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Abstract
In the past few years, artificial intelligence has ushered in the third climax, which is

due to the improvement of hardware computing power, so that deep learning algorithm
can be applied on a large scale. Before the large-scale use of deep learning, image feature
engineering is more dependent on the experience of engineers, and it can ‘ t get good
results in the face of random and complex environment. Through a large number of
manual features, through SVM training to classify, detect, segment images. With the
success of Alexnet [15], people began to realize that feature engineering can rely on
neural network to extract itself. It has been proved that the neural network trained by big
data has very strong robustness to image feature extraction

This article is divided into four chapters. Chapter 1 mainly introduces the
experimental significance and motivation of this article, and introduces the role of deep
learning in computer vision. Chapter 2 introduces the application of deep learning
algorithms, including image classification (AlexNet[8], VGGNet[34], ResNet[28]), target
detection (FasterRCNN[35], YOLO[36], SSD[37]), video analysis (LSTM based,
3DCNN), and introduces some of the most advanced algorithms The structure and their
experimental results, the experimental results of the new structure can reach 790 FPS on
the Tesla P100. Chapter 3 mainly introduces the achievements I made this year and the
algorithms designed for effective video understanding. Chapter 4 is a summary of the
entire process and points out what improvements can be made in the future
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Chapter 1

Project Introduction

1.1Preface

Computer vision is the science of how to make a machine "watch the world", which
further means to use the camera and computer instead of human eyes to identify, track
and measure the target, so that computer processing becomes more suitable than human
eyes to observe or detect object. As a scientific discipline, computer vision is an artificial
intelligence system through related theories and technologies try to build a system that
capable of obtaining information from images or multi-dimensional data. Because
perception can be seen as extracting information from sensory signals, computer vision
can also be seen as the science how to make artificial systems perceive from images or
multi-dimensional data. Computer vision is a challenging and important research field in
both engineering and science. Computer vision is a comprehensive subject, which has
attracted researchers from various disciplines to participate in it. These include computer
science and engineering, signal processing, physics, mathematics and statistics,
neurophysiology and cognitive science.

Computer vision is an integral part of a wide range of intelligent and autonomous
systems such as manufacturing, inspection, document analysis, medical diagnosis, and
military. Because of its importance, some advanced countries, such as the United States,
computer vision has been listed as a major fundamental issue in science and engineering
that has broad implications for economics and science, the so-called grand challenge. The
challenge for computer vision is to develop vision capabilities on a human level for
computers and robots. Machine vision requires image signals, texture, color modeling,
geometric processing and reasoning, and object modeling. A competent visual system
should integrate all these processes closely. As a subject, computer vision began in the
early 1960s, but many important advances in basic research on computer vision were
made in the 1980s.

The concept of deep learning originated from the research of artificial neural
network, which was proposed by Hinton et al in 2006. Deep learning structure consist of
multi-layer perceptron with multiple hidden layers. 2012 is the most important year in the
development history of deep learning, Alexnet[8] won the ImageNet[16] image
classification competition that year, the top-5 error rate decreased by 10 percentage points
compared with the previous year's champion, and it was far higher than the second place
in the year. The craze for deep learning was sparked by the emergence of Alexnet[8] in
2012. After that, deep learning has developed rapidly in the task of image classification.
People are not satisfied with only applying deep learning to image classification, but start
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to explore in a new field. With the proposal of algorithms such as R-CNN[35] series and
YOLO[36] series, deep learning has also developed rapidly in the task of object detection.
Because of the depth of neural network with strong signs extraction ability, people began
to use neural network to extract image information and then construct new images, has
the same characteristics of this image information that is Generative Adversarial
Networks (GAN)[81]. As the space for deep learning on a single picture becomes smaller
and smaller, people began to look to video analysis, However some new problems
emerged, the neural network powerful ability of feature extraction is due to hardware
computing power has reached a new level, so the deep learning display much powerful
ability than other machine learning algorithm on image problems, However, compared to
image analysis, video analysis is a huge project, a series of images need to be processed
not like single image analysis. Traditional deep learning method transferred to video
analysis is processing these frames one by one, but it will lose interframe information and
the calculation will be the new bottleneck. Therefore, a group of people begin to explore
the efficient deep learning analysis architecture for video.

In this thesis, an efficient video analysis architecture has been proposed, which is
helpful to relieve the pressure of video analysis. The idea of this paper is inspired by two
different famous architecture, one of them is Dense Convolutional Network
(DenseNet)[38], and the other one is Efficient Convolutional Network for Online Video
Understanding (ECO)[82]. The new architecture by using multiple block structure like
DenseNet to reduce amount of calculation, and by using the ideas of the ECO to select the
effective Video frames and reduce the computation redundancy. In addition, the new
architecture has achieved the state-of-the-art result on the ucf-101 dataset. The new
architecture has been accepted by the he 5th International Conference on Control,
Automation and Robotics
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1.2Motivation of Our Research

With the development of technology, life will always become more and more
convenient, and technology can always give birth to various new industries,
especially with the development of artificial intelligence, in terms of image, voice,
and natural language processing. Automatic driving technology, as a comprehensive
system is also maturing. In March 2016, the team led by DeepMind developed
AlphaGo to defeat the human professional Go player, which marked the culmination
of another wave of artificial intelligence [1]. Artificial intelligence is consisting of
many parts. Today, deep learning is undoubtedly one of the hottest directions in
artificial intelligence, it is a branch of machine learning in artificial intelligence.
Deep learning demonstrates far more power on classification and regression than
other machine learning algorithms., which is also an important reason for it to
become a hot spot. Due to the exploration of great scientists such as Andrew Ng,
Geoff Hinton, Yann LeCun, Adam Gibson and Andrej Karpathy, this area has made
significant progress over the years [2-4].

Although the algorithm has been greatly developed, especially image classification,
object detection, and image segmentation have all made a qualitative leap, but in fact
these algorithms will encounter many problems when they go industrial. In industrial
production, people are more considering the cost performance of the algorithm, the
biggest problem of deep learning is the support of big data sets and the experience
computational cost. For example, in this Go match with human players, the Alpha Go
used 1,202 CPUs and 176 GPUs [5]. Although it defeated the human player, such a
product obviously has no meaning, the energy consume of Alpha Go is much higher than
human player and this product is too cumbersome to carry. In another example, in 2015,
Google Inc. proposed a very successful face recognition algorithm called facenet [6]. This
algorithm spent 1000-2000 hours on 700 CPUs clusters to train. From 500 hours, the loss
was greatly reduced, although the final effect was very Ok, the cost of training is
extremely high.

In order to help the development of the industry, researchers began to turn the
research direction to the compression of neural networks and the pruning of models. It
has been found that many parameters of neural networks are close to zero, which means
that a large number of parameters are useless. The parameter 0 is equivalent to the fact
that this nerve branch has died and will not pass more information backwards, so people
invented the method of pruning [7], cutting out the branches with these parameters close
to 0, reducing the parameters and increasing the calculation speed. Taking the VGG[34]
network as an example, in the VGG16[34], 90% of the weight parameters are in the fully
connected layer, but these weight parameters increase the final result of the model by only
1%. Until recently, most of the work was studying how to pruned the fully connected
layer. Pruning the fully connected layer is very effective in reducing the size of the model
file. As the network layer is deeper, the degree of pruning is higher. This means that the
last convolutional layer is pruned the most, which also leads to a significant reduction in
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the number of neurons in the fully connected layer. The method of pruning the
convolution kernel can also be to reduce the weight parameter in the convolution kernel
or to discard a certain dimension of the convolution kernel. Pruning actually has the
advantage of reducing memory overhead. In fact, there are a large number of papers on
the pruning method of neural network models. However, in industry, we have not heard of
actual projects using these pruning methods for the following reasons:

1. the current method of sorting, according to contribution to neurons is not good
enough, resulting in too much loss of model accuracy;

2. the method is difficult to implement;

3. those who use neural network pruning technology may use it as a technical
secret.

Another good idea is to build an efficient small model, which not only has fewer
parameters, but also has good effects. This method has relatively low technical difficulty
and is easy to generalize, it can be used for various problems. For example, SequeezeNet
[8], MobileNet [9] is designed according to this idea. These networks do not rely on
hardware acceleration, but directly from the algorithm, mainly through the splitting of the
network structure, skillfully designing the convolution kernel, and improving efficiency.
The biggest advantage of this algorithm is portability.

Our motivation is to design a fast and efficient neural network from the network
structure。 The main design idea is to use Bi-convlstm as the main body to bring up the
high-dimensional features of the video, and draw on the structure of the currently popular
Densenet[80] to make the network easier to understand the content through various
effective shortcuts. This structure can effectively reduce the convolutional layer. At the
same time achieve a very good effect, and finally use 3DCNN for fusion features.
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1.3 Summary of Original Contributions

The main research results of this paper are as follows:

The first contribution is to summarize the classic neural network models that have
emerged. The classification network, as well as the object detection recognition network
and video analysis algorithm, are studied. The structure, advantages, and disadvantages of
traditional classification models, such as Alexnet[8], VGGNet[34], Resnet[28], are
discussed. The classification network is still developing. In the imagenet competition, the
classic classification model has achieved high accuracy. A well-built inside classification
network needed in the object detection recognition network, which determines the
performance of the net. This paper studies and summarizes the existing systems,
including Faster-RCNN[35], YOLO[36], SSD[37], and video analysis methods based on
convolutional neural network and their advantages are summarized

The second contribution is to introduce the problems that appear in model training
and the concept of transfer learning. The quality of the model is inseparable from the
setting of the parameters during training. The Loss function, the one-hot label, and the
analysis of the training effects are skills that should know during the actual training
model.

The third contribution is to use a new image preprocessing method to process this
video. The traditional video analysis method takes each frame as an input and uses
traditional visual processing methods or neural network methods to analyze. The original
method consumes too much calculation and is very slow. The new method I proposed was
inspired by DenseNet[38]. In the case of randomly extracting frames, LSTM is used to
learn the semantics of the context, and Dense connect is used to ensure accuracy. The
main design idea is to use Bi-convlstm as the main body to bring up the high-dimensional
features of the video, and draw on the structure of the currently popular Densenet[80] to
make the network easier to understand the content through various effective shortcuts.
This structure can effectively reduce the convolutional layer. At the same time achieve a
very good effect, and finally use 3DCNN for fusion features. Finally, our algorithm
achieves 790 FPS on a Tesla P100 GPU on the utf-101 dataset, with an accuracy rate of
91.4%
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1.4 Organization of the Thesis

This thesis is organized as follows.

Chapter 1 describes the purpose and motivation of the study and briefly summarizes
the original contribution of this paper.

Chapter 2 is divided into five parts. The difficulty of each part is gradually deepened.
The first part reviews the development of neural network in image processing and various
usages in different problems. The second part introduces some well-known data sets in
deep learning, and introduces the problems that these data sets focus. The third part
introduces the development of different networks, explains in detail with several famous
neural networks, and explains why they are excellent. The fourth part will introduce a
very interesting and very difficult topic, object detection, and detail three well-known
object detection algorithms. In the last part, I will raise the difficulty to the video
processing algorithm. The previous algorithm is for picture, and the video not only has a
large amount of frame information but also context information.

Chapter 3 will introduce my own video processing algorithms, as well as my
conclusions and prospects for subsequent algorithms, and detail my design ideas, as well
as various experimental comparison results. My algorithm consists of three main ideas, a
Dense 2D network, BiConvLstm, and 3D network.
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Chapter 2

Deep Learning Based Computer Vision Algorithms

2.1. Introduction

This chapter mainly introduces the background of computer vision and some very
famous data sets, and introduces what is deep learning and convolutional neural networks.
In the image classification algorithm will introduce AlexNet[8], VGGNet[34], ResNet[28],
object detection will introduce Faster-RCNN[35] , YOLO[36], SSD[37], video analysis
will introduce commonly used methods based on LSTM and 3DCNN-based methods
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2.2. Background

Before the deep learning algorithm comes out, for the visual algorithm, it can be
roughly divided into the following five steps: feature perception, image preprocessing,
feature extraction, feature selection, inference prediction and recognition. In the early
machine learning, the dominant machine learning group did not care much about the
features. Before using these machine learning methods, people have to design the first
four parts, but this is a difficult task for anyone. In traditional computer recognition,
feature extraction and classifier are two independent parts, and puts them together when
applying. For example (Fig 2.1.1), if the input is a motorcycle image, first, there must be
a feature expression or feature extraction process, and then put the features in to the
classification algorithm for learning.

There have been many excellent ideas in the past 20 years, such as the most famous
one SIFT(Scale-invariant feature transform) [10]. It is widely used in image comparisons,
especially in the applications of structure from motion. The other is the HoG(Histogram
of Oriented Gradient) [11], this method can be used to detect edges. Before deep learning,
HoG [11] feature representation and SVM is the best algorithm in the field of object
detection. Other feature representation algorithms include Textons [12], Spin image [13]
and GLOH [14], all of which dominate the mainstream of visual algorithms before the
popularity of deep learning. In fact, designing features representation algorithm require
designer has a lot of experience, and very familiar with this field and dataset. Designer
also need spent a mass of time on fine-tuning on parameter. Another difficulty is that the
designer not only needs to design the features representation algorithms, but also they
have to choose a suitable classifier algorithm based on feature. Designing a good feature
representation algorithm and selecting a classifier, which combine to achieve the
optimization, is almost impossible to accomplish.

The neural network solves many problems very well. Before the neural network, it is
very difficult to work on feature recognition, it also leads the preference of many
problems like image classification and object detection is unsatisfactory. Therefore,

Figure 2.1.1: Traditional method for image recognition, feature extraction and classifier
are designed independently of each other. Normally SIFT, HoG algorithms are used as
Feature representation, and the result of these algorithms are used for training classifier
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people think that if the method of extracting features can also be left to the computer to
finish, it will greatly reduce the difficulty of the algorithm, or even get better results. The
neural network is an algorithm that combines feature recognition and classifiers, it also
got very good results. a convolutional neural network (CNN) called AlexNet [15] Won
the championship in the ImageNet [16] 2012 Challenge, Alexnet[15] pushed the neural
network to a climax in an instant. In the traditional algorithm, these feature recognition
algorithms are actually looking for the underlying information of the edges and corners in
an image, and the effect is unsatisfied. After the visualization of the feature map of the
neural network, its ability far exceeds the traditional algorithm, the feature visualization
shows that the lower dimension network is extracting features of the edges and corners,
and the higher dimension network is extracting global features (Fig 2.1.2), in terms of
feature extraction capabilities the efficiency of the neural network is much higher than
normal algorithm.

Since the neural network has shown extremely powerful capabilities in image feature
recognition, people have made great progress in object detection and image semantic
segmentation. On this basis, face recognition and optical character detection have been
well developed.

Figure 2.1.2: This is an example of classification. When Sara's photo is input to the
network, the initial network focus information based on a few pixels, so some information
such as edges and corners is obtained. As the network continues to deepen, the feature
maps continue to shrink, and any pixel in the higher dimension feature map can represent
the region in the original image. The network begins to focus on global information.
Finally, this information was classified as Sara.
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2.3. Popular datasets for deep learning challenge

Neural networks can have such amazing results, thanks to big data, here I introduce
some of the most popular datasets, and the role of these datasets. There are four different
types of data sets

The first type is generic large-scale dataset, the typical large-scale dataset like
MS-COCO [17], ImageNet [16], Pascal [18]. The role of this data set is more to provide a
banchmark, so that everyone can test the algorithm on this open and approved data fairly,
making the effect more convincing. and because of the huge amount of data, you can
provide a Good data pre-trained model for better fine-turning. For example, ImageNet
project is a large visual database for visual object recognition. More than 14 million
images are annotated manually [16], at least a million images’ bounding boxes are also
provided. ImageNet contains more than 20,000 categories [16]. The dataset and image
annotation are available free of charge from the ImageNet website. Since 2010, the
ImageNet project has held an annual software competition, the ImageNet large-scale
visual recognition challenge (ILSVRC), in which software programs compete to correctly
classify, detect objects and segmentation. Other two datasets are similar to ImageNet the
different between them is number of images in the dataset, the reason of these datasets
very famous and useful is the quality of these datasets is very high, and the amount of
picture is also very large. Tasks of these datasets are involving image classification, object
detection, and image segmentation (Fig 2.2.1). Many famous neural networks are trained
based on these three datasets. Normally, people use these datasets to train a network, and

Figure 2.2.1: there figure shows classification, object detection, image segmentation, the
difficulty of these issues is gradually improved, classification problem needs to
distinguish what kind of photo it is. Object detection need to draw the object bounding
box in the figure. Semantic segmentation is the classification of pixel, each pixel has a
category. Instance segmentation is a task combination by object detection and
segmentation
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then fine-tuning this pre-training model on themselves problem, because these datasets
contain a large number of images, the trained models have very powerful feature
extraction capabilities. Fine-tuning with such parameters can greatly reduce training time.

The second type is human face dataset. Like FDDB [19]. This data set is a very
important data set for face recognition, very convincing, and an important benchmark for
measuring the quality of the algorithm. These datasets only have human face, FDDB is
extracted from news images and headlines. The images contain various poses, lighting,
and backgrounds. The face contains various expressions, movements and occlusion, so it
is very close to the recognition scene in reality, FDDB is contains:2,845 images, including
5,171 faces [19], this is a of object detection problem, the only objects tested were faces,
so normal object detection algorithms can be used on this dataset, an example of FDDB
show in Fig 2.2.2

The third type is autopilot dataset. The most famous one is KITTI [20]. The KITTI
dataset is a joint venture between the karlsruhe institute of technology and the Toyota
institute of technology in the United States. This dataset is used to evaluate the
performance of computer vision technologies, such as stereo, optical flow, visual
odometry, object detection and 3D tracking, and Simulate algorithm in real environment.
KITTI includes real image data from urban, rural and highway scenes, with up to 15 cars
and 30 pedestrians per image, as well as varying degrees of occlusion and truncation. The
entire data set is composed of 389 pairs of stereo images and optical flow diagrams, 39.2
km visual ranging sequence and over 200k 3D labeled objects images. Because the data
provided by this dataset are not only images and video, but also many optical flow graphs
and 3D images, so KITTI is a very practical dataset in optical flow CNN and 3DCNN
field, its role in the field of 3D images is similar to ImageNet

Figure 2.2.2: Example images, for some image regions, deciding whether or not it
represents a “face” can be challenging. Several factors such as low resolution (green,
solid), occlusion (blue, dashed), and pose of the head (red, dotted) may make this
determination ambiguous.



19

2.4. Deep neural network

This section will introduce some of the latest neural network model design ideas and
experimental comparison results in detail, and introduce some basic theories of neural
network.

Neural Network, in the field of machine learning and cognitive science, is a
mathematical model or computational model that mimics the structure and function of
biological neural networks (the central nervous system of animals, especially the brain).
Used to estimate or approximate a function. The neural network is calculated by a large
number of artificial neuronal connections. In most cases, artificial neural networks can
change the internal structure based on external information. It is an adaptive system. In
general, it has a learning function. Modern neural networks are a kind of nonlinear
statistical data modeling tools.

The neural network is inspired by the perceptron. The neural network can be
understood as a nonlinear combination of multiple sets of perceptrons. A simple
perceptron is a model with several inputs and one output, as shown in Fig 2.3.1:

The images (Fig 2.3.1) can be simple to understand, we have a result it called y, and
the result influenced by multiple different factors x, different factors have the different
effect on the final y, so each x corresponds to an own weight w, add these factors together
and finally give a general bias. This formal of perceptron is in 2.3.1

� = �=1
� ����� + � 2.3.1.1

The perceptron model is too simple and can't learn the complex nonlinear model, so
it can't be used in industry. Neural networks extend the perceptron model. There are three
major improvements

1. The hidden layer is added. The hidden layer can have multiple layers to enhance
the expressive ability of the model. As shown in Fig 2.3.2

Figure 2.3.1：�� is input, �� is weight, � is bias of a perceptron
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2. The neurons in the output layer can also have multiple outputs (shown in Fig
2.3.2), so the model can be flexibly applied to classification regression, and
other machine learning fields such as dimensionality reduction and clustering.

3. Extended activation functions, using other activation functions like Sigmoid，
tanx, softmax, and ReLU. The expression ability of neural network is further
enhanced by using different activation functions

We have known the definition of the linear relation coefficient w and the bias b of
each layer. Suppose the activation function we choose is sigma (z) and the output value of
the hidden layer and the output layer is sigma (a). For the three layers of DNN in the fig
2.3.3, using the same idea as perceptron, we can use the output of the upper layer to
calculate the output of the next layer, which is the so-called DNN forward propagation

Figure 2.3.2：multiple hidden layers can enhance the expressive ability of the
model. Multiple outputs instead of the one output

Figure 2.3.3: This figure is an example to show forward propagation
algorithm
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algorithm. This formal of forward propagation in 2.3.2-2.3.4

�1
� = � �1

� = � �11
� �1 + �1�

� �� +�1�
� �� + �1

� 2.3.1.2

��
� = � ��

� = � ��1
� �1 + ���

� �� +���
� �� + ��

� 2.3.1.3

��
� = � ��

� = � ��1
� �1 + ���

� �� +���
� �� + ��

� 2.3.1.4

Assuming that the neurons in the last layer of the neural network are our own
classification items, then each neuron will have a score when the first forward
propagation is completed. However, in fact all the parameters in this model are randomly
defined, which brings up a problem, that is, this score is not what we expected, so we
need to optimize this network. For example, a picture of a cat was fed into the neural
network, by forward propagation, the pixel matrix of the image is multiplied by its
corresponding W coefficient matrix, and after adding bias, we consider that each element
in the output matrix is set as a score value of classification (show in Fig 2.3.4).

In order to solve this problem, people define the loss function and invent the
backpropagation. The most famous loss function is the cross-entropy function. In the

Figure 2.3.4： This image shows the result of a forward propagation. The input is a
picture, and the output value is the score of classification. Obviously, this score value is
not what we expect
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general classification network, the activation function used in the last layer is always the
softmax function, because the original output is not a probability value, it just a value
which is the input value after a complex weighted sum and nonlinear processing. The
function of softmax is to make this value as a probability value the formula of softmax
show in 2.3.5. Suppose the original output of the neural network is y1, y2...., yn, then the
output after softmax regression processing is The percentage of each value to the total
value. Here we

softmax y = ���

�=1
� ����

2.3.1.5

seem to have a clear direction of optimization, so that the ratio of the score of the target
neuron to the total proportion is higher. However, this seemingly simple question for
people, is still very difficult for mathematicians, because in the optimization problem an
effective method in the gradient descent, this method needs a good model makes the
gradient becomes more intuitive, cross - entropy can help to solve this problem very
well， it is a function describing the difference between the expected value and the true
value. The formal of cross – entropy is show in 2.3.6

L� =� log � ���

�=1
� ����

) 2.3.1.6

After having the loss function describing the task, we need to optimize the artificial
neural parameter w. Gradient descent is a very good method in the optimization problem.
The calculation method is to obtain partial derivatives for each neuron. This process is
show in Fig 2.3.5. In the process of repeated iterations, the neural network gradually
approaches our desired results and achieves the training effect.

This section is only an introductory part. The purpose is to give the reader some
understanding of the neural network. In the next few sections, the structure and
calculation process of various neural networks will be introduced in detail.

Figure 2.3.5： This figure shows the update process of a neuron in the back
propagation of the neural network. It will get a partial derivative from former
layer and pass the gradient to each next step through the partial derivative
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2.3.1 Convolutional neural network

The idea of convolutional neural networks originates from the visual processing unit
in living organisms. In 1958, David H. Hubel and Torsten N. Wiesel studied the visual
cortex of cats and monkeys and found that each neuron responded only to objects in a
small part of the visual range [39]. This small area is called Receptive Field. In addition,
adjacent neurons have similar and overlapping receptive fields. The receptive field of
neurons in the visual cortex changes with its own position, forming a complete field of
vision. The visual cortex of the left and right brains is responsible for the right and left
views, respectively. In 1968 they pointed out the basic visual cells in both brains [21].
Among them, the S cell (Simple Cell) has the strongest response to the straight edge of
the receptive field. The C cell (Complex Cell) receptive field is larger than the simple cell,
but it is not sensitive to the actual position of the edge in the receptive field. This finding
provides a solid theoretical basis for convolutional neural networks.

Inspired by this observation, Kunihiko Fukushima developed a new perceptive
machine in 1980 (Neocognitron) [22], whose topology is shown in Fig 2.3.6. The network
consists of many types of similar parts to the basic visual cells, such as s-cell and c-cell.
The network also USES cascade structure, in which the neurons at the higher level can
acquire larger receptive fields and specific local features than those at the lower level.
This is thought to be the inspiration for the convolutional neural network.

In 1998, Yann LeCun et al. proposed the first practical Convolution Neural Network
(CNN) -- LeNet-5[23], whose Network topology is shown in Fig 2.3.7. The network is
capable of sorting 32x32 pixels of handwritten digital images. At that time, many
traditional image classification algorithms could achieve basically consistent or even

Figure 2.3.6: new perceptive machine with different cell and cascade
structure
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higher classification accuracy with much less computational cost. Limited by the
computing power of hardware, the convolutional neural network at that time was shallow
in depth, small in scale and unable to process high-resolution images. However, the
expansibility of convolutional neural network is much stronger than those traditional
algorithms, and its carrier computer is also developing rapidly, which lays a solid
foundation for future research.

In 2005, Dave Steinkraus et al. discovered the unique advantages of Graphics
Processing Unit (GPU) in Machine Learning (ML) [24] and proposed an efficient CNN
training method based on GPU. This idea liberates computing power and makes the
development of CNN more free.

In 2012, Alex Krizhevsky et al. proposed AlexNet [15]. The network uses the GPU
to perform parallel training using packet convolution, and uses the ReLU (Rectified
Linear Unit) activation function for the first time. In addition, the dropout technique is
used in the network to effectively alleviate the problem of network overfitting. In the end,
they obtained the accuracy of the traditional image classification method in the ImageNet
Large Scale Visual Recognition Challenge (ILSVRC) [16] 2012 competition by
AlexNet[15]. Since then, CNN has become the mainstream of image classification
methods and shines in the field of machine vision.

In 2014, Christian Szegedy et al. proposed GoogLeNet [25]. The biggest
contribution of this network is the Inception architecture. The discovery of this structure
stems from the idea of finding the optimal local network structure. The authors believe
that for different network levels, the size of the convolution to achieve the best results is
different, so they let each layer of input through the processing of multiple filters
(different kinds of convolution aggregation) And concatenate the results of the next layer
of feature selection. They also use 1x1 convolution to reduce the amount of computation
required for subsequent 3x3 and larger convolutions. In the end, the network has achieved
significant improvements in classification results and computational efficiency.

In 2015, Sergey Ioffe et al. proposed Batch Normalization [26]. This structure acts
before each activation function in the network. In order to eliminate the internal covariate

Figure 2.3.7: LetNet-5 Convolution Neural Network
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shift (Internal Covariate Shift) reflected in the output distribution of each layer in the
network, the structure linearly maps the net output (NetOutput) of each layer with
trainable parameters to ensure the output of each layer in the network ( The Activation) is
basically stable and the output amplitude is kept at the same scale. At the same time, it
greatly reduces the dependence of the network on the initial parameters, improves the
efficiency of gradient transmission in the network, and greatly improves the network
speed. And its corrective effect on the network output at each layer makes the training of
the deep network really possible. .

In the same year, Kaiming He et al. proposed the Residual Network (ResNet) [28].
The network's creative use of Residual Learning has ingeniously alleviated the problem
of gradient instability, greatly increasing the number of information transmission paths in
the network [29], and pushing the training network depth from dozens of layers to
thousands. Floor. This kind of thinking is a milestone. With it, the deep neural network
can reflect its performance advantages relative to the shallow neural networks

In 2016, Gao Huang et al. proposed the Densely Connected Convolutional Network
(DenseNet) [30]. The design of the network is based on the idea of feature reuse, and it
has achieved the ultimate in the field of network topology. Each layer in DenseNet is
directly connected to all of its previous layers. The output of each layer is combined to be
the input of the next layer. Such a topology connection method enables each layer in the
network to have a data transfer path directly connected to the final fully connected layer,
which greatly improves the problem of gradient transfer in the network. At the same time,
the special structure of the network makes it much higher in parameter efficiency and
computational efficiency than other networks.

In 2017, Jie Hu et al. proposed Squeeze-and-Excitation Networks (SENet) [31]. The
network makes a more specific assumption about the input image signal: the input of the
convolutional neural network has the same prior knowledge in the spatial dimension, and
the same in the depth dimension. In this network, a path is added next to each
convolutional layer, allowing the convolutional neural network to learn the strength of
each channel autonomously and use it in the linear mapping of the channel.

The convolutional network is mainly composed of the convolutional Layer, the
Pooling Layer and the full connection Layer. However, with the development of neural
network, these structures have also been changed, and the development trend of the
network is more towards the full convolutional network

A convolutional layer is a collection of filters with trainable parameters. The spatial
scale (height and width) of these filters will not be too large, but the depth and input data
should be consistent. In the network's Infer, forward propagation process, each filter
slides in the spatial dimension of the input data and calculates the filtering result of the
filter at that location. The filtering results of each filter at different positions will form a
unique feature map, and the feature maps of all filter outputs are superimposed in the
depth direction to obtain the final output of the convolution layer. According to the results
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of the visualization of convolutional neural networks [32], shallow-layer filters tend to
respond to simple set features, such as object edges or patches, while deep filters can
produce advanced features of the image. Reacts and is not sensitive to the location of the
feature. This is very similar to the corresponding function of S cells and C cells in the
mammalian visual cortex [21].

The convoluted neurons are distributed in three dimensions. These three dimensions
are width, height (space dimension), and depth. The depth of a certain neuron depends on
the filter number corresponding to the neuron, and its spatial position depends on the
spatial position of the filter in which the neuron is located. However, the size of the
feature map output by the convolutional layer has many variables. The normal filtering
operation takes as input the gray values of all pixels in the center pixel and its
neighborhood. According to the above idea, if the filter size is larger than 1, the size of
the filtered image should be smaller than the original image. In a convolutional neural
network, if the output size of each convolutional layer is smaller than the input, then in
theory, the number of layers in the entire network is directly limited by the size of the
input image, which is for constructing deep neural networks. It is a huge limitation.
Filling the input image with 0, zero-padding the input image to ensure that the size after
convolution remains a viable solution to the above problem. Although this will cause the
features of the edge of the original image to be difficult to detect, the depth of the
convolutional neural network can be theoretically unrestricted (of course, it should be
used according to actual needs in the actual network). The convolution layer also has a
parameter called the step. This parameter determines the distance the filter slides. For
example, when the step size is 1, the filter moves one pixel at a time in the width or
height direction of the feature map. When the step size is not 1, the filter moves two
pixels in the width or height direction of the feature map each time, and the size of the
output is scaled down. This is usually used as a means of down sampling. For any
convolutional layer, when the spatial size (width and height) of the input feature map is W,
the filter size is F, the step size is S, and the padding fill width is P, the spatial size of the

output feature map should be �−�+��
�

+ 1. This size should be an integer, otherwise it has

no practical meaning. A complete picture of the convolution calculation process can refer
to Fig 2.3.8
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Parameter sharing is a means of controlling the number of other parameters in a
convolutional network. In a neural network, assume that the first convolutional layer has
a filter space size of �x�, an input size is 28x28x3, and an output depth of 32. if there is
an independent filter in the position of each pixel of the original image, the required
parameters of the convolution layer are �8x�8x�x�x�x�� = 677�76 . The number of
parameters seems acceptable, but once the image size or filter size increases, the number
of parameters will quickly increase to an unacceptable level. If it is assumed that an
identical feature appears equivalent at any position in the image, that means the filters
used in the same output feature map are identical at any position, the required parameters
are 3x3x3x32=864. The shared parameters of the same layer filter also make each filter in
the convolutional neural network equivalent to a group of S cells with the same function
but different positions. In addition, the convolutional layer based on local connection and
parameter sharing can be regarded as the input feature map after the block is convoluted
with the filter weight, which is also the origin of the convolutional neural network name.

Figure 2.3.8: process of image convolution
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2.3.2 AlexNet

AlexNet is a significant neural network in the history of computer vision. This
network was completed by the University of Toronto's Hinton and his students. This
network participated in the ImageNet LSVRC-2010 classification competition in the 1.2
million sample 1000 category classification they achieved top-1 and top-5 error rates of
37.5% and 17.0% respectively, this is a state-of-the-art result at that time. This network
proposes a variety of effective training methods to make neural networks more efficient,
such as dropout, and Relu function. in the ILSVRC-2012 competition and achieved a
winning top-5 test error rate of 15.3%, compared to 26.2% achieved by the second-best
entry

The architecture of Alexnet is summarized in Fig 2.3.9. It contains eight learned
layers five convolutional and three fully-connected. It actually looks more like a larger
LeNet-5. The network structure contains a total of 8 weight layers. The first five are
convolutional layers for down sampling, the last three are fully-connection layers, and the
last layer is fully-connection with 1000 neurons for classification.

An important factor in Alexnet is to use Relu function [33] the formula is � � =

max �0,x), instead of traditional Tanh � � = �����
�t���

= ������

��+��
or Softmax � � = 1

1+���

for activation. This is because considering the time cost of training, the convergence rate
of using Relu function is much faster than other functions, Fig 2.3.10 shows an
experiment using ReLUs and tanh as the activation function of the typical four-layer
network on CIFAR-10s dataset, the error rate converges to the convergence curve at 0.25,
and the convergence speed difference can be clearly seen. The dotted line is tanh and the
solid line is ReLUs.

Figure 2.3.9: The structure of Alexnet



29

The activation function makes the output of the neuron a non-linear mapping, but the
range of the traditional activation functions of tanh and sigmoid is ranged, but the range
obtained by the ReLU activation function does not have an interval, so the result to be
obtained for ReLU Normalize. That is, Local Response Normalization. The local
response normalization method is as formula 2.3.2.1:

���,�)
� =

���,�)
�

��+� �=max �0,���1�)
min �ܰ�1,�+�1�) ����,�)

� )�� )�
2.3.2.1

The details of this network is follows: input pictures are all 224x224x3. The Kernel
size of first convolutional layer is 11x11 and the number of feature map is 96，stride is 4.
the kernel size of other convolutional layer is 3 × 3 and the number of feature map in
second layer is 256，in third and fourth layer is 384, in fifth layer is 256, the number of
parameter in fully-connection layer is 4096,4096 and 1000. The output of each
convolution layer will have a relu activation function, and after the second, third and sixth
convolution layer there will be Max pooling, the total parameters show in Table 2.3.1

Figure 2.3.10: Comparison of relu function and tanh function, solid line
is relu, dotted line is tanh
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Table 2.3.1: the total parameters of Alexnet
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2.3.3 VGGNet

After Alexnet[15], neural network-based image tasks have become easier, and the
black box mechanism of neural networks makes it difficult to design a perfect network,
relying more on the designer's design experience, through a large number of trial and
error methods. Finding the most appropriate result, people have been studying the effects
of various parameters on neural networks since 2012. VGG[34] is one of the most
important results. The VGG network was proposed by the Visual Geometry team at
Oxford University, who investigated the effect of the depth of the convolutional neural
network on its accuracy in large-scale image recognition settings. Their main contribution
was the use of very small convolution filters (3*3) for deeper network effects, which
showed significant improvements in the experiment by pushing the depth to 16-19
convolutional layers. The network details are as follows

During training, the image input is a fixed-size 224 x 224 RGB image. The only
pre-processing done by the network is to subtract the average RGB value from each pixel
and calculate it on the training set. The image passes through a stack of convolution
(conv.) layers, each kernel size is very: a 3x3 filter (which is the smallest size that
captures the left/right, up/down, and medium concepts).

The convolution stride is fixed to 1 pixel, and the spatial resolution after convolution
is kept constant by padding, that is, if the 3×3 convolution kernel image is filled with 1
pixel. Downsampling is achieved by 5 maxpooling. Maxpooling is executed on a 2×2
kernel with a strike of 2.

The volume base layer is then connected to three fully connection (FC) layers: the
first two layers each have 4096 channels, and the third layer performs 1000 ILSVRC
classifications, thus containing 1000 channels (one for each class). The last layer is the
soft-max layer. The configuration of the fully connected layer is the same in all networks.

VGG experimented with multiple sets of data. The convolution configuration at
various depths is shown in Table 2.3.2. The name of the network is (A-E). The size of
these network convolution kernels and the way they are pooled are exactly the same,
differing only in depth: from 11 weight layers (8 conv. And 3 fc layers) in network a to 19
weight layers in network e (16 conv. And 3 fc layers).
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The training process of VGG is similar to Alexnet. That is, the minimum batch
gradient descent with momentum (based on back propagation is used to optimize the
polynomial Logistic regression target. The batch size is set to 256 and the momentum is
0.9. Training Weight decay (L2 penalty multiplier is set to �t10�� ), the first two fully
connected layers use Dropout regularization (the probability of dropout is 0.5). The
learning rate is initially set to 10�� , when the accuracy of the validation set When the
increase stopped, the learning rate decreased by 10 times. After 370 k iterations (74
cycles), the learning rate decreased 3 times and the learning stopped.

The initialization of network weights is very important, and incorrect initialization
will hinder learning. To avoid this problem, VGG starts training from the A structure
because the network is shallow enough to be trained by random initialization. Then, when

Table 2.3.2: ConvNet configurations (shown in columns). The depth of the configurations
increases from the left (A) to the right (E), as more layers are added (the added layers are
shown in bold). The convolutional layer parameters are denoted as “convhreceptive field
sizei-hnumber of channelsi”. The ReLU activation function is not shown for brevity
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training deeper structures, the parameters that have been trained before loading are
initialized for the next field, and the extra layers are randomly initialized. For those layers
that are randomly initialized, VGG samples from a normal distribution with a mean of 0
and a variance of 10��

The experimental results and comparison with other networks in the same period are
listed in Table 2.3.3. In the classification task of the ILSVRC-2014 challenge, the "VGG"
team used 7 combinations of models and won the second place with a test error of 7.3%.
After submission, through the integration of the two models, VGG reduced the error rate
to 6.8%.

It can be seen from Table 2.3.3 that the very deep VGG model is significantly better
than previous model classifications, and has achieved the best results in terms of
ILSVRC-2012 and ILSVRC-2013 capabilities. VGG is also competitive with the
champion network of classification tasks (GoogLeNet with error 6.7%), and greatly
exceeds the results submitted by the ILSVRC-2013Clarifai structure. In terms of
single-network performance, VGG's architecture achieved the best results (7.0 % Test
error), which is 0.9% higher than a single Google network. It is worth noting that VGG
did not deviate from the classic ConvNet result, but only improved it by greatly
increasing the depth.

Summary: VGG evaluates deep convolutional networks (up to 19 layers) for
large-scale image classification. The results show that representation depth is conducive
to classification accuracy, and using traditional convolutional network architecture, the
most advanced performance can be obtained on the ImageNet challenge dataset.

Table 2.3.3：Comparison with the state of the art in ILSVRC classification. Our method is
denoted as “VGG”. Only the results obtained without outside training data are reported.
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2.3.4 ResNet

Deep networks integrate low / medium / high-level features [40] and classifiers in an
end-to-end multi-layer manner, and the “levels” of features can be enriched by the
number of stacked layers. The previous network [25, 34] showed that the depth of the
network has a great impact on the final results. The leading results on the challenging
ImageNet dataset have adopted the "very deep" [40] model, with depths ranging from 16
[34] to 30 [26]. Many other important visual recognition tasks [41, 42, 43, 35, 44] also
benefit greatly from very deep models.

Driven by the importance of depth, a question arises: is it easier to learn a better
network than to stack more layers? One obstacle to answering this question is the
well-known problem of vanishing gradients / explosion [45, 46, 47], which hinders
convergence from the beginning. However, this problem has been largely solved by
standard initialization [48, 47, 49, 50] and intermediate normalization layers [26], which
enables networks with tens of layers to pass through stochastic gradient descent (SGD
with back propagation) Begins to converge.

However, when deeper networks can begin to converge, a degradation problem is
exposed: as the network depth increases, the accuracy rate saturates and then decreases
rapidly. This decline is not caused by overfitting, and adding more layers on the
appropriate depth model results in higher training errors, as reported in [51, 52], and is
fully confirmed by experiments by the resnet authors. Fig 2.3.11 shows a typical example

Figure 2.3.11: Training error (left) and test error (right) on CIFAR-10 with 20-layer and
56-layer “plain” networks. The deeper network has higher training error, and thus test
error
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In order to solve the problem of degradation, the author proposes the structure of
resnet as shown in Fig 2.3.12. Suppose the output is H (x). In the previous pure network,
H (x) = F (X), after the non-linear representation of the residual H (x) = F (X) + x, x = αX,
If the depth of the network exceeds the appropriate depth, the weight of the previous layer
can be affected by changing the value of α

The authors tested various simple / residual networks and observed a consistent phenomenon.
In order to provide an example for discussion, the author describes two models of ImageNet as
shown in Fig 2.3.13. The simple network as the benchmark (Fig 2.3.13, middle) is mainly inspired
by the philosophy of VGG network [40] (Fig 2.3.13, left). The convolutional layer mainly has 3 ×
3 filters and follows two simple design rules: (i) for the same output feature map size, the layers
have the same number of filters; (ii) if the feature map size is halved, The number of filters is
doubled in order to maintain the time complexity of each layer. authors directly perform
downsampling through a convolutional layer with a step size of 2. The network ends with a global
average pooling layer and a 1000-dimensional fully connected layer with softmax. The total
number of weighted layers in Fig 2.3.13 (middle) is 34.

Residual Network. On the basis of the ordinary network in the middle, insert
shortcut connections (Fig 2.3.13, right). When the input and output dimensions are the
same, the features of the previous layer can be directly added to the features of the next
layer (solid line in Figure 3). When the input and output sizes are not the same (the
dashed shortcut in Figure 3), a 1 × 1 convolution kernel is used with a step size of 2 to
achieve feature map matching.

Figure 2.3.12：Residual learning: a building block
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Figure 2.3.13：Example network architectures for ImageNet. Left: the VGG-19 model
[41] (19.6 billion FLOPs) as a reference. Middle: a plain network with 34 parameter
layers (3.6 billion FLOPs). Right: a residual network with 34 parameter layers (3.6
billion FLOPs). The dotted shortcuts increase dimensions. Table 1 shows more details
and other variants.
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The author tested multiple groups of networks with different depths. The parameters
of their network structure are shown in Table 2.3.4.

Implementation details: The author's implementation follows the practice of [15, 34].
Resize the image to a certain range, with the shorter sides randomly sampled between
[256,480] and the long sides scaled proportionally. This is used for scale enhancement
[34]. Then an area of 224 × 224 size is randomly cropped from the image and
horizontally flipped randomly. The cropped image is subtracted from the mean value
pixel by pixel [15]. After each convolution and before activation, batch normalization is
adopted [26]. The author initializes the weights according to the method of [50] and trains
all simple / residual networks from scratch. SGD method with a batch size of 256. The
learning speed starts from 0.1, the learning rate is divided by 10 when the error is stable,
the weight decay rate is 0.0001, and the momentum is 0.9. According to the practice of
[26], the author did not use dropout [53].

authors evaluated the two structures (plain, resnet) in the ImageNet 2012
classification data set [35], which consists of 1000 categories. These models were trained
on 1.28 million training images and evaluated on 50,000 validation images. authors also
obtained the final results reported by the test server on 100,000 test images. The result
show in Tabel 2.3.5

Table 2.3.4: Architectures for ImageNet. with the numbers of blocks stacked. Down sampling is
performed by conv3 1, conv4 1, and conv5 1 with a stride of 2.

Table 2.3.5: Top-1 error (%, 10-crop testing) on ImageNet validation. Here the ResNets have no
extra parameter compared to their plain
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The training process show in Figure 2.3.14, the deeper 34-layer simple networks
have higher verification errors than shallower 18-layer simple networks. The author
believes that this optimization difficulty cannot be caused by the disappearance of the
gradient. However, after using the residual block, whether it is layer 18 or layer 34, the
network error rate has been significantly reduced, which effectively proves that the
residual block is an efficient and simple design.

Figure 2.3.14: Training on ImageNet. Thin curves denote training error, and bold curves denote
validation error of the center crops. Left: plain networks of 18 and 34 layers. Right: ResNets of 18
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2.5. Deep learning-based object detection algorithms

Object detection has always been a fundamental problem in computer vision, and it
has stagnated around 2010. Since the publication of a 2013 paper[83], object detection
has changed from the original traditional manual feature extraction method to feature
extraction based on convolutional neural networks, and it has been out of control since
then. Prior to the formal intervention of deep learning, the traditional "target detection"
methods are all trilogy of region selection, feature extraction, and classification and
regression, so there are two problems that are difficult to solve. One is that the strategy of
region selection is poor and the time is complicated. The degree is high; the second is that
the features extracted by hand are less robust.

After the advent of the deep learning era, the large family of object detection
algorithms is mainly divided into two factions, one is one stage, and the other is the two
stage.

The one stage is directly returning the predicted target object. The regression to
solve the problem is simple and fast, but too rude. The main representatives are YOLO
and SSD. The two-stage is divided problem into two parts: 1. Generate Region Proposal
and CNN to extract features, 2. Put it into a classifier to classify and correct the position.
The main representative is the R-CNN system.
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2.5.1. Faster-RCNN

Object detection is one of the most important basic disciplines in computer vision.
After years of development of traditional computer vision, object detection has always
been a flyover that has not been achieved. With the continuous development of deep
learning, a new round of object detection technology has been obtained. The rapid
increase. The Faster-Rcnn algorithm is the most classic algorithm in the two-stage series
of target detection algorithms based on convolutional neural networks. Even today, this
algorithm is still widely used in various academic and industrial scenarios.

Faster-Rcnn is the third generation of the R-CNN series of algorithms. The biggest
achievement of Faster-Rcnn is the huge increase in speed and accuracy, which makes it
possible to identify targets in images in real time. The advances made in object detection
prior to the birth of Faster-Rcnn are all based on region suggestion methods (eg [54]) and
region-based convolutional neural networks (R-CNN) [41]. The early methods based on
the CNN series had a huge power consumption and time problem. The early algorithms
could only stay at the academic level and could not be commercialized. Later, people
proposed a method based on shared convolution. Fortunately, this consumption passed the
proposal box and shared convolutions [42,43] are greatly reduced, making the
second-generation algorithm Fast R-CNN [43] use a very deep network [34] to achieve a
near real-time detection rate, but this rate ignores the generation region suggestion box
time. In the third generation of Faster-Rcnn, it is to solve the calculation bottleneck of
generating suggestions.

The most popular solution for region proposes is Selective Search (SS) [54], and this
post-selection region generation algorithm based on texture and low-level features can
only be processed by the CPU. It is not applicable to the scene used for real-time object
detection. One of the solutions to this problem is to use a more powerful GPU to
complete

The biggest contribution point of the algorithm is the Region Proposal Networks.
This improvement makes the calculation of the suggestion box hardly consume the
calculation of the detection network. At the time of testing, the marginal cost of
calculating the suggestion box is very small (for example, 10ms per image) through
shared convolution. And RPN is a fully-convolutional network (FCN) [44], which can be
trained end-to-end for the task of generating detection suggestion frames. Make the whole
algorithm not only efficient and smooth.

Region Proposal Networks can take an image of any size as a set of input and output
rectangular target suggestion boxes, and each anchor has a target score. A full
convolutional network [14] is used to build a model for this process, and the first 13
layers of the VGG network are used as shared convolutional layers for all anchors. In
order to generate Region Proposal boxes, a small network is sliding on the convolution
feature map output by the last shared convolutional layer. This network is fully connected
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to the �＊� spatial window of the input convolution feature map. This vector is output to

two fully connected layers at the same level-the regression layer (reg) and the
classification layer (cls). At the position of each sliding window, k Region Proposals are
predicted simultaneously, so the reg layer has 4k outputs (4 points * number of anchors).
The cls layer outputs 2k (foreground and background) scores, that is, the estimated
probability that each suggestion box is a target / non-target (for simplicity, it is a cls layer
implemented with two types of softmax layers, and it can also be generated using logistic
regression k scores). The k suggestion boxes are parameterized by the corresponding k
boxes called anchors. Each anchor is centered on the current sliding window center and
corresponds to a scale and aspect ratio. We use 3 scales and 3 aspect ratios, so that there

are k = 9 anchors at each sliding position. For a convolution feature map of size �＊�

(typically about 2,400), there are �＊�＊� anchors in total. An important feature of this

approach is translation invariance. The RPN process shouw in Fig 2.4.1

To train RPN, each anchor is assigned a binary label (is it a target). Positive labels
are given to two types of anchors: (i) anchors with the highest IoU
(Intersection-over-Union, ratio of intersection and union) that overlap with a certain
ground truth (GT) bounding box (maybe less than 0.7), (ii) An anchor that overlaps with
any GT bounding box with an IoU greater than 0.7. Note that a GT bounding box may

Figure2.4.1: Faster-Rcnn anchors generate layer
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assign positive labels to multiple anchors. We assign negative labels to anchors with IoU
ratios below 0.3 for all GT bounding boxes. Non-positive and negative anchors have no
effect on training goals. With these definitions, the loss function for an image is defined
as formula 2.4.1.1

L �� , �� = 1
ܰ��� � �������,��

�)� + � 1
ܰ��ས ���

����ས���,��
�)� 2.4.1.1

Here, � is the index of the anchor in a mini-batch, and �� is the anchor, � is the
predicted probability of the target. If the anchor is positive, the GT label ��

� is 1, and if
the anchor is negative, ��

� is 0. �� is a vector representing the four parameterized
coordinates of the predicted bounding box, and ��

� is the coordinate vector of the GT
bounding box corresponding to the positive anchors. Classification loss ���� is the log
loss of two categories (target vs. non-target) the formula shows in 2.4.1.2

���� ��, = � log [��
��� + �1 � ��

�)�1 � ��)] 2.4.1.2

For the regression loss ���ས, the defined calculation method is formula 2.4.1.3

���ས ��,��
� = � ��� � ��

�)] 2.4.1.3

Where R function is smooth L1 function formula 2.4.1.4

��tt�h�1 =
0t��� �� � � 1
� � 0t� t��������

2.4.1.4

The term ��＊���ས means that only a positive anchor ( ��^ �= 1 ) will have a

regression loss, otherwise it will not (��^ �= 0 ). The output of the cls layer and the reg
layer are respectively composed of ���� and ���� . These two items are respectively
normalized by ܰ��� and ܰ��ས and a balance weight λ = 10. The size, that is, ܰ��� = 256,
the normalized value of the reg term is the number of anchor positions, that is, ܰ��ས ~
2,400, so the cls and reg terms are almost equally weighted.

For regression, we learn to use 4 coordinates formula 2.4.1.5 and 2.4.1.6:
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����
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��
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, ��� = log ��

��
, ��

� = log ��

��
2.4.1.6

x, y, w, h refer to (x, y) coordinates, width, and height of the center of the bounding
box. The variables � , �� , �� refer to the x coordinate of the predicted bounding box,
anchor's bounding box, and GT's bounding box (the same is true for y, w, h). It can be
understood as the regression from the anchor bounding box to the surrounding GT
bounding box.
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RPN is naturally implemented as a fully convolutional network [44], trained
end-to-end through backpropagation and stochastic gradient descent (SGD) [55]. Each
mini-batch consists of a single image containing many positive and negative samples.
This can optimize the loss function of all anchors, but because the number of negative
samples is much larger than the positive samples, using this method directly results in
biased negative samples. Therefore, 256 anchors are randomly sampled in an image to
calculate the mini-batch loss function. The ratio of the positive and negative anchors
sampled is 1: 1. If the number of positive samples in an image is less than 128, the
mini-batch is filled with negative samples. The initialization of the last convolutional
layer and subsequent layers uses a Gaussian distribution with a zero mean standard
deviation of 0.01. All other layers (ie, shared convolutional layers) are initialized by a
pre-trained model on ImageNet classification [2]. RPN network overall structure can be
seen in Fig 2.4.2

Network training, range proposal layer, and target detection networks are all on a
fixed scale image [42, 43]. Each image of different sizes will be scaled before entering the
network, so that their short sides are s = 600 pixels [43]. Multi-scale feature extraction

Figure 2.4.2: Faster Rcnn RPN layer
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may improve accuracy but is not good for the trade-off between speed and accuracy [43].
For example, in the VGG network, one pixel on the output feature map of the last
convolution layer for the scaled image corresponds to the receptive field of the original
image of 16 * 16 pixels, which is equivalent to about a typical PASCAL image (~
500x375). 10 pixels (600/16 = 375/10). Even this large step size has achieved good
results, and if the downsampling multiple is smaller, the accuracy may be further
improved.

For anchor, Faster-Rcnn uses 3 simple scales, the bounding box area is 128x128,
256x256, 512x512, and 3 simple aspect ratios, 1: 1, 1: 2, 2: 1. Note that the algorithm was
designed using an anchor bounding box that is larger than the receptive field. With this
design, our solution does not require multi-scale features or multi-scale sliding windows
to predict large regions, saving considerable runtime. Figure 2.4.1 (right) shows the
algorithm's ability to handle multiple scales and aspect ratios. Table 2.4.1 shows the
average suggested box size (s = 600) learned by the ZF network for each anchor.

In actual processing, some anchors will exceed the boundaries of the image. During
training, all anchors that cross image boundaries are ignored so that they do not affect the
loss. For a typical 1000x600 image, there are almost 20k (~ 60x40x9) anchors in total.
After ignoring the anchors that cross the border, there are only 6k anchors left for each
image to be trained. If the anchor that crosses the boundary is not ignored during training,
it will make the network very difficult to train, because these anchors that exceed the
boundary of the image do not have any features, and the results cannot be fitted based on
the image features. When testing, we still apply the full convolution RPN to the entire
image, which may generate a suggestion box that crosses the boundary, and we crop it to
the edge of the image.

Some RPN suggestion boxes overlap a lot with other suggestion boxes. In order to
reduce redundancy, we use non-maximum suppression (NMS) based on the cls score of
the proposed area. The IoU threshold of NMS is 0.7, so that only 2k suggested regions are
left for each image. NMS does not affect the final detection accuracy, but greatly reduces
the number of suggestion boxes.

Detection benchmark in PASCAL VOC2007 [56]. This dataset includes 20 target
categories, approximately 5k trainval images and 5k test images. For ImageNet
pre-trained networks, two networks were evaluated. One is the ZF network [40], which
has 5 convolutional layers and 3 fc layers, and the second is the public VGG-16 model
[34], which has 13 convolutional layers and 3 fc layers. It is mainly evaluated by mean
Average Precision, mAP.

Table2.4.1: Faster-Rcnn anchor in ZF network
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Table 2.4.2 shows the results of Faster R-CNN when trained and tested using various
regional recommendations. These results use a ZF network. For the method of selective
search (SS) [54], about 2k SS suggestion boxes are generated. For EdgeBoxes (EB) [57],
we adjusted the default EB setting to 0.7IoU to generate suggestion boxes. The mAP of
SS was 58.7% and the mAP of EB was 58.6%. RPN and Fast R-CNN achieved
competitive results, with mAP of 59.9% when using 300 suggested frames. Using RPN
achieves a faster detection system than using SS or EB, because there are shared
convolution calculations; fewer suggestion boxes.

The experiments also evaluated the effect of a more robust VGG network on the
RPN suggestion box. And still use the above SS + ZF detector for comparison. mAP
increased from 56.8% (using RPN + ZF) to 59.2% (using RPN + VGG). This is a
satisfactory result because it shows that the quality of the suggested box of RPN + VGG
is better than that of RPN + ZF. Since the RPN + ZF suggestion box is competitive with
SS (58.7% when used consistently in training and testing).

VGG-16 detection accuracy and running time. Table 2.4.3 shows the result of
VGG-16 suggestion box and test. Using RPN + VGG, the result of Faster R-CNN on
unshared features is 68.5%, which is slightly higher than the SS benchmark. As shown
above, this is because the suggestion box generated by RPN + VGG is more accurate than
SS. Unlike the pre-defined SS, RPN is trained in real time and can benefit from a better
network. For the feature-sharing variant, the result is 69.9%-better than a strong SS
benchmark, and the suggestion box is almost lossless. Further training RPN on the union
of PASCAL VOC2007 trainval and 2012 trainval, mAP is 73.2%. When training on the

Table 2.4.2: Test results of PASCAL VOC2007 test set (trained in VOC2007 trainval). The
detector is Fast R-CNN and ZF, but is trained and tested using various suggestion box methods.
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union of VOC 2007 trainval + test and VOC2012 trainval as in [5], there was 70.4% mAP
on the PASCALVOC 2012 test set (Fig 2.4.6-Fig2.4.9).

This efficient RPN algorithm shares the convolutional features with the detection
network that follows, and the range proposal is almost lossless. This deep learning-based
object detection system runs at 5-17 fps, which is a very important progress in the field of
object detection. Here are some renderings

Table 2.4.3: shows the detection results on the PASCAL VOC 2007 test set. The detectors
are Fast R-CNN and VGG16. Training data: "07": VOC2007 trainval, "07 + 12": Union
of VOC 2007 trainval and VOC 2012 trainval.

Figure 2.4.6: PASCAL VOC 2012 test set test results. The detectors are Fast
R-CNN and VGG16. Training data: "07": VOC 2007 trainval, "07 ++ 12":
Union of VOC 2007 trainval + test and VOC 2012 trainval.
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Figure 2.4.7: PASCAL VOC 2012 test set test results. The detectors are Fast
R-CNN and VGG16. Training data: "07": VOC 2007 trainval, "07 ++ 12":
Union of VOC 2007 trainval + test and VOC 2012 trainval.

Figure 2.4.8: PASCAL VOC 2012 test set test results. The detectors are Fast
R-CNN and VGG16. Training data: "07": VOC 2007 trainval, "07 ++ 12":
Union of VOC 2007 trainval + test and VOC 2012 trainval.
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Figure 2.4.9: PASCAL VOC 2012 test set test results. The detectors are Fast
R-CNN and VGG16. Training data: "07": VOC 2007 trainval, "07 ++ 12":
Union of VOC 2007 trainval + test and VOC 2012 trainval.
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2.5.2. You only look once

YOLO[36] is an algorithm born in the same era as Faster-Rcnn[35]. When it was
born, the RCNN series of algorithms have developed to the third generation. From the
technical characteristics, YOLO[36] is undoubtedly another significant algorithm in the
target detection algorithm. The biggest contribution of this algorithm is that it truly
achieves real-time. When the Faster-Rcnn algorithm achieves an FPS of 5-17, YOLO has
reached 45, and Fast YOLO[36] has even reached 155 FPS. Although Faster-Rcnn[35]
algorithms are already fast, they are still insufficient in many fields, such as autonomous
driving, which has very high requirements for speed. However, in order to achieve such a
fast speed, YOLO also sacrificed high accuracy. The accuracy of YOLO may only reach
the accuracy of the first-generation RCNN. Fortunately, it has been 4 years since YOLO
v1[36] was proposed, and YOLO has already developed to the third generation. The
accuracy of YOLO v3[58] has reached the level of Faster Rcnn, and it still maintains the
speed of v1.

Object detection systems before YOLO used classifiers to complete object detection
tasks. In order to detect an object, these object detection systems need to use the classifier
on different locations and different sizes of bounding boxes to evaluate whether there is
an object. For example, a DPM[59] system uses a sliding window to slide uniformly over
the entire image, and uses a classifier to evaluate whether there is an object.

Other methods proposed after DPM, such as the R-CNN[60] method, use a region
proposal to generate potential bounding boxes that may contain objects to be detected in
the entire image, then use a classifier to evaluate these boxes, and then use
post-processing to improve bounding boxes , Eliminate duplicate detection targets, and
re-score boxes based on other objects in the entire scene. The entire process is slow to
execute, and because these steps are trained separately, it is difficult to optimize detection
performance.

YOLO treats the object detection task as a regression problem, and directly obtains
the coordinates of the bounding box, the confidence of the object contained in the box,
and class probabilities through all pixels of the entire picture. With YOLO, each image
only needs to be input to the neural network to find out which objects are in the image
and the locations of these objects.

YOLO is very simple as Fig 2.5.1, a single convolutional network can
simultaneously predict multiple bounding boxes and the class probabilities of these boxes.
This unified model has many advantages over traditional object detection methods.
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YOLO has several advantages: 1. YOLO is very fast. Because there is no
complicated detection process, you only need to input the image to the neural network to
get the detection result. YOLO can complete the object detection task very quickly. The
standard version of YOLO can reach 45 FPS on the Titan X GPU. Faster Fast YOLO
detection can reach 155 FPS. Moreover, YOLO's mAP is more than double that of other
previous real-time object detection systems. 2. YOLO can avoid background errors.
Unlike other object detection systems that use a sliding window or region proposal, the
classifier can only get local information about the image. YOLO can see the information
of an entire image during training and testing, so YOLO can make good use of context
information when detecting objects. Compared with Fast R-CNN [43], the background
error of YOLO is less than half that of Fast R-CNN[43]. 3. YOLO can learn the
generalization characteristics of objects.

Despite these advantages, YOLO also has some disadvantages: 1. The accuracy of
YOLO is lower than other state-of-the-art object detection systems. 2. YOLO is prone to
object positioning errors. 3. YOLO is not good at detecting small objects (especially
dense small objects, because a grid can only predict 2 objects).

YOLO uses features of the entire image to predict each bounding box. It also
predicts all bounding boxes of all classes simultaneously. This means that YOLO's
network can fully understand all the images in the image and all objects in the image.
YOLO design can achieve end-to-end training and real-time speed, while maintaining
high average accuracy. YOLO divides the input image into S * S grids, and each grid is
responsible for detecting objects whose center falls in the grid. Each grid predicts B
bounding boxes and the confidence scores of these bounding boxes. The confidence
scores reflect the model's predictions for this grid: whether the grid contains objects, and
how accurate the coordinates of this box are predicted. The formula is 2.5.1.1

Figure 2.5.1: YOLO detection system. Processing images with
YOLO is simple and straightforward. Our system (1) adjusts the size of
the input image to 448 × 448, (2) runs a single convolutional network
on the image, and (3) thresholds the result detection by the confidence
of the model.
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confidence = �� ������ ∗ �������
��㐹�� 2.5.1.1

If there are no objects in this grid, the confidence score should be 0. Otherwise, the
confidence score is the IOU (intersection over union) between the predicted bounding box
and the ground truth box.

YOLO has 5 predictions for each bounding box: x, y, w, h, and confidence. The
coordinates x, y represent the relative values of the predicted bounding box center and the
grid boundary. The coordinates w, h represent the ratio of the predicted width and height
of the bounding box to the width and height of the entire image. Confidence is the
predicted IOU value of the bounding box and ground truth box. Each grid also predicts C
conditional class probability (����������������)). That is, under the premise that a grid
contains an Object, the probability that it belongs to a certain class. We only predict a set
(C) of class probabilities for each grid, regardless of the number of boxes B. The flow of
the entire YOLO algorithm is shown in Fig 2.5.2.

The YOLO network borrows from GoogLeNet classification network structure. The
difference is that YOLO does not use an inception module, but uses a 1x1 convolutional
layer (here the 1x1 convolutional layer exists for cross-channel information integration) +
3x3 convolutional layers simply replace. The complete network structure is shown in Fig
2.5.3. The final output is a 7 * 7 * 30 tensor.

Figure 2.5.2: Our YOLO system models detection as a regression problem. It
divides the image into S × S grids, and each grid unit predicts B bounding boxes, the
confidence of these boxes, and the class C probability. These predictions are encoded
as S × S × (B * 5 + C) tensor. To evaluate YOLO on PASCAL VOC, we use S = 7 and B
= 2. PASCAL VOC has 20 tag classes, so C = 20. Our final prediction is a 7 × 7 × 30
tensor.
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Figure 2.5.3: The Architecture. Our detection network has 24 convolutional layers followed by 2
fully connected layers. Alternating 1 × 1， convolutional layers reduce the features space from
preceding layers. We pretrain the convolutional layers on the ImageNet classification， task at half
the resolution (224 × 224 input image) and then double the resolution for detection
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The training strategy of the YOLO network is to first use the ImageNet 1000-class
classification task dataset Pre-train convolutional layer (darknet). Use the first 20
convolutional layers in the above network, add an average-pooling layer, and finally add a
fully connected layer as the Pretrain network. After training for about a week, the
accuracy of the Top-5 validation data set in ImageNet 2012 reached 88%. This result is
comparable to the effect of GoogleNet. The first 20 convolutional layers of the result of
Pretrain are applied to Detection, and the remaining 4 convolutional layers and 2 fully
connected are added. At the same time, in order to obtain more refined results, the
resolution of the input image was increased from 224 * 224 to 448 * 448. All prediction
results are normalized to 0 ~ 1, and Leaky RELU is used as the activation function. Leaky
RELU can solve the problem of gradient disappearance of RELU. Leaky RELU's formula
is 2.5.1.2:

Φ � = � �� � � 0
0t1� t��������

2.5.1.2

The design goal of the loss function is to achieve a good balance between the three
aspects of coordinates (x, y, w, h), confidence, and classification. Simply using
sum-squared error loss to do this will have the following disadvantages:

a) An 8-dimensional localization error is as important as a 20-dimensional
classification error, which is obviously unreasonable.

b) If there are no objects in some grids (there are many such grids in a picture),
then the confidence of the bounding box in these grids will be set to 0. Compared with
fewer grids with objects, these The contribution of the grid containing objects to the
gradient update will be far greater than the contribution of the grid containing objects to
the gradient update, which will cause the network to be unstable or even divergent. To
solve these problems, the definition of YOLO's loss function is shown in Fig 2.5.4
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More attention is paid to 8-dimensional coordinate prediction, and a larger loss
weight is given to these losses, denoted as λcoord. (The blue box in the Fig 2.5.4) For the
confidence loss of the b-box without an object, a small loss weight is given, and it is
recorded as λnoobj. (Orange box in the figure above) The confidence weight of the b-box
with the object (the red box in the figure above) and the loss weight of the category (the
purple box in the figure above) are normally taken as 1. For different sizes of b-box
predictions, compared with large b-box predictions, the smaller box predictions have the
same impact on IOUs. The sum-square error loss is the same for the same offset loss. In
order to alleviate this problem, the author used a clever method, which is to take the
square root of the width and height of the box instead of the original height and width. As
shown in the figure 2.5.5: The small b-box has a small horizontal axis value. When the
offset occurs, the loss on the y axis (green in the Fig 2.5.5) is larger than the big box (red
in the Fig 2.5.5).

Determine whether the center of the object falls in the grid j: the center of the object is included

in the grid, and it is responsible for predicting the class probability of the object.

Confidence of b-box

without objects

Confidence of b-box

with objects

Determine whether the lower j b-box in the i grid is responsible for this object: the maximum

b-box of the IoU with the ground truth box of the object is responsible for the object

Figure 2.5.4: YOLO LOSS



55

In YOLO, each grid predicts multiple bounding boxes, but in the training of the
network model, it is hoped that each object is finally predicted by a bounding box
predictor. Therefore, which predictor currently has the largest IOU for the bounding box
and ground truth box, this predictor is responsible for predicting the object. This allows
each predictor to be specifically responsible for specific object detection. As the training
progresses, each predictor will get better and better at predicting the types of objects with
specific object sizes and aspect ratios.

The author also gives the recognition error ratio of YOLO and Fast RCNN in various
aspects, as shown in Fig 2.5.6. YOLO's false positive rate of background content (4.75%)
is much lower than that of fast rcnn (13.6%). However, the positioning accuracy of
YOLO is poor, accounting for 19.0% of the total error rate, while fast rcnn is only 8.6%.
The results of the top algorithms of the time on the VOC2012 dataset are shown in Table
2.5.1.

Figure 2.5.5: Mean Square Error
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Summary: YOLOv1's most groundbreaking contribution is to solve object detection
as a regression problem. After an inference of the input image, we can get the position of
all objects in the image, their category and the corresponding confidence probability. The
rcnn-based algorithm solves the detection result in two parts: the object category
(classification problem), and the object position is the bounding box (regression problem),
so YOLO's target detection speed is very fast. YOLO is still a speed-for-accuracy
algorithm, and the accuracy of target detection is not as good as RCNN.

Figure 2.5.6: result of YOLO and fast R-CNN

Table 2.5.1: different state-of-the-art algorithm result
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2.5.3. Single shot multibox detector

SSD[37] is a method to detect objects using a single deep neural network. SSD is a
combination of YOLO and Faster-Rcnn. This algorithm combines the high speed of
YOLO and the anchor mechanism of Faster-Rcnn, but simplifies the RPN layer, so the
SSD gets a very high accuracy and still very fast. This makes this algorithm quickly
popular in the field of object detection. For VOC2007, at 300 × 300 input, the SSD
reached 72.1% mAP at 58 FPS on Nvidia Titan X[37], and 500 × 500 input SSD reached
75.1% mAP[37], which is better than similar prior art Faster R-CNN models

After the rapid development of deep learning-based object detection algorithms,
more target detection ideas are variations of the following methods: assuming bounding
boxes, resampling pixels or features for each box, and then applying a high-quality
classifier. After the selective search[54] method, Faster R-CNN[35] achieved leading
results in the detection of PASCAL VOC, MSCOCO, and ILSVRC. This process became
a milestone in the field of detection with deeper features, as described in resnet[28].
Although accurate, these methods are too computationally expensive for embedded
systems, and even for high-end hardware, they are too slow for real-time or near-real-time
applications. The detection speed of these methods is usually measured in frames per
second, and the high-precision detector (basic Faster R-CNN) runs as fast as 7 frames per
second (FPS). But so far, the significantly increased speed has only come at the cost of
significantly reduced detection accuracy (YOLO).

SSD does not resample pixels or features assumed by the bounding box, but it is as
accurate as this. This significantly improves the high-precision detection speed (in the
VOC2007 test, 72.1% mAP at 58 FPS, 73.2% at Faster R-CNN 7 FPS, and 63.4% at
YOLO 45 FPS). The fundamental improvement in speed comes from the elimination of
the bounding box proposal and the subsequent pixel or feature resampling phase.
Improvements in SSD include using filters with different aspect ratios, predicting object
categories and offsets in the bounding box, and applying these filters to multiple feature
maps later in the network in order to perform multi-scale detection. With these
modifications, people can use a relatively low-resolution input to achieve high-precision
detection, further improving processing speed. Although these contributions may seem
small independently, author notice that the resulting system improves the accuracy of
high-speed detection of PASCALVOC, from 63.4% mAP of YOLO to 72.1% mAP of our
proposed network. Compared with that era, this is a great improvement in detection
accuracy. In addition, significantly increasing the speed of high-quality inspections can
broaden the useful range of computer vision.

SSD is based on a feedforward convolutional network, which generates a fixed-size
bounding box set and the score of object categories in the box, which are suppressed by
non-maximum values to produce the final detection. The head network is based on the
standard architecture of high-quality image classification (for example: vgg, resnet). The
author of the SSD calls it the basic network (the author's experiments used the VGG-16
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network as the basis. Other networks should also produce good results). The author adds
auxiliary structures to the network, resulting in detections with the following main
features:

Multi-scale feature maps for detection: Select an excellent convolutional neural
network to intercept the part before the full connection as the basic network. The size of
these layers is gradually reduced to obtain the predicted values of multiple scale
detection.

Convolutional predictors for detection: These are indicated in the SSD network
architecture in Fig 2.6.1. For m × n feature layers with p channels, a 3 × 3 × p convolution
kernel convolution operation is used to generate scores of different classes and coordinate
offsets from the default box. At each m × n size location using a convolution kernel
operation, an output value is generated. The bounding box offset output value is measured
relative to the default box, and the default box position is relative to the feature map (see
the architecture of YOLO [36], using a fully connected layer in the middle instead of the
convolution filter used in this step).

Figure 2.6.1: A comparison between two single shot detection models: SSD and YOLO
[5]. Our SSD model adds several feature layers to the end of a base network, which
predict the offsets to default boxes of different scales and aspect ratios and their
associated confidences. SSD with a 300 × 300 input size significantly outperforms its
448 × 448 YOLO counterpart in accuracy on VOC2007 test while also improving the
speed
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Default boxes and aspect ratios: The SSD associates a set of default bounding boxes
with each feature map unit in the last layers of the convolutional network. The default box
performs a convolution operation on the feature map, so that the position of each box
relative to its corresponding cell is fixed. In each feature mapping unit, the SSD predicts
the offset from the default box shape in the cell, and the classification score of the object
in each box. Specifically, for each box in the k boxes at a given position, a class c score
and 4 offsets from the original default box are calculated. This requires a total of (c + 4) k
filters at each position in the feature map, and produces (c + 4)* k*m*n outputs for the m
× n feature map. For a description of the default box, see Figure 2. The default box of
SSD is similar to the anchor boxes used in Faster R-CNN [2]. Using different default box
shapes in multiple feature maps can effectively disperse the possible output box shape
space.

The key difference between training SSD and training a typical classifier using
region proposal and pooling is that the real label information needs to be assigned to a
specific output in a fixed detector output set. Faster R-CNN [35] 's region proposal stage
and YOLO [36]' s training stage also need similar labels.

Matching method: During training, the SSD needs to establish the correspondence
between the real label and the default box. For each real label box, the SSD selects from
the default box. SSD matches each real label with the largest overlap of anchor. It ensures
that each real label box has a matching default box. The overall target loss function is the

Figure 2.6.2 : SSD framework. (a) SSD only needs an input image and ground truth boxes for each
object during training. In a convolutional fashion, we evaluate a small set (e.g. 4) of default boxes
of different aspect ratios at each location in several feature maps with different scales (e.g. 8 × 8
and 4 × 4 in (b) and (c)). For each default box, we predict both the shape offsets and the
confidences for all object categories ((c1, c2, · · · , cp)). At training time, we first match these
default boxes to the ground truth boxes. For example, we have matched two default boxes with the
cat and one with the dog, which are treated as positives and the rest as negatives. The model loss is
a weighted sum between localization loss (e.g. Smooth L1 [43]) and confidence loss (e.g. Softmax).
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weighted sum of the position loss (loc) and the confidence loss (conf) the formula is
2.6.1.1

L �,�,�,ས = 1
ܰ
��t�� �,� + ���t� �,�,ས 2.6.1.1

Where N is the number of matching default boxes, and position loss is the smooth
L1 loss between the prediction box (l) and the true label value box (g) parameters [43].
Similar to Faster R-CNN [35], the offset of the center (cx; cy) of the default border (d)

and its width (w) and height (h) the formula is 2.6.1.2

Confidence loss is a cross-validation of softmax loss on multi-category confidence (c)

and weighting term α set to 1, the formula is 2.6.1.3.

Generally. SSD integrates the thoughts of YOLO and Faster-RCNN

2.6.1.2

2.6.1.3
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2.6. Deep learning-based video analysis architecture

The main topic of AI application in video is video understanding, which tries to
solve the problem of video semantic understanding, including:

a). Video structural analysis: video is segmented into frames, shots, scenes, stories,
etc., so that it can be processed and expressed at multiple levels.

b). Target detection and tracking: for example, vehicle tracking is mostly used in the
field of security.

c). Character recognition: recognize the characters in the video.

d). Action recognition: recognize the actions of the characters in the video.

e). Emotional semantic analysis: that is, what kind of psychological experience the
audience will have when watching a video.

Most of the content information in the video and live broadcast is people + scene +
action + voice. How to express the content with effective features is the key to video
understanding. There are a lot of traditional manual features. At present, IDT (improved
dense trajectories) has a good effect. Deep learning is very good for the expression of
image content, and there are corresponding methods for the expression of video content.
Here are the main technical methods in recent years.

1. Recognition method based on single frame:

One of the most direct methods is to cut the video frame, and then carry out deep
learning expression based on a single frame. A certain frame of the video gets a
recognition result through the network. However, a single frame is a small part of the
whole video, especially when the frame is not very distinguishable, or some images are
irrelevant to the video theme, the classifier will recognize the error. Therefore, learning
the expression of video time domain is the main factor to improve video recognition. Of
course, it can only be distinguished in the video with strong motion, and only by the
features of the image in the more static video.

2. Recognition method based on CNN extended network:

Its overall idea is to find a pattern in the time domain to express local motion
information in CNN framework, so as to improve the overall recognition performance.
For example, a convolution network convolutes the image sequence with � � ܰ � � � �
(where � � ܰ is the resolution of the image, 3 is the channels of the image, and T is the
number of frames involved in the calculation), which is equivalent to taking into account
the total T frames of the surrounding image in a single image feature extraction. This
CNN has one more time dimension than the ordinary CNN, which is called 3dcnn. Its
overall accuracy is improved by about 2% compared with single frame CNN, especially
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in motion rich videos, such as wrestling, climbing pole and other strong motion video
types, which also proves that the motion information in the feature contributes to the
recognition. In the implementation, the network architecture can add multi-resolution
processing methods, which can improve the speed.

3. Recognition method of two-way CNN

This is actually two independent neural networks. Finally, average the results of the
two models. One model is image-based CNN model. These CNN models are usually pre
train on Imagenet data, and then adjust parameters on the last layer on video data.
Another CNN network is to stack the optical flow information of several consecutive
frames as CNN input. In addition, it uses multi task learning to overcome the problem of
insufficient data. This method is the most accurate method to solve video analysis, but its
disadvantage is that the speed is very slow.

4. Recognition method based on LSTM

Its basic idea is to integrate the single frame image into CNN and then use LSTM to
integrate the last layer features. CNN here does not use the features of the full connection
layer for fusion, because the features after the full connection layer have lost the
information on the timeline. Compared with method 2, on the one hand, it can fuse CNN
features for a longer time to express longer videos; on the other hand, method 2 does not
consider the sequence of frames entering the network at the same time, and the network
can effectively express the sequence of frames through the memory unit introduced by
LSTM.
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2.6.1. 3D ConvNets

3DCNN first appeared for Human Action Recognition [61]. Most video analytics
rely on the expertise of designers to build complex human features. The actual application
scenario must be controllable. Convolution neural network can directly act on the original
input, so the image features are generated by the network itself. However, before 3dcnn is
proposed by the author, the convolution network model is usually limited to
two-dimensional images. In this paper, a new 3dcnn is proposed to deal with motion
recognition. In this model, time and space information are extracted simultaneously by
three-dimensional convolution, and motion information between consecutive frames is
captured. It achieves better performance without relying on manual functions.

Before the emergence of convolutional neural network, video analysis mostly
follows the traditional pattern recognition pattern, which consists of two steps. The first
step is to calculate complex manual features from the original video frame. The second
step is to classify learning according to these characteristics. In a real scene, it is difficult
to know which feature is important to the current task, and the selection of feature is
closely related to this problem. Especially in human motion recognition, different motion
categories may have great differences due to their different appearance and motion mode.

CNN is mainly used for two-dimensional images. In the video recognition based on
2D CNN, a video frame is directly regarded as a still image, and CNN operates on a
single frame. In fact, this method has been applied to video analysis of embryo
development. However, this method does not consider the motion information between
consecutive frames. In order to combine information effectively in video motion analysis,
the author proposes to apply 3D convolution technology to CNN in order to capture the
dimensions with time and space characteristics for recognition. 3dcnn proposes a
framework for generating multi-channel information between adjacent video frames, and
performs convolution and desampling operations on each channel. The final feature of
multi-channel is composed of the obtained information. Another advantage is that the
efficiency of the identification stage is particularly high because of the feedback
characteristics of CNN model.

The author's experiments show that on the TRECVID dataset [62], the 3DCNN
model is better than other methods, and on the KTH dataset [63], it does not rely on
manual features and achieves better performance. These indicate that the 3DCNN model
is in the real world environment is more effective. This experiment also suggests that for
most tasks, the 3DCNN model performs significantly better than the frame-based 2DCNN.
The author also observes the difference in performance between 3DCNN and other
methods. When the positive training samples are unbalanced (when the number of
positive samples is small), the difference is larger, and 3DCNN is better.

2D convolution operation is to extract features in the local neighborhood of the
previous feature map. Then apply an added bias value and pass the result to a sigmoid
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function. At the position (x, y), on the i layer and the j feature map, its unit is expressed as

���
�� and is given by the following formula 2.7.1.1

���
�� = tanh ��� + � �=0

�� �1
�=0
�� �1����

�� � ��1 �
�+� �+���� 2.7.1.1

Among them, tanh is a hyperbolic tangent function, ��� is an offset value for this
feature map, m is the coordinates of a collection of i-1 feature maps connected to the

current feature map, and ����
�� is the first m feature maps, weights at positions (p, q), ��

and �� are the height and width of the kernel. In the downsampling layer, on the feature
map of the previous layer, the resolution of the feature map is reduced through pooling,
thereby increasing the invariance of the input distortion, a CNN architecture can stack
multiple layers of convolution and desampling in an alternating manner. The parameters

of the CNN, such as the bias value ��� and the kernel weight ����
�� , are usually trained by

the method of directional propagation.

In 2DCNN, the convolution operation only computes features on a two-dimensional
space. When dealing with video analysis problems, you need to capture motion
information between consecutive frames. For this purpose, the 2D convolution is changed
to a 3D convolution operation to capture features from both time and space dimensions.
The 3D convolution operation is realized by convolving a cube formed by stacking
multiple consecutive frames at the same time with a 3D convolution kernel. Through this
construction, the feature map on the convolutional layer is connected to multiple
consecutive frames of the previous layer to capture motion information. Formally, at the
(x, y, z) position of the i and j feature maps, the value is given by the following formula
2.7.1.2

���
��� = tanh ��� + � �=0

�� �1
�=0
�� �1

�=0
�� �1

�=0
�� �1����

���� ��1 �
�+� �+� �+������ 2.7.1.2

Among them, �� represents the size of the 3D kernel in the time dimension, and

Among them, �� represents the size of the 3D kernel in the time dimension, and ����
��� is

the value of the (p, q, r) convolution kernel connected to the m feature map in the
previous layer. A comparison of 2D and 3D convolution operations can be seen in Fig
2.7.1 is the value of the (p, q, r) convolution kernel connected to the m feature map in the
previous layer.
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Figure 2.7.1: Comparison of 2D (a) and 3D (b) convolutions. In (b) the size
of the convolution kernel in the temporal dimension is 3, and the sets of
connections are color-coded so that the shared weights are in the same color.
In 3D convolution, the same 3D kernel is applied to overlapping 3D cubes in
the input video to extract motion features
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A 3D convolution kernel can only extract one feature from a frame cube, so the
kernel weights can be applied repeatedly to the entire cube. The general design principle
of CNN is to increase the number of feature maps by generating multiple types of features
from the same set of low-level feature maps. Similar to the 2D convolution operation, this
can be achieved by using multiple 3D convolution operations at the same position in the
previous layer and with different kernels (Fig 2.7.2).

Based on the three-dimensional convolution operation described above, different
CNN structures can be designed. In the following, the author describes a 3dcnn
architecture to deal with human motion recognition on TRECVID data set. In the
architecture shown in Fig 2.7.3, a 7-frame image with a size of 60x40 centered on the
current frame is used as the input of 3dcnn. Through the hardwired core, the information
of multiple channels is generated from the input frame, and then 33 characteristic images
are obtained in the second layer. There are 5 different channels, including gray level,
abscissa gradient x, ordinate gradient y, optical flow X and optical flow y, among which
the gray level channel contains the gray level values of 7 input frames. The gradient X

Figure 2.7.2: Extraction of multiple features from contiguous frames. Multiple 3D
convolutions can be applied to contiguous frames to extract multiple features. As in
Figure 1, the sets of connections are color-coded so that the shared weights are in
the same color. Note that all the 6 sets of connections do not share weights, resulting
in two different feature maps on the right.
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and Y channels are obtained by calculating 7 frames along the horizontal and vertical
directions respectively. The optical \low X and Y channels are calculated from adjacent
input frames along the horizontal and vertical directions, respectively. Hardwired layer is
used to encode the content of known features, which can bring better performance than
random initialization

Then, the author used 3D convolution operations on five channels. The convolution
kernel size is 7x7x3, 7x7 is the spatial dimension, and 3 is the time dimension. To
increase the number of feature maps, two different convolution sets are used at each
location. This results in 2 feature maps on the C2 layer, each producing 23 feature maps.
This layer contains 1480 training parameters. In the final downsampling layer S3, the
author uses a 2X2 sliding window to apply to each feature map of the C2 layer. This
results in the same number of feature maps, but reduces spatial resolution. There are 92
training parameters on this layer. The next convolution layer is C4. The size of the
convolution kernel is 7x7x6, and the 3D convolution operation is performed on the five
channels of the two feature maps. In order to increase the number of feature maps, the
author uses 3 different convolution kernel operations at each position, which results in 6
different feature map sets on the C4 layer, each of which contains 13 feature maps. This
layer contains 3810 training parameters. The next layer is S5, on each feature map of the
C4 layer. Downsampling with a 3x3 window will result in the same number of feature
maps, but its resolution will decrease. The training parameters for this layer are 156. At
this stage, the size of the time dimension is relatively small (3 gray levels, gradient x,
gradient y, 2 optical flow x, optical flow y), so at this layer, the author only applies
convolution to Spatial dimension. The size of the convolution kernel is 7x4, so the size of
the output feature map is reduced to 1x1, each of which is connected to all 78 feature
maps of the S5 layer, which will have 289536 training parameters.

Through multi-layer convolution and downsampling operations, the 7-frame input

Figure 2.7.3: A 3D CNN architecture for human action recognition. This architecture
consists of 1 hardwired layer, 3 convolution layers, 2 subsampling layers, and 1 full
connection layer. Detailed descriptions are given in the text.
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image is converted into a 128D feature vector that captures motion information in the
input frame. The output layer contains the same number of units as the number of actions,
and each unit is connected to 128 neurons in the C6 layer. In this design, the author
essentially performs linear classification on 128D feature vectors for motion recognition.
For a three-category action recognition problem, there are 384 training parameters in the
output layer. There are 295,458 training parameters on this 3DCNN model, all of which
are randomly initialized and trained using the online error back-propagation algorithm.
The author designed and verified other 3DCNN architectures, and combined
multi-channel information at different stages. The authors' results show that this
architecture gives the best performance.

Experimental results: The RECVID 2008 development dataset contains 49 hours of
video collected from London Gatwick Airport, from 5 different cameras, with a
specification of 720 × 57, 25 fps. The video taken by camera 4 is excluded because
almost no events occur in this scene. In this experiment, the author focuses on three
action categories (CellToEar, ObjectPut, and Pointing). Each action is classified in a
one-to-many manner. A large number of negative samples generated in the action do not
belong to these three categories. This data set collected data for five days (20071101,
20071106, 20071107, 20071108, and 20071112). The experimental data is summarized in
Table 2.7.1. The 3DCNN model used in this experiment uses the network introduced
earlier and is also described in Fig 2.7.3.

Because it is a video recorded in a real-world environment, and each frame contains
multiple characters, the author uses a human detector and tracker to locate the person's
head. Some human detection and tracking samples are shown in Fig 2.7.4. Based on the
results of detection and tracking, each person has a bounding box to perform the
calculation of the action. The acquisition of the multi-frame image required by the
3DCNN model is obtained from the bounding box at the same position in the current
frame and adjacent frames, which will result in a cube containing actions. In the author's
experiments, the time dimension of this cube is set to 7, and it has been confirmed [64]

Table 2.7.1: The number of samples per category drawn from the TRECVID
2008 development dataset. Shows the total number of samples for each
category in the sample for each date
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that 5-7 frames can achieve one, similar to the performance obtained from the entire
video sequence. The frame extraction step size is 2 steps. Assuming the current frame is
the number 0, author extract the bounding box from the same position in the frame with
the numbers -6, -4, -2,0,2,4,6. The bounding box of each frame is scaled to 60x40 pixels

Performance of the four methods under multiple false positive rates (FPR). The
performance is measured in terms of precision, recall, and AUC. The AUC scores are
multiplied by 103 for the ease of presentation. The highest value in each case is
highlighted. Result show in table 2.7.2

Figure 2.7.4: Sample human detection and tracking results from
camera numbers 1, 2, 3, and 5, respectively from left to right.

Table 2.7.2: Performance of the four methods under multiple false positive rates (FPR)
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Conclusion: the author proposes a 3DCNN model to handle motion recognition. This
model constructs features from the spatial and temporal dimensions through 3D
convolution operations. This deep architecture generates multi-channel information from
adjacent input frames, and performs convolution and downsampling operations on each
channel separately. The final feature representation is calculated by combining the
information on all channels.
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2.6.2. ConvNet+LSTM

The video analysis method based on 3dcnn puts forward a neural network video
analysis algorithm for the first time, which considers the space-time structure. However,
3dcnn has a huge drawback, that is, it has a huge amount of calculation, and in exchange
for a limited accuracy improvement, so 3dcnn still has a lot to improve. The biggest
reason for this huge amount of calculation is the repeated calculation of the same content
of the repeated frames, so convolution network based on LSTM is born

There are many methods for video analysis based on LSTM, but the main solution is
to extract the information of the video frame through CNN, and then learn the time
domain connection through LSTM. LRCNs[65] is a very successful method. A video
model can handle variable-length input sequences and also support variable-length output,
including full-length sentence description generation. Long-term Recurrent Convolutional
Networks (LRCNs), is a structure for image recognition and description , Which
combines convolutional layers and long-term recursion, and is end-to-end trainable. The
following will introduce this structure through specific video behavior recognition,
picture description generation, and video description tasks. The structure of the network is
similar to Fig 2.8.1, Convolutional neural network to extract features from different
frames, and send the extracted high-dimensional image features to LSTM to predict the
sentence.

Figure 2.8.1: We propose Long-term Recurrent Convolutional Networks (LRCNs), a class of
architectures leveraging the strengths of rapid progress in CNNs for visual recognition
problems, and the growing desire to apply such models to time-varying inputs and outputs.
LRCN processes the (possibly) variable-length visual input (left) with a CNN (middleleft),
whose outputs are fed into a stack of recurrent sequence models (LSTMs, middle-right),
which finally produce a variable-length prediction (right). Both the CNN and LSTM weights
are shared across time, resulting in a representation that scales to arbitrarily long
sequences.



72

LRCNs got this model through three experiments

1. The traditional convolution model is directly connected to the deep
LSTM network, which can capture the time series dependencies in the video
recognition model. As shown in Figure 2, each video stream passes the shared
CNN network, and the convolutional features obtained are input into the LSTM.
The output units of each LSTM are combined to take the average value. Finally,
the final classification result is obtained through a full connection

2. Authors researched an end-to-end trainable mapping from images to
semantics. Machine translation has recently achieved a lot of results, and such
models are based on LSTM encoding-decoding pairs. The author proposed a
similar method, which uses a picture's convolutional neural network to encode a
deep state vector, and then decodes the vector into a natural language string
through an LSTM decoding. The final model can be used for end-to-end training
of large-scale picture and text datasets. Even incomplete training, compared with
the existing methods, it can also obtain a better generated result. As shown in
Figure 2.8.3, a sequence of single-frame picture convolution is sent to the LSTM
and the previously predicted LSTM result is also used as the input of the next
unit

Figure 2.8.2：LRCN model for activity recognition



73

3. LSTM decoder can directly convert high-level features into
corresponding high-level language tags, such as semantic video role array
prediction. This type of model is superior in structure and performance to the
original statistical machine translation-based methods. The biggest difference
between this experiment and experiment 2 in Fig 2.5.9 is that from a single frame
image to a sequence image, using CRF to reasonably select the input image name
and give semantic understanding through LSTM to generate subtitle, show in Fig
2.8.4

Figure 2.8.3：LRCN model for image description

Fig 2.8.4：LRCN model for video description
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Chapter 3

Dense Convolutional Networks for Efficient Video Analysis

3.1. Introduction

Over the past few years various Convolutional Neural Networks (CNNs) based models
exhibited certain human-like performance in a range of image processing problems. Video
understanding, action classification, gesture recognition has become a new stage for CNNs. The
typical approach for video analyse is based on 2DCNN to extract feature map from a single frame
and through 3DCNN or LSTM to merging spatiotemporal information, some approaches will add
optical flow on the other branch and then post-hoc fusion. Normally the performance is
proportional to the model complexity, as the accuracy keeps improving, the problem is also
evolved from accuracy to model size, computing speed, model availability. In this paper, we
present a lightweight network architecture framework to learn spatiotemporal feature from video.
Our architecture tries to merge long-term content in any network feature map. Keeping the model
as small and as fast as possible while maintaining accuracy.

Thanks to larger datasets and multiple deep learning algorithms, video understanding and,
specifically, action classification which have reported outstanding performance in recent years.
Meanwhile, efficient and low cost video analysis algorithm has become a meaningful subject,
especially for real time human-robot computer interaction. Short time action recognition is
depending on the present action within a short time window, however video understanding is
concerned with longer-term frames information. Several architectures have been proposed to
capture spatiotemporal information between frames, However the speed and efficiency always
remained at the bottleneck. Such as 3DCNN [61,66], theoretically time window should cover
whole video, due to the cost of calculation people have to use a small window, each convolution
computation contains several frames, the information is merged by convolution and pooling
computation layer by layer. Obviously, this algorithm is suboptimal for exploiting relationship
between frames. In fact, ordinary LSTM [67,68] structure still cannot get satisfactory results, even
if it has outstanding performance in several sequence problems, some algorithms choose to
sacrifice speed to improve accuracy, these ideas are through add an optical flow branch to achieve
‘Two-Stream’ structure [70,71] and the get excellent results, however the speed of ‘Two-Stream’ is
too slow that these algorithms lack of practicality.

Our approach is inspired by DenseNet [38] and ECO [69], we proposed a simple end-to-end
trainable architecture to address previously mentioned dilemma, DenseNet provides a good idea to
reduce calculation, normally feature map will increase as the number of layers increase, but in this
way only a few number of feature maps are calculated per layer and through concat operation to
merge them, on the other hand unlike other combine operations, concat can pass the results of
each computation to the output without change. Effectively processing the information in each
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frame is the contribution of ECO. Temporal neighbourhood of a frame almost redundant
information. So normal 3D CNN method is very inefficient to slide from the first frame to the last.
Most calculation will produce similar results and don't carry any useful information. It will waste
a lot of computing resources. Select a single frame of a temporal neighbourhood and use
bidirectional ConvLSTM to yield a representation for each sampled frame, each representation
will have a strong ability to extract spatiotemporal information. Not like ECO, ECO yield the
feature map with a 2D convolutional architecture and then to capture the contextual relationships
between distant frames, re-stacked feature maps and feed into 3D CNN. The overview of our
approach architecture is illustrated in Fig 3.1.1. Consequent network will become faster and still
have satisfactory accuracy. This makes more sense for real time video retrieval.

Fig 3.1.1：Overview of Dense Convolutional Networks, Dense bidirectional ConvLSTM are utilized
to learn long-term spatiotemporal features and sent original information to the high-level structure, all
feature will be re-stacked and fed to 3D DenseNet which classifies the action.
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3.2. Related Work

Although the development of deep learning is very rapid, but there is still not a unified video
analysis framework, the current architecture is mainly based on convolutional layers and layers
operators with 2D or 3D convolution kernel. Also, either the network is only for analysing RGB
videos or includes pre-computed light flow. 2D convolution merges the space and time
information which is evident from LSTM network structure in 2D convolution, spatiotemporal
information (can be learned by LSTMs), or aggregation over time.

For video classification problems, there are some generally accepted algorithm based on deep
learning method [71,65,72,73,74]. In order to extract more spatiotemporal features from a
sequence of frames 3D convolution network is introduced. 3D kernel can learn the spatiotemporal
feature. Tran et al. [67] proposed a 3D architecture using 3D convolution kernels which slide
whole video. They studied the 3D structure of Resnet system and improved the structure of C3D
[74]. In addition, recurrent networks are also a good approach to extract temporal relation between
frames [75,76,65]. Donahue et al. [65] proposed an approach using LSTM to integrate features
from CNN. In fact, LSTM-based network to extract the features of spatiotemporal is inefficient
and unsatisfactory. In action recognition field, the performance of LSTM-based method is always
behind the CNN-based methods. Recently introduced 3D CNN has some new approach and new
methods emerge one after another [77,73,78]. The characteristic of these methods is the use of
sliding window to obtain short term temporal context. However, such methods consume all
computing resources because the average score of these Windows needs to be calculated before
final fusion.

In fact, these methods do not utilize video's spatiotemporal information very efficiently and
require very large computing resources. Especially through the post-hoc fusion, not only
inefficient, but also reduces the operation speed which cannot be used in the scene of fact work.
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3.3. Algorithm architecture

The network architecture is shown in Fig 3.3,1. a whole video will be split into N subsections
N_n n = 1, 2,……, N each subsection containing the same number of video frames and then
randomly samples a frame from each subset to represent the entire subset. Since there are a lot of
duplicate frames in whole video, it is very wasteful to send the whole video into the network for
calculation, and it will get a lot of repeated useless information. By this method, redundant
information can be avoided and useful information can be extracted, and spatiotemporal
information of video can be extracted effectively through repeated random sampling iteration in
training.

After sampling, N frames will be obtained and will be sent to network. The network has two
main components, the first is the DenseConvLSTM, this part is used for learning simple
spatiotemporal information. And second is the 3D DenseNet, this part is for high dimensional
spatiotemporal information fusion. Concat is also used in the DenseConvLSTM block, which
means that the original information can be passed on to the next structure irrespective of whether
the results of the feature are good or not.

Since convolution layer is very useful in learning the features of image, it is necessary to
extract the features of video using the convolution block before bi-direction ConvLSTM. Each
convolution block has three different convolution layers, and connect to ConvLSTM block to
learn spatiotemporal features. ConvLSTM consists of two bi-direction LSTM. All features will be
re-stacked using DenseNet architecture with 3D convolutions. The DenseNet contains 4 dense
blocks with growth rate of 32 and 3D DenseNet network yields the final action class label. It is a
straightforward architecture and it can be trained end-to-end on action classification and large data
base.

Fig 3.3.1：The network architecture details
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3.3.1. 2D Layer

Each Conv block contains three convolution layers and two bi-direction LSTM layers. The
parameters of convolution layers and shortcuts are shown in Table 3.3.1. the input image will be
sized into 224*224, though six different convolution layer, the out put size of 2D layer will be
26*26. The kernel size of conv1_1 is 7, the step size is 2, the output channel is 16, padding is 0,
the kernel size of the first conv1_2 is 3, step size is 2, output channel is 16, padding is 0, the
difference between the second conv1_2 is that the step size is 1. The kernel size of conv2_1 is 3,
step size is 1, output channel is 16, padding is 1, and the kernel size of the first conv2_2 is 3, Step
size is 1, output channel is 16, padding is 1, the parameters of second conv2_2 is the same as first
conv2_2. The kernel size of shortcuts_1 is 7 , step size is 2, output channel is 32, padding is 0, The
kernel size of shortcuts-2 is 3, step size is 2, output channel is 32, padding is 0，shortcut-3 has
two different kernel，The first kernel size of shortcuts_3 is 11, step size is 2, output channel is 32,
padding is 0, The second kernel of shortcuts_3 is 3, step size is 2, output channel is 32, padding is
0.

Table 3.3.1：The proposed Architecture
of CNN
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3.3.2. ConvLSTM Layers

In the traditional fully connected LSTM, input features will be vectorized, which is very
unfavorable for learning space-time features. In the transmission process of each layer, vectorized
features will lose spatial relevance, however, object posture and position is significance for
recognition. So ConvLSTM [19] is used to learn long-term temporal and spatial properties, and
convolution and recursion can take full advantage of spatiotemporal information. The formula is
between 3.3.2.1 to 3.3.2.5, The feature map of hidden layer we adopt 32 as each signal LSTM
output

�� = σ ��� � �� +��� � ���1 +���○���1 + �� 3.3.2.1

�� = σ ��� � �� +��� � ���1 +���○���1 + �� 3.3.2.2

�� = ��○���1 + ��○ tanh ��� � �� +��� � ���1 + �� 3.3.2.3

t� = σ ��t � �� +��t � ���1 +��t○�� + �t 3.3.2.4

�� = t�○tanh ���) 3.3.2.5
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3.3.3. 3D Layer

For the 3D network, we adopted the 3D structure based on DenseNet. DenseNet itself has
many advantages, reducing model size and increasing classification effect. This is a very effective
structure and the network parameters are shown in Table 3.3.2. 3D Layer has 4 3D-Dense Block,
each has the same kernel size, each block has two different kernels, the first one is 1*1*1
convolution layer, the second one is 3*3*3, the stride of them is both 1 and padding is 1 as well.
However, the number of kernels of each block is different, the first one is 4, the second one is 8,
the third one is 12 and the last one is 8. Transition Layer is used to reduce the competition, with
kernel size is 1*1*1, and average pooling, final use global average pooling to represent the global
feature.

Table 3.3.2：Network parameters for 3D-Net
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3.4. Experiment

3.4.1. Training Detail

We used mini-batch of SGD to train our network and used dropout in each fully connected
layer. Each video is divided into 10 segments and randomly selected one frame from each
segment. The purpose of this sampling is to avoid redundant information and improve network
robustness. Furthermore, we applied the data augmentation technique introduced in resizing the
frame of dataset to 240 × 320 and it adopts the scale jittering with horizontal flipping. Then we
use per-pixel mean subtraction and randomly crop a 224×224 figure from frames. The initial
learning rate is 0.001. Appearance-and-relation networks for video the weight attenuation is
0.0005, and the minus-sized is 32. All the training was done on a tesla P100 GPU.

Test time inference: In order to improve the accuracy, many start-of-the-art algorithms prefer
to run some post-processing. For instance, TSN [79] and ARTNet [77], each segment video
collects 25 individual frames. Each frame/volume sample crops 10 areas of corner and center and
their horizontal flipping. Then based on the average scores of the 250 samples results are obtained.
It is clear that methods for calculation are very expensive and that is not the best way for fast
video analysis algorithm. However, our algorithm without too much additional operations, is
based on many widely recognized ideas to solve the problem of speed. During the test period, our
algorithm in video is divided into N subsection and randomly extracts a frame from each section,
these frames only perform center cropping and send the cropped part to the network. This is an
end-to-end prediction.
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3.4.2. Result

In order to test the generalization ability of our method, we evaluated it on different data sets
to make it more convenient and intuitive to compare with other excellent methods. We tested
UCF101[11] on the original RGB video as input.

We also tested speed of our approach at the same time. A lot of methods always select fps
(frames per second) as a standard comparison for speed. Actually such comparisons have
problems because of the different algorithms applied on same video to calculate the number of
frames which is always different. So here we are more concerned with the processing speed of
each video. Our approach can reach 790 FPS on a Tesla P100 GPU. All the results are show in
Table 3.3.3.

Table 3.3.3: The simulation Results
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3.5. Summary

We have put forward a structure which is highly efficient for video analysis. And that is
evident form the result obtained. The proposed structure can be used not only in video
classification but also can be used in various video understanding tasks. The advantage is that
network only needs an RGB image and no other pre-treatment. ConvLSTM replaces the
traditional LSTM which is good for extracting spatiotemporal information. High density of
residual can make the network robust as well.
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Chapter 4

Conclusion and Future work

4.1 Conclusion

In this paper, a new video preprocessing method is proposed, which is applied to construct a
new fast video understanding algorithm and achieves satisfactory results in a variety of data sets.

Many video processing methods already exist, and the relationship between frames is
considered to be the key of video analysis technology. However, the connection between video
frames has never been used effectively in deep learning. Using a kind of dense connect, this paper
thinks that when people produce facial expression, the facial movement pattern can be used for the
feature construction of human expression recognition.

In the third chapter, the video preprocessing method is to use the dense connect method to
effectively propagate the features of each layer of the video frame backward. In order to avoid the
repeated calculation of the video frame with the same content, the video stream of any length is
divided into multiple equal parts. When it is used for neural network training, a frame of video in
each cell is randomly selected, so that It can avoid too many invalid calculations. The
experimental results based on Python show that this method is very fast and has high accuracy.
However, the network still has some improvements

1. The video understanding based on this architecture is to send the original frame directly to
the network for training. However, the information we really need to consider only accounts for a
small part of the video picture, which is equivalent to too many negative samples sent to the
network for learning, which is not conducive to video understanding. Referring to the method of
human face recognition, we can first use the method of key point detection to key the foreground
of each frame of video Point out, in the network learning, avoid too many negative samples

2. The video quality needs to be high-quality，a low-quality video is not conducive to feature
extraction. The super-resolution reconstruction algorithm based on neural network can be used to
process the video stream first, so as to improve the resolution.

3. Using the attention structure to optimize the channel of the convolution layer.

In short, this article introduces some basic knowledge of image processing, video processing,
neural networks, model training. A new video processing scheme is proposed, and the scheme is
implemented and verified to be used in video analysis problems. Finally published the paper
“ Dense Convolutional Networks for Efficient Video Analysis” in conference ICAAR2019
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4.2 Future work

Although this paper puts forward a new algorithm in video understanding, there are still
many problems to be solved, such as video understanding in low resolution, super long video
understanding, such as dozens of minutes or even hours of video understanding, which are very
valuable in real generation activities, but this paper does not propose a solution. In this paper, the
video stream is divided into several equal parts violently, this method also needs to be optimized,
because when the video stream is too long, a quick action cannot be recognized.
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