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A sequence models-based real-time multi-person action recognition method 
with monocular vision 
Aolei Yang1, Wei Lu1, Wasif Naeem2, Ling Chen3, Minrui Fei1 

Abstract
In intelligent video surveillance under complex scenes, it is vital to identify the current actions of multi-target human bodies 
accurately and in real time. In this paper, a real-time multi-person action recognition method with monocular vision is proposed 
based on sequence models. Firstly, the key points of multi-target human body skeleton in the video are extracted by using the 
OpenPose algorithm. Then, the human action features are constructed, including limb direction vector (LDV) and the skeleton 
height-width ratio (SHWR). The multi-target human bodies tracking is then achieved by using the tracking algorithm. Next, the 
tracking results are matched with the action features, and the action recognition model is constructed, which includes the spatial 
branch based on Deep Neural Networks DNN and the temporal branch based on Bi-directional RNN(Bi-RNN) and Bi-directional 
Long Short-Term Memory (Bi-LSTM) networks. After pre-training, the model can be used to recognize the human body action 
from action features, and a recognition stabilizer is designed to minimize false alarms. Finally, extensive evaluations on the JHMDB 
dataset validate the effectiveness and the superiority of the proposed approach. 

Keywords Action recognition Human body skeleton Feature construction Sequence models Computer vision 

1 Introduction 

With rapid developments in computing power, networks and 
communications technology, visual monitoring is now widely 
used in daily life and playing a significant role in the security 
tasks of key physical infrastructure One of the most important 
tasks of human visual monitoring is to automatically recognize 
the actions the human body is performing in a video. For 
example, in domestic environments, hospitals, nursing homes, 
it is vital to timely identify any abnormal behavior in children, 
patients or the elderly, so as to better protect personal safety. It 
is therefore necessary to study real-time multi-person action 
recognition methods for complex scenes. 

In fact, it is difficult to build a practical action recognition 
system because of several challenges. Firstly, how to model 
temporal information of specific action is a big challenge. Time 
fusion methods often ignore sequence order; 3D filter and 3D 
pool filter have a very strict time structure, they only accept 
predefined frames as input, and these frames are always very 
short. Secondly, most of the existing deep learning methods 
rely on a large number of labeled training data. However, in 
practical scene, it is expensive and laborious, even impossible 
to obtain a large number of labeled training data. It is another 
challenge to effectively train deep networks from small training 
data. 

1.1 Related works 

At present, there are many approaches to solve the human body 
action recognition problem, mainly based on wearable as well

 

as external devices. Wearable-device-based recognition 
methods require the target human body to wear various sensors 
and extract features from data to achieve action identification 
(Lara et al. 2013). Fahim et al. (2013) proposed a novel 
evolutionary fuzzy model to measure the uncertainties between 
imprecise decision boundaries. The model relaxes domain 
expert knowledge constraints and estimates the membership 
function through a statistical method. The proposed model 
utilized the embedded accelerometer sensor of a commercial 
smartphone to recognize dynamic activities. Shoaib et al. (2014) 
explored how various motion sensors (gyroscope, 
magnetometer and accelerometer) behave in different 
situations in the activity recognition process. They showed that 
these sensors, except the magnetometer, are each capable of 
taking the lead roles individually, depending on the type of 
activity being recognized, the body position, the used data 
features and the classification method employed. They also 
showed that their combination improves the overall recognition 
performance when their individual performances are not very 
high. This kind of method needs the target body to carry a range 
of sensors, which inevitably affects the daily activities of the 
human body. 

External device-based recognition methods mainly used 
various cameras to obtain images, depth and other data, and the 
traditional machine learning or deep learning methods are 
adopted to recognize actions. Wang et al. (2013) proposed a 
video representation method and its improvement method 
based on dense trajectories (DT) and action boundary 
descriptors. In the original method, dense trajectories were 
extracted by an optical flow algorithm, while HOG 
(Histograms of Oriented Gradients), HOF (Histograms of 
Optical Flow) and MBH (Motion Boundary Histograms) were 
extracted as human action descriptors. Additionally, BOF (Bag 
of Features) was used to construct lexical frequency histograms 
to describe the video behaviors. The improved dense 
trajectories (iDT) method used FV (Fisher Vector) method to 
encode the original features and used the encoded results to 
train an SVM classifier. Based on iDT, Peng et al. (2014) 
proposed Stacked Fisher Vectors (SFV), i.e., a representation 
with multi-layer nested Fisher vector encoding, for HAR. They 
first performed Fisher vector encoding in dense sub-volumes 
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2 A. Yang et al. 

based on low-level features, and then compressed FVs to low 
dimension and performed another FV encoding. Cheron et al. 
(2015) proposed a Pose-based CNN (P-CNN) descriptor that 
aggregates action and appearance information along the tracks 
of the human body. 

Xu et al. (2017) proposed two-stream dictionary learning 
architecture including Interest Patch (IP) detector and 
descriptor, two-stream dictionary models, and Support Vector 
Machine (SVM) for classification. The IP descriptors were 
calculated in spatial stream and temporal stream separately. In 
each stream, a dictionary is trained for each action with the IP 
descriptors as an action model. Song et al. (2019) introduced 
Temporal-Spatial Mapping (TSM) for capturing the temporal 
evolution of the frames by analyzing all the frames of a video, 
and proposed a video level 2D feature representation by 
transforming the convolutional features of video sequence. 
They leveraged a head ConvNet with temporal attention model 
to further explore the temporal-spatial dynamics and learn 
effective video-level feature representation for classification. 
Yi et al. (2020) proposed a new descriptor to highlight the 
discriminative trajectories in videos, and a method to compute 
saliency map based on optical flow was introduced to highlight 
regions of foreground motion. Furthermore, two different video 
representations were proposed based on trajectory action 
relevance and frame action relevance. Such RGB image-based 
methods make full use of color and texture information to 
construct features for action recognition, but are vulnerable to 
some factors, such as background clutter, illumination changes, 
biological feature transformation, to name a few. 

Since the advent of depth cameras, researchers have been 
attempting to use depth data and human body 3D skeleton data 
for action recognition. Yang and Tian (2014) designed a new 
action feature descriptor for action recognition based on 
differences of skeleton joints, which combine static posture, 
motion property, and overall dynamics. They proposed 
Accumulated Motion Energy (AME) to perform informative 
frame selection, and employed non-parametric Naïve-Bayes-
Nearest-Neighbor (NBNN) to classify multiple actions. Du et 
al. (2015) divided the skeleton sequence into 5 parts and 
proposed a multi-layer RNN structure, which fused the features 
with the increase of layers. Liu et al. (2017) proposed a spatio-
temporal LSTM (ST-LSTM) network, which extends the 
traditional RNN-based learning to both temporal and spatial 
domains. Moreover, a new gating mechanism within LSTM 
module is introduced, with which the network can learn the 
reliability of the sequential data. Liu, Liu and Chen (2017) 
introduced an enhanced skeleton visualization method to 
represent a skeleton sequence as a series of visual and motion 
enhanced color images, which implicitly encode the spatio-
temporal information of skeleton joints. Wang et al. (2018) 
addressed the problem of human action recognition by 
applying ConvNets to skeleton sequences. They proposed a 
method to encode the joints trajectories to Joint Trajectory 
Maps (JTM) where the 3D skeleton sequences can be encoded 
into 2D multiple images. ConvNets can learn discriminative 
features from these maps for real-time human action 
recognition. Compared with RGB images, skeleton data 
eliminates the influence of background clutter, and is more 
robust to changes in scale and illumination. However, in 
practice, there are many problems in the use of depth cameras, 
such as inaccurate estimation of skeleton points and incorrect 
matching of skeleton points in a multi-person scenario. 

1.2 Approach and contributions  

Most of the existing action recognition methods were designed 
for segmented videos containing only one action, which cannot 
meet the requirements of real-time multi-person recognition. 
Therefore, this paper proposes a real-time multi-person action 
recognition method with monocular vision based on sequence 
models. Firstly, the human pose estimation algorithm is used to 
predict the skeleton coordinates of the target human body in the 
image, and then the skeleton coordinates are used to design the 
action features. Secondly, according to the cognitive system of 
human brain, the Bi-RNN and Bi-LSTM are used to design a 
two-branch action recognition network, which extracts 
spatiotemporal information from the designed action features 
to identify action categories. Thirdly, a recognition result 
stabilizer is designed to eliminate the instability by fusing the 
current recognition result with historical data. Finally, the 
feasibility and effectiveness of the proposed method are 
verified through a large number of actual human action 
recognition experiments. 

The main contributions of this paper are as follows: 1) A 
real-time multi-person action recognition method is proposed 
which is simple to deploy and works by acquiring real-time 
video stream data by a common monocular camera; 2 A 
method of constructing action features from images is proposed, 
in which the extracted features are not disturbed by background 
noise and are more robust to scale changes; 3) According to the 
constructed action features, an action recognition model is 
designed based on Bi-RNN and Bi-LSTM structures. 

2 Problem description and method framework 

2.1 Problem and solution of real-time multi-person 
action recognition with monocular vision  

Real-time multi-person action recognition with monocular 
vision uses monocular vision sensors to collect RGB image 
data streams, detect and track the target in the image in real 
time, and design an action recognition model to recognize the 
action of the human body. There are many challenges in solving 
the above problems. First of all, the online recognition method 
utilizes the real-time image data stream, which not only 
requires knowledge of the initial boundary of action, but also 
need to complete the action recognition task during the target 
action execution process. Secondly, since human actions occur 
in 3D space, but the original data is in the form of RGB images 
collected by monocular vision sensors, which requires that the 
proposed method should be able to mine the features related to 
human actions as much as possible from the 2D images in the 
absence of depth information to realize the human action 
recognition. Further, if there are many human bodies in the 
scene, it will be more challenging to identify the human body 
actions simultaneously. In order to overcome the above-
mentioned problems, the idea of feature engineering in 
machine learning method can be employed to extract features 
related to human action from the image. A deep learning 
method is adopted to design the human action recognition 
model for learning the relationship between action and features 
from a large number of samples. 
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 (a) (b) 

Fig.1 Architecture of HBAR. (a) Online inference, (b) Offline training. 

2.2 Multi-person action recognition method and 
architecture 

To achieve successful recognition of the multi-person action in 
the process of the action execution, it is necessary to make full 
use of the image frames of the current time and its previous 
time. In other words, it needs to combine the image frames of 
a period of time, analyzes the relationship between the human 
action and time, and then predicts the current human action. 
Suppose that the action features, { , , … , , } , of each 
target human body at time 0 ~  have been obtained by using 
the feature extraction method. Suppose there are   action 
categories to be identified, and the actual value of each target 
human action at time  , is a vector ∈ ℝ  . So, the features 
corresponding to the total + 1 frames can be selected as input 
to construct action recognition model and select appropriate 
parameters to maximize posterior probability: 
 ∗ = ( | , … , )  (1) 

The solution of online inference phase of the multi-person 
action recognition can then be divided into two sub-problems: 
multi-target action feature extraction and multi-person action 
recognition. The framework proposed in this paper is depicted 
in Fig. 1(a). The multi-target action feature extraction is to track 
multiple targets and extract the action features, including the 
OpenPose (Cao et al. 2017) skeleton estimation algorithm, the 
multi-target tracking, and the action feature construction. The 
multi-target action recognition is to match the acquired multi-
target tracking results with the constructed action features, and 
to predict the current action category of each target by using the 
pre-trained action recognition model, including the multi-target 
action feature matching, the human action recognition model, 
and the recognition result stabilizer. In addition, the offline 
training phase in Fig.1(b) is to represent the action recognition 
model training process prior to action recognition, and the 
dataset used for training is obtained by using the proposed 
feature extraction method to process the video streaming 
samples. 

3 Multi-target detection and action feature 
extraction 

3.1 Human body skeleton and localization 

The human body is composed of many interactive systems 
including the nervous and musculoskeletal systems which are 
mainly used during movement. The bones support the body 
while the muscles are stimulated by the nervous system to 

mobilize the bones. So, human action is essentially the 
movement of bones, and different combinations of skeletal 
movements can be used to represent different human 
movements. The bones of human body can be modelled as 
links connected by nodes, which are joints that restrict the 
movement of the human body. Therefore, the position of the 
joint and the features constructed by using the joint structure 
can be used to describe the action state of the human body. 

In order to obtain these features, the skeleton of the target 
human body from the RGB images need to be detected. Here 
the MS COCO (Lin et al. 2014) dataset format containing 18 
points was used in this paper to represent the human skeleton 
in images. This skeleton data shown in Fig. 2(a), could be 
predicted by using the OpenPose algorithm. 
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 (a) (b) 

Fig.2 Human body skeleton demonstration. (a) Skeleton, (b) External 
bounding box. 

After obtaining the skeleton of the target human body, the 
corresponding external bounding box shown in Fig. 2(b) can be 
calculated. In the scene of multi-target action recognition, not 
only all targets must be detected, but also the detection results 
of the same target at different times should be tracked or 
matched. Thus recognizing human body action needs historical 
data of each object detection whilst also assigning the same 
identity tag to the same object in different image frames. In 
order to solve this problem, the multi-target tracking algorithm, 
DeepSort (Wojke et al. 2017) is adopted to assign the specific 
ID to each successfully tracked target, and record the position 
of the target in the image. It should be pointed out that the 
position of the human body in the image is represented by the 
external bounding box of the skeleton. 
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3.2 Human action feature construction

The outcome of the OpenPose algorithm is a set of pixel 
coordinates of skeleton points, however, because of noise 
interference, even if the target human body is stationary, the 
pixel coordinates of skeleton points obtained by the algorithm 
will also fluctuate in a certain range. According to the camera 
imaging principle, when the distance between the camera and 
the human body in the scene is different, the relative 
relationship between the pixel coordinates of the detected 
skeleton points will also be different. Even if the distance is the 
same, the different postures of the human body will cause 
variations in the pixel coordinates in the image. In order to 
eliminate the noise and coordinate changes caused by the above 
factors, the skeleton point pixel coordinate normalization can 
be carried out. Specifically, the localization coordinate system 
{u-v} for the human body in 2D images is established as shown 
in Fig. 2(a) with the upper left corner of the image as the origin. 
The {u-v} coordinate system is in pixels, and suppose the pixel 
coordinate of human skeleton points is {( , ), … , ( , )},
the width = − and height = − of 
the human skeleton can be calculated. Let (U, V) represents the 
original coordinates and ( ) represents the normalized 
skeleton coordinates (NSC), then the normalization formula is:= ( − )= ( − ) (2)

Since the human head is less involved in action execution 
and the pixels of the head skeleton are relatively close, these 
five points in the skeleton are removed. The remaining 13 
points can be divided into 5 groups according to limbs and 
trunk as coordinate features, including arms (right hand: 2, 3, 
4, left hand: 5, 6, 7), legs (right leg: 8, 9, 10, left leg: 11, 12, 
13), and trunk (1, 11, 8).

Making use of the idea of feature engineering in the field 
of machine learning, the features closely related to the target 
task can be constructed according to the prior knowledge, so as 
to improve the prediction effect and the interpretability of the 
model. Therefore, from the micro and macro perspectives, this 
paper designs two action-related features, namely the limb 
direction vector (LDV) and the skeleton height-width ratio 
(SHWR).

From the microscopic point of view, the action of limbs 
can be regarded as the combination of its sub-parts movement, 
since limbs are composed of several bones. Take the example 
of the arm. The arm action can be disassembled into a 
combination of the upper arm motion and the forearm motion. 
During the movement, because of the restriction of the joint 
point to the skeleton, the upper arm motion requires the upper 
arm skeleton moves in a certain range with the shoulder joint 
as the origin. On the other hand, the forearm motion requires 
the forearm moves with the elbow joint as the origin. Hence the 
upper arm and the forearm can be regarded as two vectors, and 
different vectors can be combined to describe different arm 
actions. Similarly, for the legs, there are two vectors of the thigh 
and the calf. In summary, the human limbs contain a total of 
eight vectors, which have been marked by arrows in Fig. 3. For 
the arms, the coordinates of the shoulder, elbow, and wrist of 
the arm are identified by A, B, and C. The two vectors for the 
arm are ⃗  and ⃗ . For the legs, let D, E, F denote the 
coordinate points of the hip, knee, and ankle. Then the two 
vectors for the leg are ⃗ and ⃗.

Fig. 3 Limb direction vectors illustration.

Let ( ) and ( )  represent the pixel 
coordinates of the starting point and the ending point of the 
vector, and the LDV can be calculated by the formula:⃗ = ( ) ( )

( ) ( ) (3)

From the macro point of view, the variation of the human 
SHWR in the images presents a certain law when the human 
body makes actions. The human SHWR can be calculated by = /   using the human skeleton width   and height 
above. For example, three actions including walking, squatting 
down and standing up are selected for demonstrating the 
corresponding SHWRs. As shown in Fig. 4(a), during the 
process of walking, the SHWR value first increases and 
decreases periodically. In the process of squatting in Fig. 4(b), 
its SHWR decreases almost linearly, and when standing up in 
Fig. 4(c), it increases linearly. Therefore, this feature of the 
human SHWR can be fully utilized to recognize the human 
motion.

(a)

(b)
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(c)

Fig. 4 Variation features of SHWR. (a) Walking, (b) Squatting down, 
(c) Standing up.

In summary, by combining the above NSC, LDV and 
SHWR, the human action feature vector (HAFV) of target 
human body is constructed in Eq. (4).= [( , ) , … , ( , ) , ⃗, … , ⃗, ] (4)

4 Human action recognition model 

Based on the constructed HAFV above, a two-branch human 
action recognition model is constructed in this paper, which is 
shown in Fig. 5. The temporal branch extracts the temporal 
information from the sequence of multi-frame human action 
feature vectors, and the spatial branch extracts the spatial 
information from the current skeleton coordinates. Then, the 
fusion of the temporal and spatial information is inputted into 
two fully connected layers, and the current human action 
category probability could be obtained by using the Softmax 
function. When there is more than one person, the HAFV 
sequence of each person will be separately sent to the model 
for action recognition.

Multi-level
Bi-RNN

Bi-
LSTM

RNN

LSTM

LSTM

DNN

Two Fully 
Connected 

Layers

Spatio branch

Spatial
Vector

Temporal
Vector
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Skeleton
Coordinates

Human 
Action
Feature

Sequence

Action
Category

Probability

Fig. 5 Two-branch human action recognition model structure.

4.1 Construction of human action recognition model

For human action recognition, it is very important to fully 
extract and utilize the temporal and spatial information. In this 
paper, the process of human action is regarded as a time series 
of image frames, and the temporal branch network model is 
constructed by using recurrent neural network (RNN) and long-
short term memory (LSTM) models. Compared with other 
network structures, the RNN is characterized by self-connected 
loops. Through this loop structure, it can be used to model the 
context information contained in the human action time series. 
However, RNN has weak long-term memory ability and the 
vanishing gradient problem in training, so LSTM structure is 
integrated simultaneously in the network model. It mainly 

includes input gate , forgetting gate , output gate and a 
self-connected memory unit  . Their relationship to the 
sequence input = [ , … , ] is as follows:

⎩⎪⎨
⎪⎧ = ( + ℎ + + )= + ℎ + += + ℎ( + ℎ + )= ( + ℎ + + )ℎ = ℎ( ) (5)

where )·(   is the Sigmoid activation function, w is the 
corresponding weight matrix, and b is the deviation vector. 
Although LSTM is superior to RNN in performance, the 
number of parameters in LSTM is larger, which can cause over-
fitting. Thus, in the proposed method, it is only used in the final 
feature coding.

Moreover, the temporal branch network is divided into 
two parts, which are the main network for processing the NSC 
data, and the sub-network for processing the LDV and SHWR. 
The design of the main network adopts the slow fusion strategy 
of multi-layer feature extraction. Its main idea is to first extract 
the human action features separately, and then gradually 
integrate the features of each part with the increase of network 
layers, finally obtaining the human action feature vector that 
can characterize the whole human body action. The internal 
structure of its main network is shown in Fig. 6.

Left
Arm

Right
Arm

Trunk

Left
leg

Right
leg

Bi-RNN

Upper body

Lower body

Whole
Body

Bi-RNN

Bi-LSTM

TIFV

Bi-RNN

Bi-RNN

Bi-RNN

Bi-RNN

Fig. 6 Structure of main network model.

Specifically, the normalized skeleton coordinate data are 
divided into 5 parts:  the left and right arms, the left and right 
legs, and the trunk. For three skeleton-points of each part, the 
action features corresponding to each of the 5 parts can be 
obtained by using the bi-directional RNN structure. For a given 
human skeleton coordinate sequence = [ , . . . , ] , the 
output of the bi-directional RNN structure is ℎ = [ℎ , . . . , ℎ ], 
and the relationship between them is given in Eq. (6),

⎩⎨
⎧ℎ⃗ = ℎ( ⃗ + ⃗ ⃗ℎ ⃗ + ⃗)ℎ⃖ = ℎ( ⃖ + ⃖ ⃖ ℎ⃖ + ⃖ )ℎ = ℎ⃗ ⊕ ℎ⃖ (6)

where   is the corresponding weight matrix,  is the

deviation vector, ℎ is the activation function, ℎ⃗  and ℎ
are the calculation results of forward RNN and reverse RNN 
respectively, and the subscript   represents five body parts. 
Therefore, the human action features of the corresponding 5 
parts are given by the set {ℎ , ℎ , ℎ , ℎ , ℎ }.
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6 A. Yang et al. 

The action features of the left and right arms and the trunk 
are fused to represent the upper body motion, which is given in 
Eq. (7). 
 
 = ℎ ⊕ ℎ ⊕ ℎ  (7) 

The action features of the left and right legs and the trunk 
are fused to indicate the lower body motion, which is given in 
Eq. (8). 
 = ℎ ⊕ ℎ ⊕ ℎ  (8) 

The Bi-directional RNN structure is then used to extract 
the corresponding action features,  {ℎ , ℎ }, from the 
upper body and lower body features. The two features are next 
fused to obtain the human action features representing the 
whole body, ℎ = ℎ ⊕ ℎ  . Finally, the whole 
action features, ℎ  are used as an input to the bi-directional 
LSTM for feature coding to obtain the temporal information 
feature vector (TIFV) extracted from the skeleton coordinates. 

Further, the sub-network structure given in Fig. 7 is 
constructed to extract the temporal information from the LDV 
and SHWR, which is regarded as the auxiliary features in the 
temporal branch. The LDV is input into the RNN network, 
whereas the SHWR data is input into the LSTM network. The 
fused feature vectors are then employed as inputs to the LSTM 
structure to obtain the temporal information auxiliary vector 
(TIAV). Finally, the temporal information feature (TIF) is 
obtained by fusing the two feature vectors, TIFV and TIAV, 
from the main network and sub-network, respectively. 

LDV

SHWR

RNN

LSTM

LSTM

TIAVFused Feature Vector

 
Fig. 7 Structure of sub-network model. 

For the spatial branch in the model, its input is the current 
skeleton coordinates of the target human body. Because the 
skeleton coordinates in the image have 2D spatial meanings, 
the deep neural network (DNN) with only two fully connected 
layers are directly used in the spatial branch to extract the 
spatial vectors with the human action. Combining the temporal 
vector and spatial vector outputted by the temporal and spatial 
branch network, the spatio-temporal action feature vector 
(STAFV) can be finally obtained. Although the whole action 
recognition model is structurally divided into two branches, it 
is still a unified whole and can be trained end to end. 

The STAFV is inputted into the fully connected layers 
(FCLs), and the Softmax function is employed to standardize 
the output of the FCLs and to obtain the current probability ( ) of the human action categories in Eq. (9), 
 ( ) = ∑ , = 1, . . . ,  (9) 

where   is the action category and   is the feature vector 
output by the last fully connected layer. The training objective 
of this recognition model is to minimize the cross-entropy cost 
function, which is given in Eq. (10), 
 ( ) = − ∑ ∑ , ( | ) (10)  
where   is the feature sequence input by the model,   is the 
number of image frames in the sequence,  is the number of 

training samples,  is the total number of training samples, and ,  represents the real category of the mth sample. When its 
true category is k, there is , =1, otherwise , =0. 

4.2 Action Recognition Result Stabilizer 

Due to random noises, such as camera sampling frequency and 
illumination intensity, the output results of the skeleton 
estimation algorithm will inevitably fluctuate when the human 
body is moving, which will lead to action recognition jumping. 
It is not conducive for the practical engineering application. 
Therefore, the recognition result stabilizer with a sliding 
window is proposed to eliminate this kind of problems. If the 
size of the stabilizer sliding window is set to + 1, the action 
category output with the current frame is determined by the 
latest  frame identification category and the stabilizer output 
category at the previous moment. The specific method is to 
count the number of times each category appears in the window, 
and select the category with more times as the final output 
result. 

As shown in Fig. 8, it is assumed that the window size is 
4, and the action recognition category is "standing" at = 6 
due to random disturbances. However, combining the stabilizer 
output when = 5 with the recognition category results of the 
latest 4 frames from = 3 to = 6, the actual output at = 6 
should be "walking". 

[Frame]
[Recognition]

stabilizer

f=3
walking

f=4
walking

f=5
walking
walking

f=6
standing
walking

f=7
walking

 
Fig. 8 Stabilizer result demonstration. 

5 Experimental Verification and Analysis 

5.1 Experimental Platform Construction 

The experimental platform is constructed to verify the 
proposed human body action recognition approach, including 
the common USB monocular camera, the Intel (r) core (TM) 
i7-8700k 3.70GHz CPU, and the NVIDIA GeForce RTX 2080 
graphics card. In the experiment, 11 kinds of common human 
postures and actions in daily life were selected, including 
postures: standing, sitting and squatting; actions: standing up, 
sitting down, squatting down, walking, waving, approaching, 
walking away and falling. According to the standard of J-
HMDB-21 and other public datasets, the sample dataset for the 
training of human action recognition model is constructed by 
the authors. The RGB image resolution of the USB camera is 640 × 480 , and the sampling frame rate is 25 FPS. Each 
collected video scene is a complex indoor and outdoor scene in 
daily life, so as to ensure that the sample data is as close as 
possible to real life. The pixel coordinates of human skeleton 
points in each frame are achieved by using the OpenPose 
algorithm and saved in CSV format. 

5.2 Verification of Human Action Recognition 
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(a) (b)

Fig.9 Demonstration of multi-target human body action recognition. (a) Single target, (b) Multi-target.

Fig. 9 shows the practical application of the proposed method 
in single and multi-target recognition scenarios. In the 
experiment, subjects perform different types of actions 
according to their own will. It can be seen that the proposed 
method can accurately identify the current action of the target 
human body, and meet the requirements of real-time online and 
multi-target recognition.

5.3 Verification of Recognition Result Stabilizer

In order to verify the effect of the recognition result stabilizer, 
several comparative experiments were carried out. In the same 
scenario, the effect of the presence and absence of the stabilizer 
is shown in Fig 10. The human target is originally in a static 
“standing” state, but due to external interference, its action 
recognition results may occasionally jump without the 
stabilizer. For example, in Fig. 10(a), without the stabilizer, the 
action recognition result of the algorithm identifies an 
“approaching” state. After adding the stabilizer, more accurate 
recognition result of “standing” can be obtained, as shown in 
Fig. 10(b).

(a) (b)

Fig. 10 Demonstration of recognition result stabilizer. (a) Stabilizer 
not used, (b) Stabilizer used.

5.4 Evaluation of Experimental Results

In order to verify the performance of the proposed approach, 
the action recognition model was evaluated using the public 
dataset J-HMDB-21. This dataset includes 21 kinds of action 
and 928 videos where most of the videos come from movies 
and YouTube. Each sample video is segmented according to its
action and each video only contains one specific action. The 
training results of the action recognition model on this dataset 
are shown in Fig. 11.

Fig.11 Classification results of all classes on the JHMDB dataset

The classification results of the proposed human body 
action recognition model on the J-HMDB-21 public data set are 
shown in Fig. 11. For golf, pick, shoot bow and stand, the 
recognition accuracy of the proposed model is more than 90%, 
and the average recognition accuracy of each motion is 83.7%. 
As shown in Table 1, the classification accuracy achieved by 
our method is superior to previous methods.

Table 1 Comparison with previous work on the JHMDB dataset

Method Accuracy (%)
SFV (Peng et al. 2014) 69.03
P-CNN/P-CNN+iDT-FV (Cheron et al. 2015) 61.1/72.2
MR-TS R-CNN (Peng and Schmid 2016) 71.08
S/T Localization (Singh et al. 2017) 72.0
RSTAN (Du et al. 2017) 79.2
Multi-stream CNN (Tu et al. 2018) 71.17
SDMM (Xu et al. 2019) 74.1
MDF (Sheng et al. 2020) 73.2
HBAR(ours) 83.7

For the online action recognition method proposed in this 
paper, the recognition result will be predicted for each frame of 
the video. In order to determine whether the whole action is 
correctly predicted, the intersection over union (IoU) idea in 
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target detection can be adopted. By recording the true value  
and the prediction value   of all frames during the action 
execution, the intersection over union   is calculated and a 
threshold value is set (eg: 60%). When   is greater than the 
threshold value, the whole action is considered to be predicted 
correctly, otherwise an error is assumed. The formula for  is 
given in Eq. (11). 
 = ⋂ / ⋃  (11) 

The F1_Score is the evaluation index of multi-
classification problems, which is defined as the harmonic 
average of precision rate, Pre, and recall rate, Re. The indexes 
of the Pre and Re are considered comprehensively, and its value 
range is 0~1. The closer the index is to 1, the better the 
classification effect of the model is. The formula is given in Eq. 
(12). 
 1_  = 2 ∗ ( ∗ )/( + ) (12) 

Table 2 shows the algorithm results of the proposed 
motion recognition method. The recognition of various actions 
showed high recognition performance, with an average 
accuracy of 82.3% and an average F1_score of 0.82. In 
summary, it can be seen that the method proposed in this paper 
has a high accuracy for various types of actions in the dataset, 
which further verifies the effectiveness and feasibility of the 
method. 

Table 2 Action recognition model evaluation results 

 Precision Recall F1_score 
Standing 0.85 0.73 0.79 

Standing up 0.91 0.73 0.81 
Walking 0.69 0.9 0.78 

Approaching 0.71 0.75 0.73 
Walking away 0.75 0.75 0.75 
Sitting down 0.71 0.83 0.8 

Sitting 0.84 1 0.91 
Squatting Down 0.7 0.77 0.73 

Squatting 0.9 0.76 0.82 
Waving hand 1 1 1 

Falling 1 0.8 0.88 

6 Conclusions 

In this paper, the real-time multi-person action recognition 
method with monocular vision based on sequence models is 
proposed, which is not limited by the camera type and the 
application scene. Firstly, the skeleton detection and tracking 
of the human body was achieved by using the OpenPose 
algorithm, and the human action features are extracted 
simultaneously. Secondly, he Bi-RNN and Bi-LSTM network 
structures were used to construct the human action recognition 
model, and the previously extracted features were used to 
realize online action recognition. Aiming at suppressing the 
changes of recognition results caused by various disturbances, 
the action recognition result stabilizer was designed to provide 
strong support for practical application. Finally, the feasibility 
and effectiveness of the proposed approach were verified 
through practical experiments and evaluating on open datasets. 
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