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Abstract 

With the rapid growth of video data, action recognition technology promotes the 
application of video data insecurity, entertainment, and other fields. Traditional action 
recognition algorithms are difficult to meet existing needs. And deep learning has 
gradually become an important method of action recognition research. In order to 
promote the application of action recognition, it summarizes the development of deep 
learning. On the basis of deep learning network structure. It mainly elaborates on the 
existing two-stream method, 3D convolution network and graph convolution network 
with good effect in the field of action recognition, as well as the research and 
development of algorithm improvement based on these basic networks. In addition, the 
development and application trend of deep learning in action recognition are 
prospected, which provides reference suggestions for the next research of human action 
recognition based on deep learning. 
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1. Introduction 

The popularity of the Internet has led to a large number of video data. The recognition of human 
action in the video can not only pay attention to the action of people and facilitate video 
retrieval but also identify abnormal actions and timely alarm. Video surveillance has become 
an important part of our life and is widely used in transportation, urban management, grain 
depots, and other places [1-2]. Since the last century, the video surveillance system is gradually 
established [3]. And with the popularity of social networks, more and more video information 
can be generated predictably. Therefore, when searching or processing videos, it is necessary 
to accurately judge the action in videos. And in some popular VR games, gesture control, and 
other technologies, it also has higher requirements for action recognition technology. The rapid 
growth of video data is a new opportunity in the field of video information processing, and the 
complexity of information also brings more challenges to action recognition. The general steps 
of human action recognition are motion region detection, feature extraction, and training of 
input video clips, which are then inputted into a classifier to classify and output recognition 
results. The research on action recognition has been done for decades, and a lot of progress has 
been made. With the development of machine learning, it is an important direction to apply 
deep learning algorithms in the field of action recognition in recent years. At present, the 
commonly used action recognition data sets include HMDB-51[4], Kinetics [5], and UCF101[6], 
which provide the data foundation for the training of deep learning framework. 

2. Overview of Deep Learning Algorithms 

Deep learning imitates human neurons and extracts features layer by layer to solve problems. 
The concept of the neuron was first put forward in 1943, which provided heuristic influence for 
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the development of artificial intelligence. The concept of perceptron determines the basic 
neuron model of machine learning. At first, the neural network was limited to linear separable 
problems, but the idea of calculating problems according to the network model is of great 
significance to the development of artificial intelligence. The emergence of the BP neural 
network emphasizes the superposition of multiple hidden layers. In 2006, Hinton pointed out 
that the output of the upper layer in the network can be used as the input of the next layer, which 
makes the neural network move towards "depth". Then deep learning developed rapidly. In the 
ImageNet image recognition competition in 2012, the deep neural network model AlexNet 
reduced the error rate by half for the first time in the image recognition competition, and the 
error rate was lower than that of human recognition for the first time; AlphaGo defeated world 
Go champions Li Shishi and Ke Jie in 2016 and 2017 respectively, which is a major breakthrough 
in the history of artificial intelligence [7]. 

3. Overview of Convolutional Neural Networks  

Convolution neural network is inspired by the concept of "receptive field" of the visual system, 
and adopts the combination of forwarding propagation and backward propagation to calculate 
input values and backward adjustment parameters respectively. The basic structure of CNN is 
composed of input layer, convolution layer, pooling layer, full connection layer and output layer. 
It is an end-to-end design, which avoids the manual feature extraction process. The essence of 
convolution layer is to extract features through convolution kernel, pool layer is to process the 
extracted features, so as to reduce the amount of data while retaining useful feature information, 
and full connection layer is to carry out regression classification on the features extracted from 
previous layer-by-layer transformation and mapping [8]. There is no need to activate functions 
in general linear problems, but in such problems as action recognition, it is necessary to change 
the linear outputs of neurons in neural networks into nonlinear outputs. The functions 
reflecting this change are called activation functions, and commonly used activation functions 
include sigmoid, tanh, ReLU, etc. [9]. 

In recent years, many improvements have been made to the convolution layer, pool layer and 
full connection layer of convolutional neural network, and many neural network frameworks 
have been put forward based on convolutional neural network for processing various 
information. The mainstream convolutional neural network framework is shown in Table 1. 

Table 1 Mainstream volume and neural network framework 

Frame name Author Proposed time 

LeNet Yann LeCun et.al 1994 

AlexNet Alex Krizhevsky et.al 2012 

VGGNet VisualGeometry Group 2014 

GoogleNet Christian Szegedy 2014 

ResNet He Kaiming et.al 2015 

DenseNet Liu Zhuang et.al 2017 

SqueezeNet Landola 2018 

4. Overview of Recurrent Neural Network 

Traditional neural networks have an input layer, hidden layer and output layer, which are 
connected in turn. Recurrent Neural Network provides a new structure: connecting neurons in 
the same layer with each other. Therefore, the RNN can utilize the previously input information 
while utilizing the current input information. Generally speaking, RNN provides a structure 
suitable for the desired functions for processing context-sensitive sequence data, and has 



Scientific Journal of Intelligent Systems Research                                                                                        Volume 3 Issue 11, 2021 

ISSN: 2664-9640                

188 

unique advantages in the fields of text processing and speech processing. Bidirectional RNN, 
proposed in 1997, can learn the future input information, so as to better determine the current 
context. In order to solve the problems of gradient disappearance and gradient explosion in 
RNN training, a Long Short-Term Memory network is proposed, and the concepts of the 
memory unit and adjusting gate are introduced. When the adjusting door is opened, the LSTM 
memory unit can start to process data, otherwise, it stops learning and retains the memory. On 
this basis, some variants of LSTM have appeared, mainly aiming at the improvement of the 
regulating door [10]. In 2014, GRU (Gated Recurrent Unit) was put forward, which retained the 
long-term memory ability of LSTM model, and used a simpler structure to achieve similar 
results to LTSM [11]. According to the development trend in recent years, the research on LSTM 
is a hot and important issue for the direction of circulating neural network, and the 
improvement of LSTM can be considered from the direction of adjusting the gate. In 2018, Yang 
Li and others proposed to combine RNN with attention mechanism and CNN, which is also the 
future development direction [12]. 

5. Action recognition method based on deep learning 

For human action recognition, we mainly detect moving images in the video. The information 
extracted from video includes static features of video frames and dynamic features between 
adjacent video frames. Traditional static feature extraction methods in video action recognition 
include:(1) Local Binary Pattern (LBP)[13], which has the characteristics of rotation invariance 
and gray invariance, and then LBP is improved to adapt to texture features of different scales 
[14], (2) HOG (Histogram of Oriented Gradients) features [15], (3)haar characteristics and 
extended Haar-like characteristics [16]. Commonly used dynamic region detection methods are 
as follows: (1) optical flow [17], which uses the mutual motion between the target and the 
background to detect the moving target due to the different motion vectors between the target 
and the background; (2) temporal difference [18], which makes use of the continuity of video 
sequence to differentiate the gray values of corresponding pixels of adjacent frame images, 
According to the comparison between the difference value and the threshold value, whether 
the target moves or not can be judged. (3) Background subtraction [19], which is similar to the 
idea of the inter-frame difference method, except that it differentiates with a constantly 
updated background image to obtain a moving image. Before deep learning was widely used in 
action recognition, the most commonly used method for action recognition was the dense 
trajectory algorithm, and then improved IDT (Improved Dense Trajectories) algorithm was 
proposed, which mainly focused on the description of human action by eliminating background 
optical flow [20]. The recognition of images or videos by machines is presented in the form of 
matrix data. Because the same action is different in different people or different perspectives, 
and there are problems such as moving objects blocking or similar actions in different 
backgrounds, relevant researchers turn their eyes to the depth network. At present, the 
mainstream video action recognition structures include 3D convolution network, two-stream 
network, graph convolution network ,and so on [21]. 

Commonly used public data sets are shown in the table 2. 

5.1. Action recognition method based on two-stream network 

The idea of the two-stream network is to recognize the dense optical flow between static frames 
and video frames, then integrate the two recognition results. Two-stream convolution network 
learning the method of human eyes recognizing moving objects divides video into the temporal 
stream and spatial stream, and integrates the results produced by different models. 

In 2014, Simonyan K et al. proposed a two-stream convolutional neural network [22].In this 
method, the dense optical flow field of multiple frames in the video is taken as input to extract 
the action information in the video data. Therefore, the two-stream CNN is composed of partial 
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networks, which process two kinds of information respectively, and each network will output 
a softmax. Finally, the results are fused by the SVM method. For time-flow convolution network, 
in order to avoid the problem caused by too few training sets, two softmax outputs are trained 
by two tasks in one network, and the outputs are added together as the total error to execute 
BP algorithm to update the weights of the network. The structure of the two-stream 
convolution network is shown in Figure 1. However, this method has some limitations, such as 
shallow layers, limited fitting when processing time-domain information, and small training 
data set. Later, Wang et al. [23] proposed Very Deep Two-stream ConvNets, initialized with 
ImageNet training model, trained the network by clipping multi-scale, setting new Highdropout 
coefficient in full connection layer, and multi-GPU, which improved the experimental results on 
UCF101, it also solved the problem of insufficient training set by different clipping methods, 
and improved the network training efficiency by increasing the number of network layers and 
multi-GPU. 

 

Table 2 Commonly used public data sets 

 
 

 
Fig. 1   Two-stream convolutional network structure 

TSN(Temporal Segment Network) is proposed by Wang et al. [24], which realizes the 
recognition of human action by two-stream convolution network under TSN structure. The 
structure of TSN is shown in Figure 2. It improves the detection degree of action by increasing 
RGB change and distorting optical flow feature input. At the same time, TSN also added a sparse 
time sampling strategy to solve the problem of poor modeling of the long video in a two-stream 
network, randomly selected video segments and input them into the network, fused different 
output results, and judged the category by averaging. Karen S et al. put forward a new network 
architecture based on the two-stream network [22], adding a new convolution fusion layer and 
time fusion layer, highlighting the relationship between time and space changes. One of the 
problems of the two-stream network is that two streams can't influence each other. This 
method solves two problems: how and where to merge two streams [25]. This method learns 
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highly abstract features of convolutional neural networks, but it still needs to solve the 
problems of the small data set and much noise. 

 
Fig. 2   TSN network structure 

Fernando[26-27] proposed to use the parameters of the ranking function to encode the video 
frame sequence, using the parameters of the ranking machine as a new expression of action 
recognition, and using the Rank-Pooling method to realize end-to-end learning of model 
parameters and video features. Zhu Y[28] proposed Hidden Two-Stream ConvNets, adding a 
MotionNet before the time stream. MotionNet is a full convolution neural network, which can 
generate motion information inside the network and realize end-to-end action prediction, thus 
solving the problem that other two-stream networks [22-25] need to calculate optical flow 
information before input. At the same time, the standard pixel-level reconstruction error 
function, smoothing loss function and structural similarity loss function are used to solve the 
fuzzy problem of motion information and help learn the frame structure. The recognition speed 
is 10 times faster than that of the common two-stream neural network, and the correct rate on 
UCF-101 is 93.1%. 

On the basis of the continuous improvement of the accuracy of the two-stream network, it is 
more enlightening for action recognition. Under the condition of keeping the original two-
stream convolution network structure, the LSTM network is added to the time stream to meet 
the end-to-end training of data, and new error function combinations are tried on the 
traditional structure to get better optical flow information [29]. Cheron et al. [30] divide RGB 
and optical flow images according to human joint features as the input of the two-stream 
network for feature fusion and SVM recognition. In the process of action recognition, it is 
necessary to meet the accuracy, and it is also required to recognize human action in real-time 
to meet the alarm requirements in some scenarios. After trying and improving the framework, 
parameters, fusion algorithm and different classifiers of the two-stream network, the accuracy 
of action recognition can basically meet the needs. However, in the process of action recognition, 
the two-stream network runs through two networks and needs to calculate optical flow 
information, so there is still much room for improvement in real-time. At the same time, 
because the two-stream CovNet uses the method of averaging the decision results of continuous 
multiple frames to obtain video sequence information, a lot of time-domain information will be 
lost in practical application, which also affects the accuracy of recognition. 

5.2. Action recognition method based on 3D convolution network 

3D convolution is an extension of 2D convolution. Ji et al. put forward 3D convolution neural 
network for the first time in 2010 [31], and based on this, constructed 3D convolution neural 
network to convolute and pool videos in multiple channels, and enhanced features through 
high-level feature models. The convolution kernel of 3D convolution layer is three-dimensional, 
which can extract features from multiple continuous frames on a three-dimensional scale, so as 
to extract features in time series. See Figure 3 for the process of 3D convolution. Then, based 
on 3D convolution [31], 3D CNN [32] for action recognition is proposed, which includes a hard-
wired layer, three convolution layers, two down-sampling layers and a fully connected layer. 
Each 3D convolution kernel convolution consists of seven consecutive frames. Each frame 
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extracts the information of five channels of grayscale, gradients in X and Y directions and optical 
flow, and carries out 3D convolution on each channel. After multi-layer convolution and pooling, 
the feature vector reflects the current motion information. This method standardizes the model 
by training a large number of frames, calculates dense sift descriptors based on gray images, 
and then combines them with moving edge historical images to construct advanced action 
assistant features to output the final recognition results. Combining 3D convolution networks 
with different network architectures, many deep networks for action recognition are derived. 

 
Fig.3   3D convolution process 

Tran et al. [33] designed C3D network structure with convolution kernel 3*3*3 and step size 
1*1*1. C3D firstly pays attention to the appearance of the previous frames, tracks the significant 
motion in the subsequent frames, extracts C3D features and inputs them into the multi-class 
linear SVM for training models, and uses PCA to reduce the dimension of C3D descriptors. 
Compared with ImageNet features and IDT features, C3D has better compressibility and faster 
retrieval speed for a large number of data. This method is more suitable for learning in time 
domain and space domain, and its output is better when it is input into simple classifier. 

In 2017, Tran et al. [34] continued to explore a better network structure based on C3D[33] and 
proposed a Res3D network model based on ResNet, which uses an 18-layer network model. 
The final Res3D is twice as fast as C3D[27], and its model size is half of C3D's, and the test results 
on UCF-101 and HMDB-51 have been improved. Hara et al. proposed 3D ResNets[35] network 
based on 2D ResNet and Res3D[28] network, experimented with 18-layer and 34-layer 
networks, and opened up a variety of deep networks and effective models pre-trained on 
Kinetics for spatio-temporal feature extraction. Li et al. [36] put forward joint spatio-temporal 
feature learning operation (CoST), and constructed neural network by joint learning spatio-
temporal features under the constraint of weight sharing. This method decomposes the 3D 
vector of video sequence into three 2D image sets, and convolves them separately, so that each 
frame has rich action information. Experiments show that the performance of CoST is better 
than C2D and C3D.Compared with C2D, this network can learn spatio-temporal features jointly. 
Compared with C3D[33], CoST is carried out through two-dimensional convolution. The 
method of learning spatio-temporal features jointly from multiple perspectives in this paper 
can replace C3D and C2D well, which is a new idea for future research. 

On the premise of the residual network, Qiu et al. [37] put forward pseudo-3D residual network 
(P3D ResNet), which uses 1*3*3 convolution and 3*1*1 convolution instead of 3*3*3 
convolution to extract temporal and spatial features respectively. The computation is much 
smaller than that of 3D convolution, and two-dimensional convolution parameters trained on 
image data sets can be used.P3D ResNet designed three residual network structures combining 
series and parallel, and finally, P3D ResNet was obtained by connecting the three structures, 
which showed more aggregation for the same type of features. The validity of P3D is verified by 
comparing it with other algorithms on several datasets such as UCF101. 

Diba et al. proposed T3D(Temporal 3D ConvNets) model, which introduced TTL (Temporary 
Transition Layer) on the basis of DenseNet network architecture [38] to process video 
information with different lengths. The TTL layer structure is shown in Figure 4. The network 
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outputs features through DenseNet pre-trained in ImageNet and 3D convolution network with 
random initialization weights, connects the two features into the full connection layer, judges 
whether the input image sequences of the two networks are consistent, and realizes 3D 
network migration learning. The best experimental results were obtained on UCF101 and 
HMDB51 data sets. 

 
Fig.4   TTL layer structure 

Carreira et al. put forward a new video data set Kinematics and I3D networks [39], which has a 
better ability to obtain information from the original video. The network model trained by 
Kinematics training set is migrated to UCF101 and HMDB51, and the recognition effect is very 
good.I3D expands 2D convolution kernel into 3D convolution kernel, optimizes I3D on the basis 
of 2D convolution kernel parameters pre-trained by ImageNet, and adds optical flow input into 
the network to obtain the fusion output result of RGB and optical flow. This method solves the 
problem of re-training parameters in 3D network, and further improves the performance of the 
algorithm by combining with the two-stream idea. On this basis, R(2+1)D[40] trained by Tran 
et al. decomposes the 3D convolution factor into 2D+1D, and processes the temporal and spatial 
information of information. As a result, it can achieve the effect similar to 3D convolution 
network, but the parameters are much reduced and easy to optimize. This kind of network 
structure increases the nonlinear mapping of the network, and the model with higher 
complexity can solve the fitting problem better. 

Zhou et al. [41] considered the disadvantage that 3D CNN has lower accuracy when processing 
pictures than traditional convolution networks, and proposed a model combining 2D and 3D 
CNN for action recognition, namely mixed convolutional tube(MiCT), which combines 3D and 
2D convolution networks to generate feature maps with more information and reduce the 
training complexity of spatio-temporal fusion. MiCT models are stacked together to form a new 
end-to-end MiCT-Net, which is used to explore the spatio-temporal information of human body 
movements. This method greatly reduces the complexity of the model and does not need to 
learn redundant data. Combining 3D and 2D CNN, Luvizon et al. [42] highlighted that using 
multi-task network to do 2D and 3D attitude estimation and 2D and 3D action recognition at 
the same time, at the same time, using the results of attitude estimation to improve the accuracy 
of action recognition, and inputting static RGB images into the whole frame to perform attitude 
estimation and action recognition at the same time, and combining the results to generate 
action tags. This method improves the accuracy of recognition by mutual promotion of two 
tasks, and provides a new way of thinking for action recognition. 

3D convolution processes the video sequence through stereo convolution kernel, and the 
feature information of time and space can be obtained at the same time by one convolution, 
which is more convenient and faster than the two-stream network with 2D convolution; 
However, 3D convolution network also requires higher storage capacity and computing 
capacity, and the computing power of computer in general scenes is difficult to meet the 
demand, and the recognition accuracy of 3D convolution is relatively lower than that of two-
stream network. Because of these drawbacks, the action recognition method based on 3D 
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convolution should be combined with 2D convolution or two-stream networks in the future to 
explore the action recognition method with less computation and higher accuracy. 

5.3. Other methods of action recognition 

Yan et al. [43] proposed a spatio-temporal graph convolution network model (ST-GCN), which 
is used to solve the problem of human action recognition based on key points of the human 
skeleton. At the same time, considering the adjacent joints of the skeleton in space and time, the 
concept of neighborhood is extended to the time axis. Si et al. [44] proposed that attention-
enhanced graph convolution LSTM network (AGC-LSTM) combined with human skeleton 
information for action recognition, and explored different graph processing methods, which 
can not only capture the discriminant features in space and time, but also explore the 
relationship between time domain and space domain. The network uses the attention network 
to enhance the information of key nodes in each AGC layer, and achieves the best recognition 
accuracy at present. Skeleton graph is a special topological structure. Compared with general 
topological graph, human skeleton topological graph has better stability and invariance. It is a 
new method in the field of action recognition to combine the skeleton information in human 
action with graph convolution. The bending and falling actions of human body contain complex 
inter-frame time information and inter-frame space information. By comprehensively 
exploring the temporal and spatial characteristics of motion through graph convolution 
network, we can dig the characteristics and laws of actions more deeply. 

RNN has good performance in time series modeling. LSTM solves the problems of gradient 
disappearance and gradient explosion in the RNN training process to a certain extent, and has 
a little restriction on the length of the input video.In the process of action recognition by LSTM 
method, usually, the spatial features of video are extracted by convolution neural network, and 
then the extracted features are input into LSTM network in time order to characterize the 
temporal information of video, and then the action is recognized by spatio-temporal 
information [45]. Donahue et al. [46] put forward Long-term Time Convolution Recursive 
Network (LRCN), which combines CNN and LSTM to extract features from video data. For the 
experiment of activity recognition, two structures of LRCN are studied: adding LSTM after the 
first fully connected layer (LRCN-fc6) of CNN and adding LSTM after the second fully connected 
layer (LRCN-fc7) of CNN. Experiments show that the recognition accuracy is improved by 1.6% 
when LSTM has 1024 hidden units. This model supports longer input and output video 
sequences and provides more methods for action recognition in video. Qin et al. [47] combined 
3D convolution network and LSTM to get a fusion model. The processed features containing 
time information are sent to LSTM for processing, which has obvious video learning effect on 
human action, and its generalization performance and robustness are higher than those of pure 
3D convolution and LSTM network. The biggest difference between the cyclic neural network 
and other networks is that it can realize some kind of "memory function", which can better deal 
with timing problems such as action recognition in video. 

Deep Belief Nets (DBNs) is a Boltzmann machine formed by every two hidden layers, and the 
Boltzmann machines obtained by all hidden layers are connected in series to obtain a network 
model of deep learning. The Boltzmann machines combined with the constraint that they 
cannot be connected by themselves constitute a restricted Boltzmann machine, and a group of 
RBM obtained by multiple RBMs through greedy learning constitutes DBNs[48].On the basis of 
the deep belief network, the whole deep learning process is divided into pre-training, encoding 
and decoding, and fine-tuning. The main idea of using greedy unsupervised learning algorithm 
is to learn unsupervised on each layer in DBNs, and finally supervise and fine-tune the whole 
network [49]. Due to the problem of over-fitting in action recognition, random Dropout DBN is 
designed on the basis of traditional DBN, and the probability parameters in Dropouts algorithm 
are randomly changed. After experimental verification, the accuracy of deep belief network 



Scientific Journal of Intelligent Systems Research                                                                                        Volume 3 Issue 11, 2021 

ISSN: 2664-9640                

194 

with random Dropout is 4.5% higher than that of traditional DBN [50]. Deep belief network can 
not only be used for unsupervised learning, but also acts like a self-coding machine; It can also 
be used as a classifier in supervised learning. Using DBNs for action recognition, we can use 
unlabeled data for unsupervised learning. 

6. Summary and prospect 

Deep learning is experiencing a rapid development era, and it is a challenging direction to apply 
deep learning to action recognition. Whether it is two-stream method, 3D convolution or graph 
convolution network, it is to establish dynamic information in video frame information, so as 
to realize the recognition of actions, and then distinguish actions by classifiers. 

At present, in the field of action recognition, the main problems to be solved are:(1) On the 
existing database, the accuracy of action recognition has achieved good results. However, with 
the generation of more and more video data, it is still facing great challenges to realize efficient 
and accurate online action recognition. Using a large amount of data to train deep learning 
networks requires higher hardware. How to use a small amount of data to complete network 
training and improve recognition efficiency is a problem worth exploring. (2) The video 
information has the characteristics of complex background and unstable illumination intensity. 
In the process of action recognition, the video is preprocessed by combining foreground 
extraction and other methods to provide convenience for action recognition; (3) At present, 
most action recognition methods of deep learning use optical flow information as dynamic 
information to process video sequences, but the extraction of optical flow information is more 
computationally intensive than RGB, LBP and other features, and exploring more dynamic 
features is the next direction to be worked hard; (4) Abnormal action alarm, real-time action 
detection and other fields have different development needs for action recognition, (5) How to 
further identify detailed actions and distinguish similar actions; (6) How to reduce network 
parameters and computation; (7) What kind of network structure to design, etc., is still worth 
studying in the following work. 
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