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a b s t r a c t 

Recently, graph convolutional networks (GCNs) have achieved state-of-the-art results for skeleton based 

action recognition by expanding convolutional neural networks (CNNs) to graphs. However, due to the 

lack of effective feature aggregation method, e.g. max pooling in CNN, existing GCN-based methods only 

learn local information among adjacent joints and are hard to obtain high-level interaction features, such 

as interactions between five parts of human body. Moreover, subtle differences of confusing actions often 

hide in specific channels of key joints’ features, this kind of discriminative information is rarely exploited 

in previous methods. In this paper, we propose a novel graph convolutional network with structure based 

graph pooling (SGP) scheme and joint-wise channel attention (JCA) modules. The SGP scheme pools the 

human skeleton graph according to the prior knowledge of human body’s typology. This pooling scheme 

not only leads to more global representations but also reduces the amount of parameters and computa- 

tion cost. The JCA module learns to selectively focus on discriminative joints of skeleton and pays differ- 

ent levels of attention to different channels. This novel attention mechanism enhance the model’s ability 

to classify confusing actions. 

We evaluate our SGP scheme and JCA module on three most challenging skeleton based action recogni- 

tion datasets: NTU-RGB+D, Kinetics-M, and SYSU-3D. Our method outperforms the state-of-art methods 

on three benchmarks. 

© 2020 Elsevier Ltd. All rights reserved. 
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. Introduction 

Human action recognition is an active research area in com-

uter vision, since it plays a critical role in video understand-

ng and has important applications in many areas, such as video

urveillance, human-machine interaction, and virtual reality [1–3] .

uman action can be recognized from multiple modalities of data,

uch as RGB videos, depth sequences, skeleton data, etc. Among

hese modalities, the amount of skeleton data is growing rapidly

4,5] due to high-precision depth sensors like Microsoft Kinect v2
∗ Corresponding authors. 
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nd advanced pose estimation algorithms [6] . Different from RGB

ideos, skeleton data only includes 3D locations of major body

oints [7] . Such representation is robust to variation of backgrounds

nd viewpoints. Thanks to its high level representation and ro-

ustness, action recognition based on skeleton data [8–13] has at-

racted increasing attention. 

Most of current methods adopt either recurrent neural net-

orks (RNNs) [14–16] or convolutional neural networks (CNNs)

17–21] for action recognition. They treat the skeleton sequences

s time series or pseudo-images and feed them into RNNs or CNNs

o extract human motion features. However, the skeleton of human

ody is naturally a graph structure, not a sequence or a rigid im-

ge. These methods can not capture the spatial relationships be-

ween the joints, which are crucial for understanding human ac-

ions. 

https://doi.org/10.1016/j.patcog.2020.107321
http://www.ScienceDirect.com
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Fig. 1. The Structure based graph pooling scheme. According to the inherent structure and movement characteristics of the human body, gradually expand the receptive field 

and learn high-lever features. 
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Graph neural networks have been explored and made advance

in a wide range of research fields. Typically, [22,23] utilized GNN

to pass the interaction message between human and human or hu-

man and objects. Wang et al. [24] constructed a graph according

to the proposed grammars. In [25,26] , the human body was repre-

sented as a graph and GNN was utilized to incorporate structural

knowledge. In [27] , a novel GNN was proposed to capture higher-

order relations between video frames. Zheng et al. [28] formalized

the visual dialogs task as inference in a graphical model with par-

tially observed nodes and unknown graph structures. Some meth-

ods [29–31] apply Graph Convolutional Networks (GCNs) to skele-

ton based action recognition to exploit the spatial relationships

between the joints by generalizing convolutions to graph domain.

Although the GCNs have achieved good results in skeleton based

action recognition, few of them explored how to define pooling

operation for human skeleton, which is significant for extracting

global motion features. In this paper, we propose a structure based

graph pooling scheme for human skeleton. Compared with previ-

ous graph pooling methods [32,33] , the proposed SGP scheme in-

troduces little computation and is easy to train. It contains prior

knowledge of human skeleton typology and thus is suitable for

skeleton based action recognition. The SGP scheme gradually pools

the human skeleton graph and expands receptive fields of graph

convolution kernel without destroying topological structure of hu-

man skeleton. Specifically, human body can be decomposed into

five parts, two arms, two legs, and one trunk. Furthermore, it can

be roughly divided into upper body and lower body. Using SGP

scheme, our model will iteratively learn hierarchical representa-

tions of human skeleton ( Fig. 1 ). Moreover, the SGP scheme brings

a reduction on the number of parameters and computation cost

significantly, which makes our model lightweight. 

This work also proposes a novel joint-wise channel atten-

tion(JCA) module to distinguish confusing actions. [15,34] assign

an attention weight to each joint, they pay no attention to differ-

ent channels of each joint. However, subtle differences of confus-

ing actions often hide in specific channels of key joints. For ex-

ample, “reading” and “writing” are two actions that the current

models are easy to confuse. The key joints of these actions are

fingers. Trajectories of different channels of finger is illustrated in

Fig. 2 . Only the first channel is discriminative enough to distinguish

two actions. The proposed JCA module applys different attention

to the different channels of each joint. The information hidden in

discriminative channels of key joints can be enhanced by our JCA

module and the joints or channels containing redundant informa-

tion are suppressed. Therefore, our method can effectively extract

local nuances features and classify confusing actions. 

Experiments demonstrate that the accuracies of the pro-

posed model achieves 6.2%(cross-subject evaluation metric) and

4.9%(cross-view evaluation metric) improvement compared with

the baseline model on NTU-RGB+D dataset, respectively. It outper-

forms previous state-of-art methods. 
The main contributions of this work are summarized as follows:

• We propose a novel structure based graph pooling (SGP)

scheme to gradually pool the human skeleton graph and ex-

pand the receptive fields of graph convolution kernels in deeper

layers, which can enhance the ability of GCNs for extracting

more global motion information and bring a reduction on the

amount of parameters and computation cost. 
• We propose a joint-wise channel attention (JCA) module to

mine discriminative information among confusing actions with

attention mechanism, which shows significant improvement for

classifying confusion actions. 
• Experimental results demonstrate that our method outperforms

existing state-of-the-art methods. 

. Related work 

With wide applications such as intelligent surveillance, human-

omputer interaction, etc., action recognition becomes an active re-

earch topic and draws more attention from researchers. In recent

ecades, many methods have been proposed to analyze human

ctions. Compared with traditional methods, deep learning meth-

ds have been widely used for its good performance on modeling

keleton sequences in this field. In this section, we briefly review

he development of skeleton based action recognition. 

.1. Traditional methods for skeleton based action recognition 

Traditional methods design handcrafted features to capture

he dynamics of joint motion and represent actions. Vemula-

alli et al. [11] utilized Lie group to recognize actions by tak-

ng the skeletal translations and rotations as input. Weng et al.

13] proposed Spatial-Temporal-NBNN, an extension of Naive-Bayes

earest-Neighbor (NBNN) [35] , which applied stage-to-class dis-

ance to skeleton based action recognition. Hu et al. [36] designed

eterogeneous features for rgb-d activity recognition. Koniusz et al.

37] presented two kernel-tensor to capture the spatio-temporal

ompatibility of body-joints and dynamics of each sequence ex-

licitly. Wang et al. [38] proposed a novel graph kernel method to

easure the similarities between skeletal human actions. However,

ost of these methods extract handcrafted features and then use

VM for classification, which is difficult to adapt large datasets. 

.2. CNNs and RNNs based methods for skeleton based action 

ecognition 

In recent years, there is a great success of deep learning meth-

ds in computer vision tasks, many models are proposed for skele-

on based action recognition. These works can be divided into two

ategories: CNNs based models, and RNNs based models. As for

NNs based models, Ke et al. [17] presented a method for spatial
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Fig. 2. Visualization of three channels for “reading” and “writing”. The left column is “reading”, and the right column is “writing”. 
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emporal learning using CNNs by transforming each skeleton se-

uence into three clips each consisting of several frames. Liu et al.

18] developed a view-independent method to eliminate the effect

f viewpoint variations, described skeleton sequences as color im-

ges, and served them to CNNs for classification. However, CNNs

ased methods can only capture the information in the spatial do-

ain, ignoring most of information in the temporal domain. As for

NNs based models, which are effective in capturing temporal in-

ormation, are widely applied in skeleton based action recognition.

u et al. [40] introduced an end-to-end hierarchical RNN, which

ivided the raw skeletons into five parts and fed each part into the

NNs. Zhu et al. [14] claimed that the inherent co-occurrences of

keletons were neglected, and thus proposed a new method with

ong Short-Term Memory (LSTM) to capture the co-occurrence in-

ormation. Shahroudy et al. [42] proposed a part-based LSTM to

xtract features for each part of human body respectively. Liu et al.

16] introduced a new gating mechanism within LSTM to analyze

he reliability of input data. Song et al. [15] proposed a spatial and

emporal attention model for skeleton based action recognition.

owever, RNN and LSTM are computationally consuming model.

hese models cannot be further deepened, resulting in poor repre-

entations in the spatial domain. 

.3. GCNs based methods for skeleton based action recognition 

The CNNs based and RNNs based models usually ignore the in-

erent structure of the human body, while GCNs based methods

an extract structural features by convolution in the neighborhood

f joints. As the skeleton of human body is naturally a graph struc-

ure, applying graph convolution to skeleton based action recogni-

ion is intuitively very sensible. Duvenaud et al. [44] , Niepert et al.

45] , Yan et al. [29] proposed spatial temporal graph convolution

etworks(ST-GCN) to capture the patterns embedded in the joints

nd proved GCNs can learn better skeleton based action represen-
ig. 3. The architecture of the proposed method for skeleton based action recognition. It

odules connected alternatively. Each SGP operation employs a transformation matrix for
ations. An attention mask was employed to emphasize the effect

f key joints. But it’s still hard to distinguish confusing actions

ithout going deeper into channel dimension. Tang et al. [30] pre-

ented a deep progressive reinforcement learning method based

n GCNs, which selected the most informative skeletal frames and

iscarded ambiguous frames.Wen et al. [31] utilized motif-based

raph convolution to encode hierarchical spatial structure of skele-

on and a variable temporal dense block to exploit local tempo-

al information over different ranges of human skeleton sequences.

owever, these works lack pooling operations between graph con-

olutional layers. This limits the receptive field scales of the GCNs

nd the model’s ability to capture global motion features. 

. Proposed method 

In this section, we first illustrate and outline the architecture

f the proposed GCN with SGP and JCA. Then we introduce the

raph construction and graph convolution in the graph convolu-

ional layer. Next, we define the proposed SGP and introduce the

verall pooling scheme in detailed. At last, we present the details

f our joint-wise channel attention module. 

.1. Pipeline overview 

We propose a novel graph convolutional network with SGP

cheme and JCA modules. The pipeline of our model is shown in

ig. 3 . We take the skeleton with 25 joints for example. For a

keleton sequences, we first extract local features between adja-

ent joints using a graph convolutional layer. Then we pools the

riginal skeleton graph with 25 nodes into a new graph with 10

odes using the 1st SGP operation. To extract discriminative fea-

ures hidden in the specific channels, we employ a JCA module

fter the 1st SGP operation. In the same way, we consecutively

onnect multiple composite layers of this kind, where each com-

osite layer is composed of a GC, a SGP and a JCA. In this paper,
 contains four graph convolutional(GC) layers, three SGP operations and three JCA 

 pooling and generates a graph for next GC layers. � denotes matrix multiplication. 
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Fig. 4. Three division approaches of the 3rd SGP operation. 
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we use three composite layers and one single GC layer to extract

high-level interaction features. For temporal features extraction, we

employ a temporal convolutional layer and a temporal Max Pool-

ing with stride 2 after each GC layer. To obtain the final feature

vector F , the global average pooling is employed to aggregate the

features in spatial-temporal domain. At last, the final feature vec-

tor F is fed into the fully-connected layer to produce classification

scores. Next, we firstly introduce the graph construction and con-

volution in each single GC layer. 

3.2. Graph convolutional layer 

Graph Construction . The human body can be naturally consid-

ered as an articulated system consisting of hinged joints and rigid

bones, which inherently lies in a graph-based structure. Thus, we

construct a graph G = { V, E} to model the human body in each sin-

gle frame, where V is the set of n joint nodes in graph and E is the

set of edges. Let X ∈ R n × m denote the joint feature matrix assum-

ing that each joint has a m -dimensional feature and A ∈ {0, 1} n × n 

denote the adjacency matrix, where A ij is defined as: 

A i j = 

{
1 if i=j or joint i and j are connected, 
0 if joint i and joint j are disconnected. 

(1)

Graph Convolution . Based on the constructed graph, the graph

convolution response of joint v i is computed as: 

 (v i ) = 

∑ 

v j ∈ N(v i ) 

1 

Z i (v j ) 
X (v j ) W (� (v j )) , (2)

where X ( v j ) is the feature of joint v j , and Y ( v i ) is the response of

graph convolution operation at joint v j . The neighbor set of the

joint v i is defined as N(v i ) = { v j | d(v i , v j ) ≤ D } , where d ( v i , v j ) is

the minimum distance between v i and v j . Z i ( v j ) is the number of

joints in the corresponding neighbor set, which normalizes the fea-

ture representations. A joint labeling function � : v i → {1, 2, ..., K }

is designed to assign the labels {1, 2, ..., K } to each joint v i , which

aims to partition the neighbor set N ( v i ) of v i into a fixed number

of K subsets. W (.) is a function that maps trainable weights to each

partition group. 

In each frame, the response of graph convolution on the whole

graph of all joints can be represented as: 

 = 

K ∑ 

k =1 

D 

− 1 
2 

k 
A k D 

− 1 
2 

k 
X W k , (3)

where D k ∈ R n × n is a diagonal degree matrix and D 

i,i 
k 

= 

∑ 

j A 

i, j 

k 
.

A k is the adjacency matrix corresponding to K subsets. Note that∑ K 
k =1 A k = A . 

3.3. Structure based graph pooling 

Pooling operation on graph is complicated due to graph’s com-

plex topology structure. However, the human skeleton, being a

highly regular graph, can be pooled simply and effectively. With-

out loss of generality, we take skeleton in the NTU-RGB+D dataset
or example to show how to pool the joints of a human body rea-

onably by our strategy. Note that our pooling strategy can be ex-

ended to any human skeleton data. 

Suppose that human body is decomposed into n parts. Namely

e divide the skeleton graph G with l nodes into n subgraphs g i ,

 ∈ {1, 2, ..., n } corresponding to n parts of human body and an

dge set e o connecting subgraphs. Each subgraph g i contains a set

f joints J i . According to the division of subgraphs, we construct an

ssign matrix P ∈ R n × l , where the P i,j is defined as: 

 i j = 

{
1 if joint j ∈ J i , 
0 if joint j �∈ J i . 

(4)

hen the SGP operation can be formulated as: 

 out = M � ˜ P X, (5)

here Y out ∈ R n × m is the output of SGP operation, M ∈ R n × l 

s a trainable mask which adjust the contribution of each joint

o Y out , ˜ P is the normalized assign matrix of P , and � denotes

he Hadamard product. After this SGP operation, we obtain a new

raph which consists of n new nodes corresponding to the n sub-

raphs and the edge set e o . 

.4. Pooling scheme 

The proposed hierarchical SGP scheme consists of three SGP op-

rations which are defined as Eq. (5). 

The 1st SGP operation pools 25 nodes into 10 nodes. This oper-

tion reduces the redundant information and accelerates the com-

utation speed in the later layers. The 2nd SGP operation pools 10

odes into 5 nodes. The 5 nodes obtained from this layer corre-

pond to the five parts of human body including four limbs and

runk. The motion information contained in human body is highly

elated with the interaction of five body parts. Thus, graph convo-

ution on the graph with these 5 nodes can capture more global

otion information. 

We design three division approaches of subgraphs for the 3rd

GP operation. Each approach represents a deep understanding of

uman action. The first approach divides the 5-nodes graph into

hree subgraphs. As illustrated in Fig. 4 (a), the trunk-node (blue

ode) and left-hand-node are in a subgraph, the trunk-node and

ight-hand-node are in a subgraph, the leg-nodes are in another

ubgraph. This approach considers the motion of human body con-

isting of interactions among left-upper body, right-upper body

nd legs. The second approach shown in Fig. 4 (b) also divides the

riginal graph into three subgraphs. The left-hand-node and left-

eg-node belongs to one subgraph. The right-hand-node and right-

eg-node belongs to one subgraph. The trunk-node is in another

ubgraph. It divides the whole body motion into the motion of left-

alf body, right-half body and the trunk. Fig. 4 (c) shows the third

pproach, which divides the graph into two nodes corresponding

o upper body and lower body. This approach fuses the motion

eatures of upper body and lower body respectively and generate

 new graph containing two nodes. Convolving on the generated

raph can extract the interactions between upper body and lower

ody. 
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Fig. 5. Detailed structure of the proposed joint-wise channel attention (JCA) module. After JCA, every channel of each joint will get an attention weight. 
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.5. Joint-wise channel attention module 

The joint-wise channel attention module is proposed to focus

n key channels of key joints. The detailed structure of the pro-

osed JCA module is shown in Fig. 5 . Given 3D feature maps, two

ranches are connected to generate a global feature and local fea-

ures respectively. Then the local features plus the global feature

re used to compute the final joint-wise channel attention score. 

Specifically, the input of JCA module is a tensor S ∈ R C × T × V ,

here C, T, V are the number of channels, frames and joints re-

pectively. Denote the temporal vector S [ i , :, j ] in the i th channel

nd j th joint of S as f i,j . Note that if S is original data, f i,j is actually

he trajectory of joint j on dimension i . Otherwise, f i,j is a specific

otion pattern of local area around joint j . In one branch of the

CA module, we first use 1 × 1 convolution as temporal filter to

xtract intermediate features from each f i,j . These intermediate fea-

ures are summed up and applied with another 1 × 1 convolution

o obtain a global feature f g . f g can be formulated as: 

f g = ReLU(W 2 ( 
C ∑ 

i =1 

| V | ∑ 

j=1 

ReLU(W 1 f i, j + b 1 )) + b 2 ) , (6)

here W 1 , b 1 , W 2 , b 2 are the learnable parameters. f g represents

he motion pattern of the whole body. Then we use the other

ranch to extract intermediate features with same process. The in-

ermediate features are high-level representations of their corre-

ponding f i,j . Each local intermediate feature is summed with f g to

btain a group of relative motion features f r . f r represents the rela-

ionship between local motion pattern and global motion pattern. 

At last, a fully-connected layer is employed to convert f r to at-

ention scores. This fully-connected layer learns to find the key

hannels according to f r , i.e. the relationship between local mo-

ion pattern and global motion pattern. The attention scores are

apped into 0-1 with Sigmoid function. The final attention weight

f i th channel of j th joint can be calculated as: 

i, j = Sigmoid(tanh (W r (ReLU(W l f i, j + b l ) + f g ) + b r )) , (7)

here W r , b r , W l , b l are the learnable parameters. We use Sigmoid

s activation function for the existence of multiple key channels.

ote that joint-wise attention is a special case of our joint-wise

hannel attention where attention scores of all channels of a joint

:, j have the same value. Finally, the attention weights will be mul-
iplied with its corresponding joints and channels in each frame to

ocus on the discriminative joints and channels. 

. Experiments 

In this section, we conduct experiments to evaluate the pro-

osed method on three of the most challenging datasets: NTU-

GB+D [42] , Kinetics-M [29] , and SYSU-3D [36] . We first perform

xhaustive ablation studies to examine the contributions of our

roposed methods on the NTU-RGB+D dataset. Then the proposed

odel is tested and compared with state-of-the-art action recog-

ition methods on three popular datasets. 

.1. Network architecture 

We build a graph convolutional network as the baseline model

ith reference to Spatial Temporal Graph Convolutional Network

ST-GCN) [29] , which is the first to apply graph convolutional net-

orks to skeleton based action recognition. The structure of the

aseline model is shown in Fig. 6 . It is composed of nine ST-GC

odules, and each module has a graph convolutional layer with

ernel size three and a temporal convolutional layer with kernel

ize nine. It can learn both spatial and temporal information from

he skeleton sequences. Before feeding input sequences into the

aseline model, a batch normalization layer is used to normalize

he data. The number of output channels in each layer is illustrated

n Fig. 6 . In more details, after 3th and 6th layers, we insert a Max

ooling on temporal domain respectively. Then a Global Average

ooling (GAP) layer is performed on the feature maps to obtain a

56 dimension feature vector. Finally, the feature vector of each se-

uence is fed into a SoftMax classifier to predict the action label.

he proposed GCN with SGP and JCA is shown in Fig. 3 . It has four

raph convolutional layers which correspond to 4th, 7th, 8th and

th layers of baseline model. There follows a temporal convolu-

ional layer after each graph convolutional layer to extract tempo-

al features. We employ a Max pooling with stride 2 on temporal

imension after each temporal convolutional layer. The SGP oper-

tions and JCA modules are plugged between graph convolutional

ayers. The other components, such as batch normalization layer,

re the same as baseline model. 
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Fig. 6. The architecture of the baseline model with 9 graph convolutional layers. The feature dimensions are presented. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 1 

Evaluating the effectiveness of proposed SGP 

scheme on the NTU-RGB+D dataset. 

Method Cross-Subject Cross-View 

Baseline(9L) 80.7% 88.9% 

SGP 1 (9L) 84.9% 91.6% 

SGP 2 (9L) 85.4% 92.7% 

SGP 3 −1 (9L) 82.0% 91.1% 

SGP 3 −2 (9L) 85.5% 93.1% 

SGP 3 −3 (9L) 85.9% 93.3% 

SGP 3 −3 (4L) 86.1% 93.1% 
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4.2. Datasets and training details 

NTU-RGB+D Dataset [42] : NTU-RGB+D is a large dataset for

human action recognition task with 60 action classes. It contains

560 0 0 action clips captured from 40 volunteers in a constrained

lab environment with 3 different horizontal angle cameras at the

same height. Detected by Kinect V2 depth sensors, annotations

of 3D joint coordinates of 25 major body joints are given for

each frame. This dataset includes two evaluation metrics: Cross-

Subject(CS) and Cross-View(CV). In the Cross-Subject evaluation,

there are 40320 and 16560 clips for training and evaluation re-

spectively. In this setting, 20 subjects from the dataset are used for

training and the models are evaluated on clips from the remaining

actors. In the Cross-View evaluation, there are 37920 and 18960

clips for training and evaluation respectively. Training samples in

this setting are captured from camera view 2 and 3, the evaluation

samples are all from camera view 1. We follow this convention set-

tings and report the top 1 recognition accuracy on both evaluation

metrics. 

Kinetics-M [29] : Kinetics-M is an action video dataset pre-

sented by Yan et al. [29] . It contains 30 action classes seleceted

from Kinetics. The joints coordinates are estimated from raw video

clips with the public available realtime Openpose toolbox [47] . It

contains 250 0 0 clips for training and 150 0 clips for evaluation. The

training set is used to train our model, and we report the top 1

recognition accuracy on evaluation set. 

SYSU-3D Dataset [36] : The SYSU-3D dataset is composed of 480

video clips and 12 different activities performed by 40 subject. The

video clips from 20 subjects are used to train our model, and the

video clips from the other subjects for evaluation. 

Training Details: The proposed method is implemented with

the PyTorch deep learning framework and the model is trained for

100 epochs on 2 TITANX GPUs. We employ Stochastic Gradient De-

scent (SGD) to train the model. The momentum and weight decay

are set as 0.9 and 0.0 0 01 respectively. The basic learning rate is set

to 0.1 and is divided by 10 at 10, 50 and 90 of training epochs. We

choose ReLU as the activation functions and set the dropout rate

to 0.5 to avoid overfitting. According to the available GPU memory,

the batch size of NTU-RGB+D, Kinetics-M, and SYSU-3D datasets

are set to 16, 32, and 32, respectively. We train our model without

any data augmentation. 

4.3. Ablation study 

To analyze the effectiveness and necessity of the proposed

components, a series of ablation experiments on the NTU-RGB+D

[42] dataset are conducted. 
.3.1. Evaluation of SGP scheme 

To evaluate the effectiveness of the proposed SGP scheme, we

esign different groups of settings including: 1) SGP 1 , 2) SGP 2 and

) SGP 3 . Besides, we compare three division approaches for the 3rd

GP operation to figure out how to extract high-level features more

ffectively. The details of SGP i settings is described below. 

• SGP 1 : We insert the 1st SGP operation mentioned in

Section 3.4 after 4th GC layer of the baseline model, and pool

the original 25 joints to 10 nodes. 
• SGP 2 : The 1st and 2nd SGP operations are added after 3th and

6th GC layers of the baseline model, and pool the number of

joints from 25 to 10 and 10 to 5, respectively. 
• SGP 3 : We insert the 1st, 2nd and 3rd SGP operations after

3th, 5th, 7th GC layers of the baseline model. Moreover, the

3rd SGP operation has three division approach as mentioned in

Section 3.4 . Denote the SGP 3 with the first, second, third divi-

sion approach as SGP 3 −1 , SGP 3 −2 and SGP 3 −3 respectively. 

The results of the above methods are listed in Table 1 . From

able 1 , we observe three points as follows. Firstly, it can be seen

hat all the models with SGP scheme outperform the baseline

odels both in Cross-Subject and Cross-View, which verifies that

he SGP scheme is suitable for skeleton based action recognition

y gradually expanding receptive fields to learn high-level features.

Secondly, the performance of models is generally higher with

ncreasing number of SGP operations. Namely, SGP 3 is better than

GP 2 , and SGP 2 is better than SGP 1 . The proposed SGP can fuse

he features from low-level nodes and obtain high-level features

y means of weighted summation. What’s more, convolving on the

raph with fewer nodes can obtain global information. Thus, the

nformation represented by nodes features are more global and

igh-level when the number of pooling operation increases. The

mproved accuracies demonstrate that these global and high-level

nformation is significant for classification. 

Finally, the SGP 3 −3 performs better than SGP 3 −1 , SGP 3 −2 . The

esult indicates that it’s a better way to divide the motion features
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Fig. 7. Comparison results for each category on the NTU-RGB+D Cross-subject dataset. The horizontal axis represents the category and the vertical axis represents the 

accuracy. Better viewed in colour. 
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Table 2 

Evaluating the performance of JCA module on the 

NTU-RGB+D dataset. 

Method Cross-Subject Cross-View 

Baseline 80.7% 88.9% 

SGP 3 −3 (4L) 86.1% 93.1% 

SGP 3 −3 +JCA 1 (4L) 86.5% 93.3% 

SGP 3 −3 +JCA 2 (4L) 86.7% 93.6% 

SGP 3 −3 +JCA 3 (4L) 86.9% 93.8% 
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s  
f five body parts to the motion features of upper body and lower

ody. Compared with SGP 3 −3 , the 3rd SGP operation of SGP 3 −1 

nd SGP 3 −2 are more specific, corresponding to left-upper body,

ight-upper body, legs and left-half body, right-half body, trunk

espectively. Intuitively, the motion features of upper body and

ower body are more discriminative for action classification since

ome action classes often only involve in the motions of hands

nd arms, while some action classes only involve in the motions of

egs. However, the motion features of left-half body and right-half

ody are not discriminative for action classification since it should

e classified as the same class if people perform the same action

ith different hands or legs. In the classified actions, there exist

ome actions which are improper to divide their motion into three

arts. Thus, by intuitive analysis, it is a better way to divide joints

nto upper body and lower body. The experimental results coincide

ith the intuitive perception. 

The proposed SGP scheme can accelerate the information trans-

er process on graphs. To prove the information transfer acceler-

tion, we reduce the number of GC layers in SGP 3 −3 and com-

are the new model with the original SGP 3 −3 . We remove the 1st,

nd, 3rd, 5th,6th GC layers of SGP 3 −3 and denote this four layers

odel as SGP 3 −3 (4L). To avoid confusion, denote the original SGP i 

s SGP i (9L). From Table 1 , on the NTU-RGB+D dataset, the average

ccuracy of SGP 3 −3 (4L) and SGP 3 −3 (9L) are the same, both higher

han the baseline model. Figs. 7 and 8 show the accuracy rates

f 60 categories on the NTU-RGB+D dataset. As we can see, the

erformance of SGP 3 −3 (9L) almost coincides with that of SGP 3 −3 

4L), and accuracies on all categories are higher than the base-

ine model. The experimental results demonstrate that our method

ould decrease the number of graph convolution operations with-

ut affecting the accuracy,which means the SGP scheme can accel-

rate information transfer process. 

We list some actions related to the interaction of the human

ody parts from the NTU-RGB+D dataset in Figs. 9 and 10 . From

he two figures, it can be seen that SGP 3 −3 (4L) achieves more than

% improvements compared with the baseline model on these ac-

ions. Specifically, the classification accuracies of actions like “clap-

ing”, “salute” and “touch head” are improved significantly. These

ctions are highly related with interactions of different parts of hu-

m  
an body. The improvement shows that GCN equipped with SGP

cheme can extract global motion information. 

.3.2. Evaluation of JCA module 

To analyze the effectiveness of the joint-wise channel atten-

ion (JCA) module, we design three SGP+JCA models by insert-

ng different numbers of JCA modules into SGP 3 −3 (4L). In Table 2 ,

GP 3 −3 +JCA 

1 (4L) plugs in a JCA module after the first graph con-

olutional layer of SGP 3 −3 (4L), SGP 3 −3 +JCA 

2 (4L) plugs in a JCA

odule after the first and second graph convolutional layers of

GP 3 −3 (4L) respectively, SGP 3 −3 +JCA 

3 (4L) plugs in a JCA mod-

le after the first, second and third graph convolutional layers

f SGP 3 −3 (4L) respectively. Note that the SGP 3 −3 +JCA 

3 (4L) is the

odel we propose in this work. All of these models outperform

he baseline model and SGP 3 −3 (4L). With the number of JCA

odules increasing, the performance improves gradually both on

ross-Subject and Cross-View. The SGP 3 −3 +JCA 

3 (4L) achieves the

est performance, which increases by 0.8% (CS) and 0.7% (CV) over

GP 3 −3 (4L). To analyze the computation efficiency of the pro-

osed JCA module, we compare the training time of the baseline

odel and SGP 3 −3 (4L) with SGP 3 −3 +JCA 

3 (4L) under the same set-

ings. As shown in Table 3 , the training time of SGP 3 −3 +JCA 

3 (4L)

nd SGP 3 −3 (4L) are far less than that of the baseline model. The

raining time of SGP 3 −3 +JCA 

3 (4L) is 1.2 times of SGP 3 −3 (4L), which

ndicates that JCA module introduces little computation cost. 

Additionally, to show the ability of our JCA module on clas-

ifying confusing human actions, we select some confusing hu-

an actions from the NTU-RGB+D dataset. Almost all these
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Fig. 8. Comparison results for each category on the NTU-RGB+D Cross-view dataset. The horizontal axis represents the category and the vertical axis represents the accuracy. 

Better viewed in colour. 

Fig. 9. The improved accuracies of SGP 3 −3 (4L) compared with the baseline model on above categories in NTU-RGB+D Cross-Subject dataset. 

Table 3 

Training time of baseline model, 

SGP 3 −3 (4L) and SGP 3 −3 +JCA 3 (4L) on 

the NTU-RGB+D dataset. 

Method Training time 

Baseline 19 h 52 min 

SGP 3 −3 (4L) 7 h 39 min 

SGP 3 −3 +JCA 3 (4L) 9 h 15 min 

 

 

 

 

 

 

Table 4 

Performance comparison for some confusing actions on the NTU-RGB+D Cross- 

Subject dataset. 

Human actions Baseline SGP 3 −3 (4L) SGP 3 −3 +JCA 3 (4L) 

clapping 52.4% 63.7% 72.9% 

reading 46.9% 48.4% 56.0% 

writing 44.1% 58.8% 65.1% 

playing with phone/tablet 55.3% 62.6% 64.7% 

point to something with finger 48.6% 67.8% 72.5% 

sneeze/cough 58.0% 69.9% 64.9% 

touch head 57.6% 71.7% 72.5% 

put the palms together 71.0% 81.2% 92.8% 

touch neck 70.7% 73.9% 80.8% 

salute 69.9% 86.2% 91.3% 

i  

m  

n

confusing actions are performed by hands such as ”put palms to-

gether” “clapping”, “reading” and “writing”. From Table 4 , com-

pared with SGP 3 −3 (4L), the model combined with JCA module can

distinguish the confusing actions better. The accuracies of these ac-

tions are significantly improved except sneeze/cough. 

We show the confusion matrix of “reading” and “writing” in

Table 5 . Compared with SGP 3 −3 (4L), SGP 3 −3 +JCA 

3 (4L) can discrim-
nate these confusing actions better. This proves the proposed JCA

odule can focus on the key channels and enhance the discrimi-

ative information. 
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Fig. 10. The improved accuracies of SGP 3 −3 (4L) compared with the baseline model on above categories in NTU-RGB+D Cross-View dataset. 

Fig. 11. Distances between “hand” and “right foot” with/without the 1st SGP operation. The numbers in picture (a) and (b) indicate lengths of paths from “hand” to “right 

foot”. Pictures (a) and (b) are the graphs without and with the 1st SGP operation respectively. Better viewed in colour. 

Table 5 

The confusion matrix of “reading” and “writing” of 

SGP 3 −3 (4L)(represented by “S”) and SGP 3 −3 +JCA 3 (4L)(represented by 

“J”) on NTU-RGB+D Cross-View dataset. 

Human actions reading(S) writing(S) reading(J) writing(J) 

reading 0.59 0.19 0.61 0.17 

writing 0.13 0.68 0.06 0.69 
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Table 6 

The recognition results, numbers of parameters 

and cost of multiplications with our methods on 

NTU-RGB+D dataset. 

Method Parameters CS CV 

Baseline(9L) 2.98M 80.7% 88.9% 

SGP 3 −3 (9L) 2.98M 85.9% 93.3% 

SGP 3 −3 (4L) 2.49M 86.1% 93.1% 

t  

1  

“  

t  

o  

t  
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n  

o  

F  
.4. Computation cost evaluation 

In this section, we first analyze the proposed SGP scheme’s

uperiority in reducing model size from the view of information

ransfer. Then we analyze the computation cost reduction brought

y the SGP scheme. 

.4.1. Information transfer acceleration 

The SGP scheme accelerates information transfer process be-

ween distant joints. The graph convolution operation is often de-

ned in first-order neighborhoods. This means the information of

ne node can only be passed to its adjacent nodes with one graph

onvolution operation. As shown in Fig. 11 , in the original GCNs,
he distance between “right hand” and “right foot” is 12. We need

2 graph convolution operations to transfer the information from

right hand” to “right foot”. With the 1st SGP operation, the dis-

ance between these two joints becomes 4, which means we need

nly 4 graph convolution operations to transfer information be-

ween them. Meanwhile, the model size reduces because of the

ecreasing number of graph convolution operations. 

To show the model size reduction brought by decreasing the

umber of graph convolution operations, we calculate the amount

f parameters of baseline model, SGP 3 −3 (9L) and SGP 3 −3 (4L).

rom Table 6 , the amount of parameters of the SGP 3 −3 (4L) is 2.49
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Table 7 

The recognition result, amount of parameters and cost of multiplica- 

tions of ST-GCN, GCMVT and our method on the NTU-RGB+D dataset. 

Method Parameters Multiplications CS CV 

GCMVT [31] 5.75M 61.21B 84.2% 90.2% 

ST-GCN [29] 3.03M 13.31B 81.5% 88.3% 

SGP 3 −3 (4L) 2.49M 3.39B 86.1% 93.1% 

Table 8 

Comparison with current state-of-the-art methods on the 

NTU-RGB+D dataset. The accuracies are reported on both 

the Cross-subject (CS) and Cross-view (CV) benchmarks. 

Method CS CV Year 

Dynamic Skeletons [36] 60.2% 65.2% 2015 

HBRNN-L [40] 59.1% 64.0% 2015 

Part-aware LSTM [42] 62.9% 70.3% 2016 

ST-LSTM + Trust Gate [48] 69.2% 77.7% 2016 

Two-Stream RNN [49] 71.3% 79.5% 2017 

STA-LSTM [15] 73.4% 81.2% 2017 

VA-LSTM [50] 79.2% 87.7% 2017 

View invariant [18] 80.0% 87.2% 2017 

ST-GCN [29] 81.5% 88.3% 2018 

DPRL [30] 83.5% 89.8% 2018 

GCMVT [31] 84.2% 90.2% 2019 

Baseline 80.7% 88.9% 

SGP 3 −3 (4L) 86.1% 93.1% 

SGP 3 −3 +JCA 3 (4L) 86.9% 93.8% 

Table 9 

Comparison with current state-of-the-art 

methods on Kinetics-M dataset. We list 

top-1 classification accuracies. 

Method Accuracy Year 

ST-GCN [29] 72.4% 2018 

Baseline 71.3% 

SGP 3 −3 (4L) 74.3% 

SGP 3 −3 +JCA 3 (4L) 75.0% 

Table 10 

Comparison with state-of-the-art methods on the SYSU- 

3D dataset. 

Method Accuracy Year 

Dynamic Skeletons [36] 75.5% 2015 

LAFF(SKL) [51] 54.2% 2016 

ST-LSTM(Tree) [48] 73.4% 2017 

ST-LSTM(Tree) + Trust Gate [48] 76.5% 2017 

DPRL [30] 76.9% 2018 

Baseline 73.8% 

SGP 3 −3 (4L) 78.3% 

SGP 3 −3 +JCA 3 (4L) 79.2% 

 

 

 

 

 

 

 

 

 

 

 

 

m  

G  

c  

o  

i  

e  

t  

c  

b  

c

 

e  

fi  

m  

v  

l  

S  

n  

l  

g  

t  

j  

n  

t

4

 

s  

a

4

 

w  

w  

C  

m  

t  

o  

o  

t

4

 

t  

2  

p  

n

4

 

s

(  

p

5

 

w  

c  

t  

c  

S  

i  

c  

f  
million, which is reduced by 16.4% compared with the baseline

model and the SGP 3 −3 (9L). It can be seen that only four graph

convolutional layers in our method are already sufficient to achieve

better accuracy than the baseline model with nine layers. 

4.4.2. Computation cost reduction 

To further demonstrate the lightweight characteristic and com-

putational efficiency of our method, we compare two GCN-based

models ST-GCN [29] and GCMVT [31] with SGP 3 −3 (4L) on the NTU-

RGB+D dataset and record their accuracies, model sizes and com-

putation cost. 

The experimental results are illustrated in Table 7 . The fol-

lowing points can be seen from Table 7 . (1) Our model achieves

the best accuracies, which are about 5% higher than ST-GCN and

2% higher than GCMVT on average. (2) Our model with structure

based graph pooling scheme is lightweight compared with other
ethods. The number of parameters is less than half of that of

CMVT, and also less than that of ST-GCN. (3) The computation

ost of our model is smaller than other methods. Multiplication

perations occupy the most computation cost during model train-

ng. Our method largely reduces the number of multiplication op-

rations. On this aspect, GCMVT is 18 times and ST-GCN is almost 4

imes of our model. These points indicate that our pooling scheme

an not only improve the accuracy of graph convolutional network

ut also reduce the amount of model parameters and computation

ost. 

Theoretically, this computation reduction comes from two prop-

rties of SGP scheme. Firstly, SGP scheme expands the receptive

elds of graph convolution kernels effectively. This allows our

odel to extract global motion features with fewer graph con-

olutional layers. By reducing the number of graph convolutional

ayers, the computation cost of the whole model is decreased.

econdly, SGP scheme reduces the graph size, i.e. the number of

odes in the graph. The computation cost involved in a graph is

inear with the graph size. The computation cost involved in a

raph containing M nodes is about M / N times that in a graph con-

aining N nodes. The skeleton in the NTU-RGB+D dataset has 25

oints(nodes). When we apply the proposed SGP and reduce the

umber of nodes to 5, the computation cost is reduced by about 5

imes. 

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

We demonstrate the effectiveness of our method on three large

cale datasets and compare with state-of-the-art methods as well

s our baseline model. 

.5.1. NTU-RGB+D 

We compare our SGP 3 −3 (4L) and SGP 3 −3 +JCA 

3 (4L) models

ith current state-of-the-art methods on the NTU-RGB+D dataset

ith two recommended evaluation metrics: Cross-Subject and

ross-View. The comparison results with these state-of-the-art

ethods are list in Table 8 . Our method SGP 3 −3 +JCA 

3 (4L) achieves

he performance of 86.9% (CS) and 93.8% (CV). Compared with

ther current state-of-the-art GCNs based methods, our method

utperforms GCMVT [31] by 2.7% (CS) and 3.6% (CV), which shows

he effectiveness of the proposed model. 

.5.2. Kinetics-M 

Table 9 presents the comparison performance with the stat-of-

he-arts on the Kinetics-M dataset. Our SGP 3 −3 +JCA 

3 (4L) achieves

.5% improvement over the ST-GCN [29] and achieves 3.6% im-

rovement over our baseline model. The Kinetics-M is a relative

ew dataset, thus the methods that can be compared are limited. 

.5.3. SYSU-3D 

On the SYSU-3D dataset, We compare our method with five

tate-of-the-art approaches. Table 10 shows that our SGP 3 −3 +JCA 

3 

4L) outperforms the latest method DPRL [30] over 2.3% and out-

erforms our baseline model over 5.4%. 

. Conclusion 

In this paper, we propose a novel graph convolutional network

ith structure based graph pooling (SGP) scheme and joint-wise

hannel attention (JCA) modules. The SGP scheme gradually pools

he human skeleton graph and expands the receptive fileds of the

onvolution kernel to learn high-level information of human body.

pecially, the proposed SGP scheme can enhance the GCNs’ abil-

ty to extract global motion features and reduce the computation

ost at same time. We have proven that SGP can accelerate in-

ormation transferring and thus reduce the amount of parameters
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nd computation cost. Joint-wise channel attention (JCA) module

earns to selectively focus on discriminative joints of skeleton and

ays different levels of attention to different channels. On three

idely used datasets: NTU-RGB+D, Kinetics-M and SYSU-3D, our

ethod outperforms all state-of-the-art methods. For the limita-

ions of our method, the proposed SGP scheme is designed for

keleton based data and cannot be directly used for other data. Be-

ides, the SGP scheme is a hand-crafted method, i.e. we have to de-

ign the approach to divide the original graph to subgraphs man-

ally. Although we explore several approaches in our work, it may

ot be optimal for skeleton based action recognition. It’s a better

ay to design an adaptive pooling scheme. In the future work, we

ill improve our model to make it more adaptive to the similar

ctions. 
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