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Abstract—Skeleton-based action recognition has recently at-
tracted much attention in computer vision. The latest methods
are mostly based on graph convolutional networks (GCNs), which
construct the human body as spatial-temporal Skeleton graphs,
and has achieved excellent performance. However, previous
studies only capture the local and rough information based on
the physical dependencies among joints, which may miss implicit
joint correlations. In this work, we propose a novel action recogni-
tion model, namely Information Enhanced Graph Convolutional
Networks (IE-GCN). To improve the accuracy and robustness
of recognition, this model capture higher-order dependency in
the skeleton-based graph by expanding the joint neighbors,
and combine second stage skeleton features (the lengths and
directions of bones) to enhance the discriminative information
simultaneously. In addition, an training strategy is designed to
solve the framework. Extensive experiments on two large-scale
public datasets, NTU-RGBD and Kinetics-Skeleton, demonstrate
the superior performance of the proposed algorithms over the
state-of-the-art methods.

Index Terms—action recognition, graph convolutional net-
works, skeleton graph, high-order dependency, information en-
hance

I. INTRODUCTION

Human action recognition, or HAR for short, is aimed at
identifying the specific movement or action of a person based
on visual sensor data. It is a fundamental and active problem
in computer vision, and has a wide range of applications
such as visual surveillance, video indexing, human-computer
interaction (HCI), and autonomous driving [1]–[3]. Although
traditional studies on action recognition mainly focus on rec-
ognizing actions in pixel matrices of video frames, articulated
human pose, also referred to as skeleton can capture the
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Fig. 1. For action “standing” in (a), it can be well represented by the physical
structure based skeleton graph. But for action “touching head” in (b), hand
and head are strong associated.

dynamic structure of human actions, and actually provide
more comprehensive information. These dynamic skeleton
data could be represented by a time series of joint positions
using depth sensors or pose estimation algorithms on videos
[4], in the form of 2D or 3D spatial coordinates. Compared
with RGB pixels, skeleton data are more robust to noise like
background and irrelevant objects. Therefore, spatiotemporal
skeleton based representations of the human body and its
dynamic evolution has become an attractive option for action
recognition.

The earliest method of skeleton action recognition simply
employ the positions of body joints on each frame to form
feature vectors for pattern learning [5]–[8]. Obviously, these
vector sequence representations seriously destroy the naturally
global dependencies between human joints. In order to address
this problem, a skeleton graph with vertices as joints and
bones as edges is constructed in recent years (see Figure 1(a)),
and introduced into graph convolutional networks (GCNs) to
extract related features [9]. However, the common GCNs only
can preserve the spatial structure of body joints to some extent,
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but the temporal dependencies of sequential skeletons are still
ignored. Yan et al. [10] first propose the spatiotemporal graph
convolutional networks (ST-GCN) to model skeleton data
which can learn spatial and temporal features simultaneously.
They construct a complete spatiotemporal graph by the natural
connection between body joints on a single frame and the
addition of temporal edge between the corresponding joints
in consecutive frames. In addition, a distance-based sampling
function is proposed for building the graph convolutional layer,
which is then employed as a basic module to make the final
prediction.

Unfortunately, there are still some disadvantages in ST-
GCN [10]. Intuitively, the skeleton graph used in ST-GCN
only depend on the physical structure of the human body, but
the movements of human beings may break the restriction of
natural skeletal connections. As shown in Fig. 1(b), in the
gesture of “touching head”, the hand (vertex) should link with
the head (vertex). So it is difficult for ST-GCN to capture the
dependency between the hand and head since they are located
far away from each other in the physical structure based
skeleton graph. Moreover, when human beings do different
actions, the movement response area is usually extent for a
long distance along the limbs and body. So it is significant to
capture generalized higher-order adjacency information across
joints. In ST-GCN, each vertex only propagates information
to the neighbors, which results in a small perceived field
of vertices, and is not conducive to obtaining long-distance
connection information. Thus, by increasing the high order
neighbors of the vertices, we can enlarge the receptive field
and aggregate more discriminative information.

Inspired by Shi et al. [11], we note that the discriminative
information that is important for classification exists not only
in the joints, but also in the bones that connect the joints.
As used in ST-GCN, the direct adjacency can be regard
as the first-stage information of the skeleton data, whereas
the second-stage information, which represents the feature of
bones between two joints, is not exploited. For the skeleton-
based human action recognitor task, the most common and
useful second-stage information is the length and direction of
the bones. Similar to [11], the second-stage information can
be formulated as a vector pointing from the source joint to
the target joint. Therefore, we can try to use the two-steam
framework to fuse these two different types of discriminative
data to enhance the information of our model and further
improve the performance. To verify the effectiveness of the
proposed model, namely, information enhanced graph convo-
lutional network (IE-GCN), we conduct extensive experiments
on two large-scale public datasets: NTU-RGBD [12] and
Kinetics-Skeleton [13]. The experiments have demonstrated
that IE-GCN outperforms the state-of-the-art approaches in
skeleton-based action recognition.

Our main contributions in this work are summarized as
follows:

• We expand the receptive field of vertices so that nodes
can aggregate to a wider range of information and capture
higher-order dependencies.

• The second-stage information of the skeleton data is ex-
plicitly formulated and combined with the high-order in-
formation through a two-stream framework, which bring
notable improvement for the recognition performance.

• The proposed IE-GCN achieved state-of-the-art perfor-
mance on two large-scale public datasets for skeleton-
based action recognition.

II. RELATED WORK

A. Skeleton-based action recognition

In the early days, a general strategy to deal with skeleton-
based action recognition is to formulate the human body
with designed handcrafted features [6], [8]. However, the
performance of these methods based on manual features is not
satisfactory since the factors considered are too segmentary.
With the development of deep learning, data-driven methods
such as RNNs and CNNs are increasingly becoming main-
stream. Most recurrent-neural-network (RNN)-based method
usually model the skeleton data as a sequence of the coordi-
nate vectors to capture the temporal dependencies [14]–[16],
such as bi-RNNs [5], deep LSTMs [17], and attention-based
method [18]. On the other hand, convolutional neural networks
(CNN)-based method achieve remarkable results by treat the
skeleton data as a kind of pseudo-images based on the pre-
designed transformation rules [19]–[21]. Moreover, compared
with RNNs architecture, CNN-based methods are easier to
train and have better parallelizability, so CNN-based methods
tend to be more popular.

B. Graph convolutional neural networks

This work is related to the graph convolutional networks
(GCNs), which is a special type of graph neural network
(GNN) [22] and achieved remarkable performance on dif-
ferent tasks. Generally, the principle of constructing GCNs
mainly follows two ways: spatial perspective and spectral
perspective [9], [23]–[29]. Spatial perspective methods directly
perform the convolution filters on the graph vertices and
their neighbors, which are extracted and normalized based on
manually designed rules [26], [27], [29], [30]. Different from
the spatial perspective methods, in spectral perspective, the
graph convolution is converted into the operator of spectral
analysis. These methods perform the graph convolution in the
frequency domain with the help of the graph Fourier transform
[31], which does not need to extract locally connected regions
from graphs at each convolutional step [24], [25], [28], [29].
Considering the important spatial relationships between the
vertices in skeleton graph, here we follow the spirit of the
spatial perspective.

III. SPATIOTEMPORAL GRAPH CONVOLUTIONAL

NETWORK

In this section, we will first introduce the spatiotemporal
graph convolutional network which is closely associated with
our model.



A. Graph construction

According to the spatial perspective, raw skeleton data
in one frame is always represented as a sequence of vec-
tors. Each vector represents the 2D or 3D coordinates of
the corresponding human joint. Usually, a complete action
consists of consecutive frames in the video, and for different
samples (videos), the frame lengths are also different. Yan et
al. [10] designed a complete spatiotemporal graph to model
the structure information among joints in both temporal and
spatial dimensions. The left sketch in Figure 2 represents a
completed spatiotemporal graph based on the skeleton data,
where the joints are represented as vertices and their natural
connections in the human body are represented as spatial edges
(the blue lines in Fig. 2, left). In addition, There are also
another type of edges in the temporal dimension and consists
of a connection of corresponding joints between adjacent
frames, namely temporal edge (the green lines in Fig. 2,
left). The feature of each joint is the coordinate vector of its
corresponding vertex and the confidence.

Fig. 2. (a). Illustration of the spatiotemporal graph used in ST-GCN. (b).
Illustration of the mapping strategy. Different colors denote different subsets.

B. Graph convolution

According to the graph defined above, multiple layers of
spatiotemporal graph convolution operations are plugged in
the graph to extract the high-level features. Then, the global
average pooling layer and the softmax classifier are employed
to make the final action discrimination based on the extracted
high-level features.

In the spatial dimension, the graph convolution operation
on vertex vi is formulated as [10]:

fout(vi) =
∑

vj∈Bi

1

Zij
fin(vj) · w(li(vj)) (1)

where fin and fout are the input and output feature map,
respectively. Bi denotes the size of the sampling area needed
to convolution for the vertex vi, which is usually defined as
1-distance neighbor vertices (vj) of the target vertex vi. li(·)
denotes the mapping function which maps a vertex in the
neighborhood to its subset label, and will be detailed later. w
are the trainable weights for each partition group to capture.

Note that the number of convolution kernel (weight vectors)
are fixed, yet the number of vertices in different sampling area
(Bi) is unfixed.

In order to realize the operation similar to image convolution
operation, each vertex is assigned a unique weight vector, the
mapping function li(·) is designed specially in ST-GCN [10].
The right sketch in Figure 2 shows this special partitioning
strategy, called special configuration partitioning. The × (black
cross) and Bi (the blue area enclosed by curve) represent
the center of gravity of the skeleton and sampling area,
respectively. Specifically, the spatial strategy empirically sets
the convolution kernel size as 3 and naturally divides Bi into 3
subsets: Bi1 is the root vertex ((the red point in Fig. 2, right);
Bi2 represent the subset of centripetal vertexes, which contains
the neighboring vertexes have shorter distance to the center of
gravity than root vertex (the green point); Bi3 represent the
subset of centrifugal vertices, which contains the neighboring
vertices have longer distance to the center of gravity than root
vertex (the yellow point). Finally, Zij represents the size of
the cardinality of vertexes in different subsets (Bik) and it aim
to balance the contribution of each subset.

C. Implementing ST-GCN

A complete spatiotemporal GCN (ST-GCN) consists of a
series of the ST-GCN blocks, and each block contains a
spatial graph convolution followed by a temporal convolution,
which extracts spatial and temporal features simultaneously.
However, as the key component in ST-GCN, spatial graph
convolution operation is not straightforward to implement.
In detail, let fin be the input feature maps for all joints in
one frame and formulated as a C × N × T tensor, where C
denotes the number of channels, N and T denotes the number
of vertices and frames respectively. To implement the spatial
graph convolution, Eq.1 is transformed into:

fout =
∑

s∈S

W
(s)
st (finA

(s))�M
(s)
st (2)

where S denotes the kernel size of the spatial dimension. With
the partition strategy designed above, S is set to 3 correspond-

ing to the subsets of the three types. A(s) = D(s)−
1
2 Ω(s)

D(s)−
1
2 is the normalized adjacent matrix for each partition

group, where Ω(s) is a indicator matrix with same size of
N×N adjacent matrix, and its element Ω(s)

ij indicates whether
the vertex vj is in the corresponding subset Bik of vertex

vi. D(s)−
1
2 is the normalized diagonal matrix, � denotes

the Hadamard product. M (s)
st and W

(s)
st are trainable weights

for each partition group to capture edge weights and feature
importance, respectively.

The convolution operation on the temporal dimension is
much easier than spatial to implement, the number of neigh-
bors of each vertex is fixed to 2 (temporal edge only exist in
the two consecutive frames). With the feature map calculated
above, the Kt×1 convolution operation can be directly applied
to the temporal dimension, where Kt denotes the kernel size.



IV. INFORMATION ENHANCED GRAPH CONVOLUTIONAL

NETWORK

In this section, we introduce the components of our pro-
posed information enhanced graph convolutional network (IE-
GCN) in detail.

Fig. 3. The left is the original skeleton data graph defined in ST-GCN, and
the right is the graph which we amplified the vertex neighbors.

A. IE graph convolution layer

As shown in Eq. 2, finA
(s) only aggregates the 1-hop

neighbor information in skeleton graph, which may not be
the best choice as explained in Sec. III. In order to obtain
the high-order dependencies and long-range links (see Fig. 3),
we use the high-order polynomial of A, indicates augmented
adjacency matrix (A denotes the raw N ×N adjacent matrix,
which fully describes the natural skeleton structure). Corre-
spondingly, we set the convolution kernel of the graph to be
ÂL, where ÂL = D−1A is the graph transition matrix and L is
the polynomial order. With the L-order polynomial, we expand
the raw skeleton graph defined in ST-GCN into a higher order
structure, which can directly establish a connection to L-hop
neighbors for enlarging the receptive field and aggregating
more discriminative information. Based on the ideas above,
we can change Eq. 2 into the following form:

fout =
L∑

l=1

∑

s∈S

W
(s,l)
st (finÂ

(s,l))�M
(s,l)
st (3)

where l denotes the polynomial order, S followed the same
partitioning strategy in ST-GCN (see Eq. 2), Â(s) is the
graph transition matrix for s-th parted graph. M

(s,l)
st and

W
(s,l)
st are trainable weights to capture edge weights and

feature importance. Apparently, more important features will
be assigned larger weight. The weights are evenly distributed,
which introduced for each subgraph of different partition and
each polynomial order. It is worth noting that, in order to stabi-
lize the learning of M (s,l)

st , the graph transition matrix Â(s) and
degree normalization provide a naturally good initialization for
edge weights. The value of L are also flexible, when L = 1,

our model perform the same operation with the original spatial
graph convolution in [10]. For L > 1, our model acts like the
Chebyshev filter and is able to approximate the convolution
designed in the graph spectral domain [32].

B. IE graph convolution block

Residual connection

Convs BN Relu Dropout Convs BN Relu

Fig. 4. Illustration of the information enhanced graph convolution block. The
blue Convs represents the spatial GCN and the green Convs represents the
temporal GCN, both of which are followed by a BN layer and a ReLU layer.
At the same time, a residual connection is added for each block.

With the above description of spatial graph convolution, for
temporal dimension, we perform the similar operation with
ST-GCN. In detail, a batch normalization (BN) layer and a
ReLU layer is added for both the spatial GCN and temporal
GCN. As shown in Figure 4, a complete graph convolution
block consists of a spatial GCN (blue Convs), a temporal GCN
(green Convs) and an additional dropout layer with the drop
rate set as 0.5. Similar to [10], in order to get a stable training
processing, we add a residual connection for each block.

C. IE graph convolutional network

BN

B1
3,64,1

B2,B3
64,64,1

B4
64,128,2

B5,B6
128,128,1

B7
128,256,2

B8,B9
256,256,1

GAP

Softmax

Fig. 5. Illustration of the IE-GCN, our network framework consists of 9
blocks (B1 - B9). The three numbers under each block denotes the number
of input channels, the number of output channels and stride, respectively. We
replaced the full connection layer with global average pooling and employ
softmax at the final layer to calculate the classification probability.

The information enhanced graph convolutional network (IE-
GCN) is the stack of these basic blocks as shown in Figure 5,
and is composed of 9 blocks of spatial temporal graph con-
volution operators. Although the movement stages of human
beings are few, the movements in each stage are relatively



IE-GCN(Joint)

IE-GCN(Bone)

prediction

Fig. 6. Illustration of the overall pipeline of the IE-GCN. The scores of two branches are added to obtain the final prediction.

complicated. In order to obtain higher feature dimensions, we
adjusted the number of channels in each block. Specifically,
we set the number of output channels as 64 for the first three
blocks, 128 for the middle three blocks and 256 for the last
three blocks. Moreover, we also add a data BN layer at the
beginning of the network to normalize the input data and help
the model better convergence. Moreover, we also replaced the
full connection layer with global average pooling and employ
softmax at the final layer to calculate the classification
probability.

D. Second-stage information for IE-GCN

The purpose of this work is to extract more discrimina-
tive information to enhance the recognition capability of our
model. As described above, we can capture the long-distance
dependencies among joints and aggregate more information.
However, the information available is still limited, so we need
to further consider the information from the second stage
mentioned in Section 1, namely, the bone information.

Empirically, the most convenient and useful second-stage
information is the length and direction of the bones. In detail,
each bone is joined by two joints, similar to [11], the joint
close to the center of gravity of the skeleton is defined as
source joint, otherwise, target joint. Each bone is represented
as a vector pointing to its target joint from its source joint,
which contains not only the length information, but also the
direction information. For instance, the 3D coordinates of a
given source joint v1 and target joint v2 are represented as
(x1, y1, z1) and (x2, y2, z2), respectively. The vector of the
bone is calculated as e(v1,v2) = (x2 − x1, y2 − y1, z2 − z1).

To enable our model to process two types of data on two
branches simultaneously, we conduct some preprocessing for
input second stage data. Considering that there is no cycles
in human skeleton data, theoretically every bone only can be
assigned a unique source joint. However, the number of joints
is one more than the number of bones because the central
joint is not assigned to any bones. To solve this problem, we
add an empty bone with its value as 0 to the central joint. By
this means, we can make bone data and joint data share the
ways to construct graphs and graph convolutional networks.
Then, we use the networks of joints and bones to process the
data of joints and bones, respectively. The overall pipeline of

IE-GCN is shown in Figure 6. In short, we extract bone data
and joint data for a given sample, and then the two types data
are fed into the corresponding network to get the results of
their respective classifications. Finally, the softmax classifier
is added to obtain the fused score and recognize the action
label.

V. EXPERIMENTS

To verify the effectiveness of proposed IE-GCN, we conduct
our experiments on two large-scale human action recognition
datasets: NTU-RGBD [12] and Kinetics-Skeleton [13]. Com-
pared to state-of-the-arts, the experimental results demonstrate
the powerful recognition ability of our model.

A. Dataset

Kinetics-Skeleton: Kinetics [13] is a large dataset derived
from YouTube, containing about 300,000 video clips in 400
action classes. Since it only provides video in RGB mode,
[10] estimate the locations of 18 joints on every frame of
the clips using the publicly available OpenPose toolbox [4].
We represent each joint as 3-element feature vector: [x, y, c]T ,
where x, y denotes the 2D pixel coordinates and c denotes
the confidence score. For the multiple-person cases, we select
the man with the highest average joint confidence in each
video clip. Therefore, a tensor [3, 18, T ] can be represented a
clip with T frames. And the dataset is divided into a training
set (240,000 clips) and a validation set (20,000 clips). After
training, we use the same evaluation method (top1 and top5)
as [10] on the validation set to report the accuracy.

NTU-RGBD: NTU-RGBD [12] is currently the largest
skeleton-based action dataset which completed by one or two
performers indoors. This dataset contains 56, 000 action clips
in 60 action classes. And each human in an action is represent-
ed by the 3D spatial coordinates of 25 joints which detected by
Kinect depth sensors. To better evaluate the robustness of the
model, two benchmarks are recommended: Cross-Subject and
Cross-View. In the Cross-subject benchmark, 40, 320 samples
performed by 20 subjects are separated into training set, and
the rest belong to test set. For another, the training set contains
37,920 videos that are captured by cameras 2 and 3, and
the validation set contains 18,960 videos that are captured
by camera 1. We follow this convention and report the top-1
accuracy on both benchmarks.



B. Traning phase

We choose PyTorch 1.0 as our basic deep learning frame-
work to conduct all experiments and train the model on the
4 RTX-2080Ti GPUs. We use Stochastic Gradient Descent
(SGD) with Nesterov momentum (0.9) as our optimizer. The
batch size is 64. Cross-entropy is selected as the loss function
to back propagate gradients. The weight decay is set to 0.0001.
For the Kinetics-Skeleton dataset, we set the same size of input
tensor as [10], which contains 150 frames and 2 men in each
frame. We also conduct the same data-augmentation strategy
as in [10]. The maximum training epoch is set to 65, the initial
learning rate is 0.1 and divided by 10 at the 45th and 55th
epoch. For the NTU-RGBD dataset, there are at most two
people in each sample of the dataset. When there is only one
person in the sample, we set the second person to 0. Different
from Kinetics, here the max number of frames in each sample
is 300. For samples with less than 300 frames, we repeat the
samples until it reaches 300 frames. The maximum training
epoch is set to 50, the initial learning rate is 0.1 and divided
by 10 at the 30th and 40th epoch.

C. Ablation Study

To examine the effectiveness of each individual component
of IE-GCN, we conduct extensive experiments on Cross-
Subject benchmark and Cross-View benchmark of the NTU-
RGB+D dataset.

TABLE I
COMPARISON RESULTS OF DIFFERENT l ON THE CROSS-SUBJECT

BENCHMARK OF THE NTU-RGBD DATASET

Polynomial order Accuracy (%)
1 81.5%
2 83.8%
3 84.5%
4 86.3%

Effect of high-order. Here we focus on validating the
proposed high-order dependency. In the experiment, we re-
spectively set the polynomial order L = 1, 2, 3, 4 in the model.
Note that when L = 1, the corresponding graph is exactly
the skeleton itself (raw graph in ST-GCN). Table 1 shows
the classification accuracy of action recognition. From Table
1, we can see that (1) high-order dependencies can further
improve the performance; (2) when L = 4, we achieve the best
performance; (3) These results validate the limitation of the
original skeleton graph and the effectiveness of the proposed
high-order dependency.

TABLE II
COMPARISON RESULTS OF DIFFERENT INPUT MODALITIES ON THE

CROSS-VIEW BENCHMARK OF THE NTU-RGBD DATASET

Methods Accuracy (%)
IE-GCN (Joint) 93.5%
IE-GCN (Bone) 93.2%

fusion 95.0%

Effect of second-stage: Another important information of
skeleton data is the second-stage information, namely, the bone

information. Here, we compare the performance of using each
type of input data alone, shown as IE-GCN (Joint) and IE-
GCN (Bone) in Table 2, and the performance when combining
them shown as fusion in Table 2. Clearly, the two-branch-
fusion method outperforms the one-branch-based methods.

D. Comparison with the state-of-the-art

Our proposed model achieves competitive performance with
current state-of-the-art methods on both the NTU-RGBD
dataset and Kinetics-Skeleton dataset. The results of these two
comparisons are shown in Tabel 3 and Tabel 4, respectively.
We can see that IE-GCN outperforms the other competitive
methods in both top-1 and top-5 accuracies.

TABLE III
COMPARISONS OF THE VALIDATION ACCURACY WITH STATE-OF-THE-ART

METHODS ON THE NTU-RGBD DATASET.

Methods X-Sub (%) X-View (%)
STA-LSTM [18] (AAAI 17) 73.4 81.2

Two-Stream 3DCNN [33] (CVPR 17) 66.8 72.6
Clips+CNN+MTLN [19] (CVPR 17) 79.6 84.8

VA-LSTM [34] (AAAI 18) 79.2 87.7
ST-GCN [10] (AAAI 18) 81.5 88.3
Ind-RNN [16] (CVPR 18) 81.8 88.0

DPRL+GCNN [35] (CVPR 18) 83.5 89.8
SR-TSL [36] (ECCV 18) 84.8 92.4

HCN [37] (IJICA 18) 86.5 91.1
ARRN-LSTM [15] (ICME 19) 80.7 88.8

Bayesian-LSTM [38] (ICCV 19) 81.8 89.0
AS-GCN [39] (CVPR 19) 86.8 94.2
2s-AGCN [11] (CVPR 19) 88.5 95.1

IE-GCN (ours) 89.2 95.0

TABLE IV
COMPARISONS OF THE VALIDATION ACCURACY WITH STATE-OF-THE-ART

METHODS ON THE KINETICS-SKELETON DATASET.

Methods Top-1 (%) Top-5 (%)
Feature Enc [6] 14.9 25.8

Deep LSTM [12] 16.4 35.3
TCN [20] 20.3 40.0

ST-GCN [10] 30.7 52.8
SLnL-rFA [40] 36.6 59.1

DGNN [41] 36.9 59.6
IE-GCN (ours) 35.0 57.6

VI. CONCLUSION

In this work, we propose a novel information enhanced
graph convolutional network (IE-GCN) for skeleton-based
action recognition. We expand the high order neighbor of the
vertex to enlarge the receptive field and aggregate more dis-
criminative information. Furthermore, the traditional methods
always ignore or underestimate the importance of second-stage
information of skeleton data, i.e., the bone information. For
better performance, we fuse the results of two complementary
information, which further enhances the proposed model.
The final prediction is evaluated on two large-scale action
recognition datasets, NTU-RGBD and Kinetics, and it achieves
the state-of-the-art performance on both of them.
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