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Abstract—How do humans recognize an action or an in-
teraction in the real world? Due to the diversity of viewing
perspectives, it is a challenge for humans to identify a regular
activity when they observe it from an uncommon perspective. We
argue that discriminative spatiotemporal information remains
an essential cue for human action recognition. Most existing
skeleton-based methods learn optimal representation based on
the human-crafted criterion that requires many labeled data
and much human effort. This paper introduces adaptive skeleton
representation transformation (ASRT) neural networks to define
optimal representation through a skeleton data-driven manner.
Furthermore, empowered by a novel attentional LSTM (C3D-
LSTM) encapsulated with 3D-convolution, the proposed ASRT
could enable memory blocks to effectively learn short-term frame
dependency and long-term relations. Hence, the proposed model
can more accurately understand long-term or complex action.
Enhanced by learned high-performance spatiotemporal represen-
tation, the proposed model achieves state-of-the-art performance
on five challenging benchmarks.

Index Terms—human motion recognition, deep learning, at-
tentional LSTM, skeleton representation.

I. INTRODUCTION

HUMAN action recognition is a key research area
in human-robot/computer interaction and collaboration

with rapid developments in recent years. It has been an im-
portant technology in many practical applications that mainly
includes monitoring security, gaming control, complex object 
movements, smart security systems, video understanding, and 
healthcare [1], [2]. Generally, according to the types of input 
data, RGB-D data and skeleton data are widely used to rep-
resent human actions. It has been proved that skeleton-based
data is a kind of high-level representation which has dynamics
robustness and anti-interference [3]. Like many state-of-the-art 
studies discussed in [4], in this study, we focus on skeleton-
based human action/interaction recognition. Thanks to the 
emergence of sensors/cameras, such as Microsoft Kinect, dual-
camera sensors, and Intel RealSense, various skeleton data can 
be conveniently accessed.

For human action recognition, a large number of methods 
have been proposed and achieve excellent results. Extracting 
3D human motion features from the complex background by 
using the input of depth data, which is one of the main 
current ideas. For example, in [5], a novel deep model was 
proposed for depth-image-based human action recognition, in 
which the combination of weighted hierarchical depth motion 
maps and three-channel Conv-Nets has an excellent ability 
to mining discriminative features. In [6], [7], the distance 
information included in-depth data was utilized to calculate 
key features, in which the basic idea is to project the raw 3D 
information onto multiple 2D planes. In [8], a super normal 
vector (SNV) was proposed in a 4D space by introducing local 
hypersurface normal grouping strategy, which differs from 
2D-planes-based methods and achieves a better average rate. 
In this paper, we extend the conversion of key joints to the 
perspective conversion of the complete human skeleton model 
to obtain the optimal skeleton representation. Note that vari-
ous skeleton-representation-based methods and depth-images-
based action recognition methods, like introduced above, have 
been developed and applied in a wide range of applications. 
However, these studies have three main limitations: 1) Poor 
performance in the changing and complex scenes, such as 
illumination and occlusion; 2) These skeleton representations 
must be designed by human prior knowledge which is time-
consuming and takes a lot of works; 3) Because of the different 
views of data acquisition, manual-based representations cannot 
achieve comprehensive coverage of key features.

For human interaction recognition, many scholars have 
treated it as a combination of various individual actions. 
For example, a two-stream network was proposed accord-
ing to human body skeleton kinematics, which can model 
the spatial frame of each motion object [9]. The optimal 
geometric relational features were proposed by calculating 
the distance between all pairs of joints [10]. Similarly, some 
feature extracted works were proposed, in which the key idea 
is to extract the features of interactive objects to model the 
spatiotemporal relationship [11]–[13]. Besides, some novel 
skeleton representations were designed based on prior knowl-
edge to describe the relationship between motion object groups 
as much as possible, shown as in [14]–[16]. However, as 
the perspective of the camera changes, the skeleton data 
representations of the same action would be different. How 
to select the best representations for model training is the



key to improving the performance. Although the development
of CNNs, RNNs, and skeleton definition methods has pro-
moted considerable study conducted for human interaction
recognition, this study is still relatively unexplored. In most
recent advanced works, extracted features cannot effectively
represent the intrinsic interaction relationship, this is because
high-performance skeleton-based features cannot be obtained.
Continuous input motion sequence cannot be learned effi-
ciently that reduces the recognition performance, especially
for complex motion and interactive action recognition.

The study is partially motivated by the recent success of the
attentive module from the eidetic classification model and the
novel idea of viewpoints adaptive transformation [17]–[19].
In this work, the purpose is to solve the high-performance
representation extracted problem and continuous action se-
quence modeling problem to improve excellent performance
for skeleton-based human action and interaction recognition.
An adaptive model is proposed to automatically extract the
key representations and recall both long-term and short-term
features from the input sequence. Specifically, a method for
adaptive selection of the best representations is proposed to
replace prior-knowledge-based human predefined representa-
tions, namely, the ASRT network; we propose an LSTM-
based subnetwork that encapsulated 3D-Convs for complex
and interactive action sequences modeling, namely, the C3D-
LSTM network.

The contributions of the study are summarized as follows:

1) An adaptive skeleton definition method is proposed
to re-locate the viewpoint of the virtual camera for
creating the new coordinate system by the translation
and rotation. The new best skeleton representations can
be obtained for network learning and classification under
the new coordinate system.

2) A new network architecture is proposed for learning
spatiotemporal representations, by integrating the 3D-
Conv modeling operation into the LSTM network and
introducing a re-designed attention mechanism. In this
subnetwork, the new architecture focuses on modeling
global long-term features and local short-term features
and recalls the key representations.

3) An end-to-end training scheme is designed for self-
regulated parameter learning. It can obtain the optimum
parameters and also save time and effort invested in
the need assessment. Moreover, to improve the perfor-
mance in the application, the skeleton data enhancement
method is utilised by randomly rotating and translating
skeleton coordinates.

4) Considerable experiments are conducted, including ab-
lation studies and public dataset tests. First, high-
performance representations are demonstrated and ob-
tained by the ASRT network rather than manual design,
and the C3D-LSTM network outperforms the traditional
RNNs and CNNs. Next, experiments are conducted on
five challenging benchmark datasets and comparison
with extensive state-of-the-art works is deeply discussed.

The remainder of the work is organized as follows: Section
II briefly reviews related work about RNNs and CNNs. Section

III describes the proposed method for skeleton-based human
action/interaction recognition. Section IV reports experimental
results and the comparison with the state-of-the-art methods.
Section V concludes the study and discusses future work.

II. RELATED WORK

A. Deep learning for human action/interaction recognition

In earlier studies, some methods based on EMG, Gaussian
model, and new fuzzy framework achieved excellent results
for human-hand motion recognition [20]–[22]. With the de-
velopment of deep learning, many neural networks have been
proposed to detect and recognize human actions, in which the
features learning and extracting are finished by these advanced
neural networks, such as CNNs and RNNs. 2D-CNN-based
models and 3D-CNN-based models have a strong ability for
image classification. The basic idea of these advanced methods
is to assign the values of the skeleton coordinate system
to three channels, in which the joint information and input
sequence frames are corresponding to the rows or the columns,
respectively. For example, in [23]–[25], some works generate
multiple images that represent the skeleton joints, including
shoulders, hips, and hands; CNN-based models can be used to
learn these images. Comparing with the CNN-based models,
3D-CNN-based models can model the temporal features by
using their high-dimensional convolution, and the input is the
sequence frames rather than the individual frame, such as
in [26], [27]. For effective modeling spatiotemporal features,
CNN-based deep models achieve satisfactory results. A deep
model was proposed with a novel neural operation for video
action analysis and achieved state-of-the-art performance on
many benchmarks and challenges [28]. Similarly, the follow-
ing latest works were proposed for the contextual analysis of
behaviors in videos, including CA-GC [29], DMGNN [30],
Dynamic GCN [31], and GCN-NAS [32].

For the global long-term temporal feature extraction,
LSTM-based models have been developed, in which the
spatial-temporal LSTM networks (ST-LSTM) are the focus of
recent research. The basic idea is to divide the whole skeleton
joints into various parts and input each part into different
cells of LSTM. Additionally, the attention mechanism was
introduced to the LSTM-based models for learning long-term
features, which was introduced outside the network structure
rather than inside the unit. Besides, two-stream fusion net-
works were designed, including fussing of the same network
structure and fussing of two different networks. Note that
most recent studies utilize the weighted average to fuss the
results obtained from two-stream networks, and the structure
is mainly series and parallel. Researchers have paid much
attention to the above methods and conducted extension, such
as in [33]–[36].

B. Motivation

Considering the recent works, some challenges are sum-
marized in two parts, shown as follows. In the study, we
improve the recognition performance from a novel research
perspective, that is, adaptive design skeleton representation
for each input motion sequence, 3D-CONVs and Attention
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Fig. 1. Architecture of the proposed ASRT-C3D-LSTM model. This model consists of four parts, that is the skeleton data preprocessing subnetwork, the
ASRT subnetwork, the C3D-LSTM subnetwork, and the classifier. The input skeleton frames undergo the following changes, as shown in grey arrows: 1)
Raw data with irregularly changing sensors as coordinate systems; 2) After preprocessing, the raw data is transformed to regular data, that is, setting the first
frame of input sequence as the coordinate center; 3) After automatic transformation of skeleton data, the new representations can be obtained in the optimal
coordinate system.

mechanism introduced inside the LSTM for feature extraction
and learning, and the combination of end-to-end training
schemes and data augmentation for model effective training.

First, for skeleton representation definition: 1) For skeleton-
based researches, the issue of changing in skeleton data col-
lection perspectives has not been concerned, which is the main
challenge for effectively modeling the internal connections
between various parts of the object; 2) Hand-design skeleton
representations that based on human prior knowledge not
applicable to all scenes and spend lots of time and energy; 3)
Inflexible and invalid human-defined alignment standard that
needs to be finished in the input part cannot achieve high-
performance motion recognition.

Next, for classification and modeling networks: 1) Poor
performance in modeling global long-term temporal features
which is the challenge for continuous motion sequence recog-
nition, especially for interactive activities; 2) The weighted-
mean-based fusion network, that is, fussing the results from
CNNs and RNNs output, cannot exploit the internal relation-
ship between temporal and spatial features; 3) The idea of in-
troducing the attention mechanism outside LSTM cannot recall
certain frame information from the global motion sequence; 4)
Owing to the complex network structure, training method, and
insufficient skeleton data, it is difficult for most recent studies
to obtain the optimal parameters efficiently.

III. ADAPTIVE SPATIOTEMPORAL REPRESENTATION
LEARNING

A new method is proposed for skeleton-based human action
recognition and it consists of four parts, that is, skeleton data
preprocessing, adaptive skeleton representation transformation
network (ASRT), LSTM-based classification network with a
novel update mechanism (C3D-LSTM), and the end-to-end
training process. The architecture of the proposed model is

shown in Fig. 1. This section first presents the data pre-
processing method for transforming the raw human skeleton
coordinate system to the new coordinate system. then the
ASRT network is presented for automatically selecting the
best representations rather than pre-design the representations
with human prior knowledge. Next, the C3D-LSTM network is
proposed for modeling spatiotemporal features by introducing
3D-Convs and a new forget gate, especially for modeling
global long-term representations. Finally, an end-to-end train-
ing method is discussed that can obtain satisfactory model
parameters.

A. Skeleton data preprocessing
In general, the skeleton data that have been collected by

using the camera sensor are corresponding to the global
coordinate system, namely, the coordinate origin is placed
at the camera sensor. It is difficult to detect the start and
end stages of a continuous action. Therefore, the original
coordinate system is translated to the proposed coordinate
system O, namely, setting the center of the body skeleton in
the first input frame as the origin of coordinates, shown as
Fig. 2.

In the study, for various locations and orientations, it always
makes sure that the extracted futures have translation invari-
ance. The main method is by extracting the skeleton features
in the relative position, as shown in (1). Where O and O′

denoted the raw coordinate and the proposed coordinate. T
represents the coordinate of the hip center, it is denoted as
[xh, yh, zh]−1 .

O′ = R ∗O + T (1)

three new axes are defined as, namely, X1-axis, Y1-axis and
Z1-axis, which have corresponding vector representations. X1-
axis, the normal vector of the plane that consists of the spine
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Fig. 2. Illustration of the change of the skeleton coordinate system. A raw
skeleton sequence is an input to the model, in which each frame was collected
in various viewpoints with the different 3D coordinate systems. For efficient
modeling, setting the body center of the first frame as the coordinate origin
and recording all the frames of the input sequence.

point, left hip point and right hip point, and it is denoted as
(j1, j2, j3) . Z1-axis, the vector obtained by calculating the
vector between the hip center and the spine joint, and it is
denoted as (j4, j5, j6) . Y1-axis, the dot product of the X1-
axis and the Z1-axis, it is denoted as (j7, j8, j9) . R is the

rotation matrix

 j1 j2 j3
j4 j5 j6
j7 j8 j9

.

B. Adaptive skeleton representations transformation network
(ASRT)

Motivated by the principles of Kinect sensor data collection,
that is, the coordinate system of skeleton data is established
based on the position of the sensor. For adaptive selection
of the best skeleton data representations, a new network is
proposed by introducing a virtual camera before action recog-
nition. The proposed ASRT can automatically extract view-
invariant features of a human skeleton by introducing a virtual
observation camera. The virtual camera can re-observe the
skeleton data from the best viewpoints, and further transform
the pre-processed data into the new representations. The main
idea is to obtain the best viewpoint of the virtual camera to
establish the new coordinate system at every frame, as shown
in Fig. 3. The virtual camera is an explanation of how ASRT
works. Actually, the ASRT module can adaptively convert the
input human skeleton model after training. The process is
described as a virtual camera looking for observation points.

In the proposed ASRT network, given an input skele-
ton data sequence L, setting the vector of the jth (j ∈
(1, 2, ..., J)) skeleton joint on the coordinate system O as
st,j = [xt,j , yt,j , zt,j ]

T , where t ∈ (1, 2, ..., T ) is the
frame. We can get the set of the joints in the tth frame,
that is, St,j = {st,1, st,2, ..., st,j} . Next, we set O′t as the
best viewpoint coordinate system in the tth frame, and O′t
can be obtained by the translation operation rt. αt, βt, θt
are radians that rotate around the X-axis, Y-axis and Z-axis,
respectively, under the coordinate system O. Corresponds
to the radians, Rxt,α, R

y
t,β , R

z
t,θ are the coordinate rotation

matrixes that can be obtained from (2). Therefore, the set
of Kt = {αt, βt, θt, rt} includes the key parameters for the
coordinate system translation and rotation in the tth frame.

2. The skeleton sequence in 
the O coordinate system

3. The new skeleton 
representation in the 

optimal coordinate system

Virtual sensor

rotation

translation

Automatic skeleton representations transformation network

Fig. 3. Illustration of the process of the adaptive skeleton representation
transformation. In this subnetwork, a virtual sensor that can simulate human
prior knowledge to adaptively select the optimal collected viewpoint, obtaining
the new skeleton representation that can be effectively learned and classified.
In this process, each input frame would be translated or rotated around the
coordinate axis, and all the parameters (including the translation distance and
the rotation angle) would be obtained by the end-to-end training.

Rxt,α =

 1 0 0
0 cos(αt) − sin(αt)
0 sin(αt) cos(αt)

T

Ryt,β =

 cos(βt) − sin(βt) 0
sin(βt) cos(βt) 0

0 0 1

T

Rzt,θ =

 cos(θt) 0 sin(θt)
0 1 0

− sin(θt) 0 cos(θt)

T

(2)

Similarly, the new skeleton representations of the tth frame
on the coordinate system O′t can be denoted as s′t,j =
[x′t,j , y

′
t,j , z

′
t,j ]

T . As defined above, we can obtain s′t,j from
(3).

s′t,j = [x′t,j , y
′
t,j , z

′
t,j ]

T = Rxt,αR
y
t,βR

z
t,θ(St,j − rt) (3)

Finally, for obtaining the set of Kt = {αt, βt, θt, rt} (the
key parameters for the ASRT network), the traditional CNN
network is utilised and it consists of two CNN layers and an
FC layer to learn the input skeleton data st,j at the tth frame,
as shown in the second part of Fig. 1. Specifically, the input
skeleton sequence would be transformed to a feature map for
the CNN model learning, in which columns and rows represent
frames and joints, respectively. The translation vector (namely,
rt ) and the rotation matrixes (namely,Rxt,α, R

y
t,β , R

z
t,θ ) can

be obtained accordingly. The obtained skeleton map also can
be used as input to the C3D-LSTM network (the details
will be described in the next section). Note that the input
of 3D-CNN increases the temporal dimension, that is, the
input is a continuous frame sequence rather than each frame.
The proposed model focuses on the transformation of the
overall skeleton model instead of the single joints. Hence, the
performance is expected to be stable even without some joints.

C. Temporal information learning (C3D-LSTM)

An excellent skeleton-based classification model relies on
effective learning of long-term representations, 3D-CNN and



LSTM are popular network architectures for learning spa-
tiotemporal features. The key idea is to integrate 3D-Convs
inside all units of LSTM for the combination of the convolu-
tional features and the recurrent transition when learning the
input new skeleton representation sequence (it is obtained from
the ASRT network).

The overall architecture of the proposed C3D-LSTM net-
work is shown as the third part in Fig. 1, mainly including
the encoding and decoding process of 3D-CONVs as well as
the feature modeling part. The input sequence is transformed
by the 3D-Conv layer to obtain four-dimensional feature
maps. Next, the network operation mechanism is replaced
by introducing the 3D-Conv operation for local short-term
features and spatial features learning. Besides,the forget gate
update function is re-designed for improving global long-term
features learning. Finally, the SoftMax classifier is utilized that
the number of neurons is equal to that of activities classes.

The LSTM network includes the following gates: the input
gates it ,i′t ,gt ,and g′t ; the output gate ot ; the forget gates ft
and f ′t . It also includes four inputs, namely, the raw sequence
st , the previous spatiotemporal memory states mk−1

t , the
previous hidden states hkt−1 , and the previous memory states
ckt−1 . Note that i′t , g′t , and f ′t are utilized to learn the
previous spatiotemporal memory states mk

t ; ckt , mk
t , and hkt

are the corresponding present memory states; w and b are the
corresponding weights and bias, respectively. Given an input
sequence at tth time stage and kth layer, all of the update
equations are shown as follow:

it = σ(wi[h
k
t−1, st] + bi)

gt = tanh(wg[h
k
t−1, st] + bg)

ft = σ(wf [hkt−1, st] + bf )
ckt = it � gt + ft � ckt−1
mk
t = it

′ � g′t + f ′t �mk−1
t

ot = σ(wo[st, h
k
t−1, c

k
t ,m

k
t ] + bo)

hkt = ot � tanh(wh[ckt ,m
k
t ])

(4)

Where ckt is the most important update function, in which
both it and gt can extract local motion features, ft can select
key features from the long-term memories, ckt−1 is aimed to
extract short-term features.

First, 3D-Convs are integrated inside all the LSTM units, the
proposed model can learning the input sequences, the input is
denoted as ckt−τ,t−1 , where the corresponding frames are from
t−τ tot−1 . The key update functions are shown in (5), where
⊗ is the 3D-Conv operation, all the values of the network are
four-dimensional tensors. Note that the 3D-Conv operation is
also introduced instead of the traditional convolution operation
in other update equations.

iC3D
t = σ(wi ⊗ hkt−1 + wi ⊗ st + bi)
gC3D
t = tanh(wg ⊗ hkt−1 + wg ⊗ st + bg)

(5)

For improving the ability to learn long-term representations,
the forget gate is re-designed by introducing the new update
function. The re-designed forget gate is denoted as fC3D

t that

can recall the key representations from all historical memories.
The re-design process is shown as follows:

pcontrolt = σ(wp ⊗ [st, h
k
t−1] + bp)

fC3D
t = softmax(pcontrolt [ckt−τ,t−1]T) · ckt−τ,t−1

(6)

Where pcontrolt is aimed to locate the key historical memo-
ries from the input sequences by accessing the raw frames and
the previous hidden states, which is important for modeling
both long-term features and short-term features; pcontrolt and
ckt−τ,t−1 have the same dimension,and ckt−τ,t−1 can be matrix
multiplied with pcontrolt after transposed; the softmax function
assigns the probability to the located key frames for computing
the relationship between the key frames and the global input
sequence at the tth frame.

From the improvement described above, we can obtain
the new ckt function, as shown in (7). Where iC3D

t and
gC3D
t are the four-dimension that focus on the local motion

representations; the LayerNorm function can eliminate the
covariance shift, which is widely used in the RNNs modeling;
� is the Hadamard product. Comparing with the recent state-
of-the-art RNNs, the re-design model has a better ability to
focus on the key representations from the long-term sequence.

ckt = iC3D
t � gC3D

t + LayerNorm(ckt−1 + fC3D
t ) (7)

D. Model training

For many supervised tasks such as human activity recogni-
tion, inadequate supervision is a challenge for training RNNs
over time. In this study, to obtain a satisfactory network,
we train the ASRT-C3D-LSTM network with an end-to-end
approach, as shown in Fig. 4. Comparing with other training
methods, we view the ASRT network and the C3D-LSTM
network as an entire trainable network. Note that the gradients
of the loss function can flow in their own networks, and it can
also continue to flow between two sub-networks. We use the
cross-entropy function as the loss function, and ∆(·) denotes
that the training process of this parameter uses the cross-
entropy function. As shown in (8), where ∆rt is the loss
function of the translation vector, J is the number of skeleton
joints in the tth frame, ∆s′t,j is the loss function of the vector
obtained from the ASRT network.

∆rt = −J∆s′t,j(R
x
t,αR

y
t,βR

z
t,θ) (8)

We can also denote loss functions of other key parameters,
as shown in (9). Where ∆αt , ∆βt and ∆θt are the loss
function of rotation parameters. Note that, for improving the
performance of the proposed model in the real world, data
enhancement is conducted for enriching skeleton data with
various viewpoints. This is because all of the samples collected
with the limited capturing viewpoint. The basic idea is to rotate
and translate the skeleton data around the X1-axis, Y1-axis,
and Z1-axis when training the model at the frame level.

∆αt = ∆s′t,j
∂(Rxt,αR

y
t,βR

z
t,θ)

∂αt

∑
(St,j − rt)

∆βt = ∆s′t,j
∂(Rxt,αR

y
t,βR

z
t,θ)

∂βt

∑
(St,j − rt)

∆θt = ∆s′t,j
∂(Rxt,αR

y
t,βR

z
t,θ)

∂θt

∑
(St,j − rt)

(9)
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Fig. 4. Illustration of the process of end-to-end training. In this training
scheme, the loss function can flow in the model rather than in each subnet-
work; the red arrow denotes the parameters flow forward and the blue arrow
denotes the process of the loss function flow; for the entire training process,
the key parameters can be shared.

IV. EXPERIMENTAL RESULTS

A. Experimental settings

Although motion capture (Mocap) data can represent human
action more accurately, it cannot be widely applied in the real-
world due to its complicated setup and high cost. Additionally,
most of the benchmark datasets for state-of-the-art work eval-
uation are collected by the Kinect. Hence, Microsoft Kinect
data is utilized in this work. Five datasets are introduced that
are commonly utilized to test the model for human action
recognition, and these datasets are described as follows. First,
MSR-Action-3D dataset includes 20 individual actions that
consist of similar activities and complex activities; we divide it
into three tests, that is, 1/3 of samples for training (Test one),
2/3 of samples for training (Test two), and 1/2 of subjects
for training (Cross subject test). Next, SBU Kinect Interaction
dataset consists of eight different interaction activities, which
is a popular dataset for studying interactive action recognition,
and we also conduct three tests that are similar to the above
setting. Third, NTU RGB-D dataset has 60 different action
classes with various collected views, which is the largest
dataset and is a challenge for human action recognition; views
2 and 3 are inputted for training, view 1 is inputted for
testing. After that, North Western-UCLA dataset (NW-UCLA)
[37] includes 1494 samples composed of 10 actions. Finally,
Multiview Activity II Dataset (UWA3D) [38] consists of 1075
samples collected from four different views.Due to the diverse
observation angles, occlusion, and high similarity of activities,
it is a challenge for human action analysis.

Note that the pre-trained parameters from ImageNet are
utilized for the proposed model initialization; the training
setting is similar to [19], that is, the number of kernels is
128, the kernel size is 5, and the stride is 2, the batch size is
32. For the tests on the public datasets, this part follows the
public standard protocols that can be described below.

B. Ablation study

First, to show the superior performance of the represen-
tations obtained from the ASRT network, the comparison
between its recognition rate and that of the human predefined
representations on two datasets is shown in Table I. The
results show that ASRT-based representations achieve the
best performance in various scenes, which proves that the
specific features from different types of skeleton data need
to be targeted learning. This targeted learning method enables

the representation to be more discriminative among various
activities. Besides, the data enhancement is utilized that in-
creases the skeleton data diversity within the training stage,
which can also improve the performance. The representation
transformation results of the proposed ASRT network are
shown in Fig. 5. In sub-Figure (a), the transformation results
of four frames obtained from a continuous input sequence are
obtained. The results show that transformed representations
have consistent viewpoints and the method can keep the
continuity of an action, what are the key factors for the feature
modeling in the next stage. In sub-Figures (b) and (c), we
show the two group interactions finished by two participants
(denoted as P1 and P2), that is, “pushing” and “walking
towards”, both interactions are similar. We randomly select the
transformation results of two frames in each interaction. The
results show that the method can transform the representations
in the same direction without confusion, though the sequence
consists of both objects. Therefore, the key factors mentioned
above also are still valid in interactions and similar activities.
(Note that the frames in (1) and (2) correspond to each other.
For example, the first part in (2) is the transformed result of
the first part in (1).)

Additionally, to evaluate the effect of the idea of introducing
3D-Conv and the improved LSTM, we conduct the following
studies on the SBU Kinect Interaction dataset and NTU RGB-
D dataset, as shown in Table II. The representations extracted
by the ASRT-network are inputted to various basic classifica-
tion networks, including RNN family and CNN family.To fur-
ther compare the C3D-LSTM with RNN family models, both
the Conv-LSTM and attention mechanism (AT) are introduced.
Where ”LSTM+AT” and ”Conv-LSTM+AT” denote that the
attention model is connected outside the main networks. This
type of network is in sharp contrast to the proposed integrated
structure (C3D-LSTM). The proposed C3D-LSTM is better
than the external connection method of the Conv-LSTM and
the attention mechanism. The main reason is as follows: 1)
RNNs would ignore important spatial features; 2) CNNs have
a weak ability to extract temporal features; 3) The traditional
weight-fusion-based methods could only conduct the simple
combination that cannot show their respective advantages; 4)
Compared with Conv-LSTM related models, the introduction
of the 3D-Conv can model short-term temporal features better.

C. Comparison with state-of-the-art methods

In this subsection,a comparison of the proposed ASRT-C3D-
LSTM network with other state-of-the-art works is shown, and
the tests are conducted on three popular public datasets that
include both human action recognition and human interaction
recognition. For a fair comparison and a comprehensive analy-
sis, the following advanced works are considered that include
depth data, skeleton data, and mixed data. In addition, we list
the performance of leading studies on three datasets in tables
and give the confusion matrixes of the method in figures.

MSR-Action-3D: This part follows the standard protocol
proposed by [52]. Table III shows the performance compar-
isons and Fig. 6 shows the confusion matrix of the proposed
ASRT-C3D-LSTM model. By comparison, it can be concluded



TABLE I
EFFECTIVENESS OF SKELETON REPRESENTATION METHOD ON TWO BENCHMARK DATASETS

Representation type
MSR-Action-3D (%) SBU Kinect Interaction (%)

AS1 AS2 AS3 Test One Test Two Cross Subject

G-based 50 79.5 92.4 87.68 83.33 87.67
BSW-based 92.4 85.7 93.3 52.17 61.11 56.16
Structured-based 93.4 94.9 98.4 92.75 91.67 93.84
3D-points-based 89.5 89 96.3 \ \ \
3GMTG-based 94.7 95 96.8 \ \ \
ASRT-based 94.6 95.2 98.9 96.17 96.54 97.12

TABLE II
EFFECTIVENESS OF CLASSIFICATION SUB-NETWORK ON TWO BENCHMARK DATASETS

Type Classification sub-network SBU Kinect In-
teraction (%)

NTU RGB-D
(CV %)

RNN Family

RNN-based 87.9 81.2
LSTM-based 88.5 85.6
LSTM+AT-based 89.4 87.9
Conv-LSTM-based 89.5 87.7
Conv-LSTM+AT-based 90.9 88.5

CNN Family
CNN-based 85.7 86.7
3D-CNN-based 87.5 87.2
Fusion-based 89.4 87.7

C3D-LSTM-based 96.38 91.7

TABLE III
RECOGNITION ACCURACY ON MSR-ACTION-3D DATASET

Method Data type Average (%) AS1 AS2 AS3

STOP-based [39] Depth 87.5 91.7 72.2 98.6
SNV-based [8] Depth 93.1 \ \ \
BoVW-based [7] Depth 94.28 \ \ \
LASC-based [40] Depth 94.6 \ \ \
C3D-based [35] Depth + RGB 95.4 94.5 92.9 98.9
LMTL-based [41] Skeleton 90.53 \ \ \
SMTRM-based [42] Skeleton 92.1 \ \ \
MIMTL-based [43] Skeleton 93.6 \ \ \
DSRF-based [44] Skeleton 95.24 \ \ \
GBSW-based [16] Skeleton 95.6 93.4 94.9 98.4
HOG-DDS-based [45] Skeleton + Depth 93.3 90.8 93.4 95.7
The proposed method Skeleton 96.2 94.6 95.2 98.9

TABLE IV
RECOGNITION ACCURACY ON SBU KINECT INTERACTION DATASET

Method Data type Accuracy (%)

Velocity features [10] Skeleton 48.4
Plane features [10] Skeleton 73.8
Joint features [10] Skeleton 80.3
CFDM-based [46] Skeleton 89.4
CHARM-based [47] Skeleton 83.9
HBRNN-based [48] Skeleton 80.35
STA-LSTM [49] Skeleton 91.51
3DCNN+LSTM [35] Depth+RGB 92.4
RHI-based [50] Skeleton + Depth 93.08
PSTA-based [51] Skeleton + RGB 94.1

The proposed method Skeleton

Test One 96.17
Test One 96.54
CS Test 97.12
Average 96.38

that the recognition accuracy is higher than other advanced
methods. Thanks to the introduction of the re-designed update

mechanism in the classification network, the proposed method
achieve improvement in similar action recognition. For com-
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Fig. 5. Illustration of the results of the ASRT network. Note that (1) denotes
the input of the ASRT subnetwork and (2) denotes the results obtained from
the proposed ASRT subnetwork; each black area denotes a frame of the
sequence; the number of frames in (1) and (2) corresponds to each other;
(P1) and (P2) denote the participant number in the interactive action.

plexity action recognition, most methods achieve satisfactory
results by improving the ability of temporal features learning.
Especially, in the method, the 3D-CONVs integration further
promotes the extraction ability of continuous sequence frames.

SBU Kinect Interaction dataset: This part follows the
standard protocol proposed by [10]. Table IV shows the per-
formance comparisons and Fig. 7 shows the confusion matrix
of the proposed ASRT-C3D-LSTM model. It is noted that
higher accuracies are achieved in [51], the main reasons are
shown as follows: 1) PSTA-based method utilizes the training
process specifically for interactive skeleton data extraction
that can obtain the best training parameters; 2) PSTA-based
method trains additional depth data that improve the ability

to detect key features in complex scenes. However, due to
the particularity and complexity, it cannot be applied to other
scenarios to obtain better results.

Interaction recognition results. This dataset is currently a
popular benchmark for human interaction recognition. The re-
sults show that the proposed method achieves excellent recog-
nition accuracy that outperforms most skeleton-based meth-
ods. Specifically, both “approach” and “leave” are perfectly-
recognized; “hug” and “exchange item” are also effectively
classified. These activities, including “kick”, “punch”, “push”,
and “shake hand”, are the common confusion motion, the
recognition rates are always above 90% that achieves an
increase of 2%-3% compared to other methods.

NTU RGB-D dataset: This part follows the standard
protocol proposed by [54], that is, two standard evaluations
of Cross-Subject (CS) and Cross-View (CV). This dataset is
the largest recently that includes 60 action categories with
various viewpoints, and it is still a challenge for human action
recognition. The advanced works are considered that include
hand-define skeleton representations and traditional classifica-
tion networks. Table V shows the performance comparisons.
It can be seen that the accuracies of the proposed method
outperform most state-of-the-art results. For the CS, the high-
est recognition rate is 83.2% achieved by [61]. Compared
with this method, the proposed model mainly focuses on
the transformation of the overall skeleton model, which has
stronger robustness and generalization. Next, the proposed
model aims to alleviate the effects of view variations, so the
CV index can more accurately evaluate the performance of the
proposed model. The results that the proposed model achieves
state-of-the-art performance on the CV index.

This database consists of daily actions (A.1-40), medical
conditions (A.41-49), and mutual actions/two person interac-
tions (A.50-60). Note that the human action details contained
in the dataset are shown in reference [54]. See the confusion
matrix in the attachment for details. For daily action recog-
nition, they consist of large numbers of complex samples,
which is a challenge for most methods. The proposed model
achieves the recognition rate of more than half of the activities
stabilized above 90%. The most confusion is in “pointing to
something with finger”, “reading”, and “writing”, because the
motion range is so small that the representations are difficult
to learn. For medical-related action recognition, although these
actions are not common, the proposed model also achieves
satisfactory results. Specifically, the recognition rate of the
three types of activities is above 90%, and that of other actions
is stable at about 80%. Taken the above analysis, the proposed
model has better performance in a variety of scenarios and can
overcome the impact of viewpoints changes.

Interaction recognition results. Like “walking towards each
other”, “walking apart from each other”, “punching/slapping
other person”, and “giving something to other person”, the
proposed model also achieves the recognition rate close to
100%. The most confusion is in “touch other person’s pocket”
that its recognition rate is 89.1% due to the fewer key features.
It is sometimes confused with other actions that focus on hand
movements, such as “handshaking” and “giving something to
other person”. Additionally, satisfactory classification perfor-
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Fig. 6. Confusion matrices on MSR-Action-3D Interaction dataset.

TABLE V
RECOGNITION ACCURACY ON NTU RGB-D DATASET

Method Data type CS (%) CV (%)

Dynamic-based [53] Depth + RGB 60.2 65.2
Part-aware LSTM [54] Depth + RGB 62.9 70.3
3D-representing-based [55] Skeleton 50.1 52.8
HBRNN-L-based [48] Skeleton 59.1 64
P&C FW-AEC [56] Skeleton 50.7 76.1
STA-LSTM [49] Skeleton 73.4 81.2
GCA-LSTM [36] Skeleton 74.4 82.8
URNN-2L-T-based [57] Skeleton 74.6 83.2
TSA [58] Skeleton 76.5 84.7
CNN-MTLN-based [59] Skeleton 79.6 84.8
VA-RNN-Aug [19] Skeleton 79.4 87.6
ESV-based [60] Skeleton 80 87.8
Cuboid-based [24] Skeleton 79.8 87.8
CNN-STN-based [61] Skeleton 83.2 89.3
The proposed method Skeleton 84.8 91.7
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Leave 100.0

Kick 90.5 9.5

Punch 91.3 8.7
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Fig. 7. Confusion matrices on SBU Kinect Interaction dataset.

mance has been achieved for other interactions under various
viewpoints.

NW-UCLA dataset. The samples are collected from three
views (named V 1,V 2, and V 3), so this dataset is suitable for
the work. Following the evaluation criteria in [56], the samples
of V 1 and V 2 are used for training, and the samples of V 3
are used for testing. Comparison of the proposed model with
other state-of-the-art methods is shown in Table VI.Compared

TABLE VI
RECOGNITION ACCURACY ON NW-UCLA DATASET

Method Data type Average (%)

RNN-based [62] RGB-D 50.7
CNN+RNN-based [63] RGB-D 62.5
HOPC [64] Skeleton 74.2
LongT GAN [65] Skeleton 74.3
AE [66] Skeleton 76
HBRNN-L [67] Skeleton 78.8
P&C FW-AEC [56] Skeleton 84.9
VA-RNN(aug.) [19] Skeleton 90.7
ESV-based [60] Skeleton 92.6
AGC-LSTM [68] Skeleton 93.3
The proposed method Skeleton 94.2

with the AGC-LSTM (CVPR 2019) and the P&C FW-AEC
(CVPR 2020), it can be seen that the proposed model improves
recognition rates by 0.9% and 9.3%, respectively. Compared
with the VA-RNN(aug.), it is also a spatial transformer deep
model based on RNNs, the proposed model improves by 3.5%.

UWA3D dataset. It includes 30 types of complex activities
collected from four views (named V 1,V 2,V 3, and V 4), but
the number of samples is small. For a fair comparison, the
experiment settings follow standard protocol in [56], that is,
the samples of V 1 and V 2 are used for training, and the
samples of V 3 and V 4 are tested separately. Because the four
collection views are very different, it is difficult to test on



TABLE VII
RECOGNITION ACCURACY ON UWA3D DATASET

Method Data type Average ( V3 %) Average ( V4 %)

ST-GCN [2] Skeleton 36.4 26.2
AE [66] Skeleton 45 40.4
LARP [55] Skeleton 49.4 42.8
HOPC [64] Skeleton 52.7 51.8
P&C FW-AEC [56] Skeleton 59.9 63.1
VA-RNN(aug.) [19] Skeleton 70.9 73.2
ESV-based [60] Skeleton 72.3 76.3
The proposed method Skeleton 74.7 78.2

samples from different views to achieve good results.As shown
in Table VII, the proposed model achieves the best recognition
rate, which is 2.3% (V 3) and 1.9% (V 4) higher than the
ESV-based model. For this challenging dataset, the proposed
model outperforms most works [2], [66], [55], [64],and [56]
significantly. Even though this dataset includes large view
change, the proposed model can learn small view changes in
the skeleton model better to adaptively transform the model
into the best view.

V. CONCLUSION

In this paper, an adaptive deep model for human action
or interaction recognition was proposed, and the main works
of this paper are summarized as follows: 1) A deep model
structure with four parts was designed, including the data
preprocessing network, the ASRT subnetwork, the C3D-LSTM
classification subnetwork, and the classifier; 2) For data pre-
processing, the raw input frames were recorded in the new
coordinate system, which was built with the skeleton center
of the first input frame; 3) In the ASRT subnetwork, the
new high-performance representations were obtained from the
virtual collection viewpoint, in which the key technology was
translation and rotation around the coordinate axis; 4) In the
C3D-LSTM subnetwork, a re-designed attention mechanism
was proposed and a LSTM subnetwork encapsulated 3D-
Convs was designed for the representation modeling and
classification; 5) An end-to-end training method was proposed
to obtain the optimal parameters and alleviate over-fitting,
and the skeleton data were also enriched in the training
process; 6) Extensive experiments were conducted, including
testing on five challenging benchmark databases and ablation
studies, in which the performance of interaction recognition
was explored more in the discussion. The results demonstrate
that the proposed model outperforms recent state-of-the-art
methods and improves recognition performance, especially for
human interaction and complex action recognition.

In future work, the model will be developed to recognize
group activities involved multiple persons, that is, improving
the ability in modeling considerable skeleton representations at
the same time. Next, fusing data modeling will be considered,
especially for depth data, to improve recognition performance
in real scenes.
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