus improving the model’s

eneralizability and accuracy in decoding rare or complex body expres-
ions. Second, the current recognition framework lacks research on the
elative contribution of different body joints in body expressions. Fu-
ure work will consider introducing modules of attention mechanisms
argeting body joints within the recognition framework. These mod-
les can utilize Self-Attention or Multi-Head Attention mechanisms to
ynamically assign weights to body joints, enabling the model to focus
ore precisely on joint motions that carry key emotional information,

thus improving emotion recognition performance.
Furthermore, we will continue to explore the potential applications

of the proposed framework in various fields, including healthcare, vir-
tual reality, and education. In healthcare, the framework could monitor
patients’ emotional states, providing valuable insights for mental health
13 
treatment and care. In virtual reality, enhancing avatars with the ability
to recognize and express emotions through body expressions could lead
to more immersive and engaging experiences for users. In education,
recognizing students’ emotions through body expressions could help
educators tailor their teaching strategies to better meet the emotional
needs of their students.
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