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Abstract— In this paper, we investigate the problem of
human behavior recognition by using the state-of-the-art deep
learning methods. In order to achieve sufficient recognition
accuracy, both spatial and temporal information was acquired
to implement the recognition in this project. We propose a novel
YOLOvV4 + LSTM network, which yields promising results for
real-time recognition. For the purpose of comparisons, we
implement Selective Kernel Network (SKNet) with attention
mechanism. The key contributions of this paper are: (1)
YOLOvV4 + LSTM network is implemented to achieve 97.87%
accuracy based on our own dataset by using spatiotemporal
information from pre-recorded video footages. (2) The SKNet
with attention model that earns the best accuracy of human
behaviour recognition at the rate up to 98.7% based on multiple
public datasets.

Keywords— Deep learning (DL), Convolutional neural
network (CNN), Long short-term memory (LSTM), You only look
once (YOLO), Selective kernel network (SKNet), Attention
mechanism

I. INTRODUCTION

With decreasing costs of digital monitoring equipment
such as cameras and microphones, video surveillance has
been broadly applied to public places such as banks,
museums, shopping malls, etc. which allows to monitor
abnormal events. However, at present most of our video
surveillance systems are still being run in traditional manner,
which captures anomalies and associated evidences only
through offline videos. It is challenging to make real-time
alarms, pop up notifications, and monitor the incident scenes
uninterruptedly. Hence, it is necessary to develop the
technology for real-time human behavior recognition so as to
curtail the security staff’s workload and ameliorate the work
efficiency.

In this paper, we design and implement deep learning
methods which are time efficiency and outperform in training
and testing. Moreover, deep learning models have manifestly
exhibited capabilities in human behavior
recognition, how to make the model more stable and robust
for human behavior recognition aptly has become the new
challenge. In a nutshell, this research project aims to develop
the cutting-edge deep learning methods so as to conduct
human behavior recognition without too many manual
operations. As the outcome of this research project, we
anticipate reaching an overall up to 90% accuracy for the
recognition in real time.

In intelligent surveillance [44, 56], human detection [1-5,
52], motion capture [6-9], human re-identification [10-12],
gait recognition [13, 14, 15, 46-49, 51, 53], and human
behavior analysis [16, 17, 54, 55] are employed to identify
individuals in various scenes. The investigation of human
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behaviors in video footages is a redhot topic in the field of
video surveillance. In these projects, human behavior
analysis is not only for individuals (e.g., running, fainting,
walking, etc.), but also for human-related events (talking,
fighting, shoplifting, etc.) [18]. In this paper, our focus is on
recognizing human behaviors by using both spatial and
temporal information. We propose a novel YOLOv4 + LSTM
net, which yields promising results. For the purpose of
comparisons, we implement Selective Kernel Network
(SKNet) with attention mechanism.

In section II of this paper, we will present our related work.
Our methods will be explicit in Section III, our experimental
results will be demonstrated in Section IV. The conclusion
and future work of this paper will be delineated and
envisioned in Section V.

II. RELATED WORK

With the increased capacity of computing devices, deep
neural networks (DNNs) have gained massive attention to
detect visual objects, which lead to a new era of computer
vision [16, 19, 20, 57-66]. DNNs [21, 22, 45] encapsulate
multiple hidden layers, the pretraining method is adopted to
resolve the problem of an optimal local solution, the number
of hidden layers is run up with “depth” in the neural network.
Moreover, deep learning was implemented in both supervised
and unsupervised models [23]. Apparently, the work has
unmistakably unveiled the differences between deep neural
networks and shallow neural networks in various aspects
[24].

In human behavior recognition, the bounding box was
taken into consideration for deep neural networks to resample
the proposed pixels. Convolution neural networks (CNNs)
contain multiple convolutional layers and subsampling
operations, the outputs of convolutional layers are extracted
as the feature maps which are flattened and fed into a fully
connected layer.

Recent work indicates that if a convolutional network has
shorter connections between layers from the input layer to the
output layer, then the results will be more accurate and
efficient. Huang et al. proposed a dense convolutional
network (DenseNet) connecting each layer together in a
feedforward manner [25]. In order to ensure the maximum
information flow between the network layers, DenseNet
directly connects all layers together. Moreover, in order to
maintain the feedforward characteristics, each layer gets extra
input from all the previous layers and passes its own feature
map to all the subsequent layers. Moreover, DenseNet allows
a layer to access feature maps from all of its preceding layers.
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It can naturally scale to hundreds of layers without any
optimization difficulties. All layers spread the weights within
the same block, which shows that the features extracted from
very early layers are supplied directly to deep layers through
the same dense blocks [25]. Eventually, DenseNet produces
a consistency of accuracy without any degradation or
overfitting as the number of layers and associated parameters
are raised.

Moreover, in order to dissolve the problem of overfitting
and trim down the parameters of deep neural networks, Xie
et al. propounded a highly modularized deep learning
network (ResNeXt) for image classification [26]. It raises up
the accuracy without ramping up the complexity of the deep
learning method, meanwhile it effectively cuts off the number
of hyperparameters. ResNeXt was motivated from the idea of
VGG stacking blocks of the same shape and the split-
transform-merge idea of Inception models [27, 42], which
holds the robust scalability and is able to meliorate the
accuracy without substantially altering the complexity of the
model.

On the one hand, CNNs comprise of a series of
convolution layers and pooling layers. We use the CNNs to
apprehend the characteristics of the input image from the
global receptive field so as to precisely savvy the image. On
the other hand, networks carry out
convolutional operations in 2D space, which is regarded as

convolutional

the networks that model spatial and channel-wise information
within relevant receptive field. A good deal of work embarks
on convolutional networks for digital image processing from
the spatial domain. For instance, embedding multiscale
information in Inception model [27] was offered to aggregate
visual features of a variety of sizes of receptive fields so as to
snatch a better performance; attention mechanism was
brought in the spatial domain which gains positive results.

A simple and effective attention module for feedforward
convolutional neural networks was set forth in 2018 which is
called Convolutional Block Attention Module (CBAM) [28].
In the work, the goal of attention mechanism is on essential
features and suppress unnecessary features [28, 50]. The
input feature map passes through global max pooling and
global average pooling based on width and height
respectively, and then goes through the shared multilayer
perceptron (MLP) network. The output features are based on
elementwise and activated by using sigmoid function to
generate the final channel attention. The attention is
computed as eq.(1)

M,(F)= o (MLP(Angool(F)) + MLP(MaxPool(F)))

=0 <W1 (WO(ngg)) + W1 (WO(anax))>
@)

where Fy,, and Fj,, denote the average pooling and max
pooling in the attention module, W; and W, are the weights

which share both input and ReLU activation function by
using W,.

The convolution kernels in SKNet [29] are presented to
implement various receptive fields, which sustains three
operators: Split, fuse, select. In neuroscience, the size of
receptive field is constructed by using a stimulation
mechanism. The method can make CNNs adjusting the size
of their receptive field adaptively and competently for the
input information. The attention models produce a diversity
of receptive fields, the multiple SK units are then stacked into
the SKNet.

YOLOV4 [30] was the recent deep learning model, which
optimizes the algorithms such as SAM and PAN, etc. The
model was trained based on a single GPU and owns the
advantage of time efficiency. YOLOvV4 takes the place of the
spatial-wise attention by using point-wise attention,
moreover, the concatenation was substituted by using the
original shortcut connection. Afterwards, a Bag of Freebies
(BoF) was utilized to be associated with a Bag of Specials
(BoS) so as to uplift the overall performance, which
encapsulates enlarging the receptive field by using attention
mechanism.

From artificial neural networks to convolution neural
networks, only one input is tackled, the previous input and
the next input are stark irrelevant. To resolve this problem,
the recurrent neural networks (RNN) for processing sequence
data were suggested [31,32,33]. As a powerful multilayer
neural network model, RNN is the long-term dependencies of
the model based on time. Because of the gradient exploding
and gradient vanishing, this limitation leads to the unstable
variation of the errors in the model training. Thus, in order to
utterly solve the problem of gradient vanishing, long short-
term memory (LSTM) [34] was recommended. LSTM
architecture embraces input gate, forget gate, and output gate.
Gers et al. remedied the LSTM with forget gate, the network
can purge unnecessary information and establish peephole
connections [35,36].

Mabhasseni et al. proposed a 3D skeleton sequence based
on video frames to regularize LSTM network [37]. Attention-
enhanced graph convolutional LSTM (AGC-LSTM) with
skeleton data was implemented for human behavior
recognition, which adopts skeleton information as the input
of LSTM, then spatiotemporal feature maps are extracted by
using AGC-LSTM, while the LSTM has a strong ability to
acquire temporal features. Combining the LSTM with graph
structure together, the model effectively utilizes temporal and
spatial information of input images [38].

Sharma et al. took use of attention mechanism to human
action recognition, which mixes soft attention model with the
LSTM to cope with long sequence data and learn the key
point of the movement, thus achieved 81.44% accuracy based
on UCF-11 dataset [39]. An end-to-end spatiotemporal
attention model was accommodated for human behavior
recognition [40]. The end-to-end recurrent pose-attention
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network (RPAN) was expounded by using CNN to generate
the feature cube, the post attention mechanism shares the
attention parameters through semantically-related human
joints so as to attain high quality of human behavior
recognition, which indicates 97.4% accuracy based on
PennAction dataset [41].

Our contribution of this paper is to present the end-to-end
deep learning methods, we firstly present a SKNet with
attention mechanism for human behavior recognition, then
YOLOvV4 + LSTM method aided by using a GPU is employed
to accelerate the deep learning processing so as to lessen the
time costs.

III. OUR METHODS

In this paper, we spell out a spatial attention-based model
SKNet which explicates more positive results than previous
deep learning models in human behavior recognition.
Pertaining to the spatial attention module, its focus is on
“where” an informative part is. Figure 1 shows a block of
SKNet with the spatial attention module, Eq. (2) presents how
to compute the spatial attention

M(F) = o(f"7 ([AvgPool(F); MaxPool(F)])) 2)
where o(e) is the sigmoid function and f7*7 is a convolution
operation with the filter size of 7-by-7. The spatial attention
module applies average-pooling and max-pooling operations
along the channel axis and concatenates them to generate an
efficient feature descriptor. Consequently, a convolution
operation with a 7x7 filter is applied to produce the feature
maps, a sigmoid function for normalization is offered to yield
the final feature maps.

Selective Kemel
e H 128, 1x1, 256

256, 1x1, 128

‘Spatial Attention Module

236-dimensions in 236-dimensions out

Fig. 1. The structure of the spatial attention module

In human behavior recognition, most of traditional
machine learning methods are based on feature extraction
techniques; furthermore, most of feature extraction
techniques are based on spatial information, which may be
affected by external settings. As most effective machine
learning methods, iDT [43] has accomplished great progress
in the field of human behavior recognition. In deep learning,
most research work explicates that both spatial and temporal
information is vital to motion features. Thus, LSTM is taken
into account in our research project in order to extract the
temporal information from each video frame. Fig. 2 shows
the basic LSTM architecture of this paper.

In Fig. 1 and Fig. 2, we convert a video to the sequence of
feature vectors so as to accurately present the features from
each video frame. Consequently, LSTM network is applied

to predict human behaviors. After combined the CNN and
LSTM, the network achieves extremely high accuracy of
human behavior recognition. The reason is that our
convolutional operator is able to deal with each video frame
independently. The model has the capability to restore the
structure of each sequence and reshape the output to a vector
sequence. CNNs compass the feature extractor, the output
feature maps are generated from activation functions and
relevant pooling layers, the feature maps exported from the
CNNs will be imported as the input of the LSTM network.

Fig. 2. The LSTM architecture for human behavior recognition

IV. EXPERIMENTAL RESULTS

In this paper, the open Weizmann dataset was selected, we
also create our own dataset for the purpose of model testing
and validation in this project. The Weizmann dataset contains
ten classes, each of them contains nine videos which were
taken by using a static camera with human behavior analysis,
the dataset has nine participants in total. The resolution of
Weizmann dataset is 180x144. In our experiments, we chose
five classes which cover walking, skipping, running, jacking,
and jumping. Fig. 3 shows the samples of the Weizmann
dataset.

(a) Walking

(b) Skipping (c) Running (d) Jacking (e) Jumping

Weizmann Dataset

Fig. 3. The example of the Weizmann dataset

Our own dataset comprises the samples from a total of 20
videos with five classes of human behavours, which were
shot by using a static camera. The resolution of this dataset is
1280x720. Our own dataset comprises of 3,200 frames and
2,000 frames were chosen for model training, 1,200 frames
were selected for model testing, Fig. 3 indicates the samples
of our own dataset.

(b) Skipping

(c) Running (d) Jacking (e) Jumping

Our Dataset

Fig. 4. The example of our own dataset

Our focus of this paper is chiefly on the proposed deep
learning methods and how they affect our outcomes. We
adopted LSTM + YOLOv4 model with class score fusion to
fulfil the human behavior recognition. Moreover, an attention
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mechanism based on SKNet net was verified in this paper. In
Fig.5, we demonstrate the video frames of our results by
utilizing the two selected datasets.

Fig.6 exhibits the training and validation loss by using the
Weizmann dataset with the SKNet net and attention model.
From Fig. 6, we showcase that SKNet models are able to
achieve 86.224% accuracy. Moreover, by combining the
attention model with the SKNet net, the accuracy reaches to
97.194%.

= Y

(2)Walking (b)Skipping (c)Running (d)Jacking (eMumping

Weizmann Dataset

73 ““

(¢) Jumping

(a) Walking

(b) Skipping (c) Running (d) Jacking
Our Dataset

Fig. 5. The results based on two selected datasets
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SKNet + Attention mechanism (ACC=97.194%) SKNet (ACC=86.224%)
Fig. 6. The training and validation loss by using SKNet and attention
mechanism based on Weizmann dataset

In this paper, all our experiments necessitate large amount
of computations, we chose the batch size 8 and learning rate
0.001. Moreover, the number of the epoch is set to 60. In Fig.
6 and Fig. 7, the green dots represent the training and
validation accuracy, the red dots stand for the training and
validation loss.

our experiments, the number of epochs is 60, batch size is 8,
and the learning rate is 0.001.
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Fig. 8. CNN+LSTM training and validation loss during the training process
by using our own dataset

Fig.8 shows the training and validation loss based on our
own dataset by using the model CNN+LSTM. Regarding
CNN+LSTM, it got 98.53% accuracy based on our own
dataset. In this experiment, the proportion between training
and validation sets was set to 90:10. The number of epochs is
assigned as 30 with 11,310 iterations, the batch size is 16, the
learning rate is 0.0001.

Throughout our experiments, we chose the public dataset
and the deep learning methods to compare our experimental
results. The deep learning models with attention mechanism
are much stable and robust in human behavior recognition.
Table I shows the comparison of our deep learning models
for human behavior recognition by using multiple datasets.

In Table I, the SKNet net with attention mechanism shows
the positive results for human behavior recognition. The
network SKNet with attention mechanism is able to get
97.19% accuracy which has 0.90% growth of the total
accuracy compared with YOLOV3 net. YOLOv4 net for
human behavior recognition reaches the highest result based
on Weizmann dataset which has 97.36% accuracy; based on
our own dataset, it is up to 98.66% accuracy.

TABLE 1. THE ACCURAACY (%) COMPARISONS OF DIFFERENT DEEP
LEARNING METHODS IN HUMAN BEHAVIOR RECOGNITION
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SKNet ~ Attention mechanism (ACC=98.644%) SKNet (ACC=96.982%)
Fig. 7. SKNet and Attention mechanism training and validation loss

during the training process by using our own dataset

Fig.7 shows the training and validation loss by using
SKNet net and attention mechanism with our own dataset.
The SKNet net individually achieved 96.982% accuracy with
the assistance of our own dataset; the SKNet net after
combined with attention mechanism is able to earn 98.644%
accuracy. Compared with the two models, the accuracy grows
1.662%. For better comparing the models based on various
datasets, we selected the Weizmann dataset and our own
dataset. For both datasets, the number of classes is the same.
The both datasets subsume the same static video frames. In

SKNet
SKN Res Dense YOLO YOLO
Methods +Attent et Net Net v3 v4
0on
Weizm A:;y“‘ 97.19 862‘2 91)'4 97.62 | 9629 | 9736
ann I
dataset | TTOIE | 9300 | 830 | 888 1 o530 | os60 | 9620
on 0 0
Acaur | 964 | 909 | L ; 9637 | 98.66
Our acy 8
dataset Precisi 100 99.0 R : 9528 9750
on 0

Moreover, we took use of LSTM net to extract the
temporal information, YOLO nets were employed to extract
the spatial information, finally we combine these two
networks together by using score fusion and our own datasets.
Table 2 illustrates the comparison of YOLO + LSTM model
and YOLO nets based on our dataset. In this paper, by
combining YOLOvV3 net and LSTM net to extract both spatial
and temporal information, we are able to achieve the accuracy
97.58%, which has 1.21% growth compared with only
extracting spatial information by using YOLOv3. Moreover,
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YOLOvV4 net gets the accuracy 97.36%. By combining
YOLOV4 with LSTM net, the total accuracy is up to 97.87%.

TABLE II. THE ACCURACY (%) COMPARISONS OF YOLO + LSTM NETWORK
AND YOLO METHODS BASED ON OUR OWN DATASET

Our Dataset Walk Skip Run Jack Jump | Accuracy
YOLOV3+LSTM | 97.28 | 96.41 | 98.46 | 100.00 | 95.76 97.58
YOLOV3 96.55 | 92.15 | 97.82 | 100.00 | 95.33 96.37
YOLOV4+LSTM | 98.13 | 97.04 | 98.12 | 100.00 | 96.06 97.87
YOLOv4 97.53 | 95.69 | 97.79 | 100.00 | 95.79 97.36

V. CONCLUSION AND FUTURE WORK

In this paper, we have presented multiple deep learning
models to accomplish human behaviour recognition.
Throughout our experiments, we see that deep learning
models are well implemented. The combination of SKNet
with attention mechanism shows positive results for human
behavior recognition. Moreover, by adopting YOLOV4,
LSTM net with class score fusion to acquire both spatial and
temporal information also exhibits positive results, which has
1.50% growth of accuracy compared with only using the
YOLOV3 net.

From the experimental outcomes, we see that most of deep
learning models could be extended through either depth of
network layers or width of the layers so as to improve the
accuracy of the methods. However, convolution-based deep
learning uplifts the efficiency without beefing up the
complexity. Meanwhile, YOLOv4 + LSTM network is also
outperformed in this paper.

In our future work, we will add the attention module and
spectrum information into the proposed models in order to
achieve better accuracy in human behavior recognition, we
will embark on multi-person behavior recognition.
Additionally, more complex human behaviors with
interactions such as talking, fighting, robbery etc. will be
probed in the near future.
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