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Abstract—In this decade, although numerous conventional
methods have been introduced for three-dimensional (3D)
skeleton-based human action recognition, they have posed a pri-
mary limitation of learning a vulnerable recognition model from
low-level handcrafted features. This paper proposes an effective
deep convolutional neural network (CNN) with a dual-stream
architecture to simultaneously learn the geometric-based static
pose and dynamic motion features for high-performance action
recognition. Each stream consists of several advanced blocks
of regular and grouped convolutional layers, wherein various
kernel sizes are configured to enrich representational features.
Remarkably, the blocks in each stream are associated via skip-
connection scheme to overcome the vanishing gradient problem,
meanwhile, the blocks of two stream are jointly connected via a
customized layer to partly share high-relevant knowledge gained
during the model training process. In the experiments, the action
recognition method is intensively evaluated on the NTU RGB+D
dataset and its upgraded version with up to 120 action classes,
where the proposed CNN achieves a competitive performance
in terms of accuracy and complexity compared to several other
deep models.

Index Terms—Action recognition, convolutional network, dual-
stream architecture, geometric feature, 3D skeleton data.

I. INTRODUCTION

In the last decades, analyzing and understanding human
action from videos have been taken into consideration in var-
ious applications, such as behavior monitoring [1], intelligent
surveillance [2], and smart healthcare [3]. Numerous previ-
ous action recognition methods have studied locally visual
descriptive features from RGB image, which are critically
borne several challenging problems [4], including dynamic
illumination condition, object occlusion, and viewpoint vari-
ation [5]. By taking advantages of depth imaging technology
developed in depth camera (for example, Microsoft Kinect and
Intel RealSense) to overcome the above-mentioned problems,
several recent approaches have leveraged the skeletal maps to
improve the recognition performance in terms of accuracy and
processing speed [6]. It is worth noting that some advanced
pose estimation algorithms are initially embedded in these
camera devices, where the accurate skeletal information (such
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Fig. 1. The overall framework for 3D action recognition with a dual-
stream CNN for learning geometric distance features of static pose and action
dynamic. Annotation: (1)−extracted geometric features, (2)−static pose and
dynamic motion feature maps, (3)−feature concatenation, and (4)−scores of
predicted classes.

as human body joint coordinates) of an object detected in
range is specified to an additional output channel besides con-
ventional RGB [7]. However, learning traditional classification
models [8] with weakly-representational handcrafted features
(such as 3D descriptive and geometric characteristics) have
revealed the obscurity of discriminating actions which share
similar static skeletal patterns [9].

Recently, with the favorable specification of mining high-
level representational features from high-dimensional unstruc-
tured data, deep learning technique has been intensively
exploited for image classification and pixel-wise segmenta-
tion [10]–[12]. Recurrent neural network (RNN) [13], [14]
and long short-term memory (LSTM) [15], [16] network
were studied for 3D human action recognition. Despite the
fact that these networks are capable of mining the spatial
correlations between different skeletal joints in time for a
better action discrimination, they cannot take into consider-
ation of learning an entire action thoroughly [17]. To seize
the high-level correlations between 3D body joints in both
spatial and temporal domains concurrently, some methods
take advantage of convolutional neural network (CNN) for
multi-scale feature extraction. Several approaches either plot
skeletal trajectory as graphical image or transform 3D joint
coordinate to pixel value for a spatiotemporal action repre-
sentation. In [18], the joint trajectories and dynamics were
encoded into 2D color images, called joint trajectory maps
(JTM), for mining the discriminative features using multi-
stream CNN. Ke et al. [19] and Caetano et al. [20] converted
coordinate values to illumination values for encoding each 3D



joint as a color pixel. Accordingly, the skeletal observation is
represented by a color image, where the image size (width
× height) is identical to the number of human joints in a full
skeleton set and the number of video frames. In another work,
relative geometric features [21] were taken into account for
action image generation to overcome the viewpoint variation
problem. The joint-distance-based static pose and dynamic
motion features [22] were individually performed by two
processing streams in CNN for feature learning, wherein
each stream is inspired by Inception-v3 architecture. Some
approaches combine CNNs with late fusion (or decision-
level) scheme to boost the recognition accuracy [23]. For
effectively dealing with the overfitting issue when training
CNN on small-sized datasets, some novel data augmentation
techniques [24], [25] have been proposed for enrich the repre-
sentational information in encoded action images. Some CNN
backbones initially introduced for image classification, such
as VGG-19, GoogleNet, ResNet-101, and Inception-v3, are
recommended for learning skeleton-based action recognition
model with a transfer learning technique [26], [27]. As a
primary limitation of many existing 3D skeleton-based action
recognition approaches, static pose and dynamic motion are
usually analyzed independently without jointly informative
association [28], which subsequently alleviate the capability
of discriminating either pose-shared or motion-shared actions.

In this paper, a novel deep convolutional network is in-
troduced for 3D human action recognition via analyzing
skeletal information acquired by depth camera. The network
is structured by two processing streams of multiple stacks
of convolutional layers, which allows learning the relevant
information of action representation from geometric feature
sets of static pose and dynamic motion separately. Each stream
is organized by several modules mainly consisting of convolu-
tional blocks, where each block is specified by not only regular
convolutional layers but also grouped convolutional layers with
various kernel size for feature enrichment. Significantly, two
streams are jointly associated via a customized layer for the
objective of cross-knowledge sharing between two streams.
In the experiments, the performance of network in terms of
recognition accuracy is evaluated on NTU RGB+D, a large-
scale dataset of action recognition, and its extension with
120 classes. The proposed dual-stream architecture is superior
to the single-stream scenarios and further outperforms other
recent deep models for skeleton-based action recognition.

II. PROPOSED METHOD

Regarding the overall framework shown in Fig. 1, the
relatively geometric features representing the static pose and
dynamic motion of an action are calculated from an skeleton
sequence having arbitrary length. Afterwards, they are learned
by two convolutional streams configured for being able to
jointly share the highly relevant information from multi-scale
feature maps.

A. Relatively Geometric Feature Calculation

Instead of directly formulating the skeletal data (e.g., joint
coordinates) of an action into a high-dimensional array [19],
[20] that is critically sensitive to viewpoint variation, we utilize
the joint-to-joint distance, one of the most appropriate geo-
metric attributes for subject representation in the 3D space. In
particular, we calculate the intra-frame joint distance for static
pose description and the inter-frame joint distance for dynamic
motion explanation [22]. Given a skeletal sequence A having
T frames, each frame may contain one or multiple human
skeletons. Note that we assume each skeleton consists of m
3D body joints of p = (x, y, z) in space R3. Each distance
feature ϑij is formed by triple values

(
ϑijoxy, ϑ

ij
oyz, ϑ

ij
ozx

)
of

Euclidean distances between two arbitrary joints i and j when
projecting onto different original planes

ϑijoxy =
∥∥∥piz=0 − p

j
z=0

∥∥∥ ,
ϑijoyz =

∥∥∥pix=0 − p
j
x=0

∥∥∥ ,
ϑijozx =

∥∥∥piy=0 − p
j
y=0

∥∥∥ .
(1)

For the static pose description, we measure the distance
features regarding the subjects within a frame, denoted ϑij

t .
Meanwhile, the dynamic motion is represented by the features
ϑij

∆t of the subjects observed in two consecutive frames to
explicitly capture the movement of body joints in time. It
is worth noting that the joints i and j belong either a same
skeleton of a single action such as clapping or two different
skeletons of an interaction like pushing. The distance features
are accumulated for static pose FS and dynamic motion FD

groups by monitoring T frames in the video A, which are
expressed as follows:

FS =
[
ϑij
t |

i=1,...,m;j=1,...,m
t=1,...,T

]
,

FD =
[
ϑij
t |

i=1,...,m;j=1,...,m
∆t=2,...,T

]
.

(2)

With respect to an input skeletal sequence, a handcrafted
geometric feature set FG =

{
FS,FD

}
(assembled in a 3D

data array) is generated for deep learning. At this point, a
regular min-max value normalization is carried out to re-scale
the distance features in the range of [0, 1] for the prevention
of dataset bias and erratically updated weight.

B. J2SNet: Jointly Dual-Stream ConvNet

Although some previous methods have recommended
a multi-stream CNN for learning an action recognition
model [18], [22], [28], the multiple convolutional streams in
networks are processed independently for different kinds of
input, where the outputs of those streams are usually fused
at the global average pooling layer [22] and the softmax
layer [18], [28]. Without jointly sharing the relevant informa-
tion between streams during the convolutional-based feature
extraction process, the deep CNNs cannot learn the inter-
stream correlations to maximize action discrimination. In this
work, we introduce an efficient deep CNN, namely Jointly
Dual-Stream ConvNet (J2SNet), for skeleton-based action
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Fig. 2. Description of J2SNet developed for action recognition: (a) the overall CNN architecture with two jointly connected streams processing static pose and
dynamic motion features, where Γ refers to as a novel sharing layer, (b) the down-sampling unit (denoted d-unit), (c) the structure of short and long modules:
the short module consists of two standard convolutional blocks (A or B) associated via skip-connection, meanwhile, the long module is an expansion form
with three blocks (denoted A-Ex/B-Ex), where the block-A-Ex/block-B-Ex is the advancement of block-A/block-B with more convolution kernels configured
in layers, (d) and (e) the structures of convolutional block-A and block-B, respectively.

recognition, in which the network architecture is specified by
two jointly connected streams of convolutional layers. As the
overall network architecture shown in Fig. 2(a), J2SNet is able
to analyze the spatially static human pose and the temporally
dynamic body motion at multiple scales comprehensively
thanks to the two processing streams, where their relevant
features are tightly incorporated to promisingly enhance the
recognition accuracy.

For the details of network architecture, the input layer is
facilitated with the handcrafted geometric feature set FG which
contains the skeletal information corresponding to a predefined
action category. A customized layer, denoted split in Fig. 2(a),
is defined to partition the feature set FG into the input maps
of FS and FD. These maps are separately processed by two
learnable streams sharing same configurations, for instance,
the kernel size and the number of kernels in convolutional
layers. Each stream is primarily specified by several short
and long modules alternately connected for learning geometric
features at multi-scale representations. With regard to the
detailed structure shown in Fig. 2(c), the short module consists
of two standard convolutional block (either block-A or block-
B), batch normalization (bn) layer, rectified linear unit (relu)
layer, and addition layer. The long module, meanwhile, the
expansion of short form, has three advanced blocks (either
block-A-Ex or block-B-Ex). Notably, in these modules, the
blocks are associated via skip-connection scheme which was
introduced for assembling residual unit in ResNet [29]. In
details, the block-A (see the arrangement given Fig. 2(d))
consists of two unit layers with the kernel (a.k.a. filter) of size
1× 1, one regular convolutional layer with the kernel of size
3 × 3, and three grouped convolutional layers (wherein the

TABLE I
CONFIGURATION OF THE PROPOSED NETWORK ARCHITECTURE.

Item Description

Block-A/A-Ex

2× [32/32 conv (1× 1)]
1× [32/64 conv (3× 3)]
1× [32 groups× 1/2 gconv (3× 3)]
1× [32 groups× 1/2 gconv (5× 5)]
1× [32 groups× 1/2 gconv (7× 7)]

Block-B/B-Ex

2× [80/80 conv (1× 1)]
1× [32/64 conv (3× 3)]
1× [64/128 conv (1× 3)]
1× [64/128 conv (3× 1)]
1× [80 groups× 1/2 gconv (1× 3)]
1× [80 groups× 1/2 gconv (3× 1)]

channel-wise/depth-wise separable convolution operation are
performed) with the kernels of size 3×3, 5×5, and 7×7. The
block-B (see the pattern illustrated in Fig. 2(e)) has two unit
layers, three regular convolutional layers with the kernels of
size 1×3, 3×1, and 3×3, and two grouped convolutional layers
with the kernels of size 1× 3 and 3× 1. The output of these
convolutional blocks accumulates feature maps of same spatial
size via a depth-wise concatenation layer (concat). While the
block-A aims to capture the global features with symmetric
larger-sized kernels, the block-B learns the local features
with asymmetric smaller-sized kernels. Compared with the
standard block-A/block-B, the advanced block-A-Ex/block-B-
Ex is configured with more kernels in convolutional layers.
The detailed description of block configuration is summarized
in Table I. The modules short-A/B and long-A/B, denoted in
Fig. 2(a), are configured by the block-A/B and the block-A-
Ex/B-Ex, respectively.

As mentioned before, in each module, skip-connection



mechanism is performed via an addition layer to prevent
the vanishing gradient problem and maintain the information
identity which can be attenuated over multiple convolution and
nonlinear operations. In Fig. 2(c), the modules are finalized by
skip-connection strategy with the output as follows

• Short-module:

outshort−A/B = out1stA/B + out2ndA/B, (3)

where out1st and out2nd stand for the outputs of the first
and the second block-A/B in a short module, respectively,
in which out2ndA/B = convA/B

(
out1stA/B

)
with convA/B

referring to as the overall convolution operation of the
block-A/B.

• Long-module:

outlong−A/B = out1ndA−Ex/B−Ex+out
2nd
A−Ex/B−Ex+out

3rd
A−Ex/B−Ex,

(4)
where

out2ndA−Ex/B−Ex =convA−Ex/B−Ex

(
out1stA−Ex/B−Ex

)
,

out3ndA−Ex/B−Ex =convA−Ex/B−Ex

(
out2stA−Ex/B−Ex

)
,

(5)

with convA−Ex/B−Ex referring to as the overall convolu-
tion operation of the block-A-Ex/B-Ex.

In the training process, the knowledge gained in two pro-
cessing streams is partly shared together via an intermediately
connected layer Γ in Fig. 2(a). The layer is designed with
two inputs, denoted in1 and in2, for reading the feature maps
individually acquired from two streams. As a result, the layer
returns two outputs correspondingly, at which sharing knowl-
edge is achieved via some arithmetic operations performed
inside as follows

out1 =Γ (in1) = in1 + λ× maxpool (in2) ,

out2 =Γ (in2) = in2 + λ× maxpool (in1) ,
(6)

where 0 6 λ 6 1 refers to as an association impact and
maxpool stands for a max pooling layer which returns the
maximum feature value of each 3 × 3 region with stride 1
(that means, without down-sampling). For this research, λ is
set to 0.5 for the simultaneous deployment of cross-knowledge
sharing between two streams and information maintaining of
each stream. The output of Γ layer is forwarded directly to the
down-sample unit, where the spatial size of feature maps is
down-scaled by two times with a max pooling layer specified
by pool of size 3× 3 and stride of 2.

Each stream is finalized with a global average pooling layer,
at which the size of output array is identical to the channel
dimension of the feature maps. For example, given the long
module with block-B-Ex outputs a feature map having 640
channels, the expected output vector shall have size of 1×640.
Afterwards, the global average features of two streams are
merged via a concatenation layer before feeding to fully con-
nected (or dense) layers and softmax layer for classification.
Furthermore, some dropout layers with the probability of 0.5
are arranged to effectively handle the overfitting issue in model
training. J2SNet is trained with randomly initialized weights

TABLE II
COMPARISON OF RECOGNITION ACCURACY (%)

NTU RGB+D
Methods C-Subject C-View
Deep RNN [7] 56.3 64.1
Part-Aware LSTM [7] 62.9 70.3
ST-LSTM [16] 65.2 76.1
ST-LSTM + Trust Gate [16] 69.2 77.7
SkeleMotion [20] 69.6 80.1
Two-Stream Attention LSTM [15] 76.1 84.0
JTM + ConvNet [18] 76.3 81.1
PoF2I + Inception-v3 [25] 82.5 89.5
J2SNet (Single-stream FS) 77.7 85.5
J2SNet (Single-stream FD) 77.9 86.1
J2SNet (Dual-stream FG) 79.8 87.1

NTU RGB+D 120
Methods C-Subject C-Setup
Part-Aware LSTM [7] 25.5 26.3
Soft RNN [13] 36.3 44.9
Dynamic Skeleton [5] 50.8 54.7
ST-LSTM + Trust Gate [16] 58.2 60.9
Two-Stream Attention LSTM [15] 61.2 63.3
SkeleMotion [20] 67.7 66.9
DGPoT-2SCNN (GoogleNet) [22] 71.8 73.9
J2SNet (Single-stream FS) 67.2 71.2
J2SNet (Single-stream FD) 68.1 71.8
J2SNet (Dual-stream FG) 70.5 73.8

in 100 epochs using stochastic gradient descent optimizer,
initial learning rate of 0.01 (which is reduced to 0.001 after
50 epochs), and mini-batch size of 32.

III. PERFORMANCE EVALUATION

A. Datasets

NTU RGB+D: This dataset [7] has 56,880 skeleton se-
quences (using Kinectv2 for data collection) of 60 action
categories, including single-person actions, human-object in-
teractions, and human-human interactions. Because of intra-
class and view-point variations, NTU RGB+D is widely used
for evaluating the performance of 3D skeleton-based action
recognition methods. Accordingly, two evaluation protocols
(cross-subject and cross-view) are given for experimental
configuration.

NTU RGB+D 120 [30]: The database is extended from
NTU RGB+D [7] with 57,600 videos of 60 new actions.
In particular, NTU RGB+D 120 contains 114,480 skeletal
sequences which present up to 120 daily actions, mutual ac-
tion, and medical conditions. The cross-subject and cross-setup
evaluation protocols are taken in the experiments. The details
of data splitting for performance benchmark are mentioned in
the dataset papers [7], [30].

B. Experimental Results

The accuracy results of the proposed 3D action recognition
method evaluated on NTU RGB+D and NTU RGB+D 120 are
reported in Table II. At first, we perform an ablation study,
where the performance of J2SNet is investigated with differ-
ent geometric feature sets, including the static pose FS, the
dynamic motion FD, and the merged set FG (noted that only
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Fig. 3. Recognition accuracy of 120 actions in the NTU RGB+D 120 dataset with respect to the cross-setup evaluation protocol.

single stream of the network is carried out for model learn-
ing). It is observed that J2SNet with dual-stream processing
achieves some improvements of recognition rate if compared
with single-stream processing. Concretely, J2SNet with FG

recognizes more accurately than that with FS by 2.1% and
1.6% with respect to the cross-subject and cross-view of NTU
RGB+D, respectively. Meanwhile, the network obtains the
improvement of 3.3% for the cross-subject and 2.6% for the
cross-setup of NTU RGB+D 120. Besides, the dynamic motion
for capturing the body transition in time is more beneficial than
the static pose to impressively pattern an action. Statistically,
the single-stream network with FD performs recognition more
precisely than that with FS by the overall higher accuracy of
0.2 − 0.9%. Compared with NTU RGB+D, the updated one
with 60 new actions is more challenging with large intra-class
variation, high variety of subject characteristics, and more
environment configurations for data collection. Consequently,
the recognition accuracy on NTU RGB+D 120 is worse than
that on NTU RGB+D as a smaller and less challenging
version (for example, approximately 9.3% regarding the cross-
subject protocol). For more details of performance analysis,
we additionally provide the accuracy results of 120 actions
with respect to the cross-setup configuration in Fig. 3, where
the efficiency of dual-stream FG, compared with that of the
single-stream configuration, can be perceived explicitly. Some
actions which are mostly represented by some very similar
sets of skeletal pipeline (for instance, reading vs writing and
make victory sign vs make OK sign) suffer much confusion
besides other uncommon daily actions (e.g., counting money
and staple book).

Secondly, we provide a method comparison in terms of
recognition rate, where the proposed method with J2SNet

combats against other state-of-the-art deep models, including
LSTM and CNNs for learning skeleton information of action.
Based the comparison results summarized in Table II, the
proposed CNN significantly outperforms several RNN and
LSTM models with respect to both datasets. For example,
J2SNet is better than Spatio-Temporal LSTM with Trust Gate
(ST-LSMT + Trust Gate) [16] by approximately 9.4− 12.9%.
In [15], an advanced LSTM with two-stream architecture and
attention mechanism is recommended to increase the accuracy
of action recognition system. Some approaches, which exploits
CNNs for modeling 3D skeleton information, performs action
recognition more advantageously than RNNs and LSTM.
SkeleMotion [20] is better than ST-LSTM [16] by around
4.0% for cross-subject and 4.4% for cross-view of NTU
RGB+D evaluation. Meanwhile, J2SNet with dual-stream pro-
cessing achieves the second best results (less than of PoF2I
+ Inception-v3 [25] by 2.4 − 2.7% regarding NTU RGB+D
and DGPoT-2SCNN (GoogleNet) [22] by 0.1−1.3% regarding
NTU RGB+D 120). However, it is noted that compared with
J2SNet trained from scratch with randomly initialized weights,
two approaches PoF2I and DGPoT-2SCNN fine-tune the pre-
trained networks (e.g., Inception-v3 and GoogleNet), where
the learned rich features are manipulated for transfer learning
of encoded action images.

C. Complexity Analysis

In this experiment, we report a complexity analysis via the
measurement of network size and processing speed between
J2SNet and two other CNN-based models, particularly, PoF2I
+ Inception-v3 [25] and DGPoT-2SCNN (GoogleNet) [22],
where the comparison results of the inference (or prediction)
time and the number of parameters are given in Table III.



TABLE III
COMPARISON OF COMPUTATIONAL COMPLEXITY

Methods Parameters (M) Time (ms)
PoF2I + Inception-v3 [25] 23.9 6.0
DGPoT-2SCNN (GoogleNet) [22] 7.0 4.5
J2SNet (Dual-stream FG) 2.2 3.6

With the configuration described in Table I, J2SNet has
approximately 2.2M trainable parameters (including weights
and bias). Based on the system equipped by a single NVIDIA
1080Ti GPU, J2SNet takes around 3.6 ms as an average in-
ference time for processing a segmented action video. Despite
being worse than PoF2I and DGPoT-2SCNN (where they take
advantages of learned rich feature representations by fine-
tuning Inception-v3 and GoogleNet) in terms of accuracy,
J2SNet is more lightweight to execute faster.

IV. CONCLUSION

In this paper, we have proposed J2SNet, a novel CNN
with dual-stream architecture for concurrently learning the
geometric static pose and dynamic motion from 3D skeleton
data, for human action recognition. Each processing stream in
network is structured by several cascaded blocks of regular and
grouped convolutional layers which are specified by various
kernel sizes to enrich the representational features. A jointly
associated connection of two streams is established via a cus-
tomized layer for sharing high-relevant knowledge. Compared
with several recent deep models, the proposed network has
achieved a competitive performance in terms of recognition
rate and inference time on two large and challenging datasets.
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