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Abstract

In order to effectively solve the problems of low accuracy, large amount of computation and
complex logic of deep learning algorithms in behavior recognition, a kind of behavior recognition
based on the fusion of 3 dimensional batch normalization visual geometry group(3D-BN-VGG) and
long short-term memory ( LSTM) network is designed. In this network, 3D convolutional layer is
used to extract the spatial domain features and time domain features of video sequence at the same
time , multiple small convolution kernels are stacked to replace large convolution kernels, thus the
depth of neural network is deepened and the number of network parameters is reduced. In addition,
the latest batch normalization algorithm is added to the 3-dimensional convolutional network to im-
prove the training speed. Then the output of the full connection layer is sent to LSTM network as the
feature vectors to extract the sequence information. This method, which directly uses the output of
the whole base level without passing through the full connection layer, reduces the parameters of the
whole fusion network to 15 324 485, nearly twice as much as those of 3D-BN-VGG. Finally, it re-
veals that the proposed network achieves 96.5% and 74.9% accuracy in the UCF-101 and HMDB-
51 respectively, and the algorithm has a calculation speed of 1 066 fps and an acceleration ratio of
1, which has a significant predominance in velocity.

Key words: behavior recognition, deep learning, 3 dimensional batch normalization visual ge-
ometry group (3D-BN-VGG) , long short-term memory ( LSTM) network

0 Introduction

Video-based behavior recognition is an important
application scenario in the field of computer vision.
The study of behavioral recognition began in 1973 when
the Swedish psychologist Johansson'"! proposed a mod-
el of moving light displays (MLD) that describes hu-
man motion behavior. It is widely applied in intelligent
security monitoring, unmanned craft, industrial auto-
mation and other fields'”', and it is also applied to
sports training and medical fields>"*.

Deep learning"’ has shown extraordinary perform-
ance in the fields of computer vision and machine learn-
ing in recent years. In 2011, Hinton and Krizhevsky of
the University of Toronto in Canada earned the champi-
onship in the ImageNet Challenge image classification
challenge by using the convolutional neural network
(CNN) with 5 layers, which refreshed the previous

[6]

achievements with great advantages Furthermore,,

the long short-term memory (LSTM) proposed by Ye-
ater and Verma'” has also achieved good results in the
prediction of sequence data.

In addition, deep learning has also attained many
research results in the field of behavior recognition. Ji
et al. "*) proposed the use of 3D convolutional neural
networks (3D-CNN) for human behavior recognition in
2013, they also verified the 3D-CNN algorithm on the
UCF-101"" data set and achieved a precision of
85.2%. Later, Simonyan et al. ' implemented a
two-stream behavior recognition method which achieved
88% accuracy on the UCF-101 dataset. The latest re-

[11]

search results" ", on the basis of two-stream method,

add the same video multi-frame results for fusion, and

2] network with deeper network layer

use the Inception
as the classification network, and also add the batch
normalization ( BN ) new algorithmm] , which has
69.4% accuracy in hmdb-51""*" and 94% accuracy in
UCF-101 data set, respectively. In addition to the di-

rect use of CNN, some methods can be used to add re-
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current neural networks (RNN) " into the subsequent
studies, such as the long-term recurrent convolutional
network (LRCN) proposed by Donahue et al''®'. The
method achieved an accuracy of 82.92% on the UCF-
101 data set. Gammulle et al.''
deep fusion framework which used the fusion of two-
stream and LSTM. It achieved 94% and 69% accura-
cy in the UCF-11 dataset and the j-HMDB respective-
ly.

Therefore , it is very significant to employ the deep

implemented a

learning algorithm for behavior recognition analysis re-
search. It takes the optimization of deep learning net-
work structure as the starting point, designs and imple-
ments a behavior recognition method based on the fu-
sion of 3D-BN-VGG and LSTM networks. In order to
improve the recognition accuracy, the previous struc-
ture of behavior recognition network based on 3D con-
volution has been improved, including stacking mode
between convolution layers, the size and number of
convolution kernels and the selection mode of pooling
layer. At the same time, some regularization methods
and deep learning techniques that have been widely
used in the field of image recognition in the past two
years are introduced.

1 Network structure and algorithm design

The output of CNN network is usually a two-di-
mensional convolution feature map, and the input of
LSTM network is a one-dimensional feature vector.
Therefore, in order to combine CNN network with
LSTM network , it is necessary to vectorize the output
feature map of CNN network. In Ref. [16], 2D convo-
lutional neural network is used as feature extractor to
extract spatial domain features. Alex-Net is used to ex-
tract spatial domain features. In this method, inde-
pendent continuous video frames are sent into CNN
network. For each video frame, an eigenvector is ex-
tracted, and then it is used as the input of LSTM net-
work to extract time domain features through LSTM net-
work.

Firstly, The network structure is based on the im-
provement of Ref. [16]. The pre-network is changed
to 3D-BN-VGG, which is pre-trained so that training
speed can be accelerated when sharing loss functions
and gradients with the LSTM network. And the advan-
tage of using 3D-CNN is that the time domain features
can be extracted before the feature map is sent to the
network , which reduces the redundant information of
the feature vector when it is finally sent to the LSTM
network. And the use of 3D-CNN can input multiple

video sequences at a time, because for two-dimensional
convolutional neural networks, the data dimension of
the input network is four-dimensional. In addition to
the length, width and number of channels of the im-
age, another dimension is batch size. In Ref. [16],
batch size is actually used as the time of image se-
quence. Dimensions are used so that only one video se-
quence can be input at a time for training and testing.
And its input data dimension is 5D, it can process
multiple video sequences simultaneously during training
and testing, which is faster and more efficient. At the
same time, since the batch size dimension does not
need to be used as the time domain of the video se-
quence, the 3D-BN-VGG and the LSTM network have
only one output result, and the classification result is
consistent, it is not necessary to take the average value
of multiple classification results. It can do the classifi-
cation directly by using the softmax function.

Secondly, the input data of the LSTM network is a
one-dimensional vector. Therefore, it is necessary to
expand the feature map of the 3D-BN-VGG output into
a one-dimensional one. The feature graph is expanded
into one dimension respectively, but the feature graph
of each video frame of video sequence is not connected
by the full connection layer, but connected to the
LSTM network as the time step dimension of the LSTM
network. The superiority of this method has the follow-
ing 2 points. First, the amount of parameters is de-
creased after removing the fully connected layer, which
improves the generalization ability of the network and
reduces the risk of over-fitting. It also reduces the
screening process of the useful features of the fully con-
nected layer, thus it can send all time domain and spa-
tial domain features to the LSTM network, and feature
filtering is handled by the LSTM network, which re-
duces the potential useful feature loss. Second, since
3D-BN-VGG has been used as the pre-network, the
size of the time dimension is determined by the length
of the input sequence, while the fully connected layer
limits the input data size. Therefore, after removing
the fully connected layer, the network can achieve an
adaptive input length and can classify video sequences
of any length.

1.1 3D-BN-VGG network structure

The 3D-CNN network structure is a 3D-BN-VGG
network improved on the basis of 3D-CNN. The struc-
ture is based on 3D-VGG-Block for network linking, it
is composed of multiple VGG-Blocks'™®' for stacking
connections, as shown in Fig. 1.
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Fig.1 3D-VGG-Block

VGG-Block is connected two convolution layers
whose convolution kernels are 3 x3 in size. The sliding
step of the convolution kernels window is 1, and ex-
tracts the upper, lower, left and right features of each
pixel. There are two advantages in choosing a 3 x 3
convolution kernel. Firstly, a 3 x3 convolution kernel
can extract the local image features of a small area bet-
ter. The perception field of a single 3 x 3 convolution
kernel is a 3 x 3 neighborhood centered on the pixels,
and the perception field of three 3 X3 convolution ker-
nels are 7 x 7 when they are connected to each other,
which can obtain the features of a larger neighborhood ;
and the parameters of three 3 x 3 convolution kernels
are 3 x (9 x C) when they are connected, where C is
the number of channels, which is the number of convo-
lution kernels in a layer, while the same field parame-
ter is 7° x C =49 x C when using 7 x7 convolution ker-
nel. It can be seen that using small convolution kernel
instead of large convolution kernel can ensure that the
network depth can be improved under the same field of
receptivity, and the amount of parameters can be great-
ly reduced. Thus, the recognition rate is improved.

3D-VGG-Block uses 3D convolutional layers to
perform convolution operation on the input data to ex-
tract features. The convolution kernel size is 3 X3 x3,
the sliding step size is 1, and the padding value of 1 is
used for the convolution on the image boundary. The
padding value is used as the pixel value on the image
boundary. It uses a 2 X2 x 1 pooling size so that the
time domain features are not dimensionally reduced,
and ReLU is used as the activation function.

1.2  Accelerated training of batch normalization
algorithm

An important defect of deep learning algorithm is
that the training network is very difficult to implement.
In order to speed up the training, a BN algorithm is
added to the original VGG-Block. A BN layer is added
after the convolution structure of each convolution lay-
er. After normalizing the output feature map of the con-
volution layer with the BN layer, the ReLU activation

function is input for non-linear calculation.

The core idea of the BN algorithm is to consider
the input of the hidden layer of the network as the orig-
inal image input. Since the parameters of the previous
layer of the network are continuously updated during
the gradient iteration process, the distribution of the
output of the previous layer is constantly changing. Af-
ter the normalization of the output of the previous layer
is the same as the input data, the performance of the
neural network can also be improved. The formula of
the BN algorithm is as shown in Eq. (1).

= ¥ — E[x']

v Var(x")

In Eq. (1), #' is the input of a neuron in a layer,

(1)

x' = Wh + b, where h is the output of the previous lay-
er, Wis the weight of this layer, and E[x'] is the all
input data of a batch of this neuron in the stochastic

gradient descent method. +/Var(x') is the standard
deviation of all inputs for a batch of this neuron.

Through Eq. (1), the input of a layer of neurons
is normalized to a standard normal distribution with a
mean value of 0 and a variance of 1 to achieve whiten-
ing. In this way, the input of the non-linear activation
function falls mostly in the middle of its near linearity,
which can ensure that the gradient value does not fall
too fast, so as to achieve the purpose of accelerating
training.

Two learnable parameters y' and ' are also intro-
duced in the BN algorithm, which can be learned and
adjusted. Therefore, it can adaptively adjust to the ac-
tivation value and improve network expressive ability,
and it does not degrade the network performance. The
two parameters are used as Eq. (2).

o

¥y =y +p (2)

1.3 3D-BN-VGG network layer structure

The 3D-BN-VGG network structure mode adopts
3D-VGG-Block plus BN algorithm. The network has a
total of 24 hidden layers with parameters, including 10
The

convolutional layers and 2 fully connected layers .
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output of the fully connected layer is normalized using
the BN layer. Then it uses the ReLU layer as the acti-
vation function to obtain nonlinear features and the
softmax function as the final output layer to classify the
input video sequences, which obtains the probability of
belonging to each class. Adding the Dropout layers into
the network structure reduces the risk of over-fitting.
The Dropout values in the 3 network structures are
0.25, 0.25 and 0.5 respectively. Through experi-
ments, it determines that the optimal input video se-
quence size is 32 X 64 x64. The input layer of the net-
work uses 5-dimensional tensors, which are the batch
size of the input video sequence, the length and width
of the video frame, the length of the video sequence,
and the number of channels of the video frame.

(1) Fig.2(a) is a structural diagram of the first
3D-BN-VGG-Block which includes 2 convolutional lay-
ers. The input of the first layer is the original video se-
quence. lIts size is None X 32 x 64 x 64 x 3, where
None is the size of the batch size, and it can also ad-
just its size according to the performance of the experi-
mental equipment during the training process. The
batch size is set to 32, 64 x 64 is the resolution of vid-
eo frame after resize; 3 represents the number of origi-
nal image channels. The sliding window of the first
convolution layer is 1 and the padding is 1. Therefore,
it can be concluded that the size of its output feature
map is ((32x64 x64) +2x1-3) /1 +1=(32x
64 x64). The number of feature maps is 32, and it is
the same number as the convolution kernel, so the final
output tensor is None x32 x 64 x 64 x32. Then it en-
ters the output tensor into a BN layer batch _ norml-
ization _ 1°. The BN layer only normalizes the input
data, the input tensor therefore keeps unchanged and
the input and output tensors stay the same size. The
activation function ReLU layer ‘ReLU _ 1’
performs nonlinear transformation on the input tensor,

also only

and the input and output tensors have the same size.
The second layer is the same as the first layer parame-
ter. Through the second layer, the operation is also the
same as the first layer’ s operation. The input tensor
size of the final 3D pooling layer which is named ‘ max
_pooling3d _ 1’ is None x32 x64 x64 x32. The poo-
ling size is 2 x2 x2, which will maximize the value of
all feature maps in the window. Finally, it takes the
maximum value of the local nonlinear response of the
output as the eigenvalue. Experiments have shown that
the effect of the maximum pooling layer is the best in
convolutional neural networks. The size of the output
feature map of the final pooling layer is ( (32 x 64 X
64) -2) /2 +1=16 x32 x32. In addition, in order

to reduce the risk of over-fitting, a Dropout layer is

added after ‘ max _ pooling3d _ 1’ , and its random
discard probablity is 0. 25.

(2) The structure of the second is similar to the
first one. The difference is that the number of convolu-
tion kernels of the two convolutional layers is 64.

(3) Fig.2(b) is a structural diagram of the
third. It is also possible to increase a convolution layer
to obtain a feature representation at a higher level of
abstraction which increases the receptive field of the
last block output feature that has been extractd on a
larger scale. So the third structure has a total of 3 con-
volutional layers, and the other structures are similar to
the previous two structures. Meanwhile, in order to ob-
tain more different types of feature representations, the
number of convolution kernels is also twice that of the
previous one, becoming 128 convolution kernels. After
passing through 3 convolutional layers, a BN layer and
an activation layer, the input tensor of the feature poo-
ling layer is None x 8 x 16 x 16 x 128. After the di-
mension reduction of the pooling layer with the size of 2
x2 x2 , the dimension of the feature maps is reduced
to the size of 4 x8 x 8, and the number of feature maps
remains unchanged at 128. After the pooling layer
sampling, the output tensor size is None x4 X 8 x 8 x
128.

(4) The fourth is identical to the third structure.
The output tensor is None x2 x4 x4 x128.

(5) Fig.2(c) is a structural diagram of the fully
connected layer. The feature vector composed of all
features extracted from the previous convolution layer is

| conv3d_1_input: Input Layer |

!

| conv3d_1:Conv_3D |

!

| Batch Normalization, Activation |

|

| conv3d_2:Conv_3D |

!

| Batch Normalization, Activation |

!

| max_ pooling3d_1:Maxpooling 3D |

!

| dropout_1:Dropout |

!

l conv3d_3:Conv_3D |

(a) The first structure
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| conv3d_5:Conv_3D |

!

| Batch Normalization, Activation |

!

| conv3d_6:Conv_3D |

!

| Batch Normalization, Activation |

!

| conv3d_7:Conv_3D |

v

| Batch Normalization, Activation |

v

| max_ pooling3d_1: Maxpooling 3D |

v

| dropout_3: Dropout |

(b) The third structure

| flatten_1: Flatten |

l

| dense_1: Dense |

!

| Batch Normalization |

!

| dropout_5: Dropout |

!

| dense_2: Dense |

)

| Batch Normalization |

l

| dropout_6: Dropout |

!

| dense_3: Dense |

(c) Fully connected layer
Fig.2 Network structure of 3D-BN-VGG

input into the full connection layer, and the feature
vector is reduced and further extracted by using two full
connection layers.

1.4 Implementation of fusion network based on
Keras framework

The fusion network is implemented on the basis of
the pre-trained 3D-BN-VGG. A new °reshape’ layer
and an LSTM unit layer are added, and the final output
softmax layer is unchanged. The reshape layer sepa-
rates the output eigenvectors of each video frame into a
dimension, which serves as the time step length of

LSTM. In order to improve the accuracy of classifica-
tion, LSTM is used to process some sequence features
which can not be extracted from 3D-BN-VGG. The
network fusion structure is shown in Fig. 3. The struc-
ture diagram of the newly added network layer is shown
in Fig.4. The input of the ‘flatten _ 1’ layer is the
output of 3D-BN-VGG. Through this layer, the output
feature vector of each video frame is separated into one
dimension, which is the time step length of the LSTM,
and the data length of the LSTM input is 2 048, which
is the length of the feature vector output from the conv-
olutional network. The output feature length of the
LSTM is 1 024. The feature vector of length 1 024 is
sent to the ‘dense _1’ layer and they are classified by
the softmax function. In order to avoid the loss of use-
ful information in the downsampling of the pooling lay-
er, the sampling window of the pooling layer in the
pre-trained 3D-BN-VGG is changed from 2 X2 x2 to 2
x2 x 1. In this way, the pooling layer will only sam-
ple in the 2-dimensional spatial domain, and the se-
quence features of the time domain can be completely
preserved. Since the parameters of the convolutional
layer have not changed, this does not affect the 3D-

Fig.3 Fusion network

|

flatten_1: Flatten

|

reshape_1: Reshape

|

Istm_1: LSTM

!

dense_1: Dense

Fig.4 Keras framework structure of the fusion network

By describing each module of the network struc-
ture, the entire framework of the fusion network is ob-
tained, as shown in Fig. 5.
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Fig.5 The structure of entire framework

2 Experimental results and analysis
2.1 Experimental hardware and software envi-
ronment

The experimental environment used in the network
training is shown in Table 1. In the experimental
stage, the Keras framework is used to implement the
specific network structure and conduct training and tes-
ting; Ubuntu is used as an experimental system;
NVIDIA’ s GeForce GTX1080Ti GPU is applied as a
computing device in order to complete the computing
tasks in the network training and testing phase. Since
Keras’ back-end TensorFlow'" has excellent data par-
allel acceleration for multiple graphics cards, the ex-
perimental phase uses two GTX1080Ti GPUs to speed
up the training process. In addition, a large amount of
training data needs to be read repeatedly in the training
process, in order to speed up the training process, the
training data is stored on the solid state hard disk.

Table 1 Experimental hardware and software environment
Name Model (version) Number Description
Operating system Linux 1 Ubuntu 14. 04
CUDA CUDAS. 0 1 Underlying software platform for GPU acceleration
Keras 2.0.8 1 Use the TensorFlow backend
TensorFlow 1.2.0-rc0 1 -
GPU GeForce GTX 1080Ti 2 Single GPU memory 11 GB, two 22 GB
CPU Intel ® Xeon ® CPU E5-2620 2 Main frequency 2. 10 GHz (16 core)
Memory SKhynix 16 GB 4 A total of 64 GB of memory
Hard drive Intel SSD 540 s 1 Using SATA interface, the maximum transmission

speed is about 450 MB/s, a total of 480 GB

2.2 Data preprocessing

UCF-101 dataset is the largest public behavior
recognition dataset at present. Video clips in the data
set are collected from YouTube video website, which
contains 101 categories of human behavior and 13 320
video clips. All the videos are collected from real life
scenes, which is the most challenging behavior recog-
nition data set at present. The average number of video
clips in each class of UCF-101 dataset is about 130,
and the length of the video clips is more than 5 — 10 s.
Each video contains a complete process of human be-
havior, and the quality of data sets is good. At the
same time, the resolution of all video clips is normal-
ized to 320 x240. The HMDB-51 data set includes 51
categories of human behavior and 6 849 video clips.

Compared with UCF-101 data set, it contains fewer
videos, and the length of each video clip is concentrat-
ed in 1 -5 s, which has relatively less data. The over-
view of data sets is shown in Fig. 6.

Both UCF-101 and HMDB-51 used are based on
video sequence data. It is not feasible to directly use
video sequences as input, so it is necessary to parse
the video sequence into a picture format.

Since all video lengths are long and the average
length is about 100 frames, it is not possible to put all
of the selected video sequences into the network train-
ing. It adopts a video frame selection strategy of ran-
dom starting frame; after selecting a video sequence as
training data, the length NV of the video frame is ob-
tained by the number of images. Then it can use the
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random number generation function of the NumPy!" to

generate a random number R in the range of 0 to N-32,
and it uses the random number as the starting frame of
the selected video frame, and the R to R +31 frames of
the video are selected as training data. It can generate
more different training samples to achieve the purpose
of data augmentation. For each video sequence, it can
generate /N-32 training samples, and since these sam-
ples start with different frames, the risk of over-fitting
the same data multiple training is reduced. Experi-
ments have shown that using this strategy increases the
accuracy by 2% . The strategy for data processing in
HMDB-51 is the same.

(a) UCF-101

EEmZSamZHA4E
Elm@di=Ea™
L T T RRARER 0 83 =
EPEaMiiGEESR-
AmEZ7iNm

(b) HMDB-51
Fig.6 Overview of data sets

2.3 Fusion network training process

In the experimental stage, the UCF-101 data set
is divided into 3 parts, of which 9 624 are used as
training data, 1 896 are used as verification data, and
1 800 are used as test data. For the HMDB-51 data

set, 4 794 are used as training data, 1000 are used as

verification data, and 1 055 are used as test data. The
number of iterations of training is determined to be
40 000 times after multiple trials. Since the BN is used
to accelerate the training, the initial learning rate is set
to 0.1, the learning rate is 1e-6. In the training, the
momentum is added to the SGD algorithm to update the
parameters. When the network is trained, it is set to
0.9. The trained 3D-BN-VGG network parameters are
used in the fusion network training to initialize the pre-
network. It uses the transfer learning in the training
process. Fig.7(a) is the accuracy curve and Fig.7(b)
is the loss function curve.

Accuracy
o o
N e}

=
S

S
o

0 5000 10000 15000 20000 25 000 30 000 35 00040 000
Iterations

(a) Accuracy curve

0.010
0.008

,, 0.006

Lo!

0.004

0.002

0 5000 10000 15000 20 000 25 000 30 000 35 000 40 000
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(b) Loss function curve

Fig.7 Fusion network of traing results

In Fig.7, When it only trains 3D-BN-VGG, the
network is iterated by 130 000 iterations. In fact, the
fusion network is iterated by 40 000 iterations during
the training process. It can be seen that the fusion net-
work which is trained using migration learning is fas-
ter, especially in the early stage of training, the accu-
racy has reached 60% by only 6 000 iterations.

2.4 Test indicators

As shown in Fig. 8, the test results are directly
displayed for each class in the fusion network . The
lowest accuracy of all kinds of tests is © WalkingWith-
Gog’ , with an accuracy of 69.79% . The accuracy of
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¢ ApplyLipstick’ , ‘ BlowingCandle ’ , ¢ Boxin-gSpeed-
Bag’ , ¢ CricketBowling’ , * FrisbeeCatch’
classes is 100% , and the actions are relatively simple.

and other

According to the visual recognition results of each
class, the reasons leading to the difference of each
class are analyzed for further study. Although the com-
plexity of each type of action, the similarity of action
and background and many other reasons lead to the
difference of recognition rate, there is little difference
in accuracy between different classes. Table 2 and Ta-

ble 3 give the overall data set accuracy, various aver-

age accuracy rates and various accuracy variances.
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(a) The results in part I

behavior class

(b) The results in part II

Accuracy
scocoooooo
SRR wEnem o

HorseRace mmmememsmmorsm—

HorseRiding messmmem——
HulaHOOp  pemtemtestmsestntes
PlayingTabla psse——

Accuracy
cocooosce
Do Wi NI

Typing

UnevenBars messmeee—

=
>
K]
S
a

E
2
=
£
s
4

PlayingViolin

SoccerJuggling
SoccerPenalty

a

behavior class
(¢) The results in part III
Fig.8 Test results for each class of fusion network

Table 2 Accuracy statistics of 3D-BN-VGG

Statistics UCF-101 HMDB-51
Overall data set accuracy 92.04% 69.61%
Average accuracy of each type 91.81% 69.23%
Accuracy variance for each type  0.007563 0.010354

Table 3  Accuracy statistics of fusion networks

Statistics UCF-101 HMDB-51

Overall data set accuracy 94.99% 74.10%
Average accuracy of each type 94.67% 73.92%
Accuracy variance for each type  0.004785 0.007215

According to the statistical information of the fu-
sion network accuracy, it can be found that the accura-
cy of the fusion network in each category is small, so
the accuracy of the fusion network for different types of
behavior recognition is relatively stable.

2.5 Choice of decision strategy

All tests are based on every 32 frames as an input
data. For example, a sample video sequence contai-
ning 128 frames will have 4 input data and 4 classifica-
tion results, and each classification result has inde-
pendent statistical accuracy. The result of such statis-
tics has a certain impact on the accuracy. For in-
stance, if one of the 4 classification results is wrong,
while the other 3 classification results are correct, the
accuracy rate is only 75% . In order to avoid the incon-
sistency of multiple test results of the same sample, an
improved decision-making strategy is proposed in the
decision-making stage. The basic idea of the strategy is
to fuse multiple test results of the same sample.

When the results are fused, the softmax output
probabilities of the decision results of multiple input
data of the same sample are fused, and then the con-
sistent classification results are obtained. The experi-
mental process directly averages the softmax output
vectors of multiple input data of the same test sample,

and the fusion method is as shown in Eq. (3).
72

y L/322y” (3)

In Eq. (3), y, is the softmax output of the i-th in-
put data of a test sample. For the UCF-101 data set , it
is a vector of length 101 ; for the HMDB-51 data set , it
is a vector of length 51. The jth component of the vec-
tor represents the probability that the classification re-
sult is the jth class; L is the length of the video se-
quence of the test sample, and every 32 frames is used
as one input data; y is the softmax vector of the final
classification, and the position where the probability of
the largest value in the vector is the final classification
result. Table 4 shows the results after using the deci-
sion result fusion strategy.

Table 4 Comparison of accuracy before and after fusion

using decision results

Results before Results after

Statistics . .
using using

UCF-101 94.99% 96.50%

HMDB-51 74.10% 74.87%

As can be seen from Table 4, the accuracy rates

in the fusion network are increased by 0. 5% on UCF-1
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and by 0.77% on HMDB-51 after using the decision
result fusion strategy.

2.6 Evaluation of test results

Table 5 shows the behavior recognition algorithm
implemented. The test accuracy index on the specific
data set is compared with the excellent research results
in the field of behavior recognition at home and
abroad. The experimental results prove the feasibility
of the new idea of combining the 3D-CNN with LSTM
to process the video sequence, and obtain better re-
sults. It is better than the best algorithms in Ref. [ 20 ]
and Ref. [21]. At the same time, compared with the
algorithm of two-dimensional CNN and LSTM network
fusion realized in Ref. [17], the algorithm of 3D conv-
olutional neural network and LSTM network realized
has greatly improved the accuracy performance. It also
shows that the algorithm of fusion network is a feasible
and effective scheme in the field of human behavior
recognition.

Table 5 Comparison of the accuracy of the algorithm

and other excellent research results

Algorithms UCF-101 HMDB-51
Two-Stream 88.0% 59.4%
c3pt™! 85.2% =
LRCN! 82.9% .
Temporal Segment
94.2% 69. 4%
Networks!'"! 7 v
Two-Stream-I3D!*"] 93.4% 66.4%
Four-Stream with
95.5% 72.5%
ResNet-101 %" v 7
3D-BN-VGG 93.9% 70.1%
Fusion network 96.5% 74.9%

Table 6 shows the comparison between the compu-
tational performance of the fusion network implemented
and some other excellent research results. It can be
found that the algorithm has a great advantage in
speed.

2.7 Analysis of network parameters

There are 25 parameterized layers in 3D-BN-VGG
with a total of 23 734 597 parameters, of which 23 722 437
are trainable parameters. Among the trainable parameters,
the total connection layer parameters are 21 080 165,
which account for 88.86% of the total parameters. The
huge amount of parameters in the fully connected layer
will greatly affect the generalization ability of the entire
network. A higher Dropout discard rate is employed to
reduce the risk of over-fitting of the fully connected

layer.

Table 6 Comparison of calculation speed between this
algorithm and other excellent research results

Algorithms Speed (fps) Speedup ratio
Two-Stream 12.5 42.64
C3D 313.9 3.39
Temporal Segment 10 4 64
Networks
Four-Stream with
ResNeXt-101 > L
3D-BN-VGG 603 1.76
Fusion network 1066 1

Table 7 shows the amount of parameters for every
layer of the fusion network. The parameter value of the
whole fusion network is 15 324 485, which is nearly 2
times smaller than that of the 3D-BN-VGG network
23734 597. The parameters of the convolutional layer
are 2 633 952, accounting for 17% of all parameters.
The parameters of the LSTM layer account for 82% of
the total parameters quantity, and the last output lay-
er’ s parameters only account for 1% . The main reason
for the decrease of the parameter quantity is that the
full connection layer is removed.

Table 7 Parameters of each part of the fusion network

Layers (network) Number of parameters

3D-BN-VGG

2 2

(No fully connected layer) 63395
Istm _ 1 12 587 008

dense _ 1 103 525

3 Contribution

Through the analysis of the previous sections, the
contributions of this paper are as follows

The choice of convolution core uses multiple small
convolution cores stacking instead of large convolution
cores, which deepens the depth of the neural network
and reduces the parameters of the network.

The latest batch normalization algorithm is added
to the network to improve the training speed.

Increasing Dropout layer reduces the risk of over-
fitting.

Removing the full connection layer, which ac-
counts for 88. 86% of the total network parameters,
and connecting the final output of the convolution layer
directly to the reshape layer, the output eigenvectors of
each video frame are separated into one dimension,
LSTM network processes some sequence features that
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can not be extracted from 3D-CNN to improve the accu-
racy of classification. Through the analysis of Table 7,
the amount of network parameters has also been re-
duced nearly twice.

Data preprocessing strategy reduces the risk of
over-fitting of the same data after repeated training.
Experiments show that using this strategy improves the
accuracy by 2%.

After using decision fusion strategy, the accuracy
of fusion network is improved by 0.5% on UCF-1 and
0.77% on HMDB-51.

Through the above improvements, compared with
some excellent research results, the main contributions
are as follows:

(1) The recognition rate is improved, as shown
in Table 5.

(2) The calculation speed has been greatly im-
proved, as shown in Table 6.

4 Conclusion

This work designs a fusion network combining 3D
convolutional network and LSTM network. The algo-
rithm is extended to 3D convolutional neural network.
Compared with the fusion network of 2D convolutional
neural network and LSTM, the advantages of the net-
work implemented are it can extract the front and rear
frame information of video sequence in advance, which
can improve the feature extraction ability of the algo-
rithm. At the same time, in the network implementa-
tion, there is no need to use the batch size channel in-
put from the network to replace the video sequence di-
mension , which is faster in the network implementation
and training process. In the specific implementation,
the fusion network does not use the full connection lay-
er to reduce the output of the convolutional network. It
avoids the loss of features, reduces the amount of pa-
rameters of the network and improves the generalization
ability of the network. In the experimental stage, the
performance of the fusion network implemented is veri-
fied on the specific data sets, and the accuracy is
greatly improved compared with that of the 2D convolu-
tional neural network.
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