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Abstract

Video action recognition is a di cult and challenging task in video processing. In this
thesis, we propose three novel deep learning approaches to improve the accuracy of action
recognition.

The rst approach aims to learn multi-cue based spatiotemporal features by performing
3D convolutions. Previous 3D CNN models mainly perform 3D convolutions on individual
cues €.g., appearance and motion cues), which lacks the e ective overall integration of
the appearance information and motion information of videos. To address this issue, we
propose a novel multi-cue 3D convolutional neural network (named M3D model for short),
which integrates three individual cuesi(e. an appearance cue, a direct motion cue, and a
salient motion cue) directly. The proposed M3D model directly performs 3D convolutions
on multiple cues instead of a single cue, which can obtain more discriminative and robust
features by integrating three di erent cues as a whole. In particular, we propose a novel
deep residual multi-cue 3D convolution model (hamed R-M3D for short) to enhance the
representation ability by bene tting from the increasing depth of the model, which can
obtain more representative spatiotemporal features.

The second approach aims to utilize the motion saliency information to enhance the ac-
curacy of action recognition. We propose a novel motion saliency based multi-stream
multiplier ResNets (named MSM-ResNets for short) for action recognition. The proposed
MSM-ResNets model consists of three interactive streams: the appearance stream, motion
stream and motion saliency stream. The appearance stream is responsible for capturing
the appearance information with RGB video frames as input. The motion stream is respon-
sible for capturing the motion information with optical ow frames as input. The motion
saliency stream is responsible for capturing the salient motion information with motion
saliency frames as input. In particular, to utilize the complementary information between
di erent streams over time, the proposed MSM-ResNets model establishes multiplicative
connections between di erent streams. Two kinds of di erent multiplicative connections
are injected, the rst one is to inject multiplicative connections to transmit the motion
cue from the motion stream to the appearance stream, and the second one is to inject
multiplicative connections to transmit the motion saliency cue from the motion saliency
stream to the motion stream.

The third approach aims to explore the salient spatiotemporal information over time evo-
lution. We propose a novel spatial and temporal saliency based four-stream network with
multi-task learning (named 3M model for short) for action recognition. The proposed 3M
model comprises two parts: (i) The rst part is a spatial and temporal saliency based four-
stream network, which comprises four streams: an appearance stream, a motion stream,
a novel spatial saliency stream and a novel temporal saliency stream. The novel spatial
saliency stream is used to acquire spatial saliency information and the novel temporal
saliency stream is used to acquire temporal saliency information. (ii) The second part



is a multi-task learning based long short-term memory network (LSTM), which adopts
the feature representations obtained by obtained convolutional neural networks (CNN) as
input. The multi-task learning based LSTM can share the complementary knowledge be-
tween di erent streams and capture the long-term dependency relationships of consecutive
frames.

Experiments verify the e ectiveness of all the proposed models and show that all the
proposed models achieve a better performance than the state-of-the-art.
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Chapter 1

Introduction

This chapter provides an overview of this thesis. We rst brie y introduce
action recognition in Section 1.1. Then the motivation of this research is pre-
sented in Section 1.2. Finally, the organization of this thesis is presented in
Section 1.3.

1.1 Overview of action recognition

In computer vision, action recognition refers to the act of classifying a human action
that is present in a given video to one of the pre-de ned set of actions [11]. Over the
past decades, this research has captured much attention due to its strength in providing
personalized support for many di erent applications and its connection to many di erent
elds of study such as medicine, human-computer interaction, or sociology. Currently,
human action recognition has been applied to many video-related applications, such as
video surveillance, abnormal event detection, and hospital patient care [4, 20, 26].

Many research methods have been developed for action recognition in the past decades,
which can be roughly divided into two categories as follows:

1. Shallow representation methods for action recognition: Shallow representa-
tion based methods mainly extract features through one hidden layer of nonlinear
transformation [3]. Existing methods can be roughly classi ed into two categories as
follows:

Global feature representation based methods: Global feature represen-
tation based methods usually extract features from global representations of
human body structures and shapes [2, 6]. Generally, the motion information of
a video will be captured rstly. After that, a certain template, which is pre-
de ned by pixels intensities information, is used to Iter out the background
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information and the human action information. Early work for human action
recognition is based on global feature representation, which began from 1980s
[10], while local feature representation based methods roughly began from 2000s
[8]. The most in uential work of global feature representation based methods
was proposed by Bobick and Davis [2]. They developed two templates, which
named Motion Energy Image (MEI) and Motion History Image (MHI). MEl is a
motion based object recognition template while MHI is a vision based template.
After that, Blank et al. [6] extended the MEI template by using a 3D action
description to replace the previous 2D descriptions. In 2006, Weinlared al.
[25] extended the previous 2D MHI templates into a 3D volume. The advantage
of global feature representation based methods is that they can preserve the
basic spatial and temporal structures of actions. However, they fail to capture
ne details with the silhouette and not robust to noises.

Local feature representation based methods: Local feature representation
based methods usually consist of three steps [22, 23]: (i) detecting interest
points from a video [17], (ii) extracting local descriptors from the video, and (iii)
classifying human actions according to these descriptors. Laptev and Lindeberg
et al. [13] proposed to detect spatiotemporal interest points to capture local
image features for video interpretation. Schuldtet al. [15] proposed to use
spatiotemporal interest points as local features and SVM is used as a classi er
for action recognition. Scovanneet al. [16] proposed to 3D SIFT descriptor
to encode spatiotemporal information for action recognition. Klseret al. [12]
proposed 3D gradient orientation descriptor based on HoG-based descriptors
for action recognition. Improved dense trajectories (iDT) [23] is one of the
classic local feature representation based methods for action recognition, which
improves the performance by removing background trajectories. The advantage
of local feature representation based methods is that they are robust to the
background, occlusion and illumination. However, these representations lack
the ability of deep abstract representation.

2. Deep representation methods for action recognition: In recent years, deep
learning has achieved a great success in image processing and video processing [7,
19]. Action recognition also benets from deep learning and obtains an obvious
improvement [8, 29]. Existing deep representation methods for action recognition
can be roughly divided into three categories as follows:

Two-steam convolutional neural networks based model (two-stream
CNNs based model) [5, 18, 28]: Two-stream convolutional neural networks
consist of spatial stream and temporal stream. Video frames are extracted
from the action video and then they will be fed into the spatial stream for
capturing the appearance information. The corresponding optical ow frames
are extracted from raw RGB frames and then they will be fed into the temporal
stream for capturing the motion information. The outputs of both the spatial
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stream and temporal stream will be fused together for predicting the action
category. The advantage of two-stream CNNSs is that it can explicitly capture the
appearance information and motion information of a video using two separate
convolutional neural networks. The related work of two-stream CNNs based
model for action recognition can be found in Section 3.2.2 and Section 4.2.1.

3D convolutional neural network based model (3D CNN based model)
[21]: 3D convolutional neural networks operate convolution operations on both
spatial dimension and temporal dimension simultaneously instead of only spatial
dimension, which can directly learn spatiotemporal features. The input of 3D
CNN is not a single video frame or all video frames, but a few consecutive
video frames. The convolution kernel of 3D CNN is a three-dimensional cube
instead of a two-dimensional convolution kernel in CNN. The advantage of 3D
CNN is that it can seamlessly capture spatiotemporal features along the spatial
dimension and temporal dimension at the same timeThe related work of 3D
CNN based model for action recognition can be found in Section 2.2.2.

Recurrent neural network based model (RNN-based model) [1, 27]:
Recurrent neural network (RNN) is a kind of neural network for processing se-
guence data, which has been successfully applied in many sequence tasks such
as speech recognition, language modelling and machine translation [9]. A com-
mon architecture of RNN-based model for action recognition usually consists
of a CNN and an RNN. First, CNN is used to extract CNN features from raw
video frames. Then the extracted CNN features are fed into an RNN for action
recognition. The advantage of RNN based methods for action recognition is
that RNN is a natural architecture for processing the sequence data, such as
video data [14, 24].The related work of RNN-based model for action recognition

can be found in Section 4.2.2.

1.2 Motivations of this research

Action recognition is an important research topic in computer vision, which has been suc-
cessfully applied to many vision-related practical applications such as human-computer
interaction and smart video surveillance. However, the accuracy of current action recog-
nition methods is still not on par with the human. Thus, we cannot apply current action
recognition methods to the applications mentioned above. This motivates us to conduct
research in action recognition.

Since action recognition is a classi cation problem, our research aim is to increase the
classi cation accuracy of action recognition using deep learning approaches. Currently,
deep learning approaches applied in action recognition are normally conducted from the
following ve aspects:
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1. The front-end input of networks: Since videos contain multi-modal information such
as the appearance information, motion information and acoustic information, extract-
ing di erent useful information from the input videos is useful for action recognition.

2. The design of network structure: Dierent designs of network structure can cap-
ture di erent spatiotemporal features from di erent angles. Thus, a good network
structure is important for action recognition.

3. The fusion of spatial information and temporal information: More e ective spa-
tiotemporal features, more higher accuracy of action recognition. The e ective fu-
sion methods of spatial information and temporal information can obtain e ective
spatiotemporal features.

4. The back-end loss function of networks: Loss function is used to evaluate the di er-
ence between the predicted action label and the actual action label. It is valuable to
research and design a loss function that can measure video actions well.

5. Background noise denoising: Videos usually contain various background environ-
ments, which may impair the accuracy of action recognition. Thus, background
noise denoising is important for improving action recognition.

To improve the accuracy of action recognition, three research objectives underpin this
research aim:

Objective 1 will develop a multi-cue based 3D residual network for action recognition.
Current 3D CNN methods mainly perform 3D convolutions on individual cues (for
example, perform 3D convolutions on the appearance cue or the motion cue). How-
ever, this manner lacks the e ective overall integration of the appearance information
and motion information. To address these issues, we propose to integrate three indi-
vidual cues (.e. an appearance cue, a direct motion cue, and a salient motion cue)
together as an input, and directly perform 3D convolutions on a multiple cue based
input instead of a single cue based input.

Objective 2 will develop a motion saliency based multi-stream multiplier ResNets for
action recognition. Current action recognition methods usually treat each moving
pixel equally and ignore paying attention on the salient moving pixels, that is the
salient actions. To address this issue, we propose a motion saliency stream with mo-
tion saliency maps as input to capture the salient motion information. In particular,
to utilize the complementary information between di erent streams over time, we
establish connections between di erent streams. Two kinds of di erent connections
are injected, the rst one is to inject connections to transmit the motion cue from
the motion stream to the appearance stream, and the second one is to inject multi-
plicative connections to transmit the motion saliency cue from the motion saliency
stream to the motion stream.

Objective 3 will develop a spatial and temporal saliency based four-stream network
with multi-task learning for action recognition. There are two key issues in current
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two-stream based models, the rst issue is how to utilize the salient information for
action recognition, and the second issue is how to leverage full advantage of the com-
plementary knowledge between di erent streams. To address these issues, we propose
a spatial saliency stream and a temporal saliency stream to capture the correspond-
ing spatial and temporal salient information for action recognition. In addition, to
share the complementary knowledge between di erent streams and capture the long-
term dependency relationships between consecutive frames, we propose a multi-task
learning based long short-term memory network (LSTM). It uses the CNN feature
representations of each stream as the input, and performs multi-task learning by
summing all the losses of all the streams together.

1.3 Organization of this thesis

Literature reviews of the deep learning based action recognition methods are presented in
each chapter corresponding to the proposed three novel deep learning approaches.

The rest of this thesis is organized as follows:
Chapter 2 presents the proposed multi-cue 3D convolutional neural network.
Chapter 3 presents the proposed motion saliency based multi-stream multiplier ResNets.

Chapter 4 presents the proposed spatial and temporal saliency based four-stream network
with multi-task learning.

Chapter 5 concludes this thesis and discusses the future work.

Note that references related to each chapter are listed at the end of each
chapter.
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Chapter 2

Multi-cue based 3D residual network
for action recognition

Convolutional neural network (CNN) is a natural structure for video mod-
elling that has been successfully applied in the eld of action recognition. The
existing 3D CNN based action recognition methods mainly perform 3D convo-
lutions on individual cues (e.g., appearance and motion cues) and rely on the
design of subsequent networks to fuse these cues together. In this chapter, we
propose a novel multi-cue 3D convolutional neural network (M3D), which in-
tegrates three individual cues (i.e. an appearance cue, a direct motion cue, and
a salient motion cue) directly. Di erent from the existing methods, the pro-
posed M3D model directly performs 3D convolutions on multiple cues instead
of a single cue. Compared with the previous methods, this model can obtain
more discriminative and robust features by integrating three di erent cues as
a whole. Further, we propose a novel residual multi-cue 3D convolution model
(R-M3D) to improve the representation ability to obtain representative video
features. Experimental results verify the e ectiveness of the proposed M3D
model, and the proposed R-M3D model (pre-trained on the Kinetics dataset)
achieves competitive performance compared with the state-of-the-art models on
UCF101 and HMDB51 datasets.

The organization of this chapter is as follows. In Section 2.1, we introduce
the motivation of the proposed approach. The background and related work are
introduced in Section 2.2. Then two novel multi-cue 3D convolutional neural
network (M3D and R-M3D) are proposed in Section 2.3. Experimental results
and analysis will be discussed in Section 2.4. Lastly, a conclusion and future
work will be summarized in Section 2.5.
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2.1 Introduction

Human action recognition aims to automatically identify specied actions in a video
[28, 29]. It has many applications such as intelligent video surveillance, human-computer
interaction, human behaviour analysis, and smart hospital care [31]. Di erent from images
that only contain an appearance cue, videos contain not only the appearance cue extract-
ed from still video frames but also a motion cue extracted from stacked video frames.
Therefore, the motion cue plays an important role in action recognition.

Compared with traditional shallow hand-crafted models [40, 41], convolutional neural net-
works (CNNs) [46] have shown a superior ability to capture appearance information in
many visual related tasks such as image classi cation [26, 45], object detection [13], and
image segmentation [30].

To take advantage of CNNs, many 2D CNN-based methods [4, 9, 24, 34, 38, 44] were
developed for action recognition. 2D CNN-based action recognition models can be rough-
ly divided into two categories: (i) frame-based aggregation models [4, 9, 24, 44], and (ii)
two-stream CNN-based models [34]. Frame-based aggregation models use CNNs to extract
features from each frame and then aggregate frame-level information to obtain video-level
information by using di erent aggregating strategies such as recurrent neural networks
(RNNs). However, such models ignore the temporal structure and mainly rely on subse-
guent aggregation strategies for obtaining a motion cue. Two-stream CNN-based models
consist of a spatial CNN stream and a temporal CNN stream for capturing the appear-
ance cue and motion cue, respectively. Optical ow based methods usually are adopted
for extracting the motion features, which can e ectively provide the velocity information
(including the speed and direction) of each pixel. However, such models lack e ective
information interaction over time between the appearance cue and motion cue.

Recently, a variety of 3D CNN-based action recognition models have been developed for
modelling spatio-temporal features [22, 36], which has shown more promising results than
the previous CNN-based models for action recognition on a su ciently large video dataset
such as Kinetics dataset [4, 16]. According to the input cue, we categorize the existing
3D CNN-based action recognition models into three classes: (i) single-cue 3D CNN model
[24], (ii) two-cue 3D CNN model [34] and (iii) three-cue 3D CNN model [22].

Single-cue 3D CNN model: The input of a single-cue 3D CNN model is stacked
video frames that only provide an appearance cue at the input level. The motion
information is indirectly obtained by 3D convolutions through the inferences between
stacked video frames. Thus, such models lack the ability to provide direct motion
cues at the input level [34].

Two-cue 3D CNN model: Two-cue 3D CNN models [4, 39] perform 3D convo-
lutions on video frames and optical ow frames separately, and then the obtained
appearance and motion cues are integrated by using various fusion strategies. Howev-
er, since the 3D convolutions are separately operated on individual cues respectively
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and the fusion relies on speci ¢ designed networks, this model lacks the overall inte-
gration of the appearance information and motion information of videos.

Three-cue 3D CNN model: Three-cue 3D CNN models [22] generate di erent cues
(such as gray, gradient, and optical ow) from stacked video frames, and performed
3D convolutions on these cues separately. Then a full connection layer is applied to
combine all cues. Late fusion is also adopted for aggregating di erent cues for action
recognition. Although optical ow [3, 34] is capable of capturing motion information
(i.e. speed and direction information) directly, it mainly focuses on instantaneous
motion velocity information that is sensitive to background motion noises such as
slight leaf jittering and water rippling [19, 32].

To overcome the above challenges, we propose a novel multi-cue 3D convolutional neural
network (M3D). The proposed M3D model integrates an appearance cue, a direct motion
cue and a salient motion cue simultaneously as the input. The appearance cue can extract
features from still video frames, the motion cue can extract features from stacked video
frames, and the salient motion cue can e ectively suppress background motion noises and
highlight salient motion. Di erent from the previous action recognition methods (single-,
two-, and three-cue CNN models), our proposed M3D model directly performs 3D convo-
lutions on a multi-cue input instead of performing 3D convolutions on di erent single-cue
inputs separately. Further, we propose a novel residual multi-cue 3D convolution model
(R-M3D) to improve the representation ability to obtain representative video features.

The key contributions of this chapter can be summarized as follows:

This chapter proposes a novel M3D model, which rst directly performs 3D convo-
lutions on a multi-cue input instead of a single-cue input.

This chapter develops a novel video frame representation for performing 3D convo-
lutions on a multi-cue input.

The proposed M3D model adds the salient motion cue for action recognition, which
can suppress background motion noises and highlight salient motion.

To further improve the representation ability, we propose the deeper R-M3D model
based on 3D ResNet, which can signi cantly improve the performance of action
recognition.

2.2 Background and related work

A video contains both time and space information. With the development of deep learning
techniques, deep neural network-based action recognition methods, especially CNN based
action recognition methods, have obtained better performances than the conventional shal-
low bag-of-visual-words based models [22]. 2D CNNs and 3D CNNs are two types of neural
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networks commonly used in CNN based action recognition methods.

Section 2.2.1 rst introduces some 2D CNN-based action recognition works. Then we
present the general 3D CNNs architecture and some 3D CNN-based action recognition
works in Section 2.2.2. Finally, we present the principle of 3D convolutions performed on
a single-cue input for action recognition in Section 2.2.3.

2.2.1 2D CNN for action recognition

2D CNN-based action recognition methods usually extract features from single video frame
using 2D CNNs, and then aggregate temporal information across video frames using dif-
ferent fusion strategies. In general, these methods average the output of the utilized 2D
CNNs on each frame and utilise the average frame-level result to represent video-level re-
sults [24]. However, these methods cannot make full use of video information. They only
extract appearance information from videos while ignoring motion information between
video frames.

To capture temporal motion information between video frames, two-stream CNN-based
models were developed for action recognition. They usually consist of two streams. The
spatial stream is responsible for capturing the appearance cue and the temporal stream
is responsible capturing the motion cue. Then various fusion strategies are adopted to
aggregate the output of these two streams [10{12, 34]. In addition, some methods utilize
recurrent neural networks (RNN) [4, 9, 44], especially Long Short-Term Memory (LSTM)
networks, were utilized to capture temporal information between stacked video frames.
A pipeline of RNN-based action recognition methods is that (i) 2D CNNs are used for
extracting features from each video frame, and (ii)) LSTM networks are used for encoding
states and learning temporal relations between stacked video frames.

2.2.2 3D CNN for action recognition

In contrast to 2D CNN for action recognition, some action recognition methods utilize 3D
CNNs to model spatio-temporal features from videos. A common architecture of 3D CNNs
for action recognition can be illustrated in Figure 2.1, which consists of ve convolutional
layers, two fully-connected layers, and a softmax layer. Dierent from the input of 2D
CNNs that is a single frame, the input of 3D CNNs is stacked video frames. Dierent
from 2D CNNs, which only slide a convolution Iter kernel along the spatial direction,
the 3D convolution Iter kernel slides along with both spatial and temporal directions
simultaneously. Thus, 3D CNNs can naturally capture spatio-temporal information, while
2D CNNs need to aggregate multiple frame-level information over long time periods to
capture the temporal information of videos.

It has been proven that 3D CNN-based models have shown competitive performance than
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Figure 2.1: The architecture of 3D CNN for action recognition, which consists of ve convo-
lutional layers, two fully-connected layers, and a softmax layer. The kernel sizeis 3 3 3.

2D CNN-based models [16]. Early work of 3D CNN based action recognition models were
proposed by Baccouchet al. [2], which extracted 3D CNN-based features for each frame
and input them sequentially into an LSTM network for classi cation. Jiet al. [22] proposed

to separately perform 3D convolutions on multiple channels. Then, a late fusion was used
for all these channels. These 3D CNNs are not obviously deep, which typically contain 3
convolutional layers at most.

Recently, a variety of deeper 3D CNN-based models were developed. Karpattyal.
[24] proposed a slow fusion strategy to aggregate frame-level information across temporal
domain. Tran et al. [36] proposed to use a small 3 3 3 convolution kernel in all
convolutional layers and got better performance than other large sizes of convolution ker-
nels. Similar to [5], 3D convolutions were performed separately on a spatial stream and a
temporal stream in [4], the output results of two streams were aggregated later. Haataal.

[15] proposed to use a very deep 3D residual network instead of shallow 3D convolutional
networks. Further, deep 3D CNNs architectures on su ciently large datasets can get bet-
ter performances than those complex 2D CNNs architectures [16]. Arunnehetial. [1]
extracted motion information from the video and regarded them as 3D motion cuboid and
then applied a 3D convolutional neural network for action recognition. Zhoat al. [48]
proposed a novel Mixed Convolutional Tube to combine 2D CNNs with the 3D convolution
together for action recognition, which can generate more discriminative feature maps. Qiu
et al. [33] considered usinga 1 3 3 spatial convolution kernel plus a temporal 3

1 1 convolution kernel to simulate the previous 3 3 3 convolution kernel, which is
helpful for reducing the computational cost and training deeper neural networks. Based
on 3D ResNets, Tranet al. [37] decomposed 3D convolution kernel into spatial convolu-
tion and temporal convolution and designed a novel spatiotemporal convolutional block
R(2+1)D, which can achieve superior performance for action recognition compared with
the state-of-the-art.
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Although current 3D convolution models can achieve competitive performance, most of
them only directly perform 3D convolutions on a single-cue input.g., on stacked video
frames, and optical ow frames, separately. To obtain richer information in the input
level such as motion velocity and motion saliency, we propose to directly perform 3D
convolutions on a multi-cue input in Section 2.3.3.

2.2.3 3D convolutions performed on a single-cue input

Current 3D convolutions usually are performed on a single-cue inpuite. stacked video
frames or stacked optical ow frames. Speci cally, taking stacked video frames as an ex-
ample, we denoten stacked video frames a$vf;vf,;::;;vf,g. An image in the RGB
format usually consists of three di erent colour channels: the red channel, green chan-
nel, and blue channel. Thus each video fram& can be represented abvf r;vf g;vf_bg,
where vf r represents a red channelyf g represents a green channel, andf b repre-
sents a blue channel. Correspondingly, the stacked video frames can be represented as
fvfirvfq g;vf b;:; v, vf,_g;vf,_bg, where n denotes the number of input video
frames. The number of total channels of the input stacked video framesns 3. The
computation process of 3D convolutions performed on a single-cue inpute( stacked
video frames) is illustrated in Figure 2.2.

Figure 2.2: The computation process of 3D convolutions performed on a single-cue input,
i.e. stacked video frames. The red rectangle represents the red colour channel, the green
rectangle represents the green colour channel, and the blue rectangle represents the blue
colour channel.

In the temporal dimension, as a3 3 3 lter kernel is applied, total 9 colour channels
are involved for each computation process of 3D convolutions performed on a single-cue
input. Three stacked video frames are involved in each computation, and each video frame
contains three di erent colour channels. Since 3D convolutions are only applied to the
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single-cue input,i.e. stacked video frames, it lacks the ability to provide direct motion
information in the input level. For two-cue 3D CNN models, they still separately perform
3D convolutions on individual single-cue input such as stacked video frames or stacked
optical ow frames, and then a late fusion is adopted. However, late fusion is lack of cues
evolution over time.

2.3 Our models: M3D & R-M3D

In this section, we will rst present a motion saliency detection method to suppress back-
ground motion noises and provide salient motion cue in Section 2.3.1, which will be used
in our proposed M3D model. Then we present the novel triple video representation in
Section 2.3.2. Based on novel triple video representation, 3D convolutions performed on a
multi-cue input is proposed in Section 2.3.3. Finally, a novel M3D model is presented in
Section 2.3.4 and a novel deep R-M3D model is presented in Section 2.3.5.

2.3.1 Motion saliency detection

Saliency detection aims to detect the salient object from the whole image. For example,
Ji et al. [23] proposed to use an attention CNN layer to capture the context informa-
tion between di erent feature maps to improve the quality of obtained saliency maps. In
contrast to traditional saliency detection methods that identify salient objects on a sitill
image, motion saliency detection methods [5, 6, 8, 43] focus on identifying salient motion
information (named motion saliency for short [6]) from a video. However, conventional
motion saliency detection methods have expensive time cost and are not suitable for large
video datasets. Compared with conventional motion saliency detection methods [7, 17, 21],
spectrum-based motion saliency detection methods have a good balance between perfor-
mance and computation cost [6].

The spectral theory has been widely used in the saliency detection eld [6, 8, 14, 20]. The
rst spectrum-based saliency detection work was proposed by Hat al. [20], which used
amplitude spectral residual of an image to represent the novelty part. Guet al. [14]
proposed to use the phase spectrum of an image to represent the novelty part instead
of the amplitude spectrum. According to Spectral Residual (SR) theory [20], the image
information contains the novelty part and the redundant information. Therefore, an image
can be represented as follows [20]:

(Image) = (Innovation) + (PriorKnowledge) (2.1)

where (Image) represents the image information; (PriorKnowledge) represents the
redundant information, which denotes the statistical invariant properties in the image;
(Innovation) represents the novelty part, which denotes the statistical variant properties
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in the image [20]. In the eld of motion saliency detection, (Innovation) corresponds to
the foreground objects, and (P riorKnowledge) corresponds to the background [6, 14].

In this section, a phase spectrum-based motion saliency detection method [6] is introduced
for capturing the salient motion information and suppressing the background motion noises.
It distinguishes the salient motion and background motion noises by identifying phase
spectrum variations of each pixel through a temporal Fourier transform. The key procedure
of this method can be summarized as follows:

Procedure: Phase spectrum-based motion saliency detection.
Establishing a temporal sequencg,., (t) for each
pixel in the same position k;y) through stacked

Stepl: video frames, here the size of a video frameNs N ,
x=1;2,:5M,y=1;2,::;N yandt =1;2; 5T,
Thus M N temporal sequences are established.
Calculating the Fourier transform for each temporal
Step2: sequenceSyy (t) @ fiuy (t) = F(Sky (1)) ,
hereF denotes the Fourier transform.
Calculating phase spectrunpy., (t) for each temporal
Step3: sequenceSyy (t) 1 pxy (t) = angle(fyy (1)),
p3: .
here angle denotes a function of
obtaining phase values of a temporal sequence.
Calculating inverse Fourier transformf X;yl(t) for each
temporal sequenceS,, (1) : f,/(t)= g(t) F *(pxy (1)),
Step4. hereF ! denotes inverse Fourier transform angy(t)
denotes a one-dimensional Gaussian lter for
smoothing noises.

Through the above steps, the salient motion can be identi ed by obvious phase spectrum
variations, and noises can be identi ed by slight phase spectrum variations. Therefore,
background and background motion noises are easily suppressed because the corresponding
values of the phase spectrum are much smaller than the values produced by salient motions.
Figure 2.3 illustrates a video frame extracted from a makeup video clip from the UCF101
dataset [35], and its corresponding optical ow and motion saliency results.

2.3.2 Novel triple video representation

A traditional video representation consists of stacked video frames,e. stacked video
frames are used to describe video information. However, this video representation manner
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Figure 2.3: The left picture denotes a video frame; the middle picture denotes the corre-
sponding optical ow result, and the right picture denotes the corresponding motion saliency
result.

only can provide the appearance cue as input for current single-cue 3D CNN models in
action recognition, which lacks the ability to provide a direct motion cue in the input level.

For two-cue 3D CNN models, they usually adopt video frames and optical ow frames
as input to provide the appearance cue and the direct motion cuég. they use video
frame and optical ow to describe video information. However, since they separately use
video frames and optical ow frames as input to operate 3D convolutions, this manner
relies on speci c designed networks to fuse the appearance cue and motion cue instead
of directly operating 3D convolutions on a multi-cue input. Besides, optical ow-based
motion detection methods are sensitive to background motion noises.

To overcome the aforementioned challenges in current 3D CNN models, we develop a novel
triple video representation composed of the original video frame, the corresponding optical
ow and motion saliency, which is illustrated in Figure 2.4. The proposed triple video
representation integrates an appearance cue, a direct motion cue and a salient motion cue
simultaneously as the input. The appearance cue can extract features from still video
frames, the motion cue can extract features from stacked video frames, and the salient
motion cue can e ectively suppress background motion noises and highlight salient motion.

Figure 2.4: The triple video representation consists of video frame, optical ow and motion
saliency.

The triple video representation consists of video frame, optical ow and motion salien-
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cy. The stacked video frame$vf;vf,;:::; vf,g provide the appearance cue. The optical
ow provides direct motion information instead of the inferences between stacked video
frames. A popular optical ow-based motion detection method [3] is used to extract opti-
cal ow fopf, x;opf,x;:::; opf,_xg and f opf;_y; opf,_y; :::; opf, _yg from the stacked video
frames, hereopf; x denotes the horizontal optical ow of theith video frame andopf;_y
denotes the vertical optical ow of theith video frame. The motion saliency captures the
salient motion information and suppresses background motion noises. The phase spectrum-
based motion saliency detection method [6] is used to obtain motion saliency information
fms;; ms;; ::;; ms,g from the n stacked video frames, herms; denotes the motion saliency

of the ith video frame.

Based on the above fundamentals, the triple video frame can be representedtds :
fvf, opf; ms g, i.e. fvf,;vfg; vfy; opfy;opfy; msg. Compared with the previous video frame
vf which only provides the appearance information as an input, the novel triple video
frame tvf can provide richer input information, including appearance information, direct
motion information and salient motion information.

2.3.3 3D convolutions on a multi-cue input

Based on the novel triple video representation, we propose to perform 3D convolutions on
the stacked triple video framesj.e. perform 3D convolutions on a multi-cue input instead

of a single-cue input. Three di erent cues are adopted as an input, which includes the

appearance cue, direct motion cue and salient motion cue. The computation process of
the proposed novel 3D convolutions on a multi-cue input can be illustrated in Figure 2.5.

From the perspective of the temporal dimension, as a 3 3 3 lter kernel is applied,
total 18 colour channels are used for each computation of the proposed 3D convolution on
a multi-cue input. Three stacked triple video frames are involved for each computation,
and each triple video frame contains 6 channels: three colour channels, a horizontal optical
ow channel, a vertical optical ow channel and a motion saliency channel. An obvious
di erence between the single-cue input and the multi-cue input is the number of input
channels. The single-cue input of stacked video frames usually provides 3 input channels
while the proposed multi-cue input usually provides 6 input channels. The added channels
focus on providing motion information, including motion velocity and motion saliency.

2.3.4 M3D model

To evaluate the e ectiveness of our proposed 3D convolutions on a multi-cue input, we
design our multi-cue 3D convolution based on C3D model (M3D for short) [36]. The C3D
model is a benchmark architecture of 3D convolution neural networks, which contains 8
convolutional layers, 5 max-pooling layers, 2 fully-connected layers and 1 softmax layer.
The architecture can be denoted as (convl, pooll, conv2, pool2, conv3, conv4, pool3,
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Figure 2.5: An illustration of the 6 involved channels for each computation of the proposed
novel 3D convolutions on a multi-cue input along the temporal direction. The 6 channel are
shown in di erent colours. The red rectangle, green rectangle and blue rectangle represent
three di erent colour channels. The shallow grey rectangle and dark grey rectangle represent
the corresponding horizontal optical ow channel and the vertical optical ow channel. The
orange rectangle represents the corresponding motion saliency channel.

Figure 2.6: The architecture of the proposed M3D model, which can be denoted as (convl,
pooll, conv2, pool2, conv3, conv4, pool3, conv5, conv6, pool4, conv7, conv8, pools, fcl, fc2,
softmax).

conv5, conv6, pool4, conv7, conv8, pool5, fcl, fc2, and softmax). The main di erence
between the C3D model and our proposed M3D model is in the input part. The C3D
model performs 3D convolutions on a single-cue input,e. each video clip as a sample.
However, our proposed M3D model performs 3D convolutions on a multi-cue input using
the proposed triple video frame input representation, which stacks video frames (including
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RGB three colour channels), optical ow frames (including horizontal and vertical two
directions channels) and motion saliency frames (including one channel) together as one
input. The architecture of our proposed M3D model can be illustrated in Figure 2.6.

The procedure of the M3D model can be summarized in Algorithm 1 as follows:

Algorithm 1: M3D model
Extracting optical ow fopf;_X;opf,_x;:::; opf,_xg
Stepl: and f opf;_y; opf,_y; :::; opf, _yg

from the stacked video frame$ vf i; vf,;:::; vf,Q.
Extracting motion saliency f ms;; msy; :::;; ms,g from
the stacked video framed vf ;; vf,; v, Q.
Expanding each video frame as a triple video frame
representation composed of the original video frame,
Step3: the corresponding optical ow and motion saliency.
The triple video frame can be represented asf :
fvf,; vfg; viy, opfy; opfy; msg.
Obtaining the corresponding stacked triple video
Step4: framed tvf 1; tvf ,; 25 tvf ,g from the stacked
video framesf vf 1; vf,; i viLQ.
Performing 3D convolutions on the stacked triple
Step5: video framesf tvf q; tvf ,; :::; tvf,g and training
our proposed M3D network for classi cation.

Step2:

2.3.5 Deep R-M3D model

To improve the representation ability to obtain more representative video features. We

further explore to apply our proposed multi-cue 3D convolutions on deep network archi-
tectures. 3D Residual Network (3D ResNet for short) [15, 18] is an excellent deep network,
which can e ectively alleviate the degradation problem [18]. The degradation problem

indicates that as the network depth increasing, the training accuracy will get saturated

but then degrade rapidly. Standard deep neural networks usually use multiple stacked
layers to approximate the desired underlying mapping and transit information layer by

layer. Formally, a building block of stacked layers in standard deep neural networks can
be de ned as follows:

H(x) F(x;fW;bg) (2.2)

wherex denotes the input,H (x) denotes the desired underlying mapping functiork; (x; f W; bg)
denotes the actual output function of multiple stacked nonlinear layers which can approxi-
mate the desired underlying mapping functiotd (x), W denotes the weights andb denotes
the biases. For example, a building block of two stacked layers is illustrated in Figure 2.7.
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We can nd that F = W,f (W;x + bp) + b, wheref () denotes the nonlinear activation
function ReLU [18].

Figure 2.7: The building block of standard deep neural networks.

In contrary to standard deep neural networks, ResNets consider using multiple stacked
layers to approximate a residual mapping by directly pass gradient ows from front layers

to back layers, which can e ectively ease the degradation problem. Formally, a residual
building block can be de ned as follows:

H(x) F(XxfW,;bg)+ x (2.3)

whereH (x) x denotes the residual mapping function ané (x;f W, bg) + X is regarded
as injecting a shortcut connection from the input to the output. For example, a residual
building block of ResNets can be illustrated in Figure 2.8.

Figure 2.8: The residual building block of ResNets.

Based on 3D ResNet, we design a deep residual multi-cue 3D convolution model (R-M3D
for short). Compared with the M3D model consisting of 8 layers, the number of layers
of R-M3D can reach tof 18, 34, 50, 101 and 1%2 Similar to the M3D model based
on C3D model, the main di erence between R-M3D and 3D ResNet depends on whether
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3D convolutions operating on a multi-cue input or a single-cue input. In addition, in
contrast to 3D ResNet directly using a fully-connected layer as the output layei.é. the
softmax layer), we add a new fully-connected layer between the last convolutional layer and
the output layer in our proposed R-M3D, which can synthesize all feature maps of the last
convolutional layer together to improve the performance of action recognition, more details
can be found in Section 2.4.2.1. The procedure of R-M3D is similar to the procedure of
M3D model as illustrated in Algorithm1.

2.4 Experimental analysis

In this section, we present the experimental details. First, we introduce the UCF101

and HMDB51 datasets in Section 2.4.1. Then discuss the implementation for network
architecture, training process and recognition process in Section 2.4.2. After that, we
mainly analysis the experimental results of the single-cue model, two-cue models and the
proposed M3D model in Section 2.4.3. Finally, the experimental results of the proposed
deep R-M3D model will be presented and compared with other state-of-the-art models in
Section 2.4.4.

2.4.1 Datasets

We mainly evaluate our model and other models on UCF101 [35] and HMDB51 [27] dataset-
S.

UCF101 dataset is a temporal trimmed action dataset, which contains 13320 videos
and has 101 action categories (average about 130 videos for each action catego-
ry). Three train/test splits are provided for distinguishing training dataset and test
dataset. There are about 9500 videos for training and about 3800 videos for testing
according to each UCF101 split.

HMDB51 dataset contains 6766 videos and 51 action categories, each action category
contains at least 101 videos. These action categories can be grouped into 5 di erent
types: general facial actions such as smile, facial actions with object manipulation
such as smoke, general body movements such as climb, body movements with object
interaction such as golf, body movements for human interaction such as hug. Similar
to UCF101 dataset, this dataset also provides three train/test splits for distinguishing
training dataset and test dataset (about 70% training dataset and 30% test dataset).
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2.4.2 Implementation

The experimental environment is Ubuntu 16.04 and Python 3.5. We implement our pro-
posed M3D model and R-M3D model based on the deep learning framework Pytorch 0.3.1.
To train our proposed M3D model and R-M3D model on UCF101 and HMDB51 datasets,
stochastic gradient descent (SGD) is adopted. We train our model with a batch size of 32
on 4 GPUs (Nvidia GTX 1080Ti). The learning rate is set to 0.1 and it will be divided

by 10 if the validation loss saturates. The weight decay is set to 0.001. The network
architecture of the proposed M3D model can be found in Section 2.3. We present the
network architecture of the proposed R-M3D model in Section 2.4.2.1. Then the train-
ing process and recognition process in detail are presented in Section 2.4.2.2 and Section
2.4.2.3, respectively.

2.4.2.1 Network architecture of R-M3D

To explore a deep network, we choose a deep 3D ResNet [16] as the backbone network
instead of C3D network. According to [16], 3D ResNet with 34 layers is enough and
suitable for UCF101 and HMDB51 datasets. In our implementation, we adopt 3D ResNet
with 34 layers and modify 3D ResNet into R-M3D, the main di erences between them
contains two aspects: (i) The input channels of R-M3D are 6 (a multi-cue triple video
input) while the input channels of 3D ResNet are 3 (a single-cue RGB input), thus the
proposed R-M3D perform 3D convolutions on a multi-cue input; (ii) A new fully-connected
layer of 1024 neurons is added between the last convolutional layer and the output layer
(i.e. the softmax layer) in our proposed R-M3D, which can synthesize all feature maps of
the last convolutional layer together to improve the performance of action recognition. The
number of neurons in the softmax layer is 101 or 51, which is corresponding to the number
of classes on UCF101 or HMDB51 datasets, respectively. Thus, the proposed R-M3D
contains 35 layers, which can be denoted as (convl, maxpool, co/Zonv34, conv46,
conv5 3, averagepool, fc and softmax), here x in conv2, 3, 4,x5denotes the multiple of
the corresponding residual building block. Each frame is resized into 112112 and the
input size of each sample clipis 16 6 112 112, where 16 denotes each sample clip
contains 16 frames and 6 denotes the number of channels (more detail can be found in
Section 2.4.2.2). The detail of R-M3D network architecture is illustrated in Table 2.1.

2.4.2.2 Training process

To perform data augmentation, we rst randomly select a video clip of 16 consecutive
frames as a training sample from a raw video. Then similar to [42], the training sample is
randomly cropped from 5 positions: top left corner, top right corner, bottom left corner,
bottom right corner and center. We also randomly horizontally ip the training sample
with 50% probability to perform data augmentation. Each training sample size is resized
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Table 2.1: The network architecture of the proposed R-M3D (35 layers) in detail is illustrated.
A residual building block is illustrated in brackets.

Layer name

Layer architecture

Output size

convl

[7 7 7,64],
kernel size: 7 7 7,
number of feature maps: 64,
stride size: 2 2 2,
padding size: 3 3 3

56 56 16,
feature map size: 56 56,
number of input frames: 16

maxpool

kernel size: 3 3 3,
stride size: 2 2 2,
padding size: 1 1 1

28 28 8

conv2x

3 3 364 3
3 3 364
for all convolutional layers:
stride size: 1 1 1
padding size: 1 1 1

28 28 8

conv3x

3 3 3128 4
3 3 3128

for the rst convolutional layers:

stride size: 2 2 2
padding size: 1 1 1,
for other convolutional layers:
stride size: 1 1 1
padding size: 1 1 1

14 14 4

conv4x

3 3 3,256 6
3 3 3,256

for the rst convolutional layers:

stride size: 2 2 2
padding size: 1 1 1,
for other convolutional layers:
stride size: 1 1 1
padding size: 1 1 1

convax

3 3 3,512 3
3 3 3512

for the rst convolutional layers:

stride size: 2 2 2
padding size: 1 1 1,
for other convolutional layers:
stride size: 1 1 1
padding size: 1 1 1

averagepool

kernel size: 4 4 1,
stridesize: 1 1 1
padding size: 0 0 O

fc

512 1024

softmax

1024 f 101 or 519
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to 112 112. Thus, for 3D convolutions performed on a single-cue input, the input is a
video clip with a size of 16 3 112 112 composed of 16 video frames. However, for
3D convolutions performed on a multi-cue input, the input is a new reformed video clip

with a size of 16 6 112 112 composed of 16 triple video frames. For the validation

process, we uniformly split the video into three video clips to perform data augmentation,

and each video clip represents the same video with the same class label.

2.4.2.3 Recognition process

After training our proposed M3D model and R-M3D model, we use them to recognize
the actions in the test dataset. As action recognition is a classi cation problem [47],
classi cation accuracy is adopted as the main evaluation metric. We train and test our
proposed M3D model and R-M3D model on each training/test split of UCF101 dataset
and HMDB51 dataset. The average classi cation accuracies over all three training/test
splits are adopted as the nal report results. To evaluate the classi cation accuracy of
action recognition for a test video, we split the test video into non-overlapped video clips
with a size of 16. Each video clip is cropped from the center position and resized into 112

112. We use our trained model to classify each video clip to obtain the probabilities for
each class label, and average the probabilities of all the video clips corresponding to the
test video for classi cation.

2.4.3 Analysis of experimental results of the M3D model

In this section, we rst set up two sets of ablation comparison experiments, we rst compare
our proposed M3D model with di erent input modalities in Section 2.4.3.1. Then we
compare the e ects of di erent numbers of layers of CNN for M3D in Section 2.4.3.2.
Finally, we analyse the computation cost of our proposed M3D model with the C3D model
in Section 2.4.3.3.

2.4.3.1 Ablation experiments: di erent input modalities

To compare the di erent e ects of di erent inputs, we select di erent input combinations

as di erent comparison models. For fair comparison, all models use the C3D model as the
basic model and the only di erence is the input part. All the comparison models can be
summarized as follows: (i) Adopting video frames as a single-cue input. C3D baseline
model [36]. (i) Adopting video frame and optical ow as a two-cue input, we call it T3D-I
model for short. (iii) Adopting video frame and motion saliency as a two-cue input, we
call it T3D-1l model for short. (iv) Adopting video frame, optical ow and motion saliency

as a multi-cue input, i.e. our proposed M3D model. The corresponding best classi cation
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Table 2.2: Top-1 classication accuracies of dierent input modalities of 3D convolution
models on UCF101 and HMDB51 datasets (Mean of all accuracies over 3 splits).

Input Modalities UCF101| HMDB51
Video frame (C3D from scratch) 43.2% 16.2%
Video frame + optical ow frame (T3D-I) 48.5% 20.1%
Video frame + motion saliency frame (T3D-Il) | 44.8% 17.6%
All modalities (M3D) 49.0% 20.8%

accuracies of di erent input modalities on the UCF101 and HMDB51 datasets are reported
in Table 2.2. We can get these observations as follows:

As experimental results on the UCF101 dataset illustrated, our proposed M3D mod-
el, the T3D-I model, T3D-Il model and C3D model obtain 49.0%, 48.5%, 44.8% and
43.2% classi cation accuracy on the UCF101 dataset, respectively. The rst observa-
tion is that two-cue input-based or multi-cue input-based models (T3D-I, T3D-II and
M3D) outperform the baseline C3D model because more motion related cues can be
provided in the input level. The second observation we can nd that the T3D-I model
improves much more than the T3D-Il model (5.3% vs. 1.6%). This denotes opti-
cal ow contributes much more than motion saliency for action recognition, because
motion velocity can provide more detailed motion information ice. motion velocity
including motion speed and motion direction) of each pixel while motion saliency
mainly provides salient moving pixel information. Lastly, we nd that our proposed
M3D model obtains the best performance compared with all the other models. The
reason is that it can integrate all the appearance cue, direct motion cue and salient
motion cue as a multi-cue input.

As experimental results on the HMDB51 dataset illustrated, we can also nd that our
proposed M3D model obtains the best performance of classi cation accuracy (20.8%),
followed by the T3D-1 model (20.1%), T3D-II model (17.6%) and C3D model (20.8%)
just like on the UCF101 dataset. It has been veri ed that the multi-cue input is more
e ective than the single-cue input once again and the motion information provided
in the input is bene cial for 3D convolutions to improve action recognition. Further,
we nd the direct motion cue (i.e. motion velocity information) is more important
than the salient motion cue {.e. motion saliency information) for action recognition
because the T3D-I model outperforms the T3D-II model (20.1% vs. 17.6%). Our
proposed M3D model performs better than the T3D-I model (20.8% vs. 20.1%)
because the M3D model provides the extra motion saliency cue in the input level
which can suppress background motion noises.
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Table 2.3: Classi cation accuracy of di erent numbers of layers of CNN with di erent input

modalities on UCF101 and HMDB51 datasets.

Depth of layers of CNN| UCF101 | HMDB51
Input modalities: video frame
2-layer 39.3% 14.3%
4-layer 41.5% 15.0%
6-layer 42.6% 15.4%
Input modalities: video frame + optical ow frame
2-layer 44.5% 16.2%
4-layer 45.3% 18.5%
6-layer 47.8% 19.2%
Input modalities: video frame + motion saliency frame

2-layer 41.7% 14.8%
4-layer 43.5% 16.4%
6-layer 44.2% 17.2%

Input modalities: video frame + optical ow frame +motion saliency frame
2-layer 45.5% 16.1%
4-layer 47.6% 18.6%
6-layer 48.4% 19.4%

2.4.3.2 Ablation experiments: di erent numbers of layers of CNN for M3D

To compare the e ectiveness of di erent numbers of layers, we compare the classi cation
accuracy of di erent numbers of layers of CNN with di erent input modalities on UCF101
and HMDB51 in Table 2.3. According to Table 2.3, for the input modalities of video
frame, i.e. the single-cue input, we can nd that the accuracy will improve as the depth
of layers increases on both UCF101 and HMDB51 datasets. For the two-cue input (the
input modalities of combining video frame with optical ow frame, or the input modalities
of combining video frame with motion saliency frame) or the multi-cue input (the input
modalities of combining video frame, optical ow frame and motion saliency frame), the
same phenomenon appearsg. the accuracy will improve as the depth of layers increases.
This veri es that the classi cation accuracy of our proposed M3D can be improved by
increase the depth of layers. Thus, we apply our proposed M3D in a deeper CNN model,
i.e. ResNet, and compare it with the state-of-the-art in Section 2.4.4.

2.4.3.3 Computation cost

We compare the computation costs of di erent models: C3D, T3D-I, T3D-Il and our
proposed M3D. Concretely, we train the models (C3D, T3D-Il, T3D-Il and M3D) for 50
epochs on the UCF101 dataset and use the average training time of an epoch as the



2.4 Experimental analysis 27

Table 2.4: The computation costs of di erent models (C3D, T3D-I, T3D-Il and M3D) on the
UCF101 dataset.

Models with di erent input modalities | Computation cost (s)
C3D (RGB) 1914
T3D-1 (RGB + Optical Flow) 2044
3D-Il (RGB + Motion Saliency) 2011
M3D (All Modalities) 2054

computation cost to be recorded. The computation costs of di erent models (C3D, T3D-l,
T3D-1l and M3D) are reported in Table 2.4. We can nd that the time cost of the compared
models is close, almost at the same order of magnitude. We speculate the reason is that
the main di erence among di erent models is the number of the input channels and others
are the same. Thus the computation cost should be close for di erent compared models,
which demonstrates our proposed M3D can improve the performance of action recognition
with the almost same training computation cost compared with C3D. Note that for our
proposed M3D, we need extra computation cost for computing the optical ow and motion
saliency from the stacked RGB frames in the preprocessing stage.

In addition, we also demonstrate the training convergence of the loss function of the single-
cue 3D model (C3D) and the multi-cue 3D model (our proposed M3D) on the UCF101
dataset in Figure 2.9. This shows that our proposed M3D model converges faster than
the C3D model, which indicates the multi-cue input is more helpful for speeding up model
training compared with the single-cue input.

2.4.4 Comparing the deep R-M3D model with the state-of-the-
art

Based on the above experimental discussion, it has been veri ed the fact that 3D convolu-
tions performed on a multi-cue input outperform 3D convolutions performed on a single-cue
input. However, the classi cation accuracies are not satisfactory compared with current
state-of-the-art models. One reason is that C3D model only contains about 8 layers, which
is not deep enough. Another reason is that the scale of UCF101 and HMDB51 datasets
only is about 10,000, which are not enough for training a deep neural network. Kinetics
dataset [25] is a huge trimmed action dataset, which contains about 300,000 videos and
400 action categories. To explore a deep network on a larger dataset, we ne-tune the
proposed R-M3D based on the pretrained Kinetics 3D ResNet on UCF101 and HMDB51
datasets.

We compare our proposed R-M3D ResNet model with other state-of-the-art models in-
cluding one traditional hand-crafted model (.e. improved dense trajectories (iDT) [41])
and six deep learning modelsif. two-stream convolutional networks [34], two-stream
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Figure 2.9: The training loss of C3D and M3D on the UCF101 dataset, the number of epochs
is 50.

with LSTM [44], long-term recurrent convolutional networks (LRCN) [9], long-term tem-
poral convolutions networks (LTCN) [39], Spatiotemporal Residual Networks (ST-ResNet)
[10], Pseudo-3D Residual Networks (P3D ResNet) [33], 3D convolutional networks (C3D)
[36])and 3D ResNet [16]). Note that 3D ResNet in [16] also is ne-tuned on UCF101 and
HMDB51 datasets by using the Kinectics pretrained 3D ResNet. Experimental results on
UCF101 and HMDB51 datasets are summarized in Table 2.5.

According to Table 2.5, we can nd that the proposed ne-tuned R-M3D model outperform-

s all other compared state-of-the-art models (including iDT+FV, Two-stream networks,
Two-stream + LSTM, LRCN, LTCN, C3D (3 nets), P3D ResNet and 3D ResNet) except
ST-ResNet on UCF101 and HMDB51 datasets. Especially compared to 3D ResNet, the
proposed R-M3D improves 3.9% and 4.4% on UCF101 and HMDB51 datasets, respective-
ly. This demonstrates that 3D convolutions performed on a multi-cue input can improve
the action recognition compared with 3D convolutions performed on a single-cue input.
We can also nd that ne-tuned R-M3D has a signi cant improvement compared with the
M3D model on UCF101 and HMDB51 datasets. This indicates that both a deep network
and a larger dataset are important and critical for 3D CNNs to improve action recognition.
In addition, we nd that the accuracy of our proposed R-M3D is lower 0.2% and 1.0% than
ST-ResNet on both UCF101 and HMDB51 datasets, respectively. This reason may be at-
tributed to ST-ResNet can make fully use of the complementary information between the
two streams of the two-stream architecture.



2.5 Summary 29

Table 2.5: Top-1 classi cation accuracies of the proposed R-M3D model compared with the
state-of-the-art models on UCF101 and HMDB51 datasets (Mean of all accuracies over 3
splits).

Models UCF101 | HMDB51

iDT+FV [41] 85.9% 57.2%
Two-stream networks [34] | 86.9% 58.0%
Two-stream + LSTM [44] 88.6%

LRCN [9] 82.9%
LTCN [39] 91.7% 64.8%

C3D (3 nets) [36] 85.2%

P3D ResNet [33] 88.6%
ST-ResNet [10] 93.4% 66.4%

3D ResNet ( ne-tuned) [16]| 89.3% 61.0%
R-M3D ( ne-tuned) 93.2% 65.4%

2.5 Summary

In this chapter, we propose a novel M3D model for action recognition. The M3D model
directly performs 3D convolutions on a multi-cue input,i.e. stacked triple video frames
including appearance information, direct motion information and salient motion informa-
tion. Compared with the existing 3D CNN-based action recognition methods, the proposed
novel triple video representation can integrate the appearance cue, direct motion cue and
salient motion cue as input for 3D convolutions. Further, the salient motion cue is robust
to background motion noises such as slight leaf jittering and water rippling, which has
not been applied in action recognition before. We also develop R-M3D based on the deep
3D ResNet for action recognition. Experimental results veri ed the e ectiveness of our
proposed M3D model, and the proposed R-M3D model achieves competitive performance
compared with the state-of-the-art.
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Chapter 3

Motion saliency based multi-stream
multiplier ResNets for action
recognition

In this chapter, we propose a Motion Saliency based multi-stream Multiplier
ResNets (MSM-ResNets) for action recognition. The proposed MSM-ResNets
model consists of three interactive streams: the appearance stream, motion
stream and motion saliency stream. Similar to conventional two-stream CNNs
models, the appearance stream and motion stream are responsible for captur-
ing the appearance information and motion information, respectively, while the
motion saliency stream is responsible for capturing the salient motion infor-
mation. In particular, to e ectively utilize the spatiotemporal interactive in-
formation between di erent streams, the proposed MSM-ResNets model estab-
lishes interactive connections between di erent streams instead of fusing three
streams at the nal output layer. Two kinds of di erent multiplicative connec-
tions are injected, the rst one is to inject multiplicative connections from the
motion stream to the appearance stream, while the second one is to inject mul-
tiplicative connections from the motion saliency stream to the motion stream.
Experimental results verify the e ectiveness of the proposed MSM-ResNets on
two standard action recognition datasets: UCF101 and HMDB51.

The organization of this chapter is as follows. Section 3.1 introduces the mo-
tivation of the proposed approach. Section 3.2 introduces a motion saliency
detection method and related work of two-stream CNNSs based methods for ac-
tion recognition. Then a novel motion saliency based multi-stream multiplier
ResNets is proposed in Section 3.3. The architecture implementation of the
proposed MSM-ResNets is presented in Section 3.4 and experimental results
are analysed in Section 3.5. Finally, Section 3.6 concludes this chapter.
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3.1 Introduction

Action recognition is a highly active research eld in computer vision, which aims to
recognize the action category from the videos [7, 9, 36]. However, the accuracy of current
action recognition methods is still not on par with the human. The reason is that action
recognition faces lots of challenges such as moving background clutters, camera viewpoint
changes and illumination variation[3, 42{44].

Convolutional Neural Networks (CNNs)[33, 34, 38] have been widely applied to many
image-based visual tasks such as image classi cation, object recognition and object seg-
mentation [11, 19, 28, 30, 32]. For example, many famous CNNs architectures, such as
AlexNet [20], VGGNet [30], Inception [32] and ResNets [16], have obtained signi cant suc-
cesses in image classi cation eld [27, 38, 45]. To utilize the successful CNNs architectures
for action recognition, domain adaption is considered,e. transferring the knowledge of
successful CNNs architectures in image-based visual tasks from the image domain to the
video domain [25, 26, 47, 49]. Thus, various CNN-based models are proposed for action
recognition [6, 15, 18], which can be roughly classi ed into three categories: two-stream
CNN based models, 3D CNN based models and Recurrent Neural Network (RNN) based
models [35, 37]. Among these models, two-stream CNN based models have achieved a su-
perior performance in action recognition, which consists an appearance stream with RGB
video frames as input and a motion stream with optical ow frames as input. Conventional
two-stream CNN based models usually fuse the appearance information and the motion
information at the nal output layer in a late fusion manner, i.e. the spatiotemporal in-
formation is fused at the output layer. The appearance stream and the motion stream
are separate and there are no interactions between them until the output layer. Thus, the
conventional separate two-stream CNNSs architecture cannot fuse the appearance cue and
the motion cue over time [12{14, 22]. However, The interactions between the appearance
stream and the motion stream can provide ner spatiotemporal fusion information, which
can improve the accuracy of action recognition.

Aiming to establish interactive connections between the appearance stream and the motion
stream instead of fusing them at the nal output layer, Feichtenhofeket al. [8] proposed s-
patiotemporal multiplier networks based on two-stream CNNSs architecture for action recog-
nition, which can inject connections from the motion stream to the appearance stream by
multiplicative interactions. They also have proven that bidirectional connections between
the appearance stream and the motion stream can lead an inferior accuracy of action recog-
nition. However, current most of two-stream CNNs based models treat each moving pixel
equally and ignore paying attention on the salient actiond,.e. the salient moving pixels.

Inspired by the above discussions, the motivations of this chapter contain two folds. The
rst one is to capture the salient motion information, and the second one is to e ectively
utilize the spatiotemporal fusion information between di erent streams. In this chapter, we
propose a Motion Saliency based multi-stream Multiplier ResNets (named MSM-ResNets
for short) for action recognition. Compared with [8], our proposed MSM-ResNets model
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consists of three interactive streams: the appearance stream, motion stream and motion
saliency stream. The appearance stream is responsible for capturing the appearance infor-
mation with RGB video frames as input. The motion stream is responsible for capturing
the motion information with optical ow frames as input. The motion saliency stream is
responsible for capturing the salient motion information with motion saliency frames as
input. In particular, to utilize the complementary information between di erent streams
over time instead of fusing the three streams in a late fusion manner to improve the ac-
curacy of action recognition, the proposed MSM-ResNets model establishes multiplicative
connections between di erent streams. Two kinds of di erent multiplicative connections
are injected, the rst one is to inject multiplicative connections to transmit the motion
cue from the motion stream to the appearance stream, and the second one is to inject
multiplicative connections to transmit the motion saliency cue from the motion saliency
stream to the motion stream. Compared with [8], our proposed MSM-ResNets proposes
a novel motion saliency stream for capturing the motion saliency information and injects
multiplicative connections from the motion saliency stream to the motion stream, which
can improve the robustness to the motion noise in the backgroune.§., slight leaf jittering

or slight water rippling) [4, 24].

To sum up, the contributions of this chapter can be summarized as follows:
A motion saliency stream is proposed for capturing the salient motion information.

The proposed MSM-ResNets model establishes multiplicative connections between
di erent streams (i.e. the appearance stream, the motion stream, and the motion
saliency stream), which can capture the complementary information between di erent
streams over time.

The proposed MSM-ResNets model establishes multiplicative connections from the
motion saliency stream to the motion stream to transmit the motion saliency cue
from the motion saliency stream to the motion stream.

3.2 Background and related work

In this section, since our proposed MSM-ResNets is based on two-stream CNN architecture,
we rst introduce the principle of a temporal Fourier transform based motion saliency
detection method, which is used for extracting motion saliency frames from consecutive
RGB video frames in Section 3.2.1. Then we introduce related work of two-stream CNNs
based methods for action recognition in Section 3.2.2.
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3.2.1 Motion saliency detection

To capture the salient actions,i.e. the salient moving pixels, in the videos, a temporal
Fourier transform based Motion Saliency detection method (hamed FMS for short) is
introduced [4]. The core idea of the FMS method is that converting video frames from time
domain to frequency domain by Fourier transform, and then identify the salient moving
regions according the corresponding phase spectrum. The procedure of this method can
be brie y summarized in Algorithm 1.

Algorithm1: FMS
Input: An action video
Output: Motion saliency maps
) Extracting consecutive RGB video frames from a given
Step 1: . 2
action video;
Extracting pixels in the same position {;j ) of
Step 2: consecutive RGB video frames and stacking them to

form corresponding temporal sequences;
Converting these temporal sequencgg from time

Step 3: domain to frequency domain by Fourier transform:
fj = (tj), here denotes Fourier transform;
Obtaining the corresponding phase spectrum of

Step 4: these temporal sequencgs = (f;), here

denotes the function of computing phase spectrum,;
Converting these temporal sequencey from
frequency domain to time domain by inverse Fourier

Step 5: transform: t?} =  (pj), here ! denotes inverse
Fourier transform;
Obtaining the salient moving pixels according to the
Step 6: g gp g

result tf} and form the motion saliency maps;

The results of motion saliency maps obtained by the FMS motion saliency method from
multiple consecutive video frames can be illustrated in Figure 3.1 as follows:

3.2.2 Two-stream based CNNs methods for action recognition

Two-stream CNNs based methods have been widely applied in action recognition eld.
Simonyanet al. [29] rst proposed two-stream CNNs architecture for action recognition,
which consists of the spatial stream and temporal stream. The spatial stream can extract
the appearance features and the temporal stream can extract the motion features. Fi-
nally, the results of the spatial stream and the temporal stream are averaged. & al.
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Figure 3.1: The top illustrates multiple consecutive video frames. The bottom illustrates
the motion saliency map frames obtained by the FMS motion saliency method from multiple
consecutive video frames.

[40] proposed a human-related region based multi-stream convolutional neural network for
action recognition, which captures the human-related motion regions as an input for the
additional human-related stream based on the conventional two-stream network. Lat

al. [23] proposed spatiotemporal saliency based multi-stream networks for action recog-
nition, which adds the spatiotemporal saliency maps as an input based on conventional
two-stream CNNs. Based on [23], Liet al. [22] further proposed to combine the spa-
tiotemporal saliency based multi-stream networks with attention-aware LSTM together
for action recognition. However, there are not any interactions between the spatial stream
and the temporal stream, which will lead to impair the accuracy of action recognition.

To establish interactions between the spatial stream and the motion stream for improving
the accuracy of action recognition, Feichtenhofeat al. [10] proposed to register the spatial
cue with the temporal cue by spatial fusion, which uses a special convolutional layer to
fuse the spatial feature maps and the temporal feature maps at the same position. In [8],
Feichtenhoferet al. proposed to inject residual connections from the appearance stream to
the motion stream to establish the spatiotemporal interactions between the two streams.
Tian et al. [36] proposed a multi-cue combination convolutional neural network for action
recognition, which consists of three streams and uses three di erent featurdss. the
appearance features, the motion features, and the acoustic features, as input. Besides,
dense connections are introduced between di erent streams.

In addition, Carreira et al. [2] proposed to expand the Iters and pooling kernels into 3D
based on the two-stream architecture, which can capture seamless spatiotemporal features
from the videos. Varolet al. [41] proposed to use long-term temporal convolutions to cap-
ture the spatiotemporal features in a longer time period, which can improve the accuracy
of action recognition. Daiet al. [5] proposed to apply attention mechanism on the out-
puts of di erent feature maps based on the two-stream model and combine the two-stream
architecture with LSTM for capturing long-term cues in the video sequences.

However, current most of two-stream CNNs based models treat each moving pixel equally
and ignore paying attention on the salient actionsj.e. the salient moving pixels, which
will lead to a low accuracy when encountering various the motion noise in the background
(e.g., slight leaf jittering or slight water rippling) [4, 24].
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3.3 Our proposed MSM-ResNets

In this section, we rst introduce the baseline architecture of two-stream residual networks
in Section 3.3.1. Based on the two-stream residual networks, then we will introduce the
architecture of our proposed MSM-ResNets for action recognition in Section 3.3.2. Lastly,
we introduce the process of multiplicative interactions of the proposed MSM-ResNets in
Section 3.3.3.

3.3.1 Architecture of two-stream residual networks

Our proposed MSM-ResNets architecture is based on the two-stream residual networks,
which consists of two separate CNN streams: the spatial stream is responsible for capturing
the appearance features with RGB video frames as input; the temporal stream is respon-
sible for capturing the motion features withL consecutive optical ow frames (usually

L = 20 including 10 vertical optical ow frames and 10 horizontal optical ow frames) as
input. Each stream performs its own action recognition classi cation task and the output
of each stream is averaged on the softmax layer in a late fusion manner.

For each stream of the two-stream residual networks, ResNets [16] is adopted as the back-
bone network. ResNets can e ectively address the degradation problem by adding skip
connections to propagate information directly across multiple hidden layers. The residual
block can be de ned as follows:

Xj+1 = f(X| +’ (X|;W|)) (31)

where the residual block can be regarded as a layeq, and X;.; denote the input and
output of the Ith layer, denotes the convolutional lter weights,’ () denotes a nonlinear
mapping function, f () usually denotes the nonlinear function ReLU [17].

3.3.2 Architecture of MSM-ResNets

Based on two-stream residual networks, our proposed MSM-ResNets consists of three in-
teractive streams: the appearance stream, motion stream and motion saliency stream.
The appearance stream is responsible for capturing the appearance information with RGB
video frames as input. The motion stream is responsible for capturing the motion infor-
mation with optical ow frames as input. The motion saliency stream is responsible for
capturing the salient motion information with motion saliency frames as input, which can
also suppress the motion noise in the background.., slight leaf jittering or slight water
rippling) [4, 24]. The motion saliency map frames can be obtained by the FMS motion
saliency detection method [4] from multiple consecutive video frames. For each stream,
ResNets is adopted as the backbone network.
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In particular, to utilize the complementary information between di erent streams over
time instead of fusing three streams on the nal output layer, the proposed MSM-ResNets
model establishes interactive connections between di erent streams. Two kinds of di erent
multiplicative connections are injected, the rst one is to inject multiplicative connections
to transmit the motion cue from the motion stream to the appearance stream, and the
second one is to inject multiplicative connections to transmit the motion saliency cue from
the motion saliency stream to the motion stream. The structure of the proposed MSM-
ResNets model with multiplicative connections from the motion stream to the appearance
stream and from the motion saliency stream to the motion stream is illustrated in Figure
3.2.

Appearance stream Motion stream Motion saliency stream
Convolution layer ‘ ‘ Convolution layer Convolution layer
RelLU RelLU RelLU

‘ ReLLU

ReLU

o

‘ Convolution layer ‘

RelLU

‘ Convolution layer ‘ ‘ Convolution layer ‘

RelLU RelLLU ReLU

‘ Convolution layer ‘ ‘ Convolution layer ‘ ‘ Convolution layer ‘

RelLU ReLU RelLU

‘ Convolution layer ‘ ‘ Convolution layer ‘ ‘ Convolution layer ‘

RelLU RelLU ReLLU

Figure 3.2: The structure of the proposed MSM-ResNets model with multiplicative connec-
tions from the motion stream to the appearance stream (green single arrow) and from the
motion saliency stream to the motion stream (yellow single arrow).

3.3.3 Process of multiplicative interactions: Forward propaga-
tion and backpropagation

The process of multiplicative interactions among the appearance stream, the motion stream
and the motion saliency stream in a residual block is illustrated in Figure 3.3.
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Figure 3.3: The process of multiplicative interactions in the residual building block of the pro-
posed MSM-ResNets. The green single arrow denotes the multiplicative connections from the
motion stream to the appearance stream, the yellow single arrow denotes the multiplicative
connections from the motion saliency stream to the motion stream.

For the forward propagation of the residual building block of the proposed MSM-ResNets,
given thelth layer input x? of the appearance stream, th&h layer input x" of the motion
stream and thelth layer input x™* of the motion saliency stream, we can obtain the
corresponding forward outputs of thdth layer of the appearance stream, théh layer of
the motion stream and thelth layer of the motion saliency stream:

X = FOG (O FO4" X)) W) (3.2)
X = PO+ (FOT ™), W) (3.3)
X = O™+ (O W) (3.4)

where denotes the elementwise multiplicationxf,, denotes the output of thelth layer of
the appearance streami(e. the input of the (1+1)th layer of the appearance stream)’,
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denotes the output of thelth layer of the motion stream {.e. the input of the (I + 1)th
layer of the motion stream) andx}; denotes the output of thelth layer of the motion
saliency stream {.e. the input of the (I + 1) th layer of the motion saliency stream).

For the forward propagation, we can nd that these following observations according to
Equations (3.2)-(3.4): the output of the motion saliency stream is modulated by the motion
saliency signalx™®; the output of the motion stream is modulated by the motion signal

X" and the motion saliency signak{"; the output of the appearance stream is modulated
by the appearance signak?, the motion signalx" and the motion saliency signak".

For the backpropagation of the residual building block of the proposed MSM-ResNets, the
loss function denoted agoss, according to the chain rule of derivation and the backprop-
agation [8, 20], we can derive the corresponding gradient of the appearance stream, the
corresponding gradient of the motion stream, and the corresponding gradient of the motion
saliency stream.

In detail, the corresponding gradient of the appearance stream in a residual block can be
derived as:

@loss  @losgX?,,
@? ?+1 @?
@los@{x? + ' (f (X! (X" X"™)); W)
Ia+1 @(Ia
_ @losge @3+ (FOFFO X); W)
P "X

- @lose gy, UOE 160 X)W
[+1 {

) (3.5)

a

wheref °( ) denotes the derivative of the nonlinear functiorf ( ).
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The corresponding gradient of the motion stream in a residual block can be derived as:

@loss @los€X},

@ 1 @G
@loss ) @'(f(x¢ f(x™ x™));Wa)

b @(F (P O x™)); W) @{x" x")

_ @los@{(x" + " (F (X" x™));W™)
41 @

N @loss 21 @O (™ x™);Wa)
b @(F O O X)) WR) @ix"  x™)

_ @lospe \@XI+ " (F O X[™): W)
41 @

, @loss 1 @O T X™)); W)
b @(F (O O x™)); WP @{x" x")

_ @losse ), @O X)W,
41 @

N @loss | ) @'(f(x¢ f(x™ x™));Wa) (3.6)
b @(F (P O™ x™)); W) @{x"  x")

where the rst item in the right of Equation (3.6) denotes the gradient from the motion
stream and the second item in the right of Equation (3.6) denotes the gradient from the
appearance stream.

The corresponding gradient of the motion saliency stream in a residual block can be derived
as:

@loss_ @los€X3 N @loss e @(f (x"  x")); wWm)

O T O @ OF, @O X)W o

, @loss i @(F O F O X)) W) -
B @(F O FO4" X)), W) @  x™)

where the rst item in the right of Equation (3.7) denotes the gradient from the motion
saliency stream, the second item in the right of Equation (3.7) denotes the gradient from
the motion stream and the third item in the right of Equation (3.7) denotes the gradient
from the appearance stream.

For the backpropagation, we can nd that these following opposite observations compared
with the forward propagation according to Equations (3.5) - (3.7): the gradient owing
of the appearance stream in a residual block is modulated by the appearance sigkfal
the gradient owing of the motion stream in a residual block is modulated by the motion
saliency signalx™ except the motion signalx"; the gradient owing of the motion stream

in a residual block is modulated by the appearance signaf' and the motion signalx|"
except the motion saliency signak™ .
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Table 3.1: The 34-layer residual network architecture used in our proposed MSM-ResNets.

m! 2 denotes the injected multiplicative interaction from the motion stream to the appear-
ance stream. ™' ™M denotes the injected multiplicative interaction from the motion saliency
stream to the motion stream. The convolution operation on each convolutional layer can be
described asW H;C]. W denotes the width of the convolution kernel, H denotes the
height of the convolution kernel and C denotes the number of feature maps.

Convl Pooll Conv2.x Conv3.x
3 3,64 3 3,128

7 76 O S e Tt | e mer s

stride size: 2| ide size: 2 | 3 364 ,| 3 3128
3 3,64 3 3;128

Conv4.x Convb5_x Pool5 FC

3 3;256 3 3;512

3 3;256 3 3;512 7 7

m! a; ms! ms m! a; ms! ms A\/erage p00| Softmax

3 3;256 5 3 3;512 5

3 3;256 3 3;512

3.4 Architecture implementation

In the architecture implementation of the proposed MSM-ResNets, ResNets is adopted
as the backbone network for our proposed MSM-ResNets. In detail, we adopt 34-layer
ResNets as the backbone network, which is suitable for the scale of the UCF101 [31] and
HMDB51 [21] datasets. To utilize the successful CNNs in image classi cation for action
recognition, the pretrained ResNets on ImageNet dataset [19] is adopted to initialize the
backbone network ResNets of our proposed MSM-ResNets. Table 3.1 demonstrates the
residual block architecture used in our proposed MSM-ResNets.

We illustrate the framework of the proposed MSM-ResNets in Figure 3.4. The proposed
MSM-ResNets consists of three interactive streams: an RGB video frame is fed into the
appearance stream, optical ow frames are fed into the motion stream and a motion saliency
frame is fed into the motion saliency stream. The outputs of three streams are average on
the softmax layer and the averaged result is adopted as the nal prediction of the proposed
MSM-ResNets.

3.5 EXxperiments

In this section, we present the experimental details. First, we introduce experimental
preliminary in Section 3.5.1. Then we conduct the ablation contrast experiments to verify
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Figure 3.4: The framework of the proposed MSM-ResNets, which contains the appearance
stream, motion stream and motion saliency stream. An average fusion manner is adopted on
the softmax layer for the nal prediction.

the e ectiveness of the proposed MSM-ResNets in Section 3.5.2. Finally, we compare our
proposed MSM-ResNets with the state-of-the-art in Section 3.5.3.

3.5.1 Experimental preliminary

In this section, we rst introduce experimental datasets for action recognition in Section
3.5.1.1. Then we introduce the training procedure in Section 3.5.1.2.

3.5.1.1 Experimental datasets

We evaluate our proposed MSM-ResNets with all other comparison methods on two s-
tandard action recognition datasets: UCF101 and HMDB51. The UCF101 dataset is a
realistic action recognition dataset, which directly collects 13320 action videos from Y-
outube media and contains 101 action categories. Three train/test splits are provided for
the UCF101 dataset, which can split the whole UCF101 dataset into the training dataset
and test dataset. The training dataset contains about 9.4k action videos and test dataset
contains about 3.7k action videos. HMDB51 dataset mostly collects action videos from
movies and YouTube, which collects about 6.8k action videos and contains 51 action cat-
egories. Similar to the UCF101 dataset, HMDB51 dataset also provides three train/test
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splits for splitting the training dataset and test dataset. All the experiments are performed
according to the provided three di erent train/test splits, and we adopt the average clas-
si cation accuracy over three splits as the nal accuracy result for action recognition on
the UCF101 and HMDB51 datasets [48].

3.5.1.2 Training procedure

We use Python to implement the proposed MSM-ResNets based on deep learning frame-
work Pytorch. All the experiments are conducted in the Ubuntu 16.04 Operation System
environment. We train our model on four Nivida GTX 1080Ti GPUs. The initial value

of learning rate is set 0.01. We use mini-batch stochastic gradient descent (SGD) with
momentum value 0.9 to train the proposed MSM-ResNets and the batch size is set 64. All
the inputs (including RGB video frames, optical ow frames and motion saliency frames)
are resized into 224 224. To improve the generalization ability of the proposed MSM-
ResNets, we perform data augmentation according to [46]. We randomly crop the input
sample from ve di erent positions: top left corner, top right corner, bottom left corner,
bottom right corner and center. In addition, we also randomly horizontally ip the input
sample with 50% probability. Besides, we use the pretrained ResNets on ImageNet dataset
[19] to initialize the backbone network and backpropagation is adopted to training the
network.

For the appearance stream, the input of the appearance stream is a single RGB video frame.
For the motion stream, we use an e ective and e cient optical ow estimation method

[1] to extract the corresponding optical ow frames from multiple consecutive RGB video
frames. The input of motion stream is 2L consecutive optical ow frames, which usually
includesL vertical optical ow frames and L horizontal optical ow frames (the value of

L usually is set as 10). Similar to the appearance stream, the input of the motion saliency
stream is a single motion saliency frame, which is extracted from the RGB video frames
by the motion saliency detection method used in [4]. According to Figure 4, we train
each stream with SGD and obtain the corresponding softmax score. Then an average
fusion is applied on all the softmax scores of the appearance stream, motion stream and
motion saliency stream. Backpropagation is applied to adjust and update the proposed
MSM-ResNets during the training process.

We also illustrate the loss computing process of the proposed MSM-ResNets in Figure 3.5.
In detail, for the appearance stream, we can obtain the corresponding softmax score. Then
we can compute the prediction and the ground truth to obtain the corresponding loss of
the appearance stream, which can be denoted bsss,. For the motion stream and the
motion saliency stream, we can also obtain the corresponding loss of the motion stream
and the motion saliency stream, which can be denoted &sss,, and loss,s. We sum up
the losses of these streams and obtain the nal total loss of the proposed MSM-ResNets,
which can be denoted assyym .
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Figure 3.5: The loss computing process of the proposed MSM-ResNetdoss, denotes the
loss of the appearance streamloss,, denotes the loss of the motion stream]ossy,s denotes
the loss of the motion saliency stream, andossgym denotes the total loss of all streams.

3.5.2 Analysis of ablation experiments

To verify the e ectiveness of the proposed MSM-ResNets, we set up a set of ablation
experiments. For a fair comparison, all the comparison methods (including two-stream C-
NNs, spatiotemporal multiplier networks and the proposed MSM-ResNets) adopt 34-layer
residual network as the backbone network. The rst comparison method is the two-stream
convolutional neural networks (two-stream CNNSs) [29], which is the baseline network ar-
chitecture for two-stream CNNs based methods. The second comparison method is the
spatiotemporal multiplier networks in [8], which injects multiplicative interactions from
the motion stream to the appearance stream based on two-stream CNNs. The third com-
parison method is our proposed MSM-ResNets, which is based on the spatiotemporal mul-
tiplier networks [8]. In addition, we average the results of the softmax layers of di erent
streams as the nal prediction. Table 3.2 illustrates the ablation experimental results of
the comparison methods including the baseline two-stream CNNSs, the spatiotemporal mul-
tiplier networks and the proposed MSM-ResNets on the standard UCF101 and HMDB51
datasets.

According to Table 3.2, we can nd that the proposed MSM-ResNets obtains the best
performance compared with the baseline two-stream CNNs and the spatiotemporal mul-
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Table 3.2: Classi cation accuracy of the comparison methods: two-stream CNNSs, spatiotem-
poral multiplier networks and the proposed MSM-ResNets on the UCF101 and HMDB51
datasets.

Methods (34-layer) UCF101 | HMDB51
Two-stream CNNs 87.2% 58.9%
Spatiotemporal multiplier networks | 91.3% 63.8%
MSM-ResNets 93.5% 66.7%

tiplier networks on both the UCF101 and HMDB51 datasets. In detail, compared with
the spatiotemporal multiplier networks, the proposed MSM-ResNets improves 2.2% and
2.9% on UCF101 and HMDB51 datasets, respectively. The reason is that the proposed
MSM-ResNets can capture the salient action information and suppress the motion noise
in the background ¢.g., slight leaf jittering or slight water rippling) [4, 24] by the novel
developed motion saliency stream, which can transmit motion saliency cue from the mo-
tion saliency stream to the motion stream by injecting multiplicative connections. This
veri es the e ectiveness of the proposed MSM-ResNets because we keep the same settings
(including the same depth, the same backbone network and the same fusion manner on the
softmax layer) for the spatiotemporal multiplier networks and the proposed MSM-ResNets.
Compared with conventional two-stream CNNs, the proposed MSM-ResNets signi cantly
improves 6.3% and 7.8% on the UCF101 and HMDB51 datasets, respectively. This veri es
the superior performance of the proposed MSM-ResNets again.

We also illustrate the training loss of the two-stream CNNs, spatiotemporal multiplier
networks and the proposed MSM-ResNets over 100 epochs on the UCF101 dataset in
Figure 3.6. We can nd that the proposed MSM-ResNets obtains the fastest convergence
rate, then follows the spatiotemporal multiplier networks and two-stream CNNs, which
shows that the proposed MSM-ResNets converges faster than the spatiotemporal multiplier
networks and two-stream CNNSs.

3.5.3 Comparison with the state-of-the-art

Except the above ablation studies, we also compare the proposed MSM-ResNets with the
state-of-the-art methods including conventional two-stream CNNs method [29], spatiotem-
poral multiplier networks (named SMN for short) [8], convolutional two-stream network
(named CTN for short) [10], 3D convolutional networks (named C3D for short) [39], Long-
term temporal convolution network (named LTCN for short) [41], spatiotemporal salien-
cy based multi-stream networks (named STS-network for short) [23] and spatiotemporal
saliency based multi-stream networks with attention-aware LSTM (named STS-ALSTM
for short) [22]. The comparison results of the proposed MSM-ResNets with the state-of-
the-art methods on the UCF101 and HMDB51 datasets are reported in Table 3.3.
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Figure 3.6: Training loss of two-stream CNNs, spatiotemporal multiplier networks and the
proposed MSM-ResNets on the UCF101 dataset.

According to Table 3.3, we can nd that the proposed MSM-ResNets achieves the best
performance compared with other comparison methods including two-stream CNNs, SMN
(34-layer), CTN, C3D, LTCN, STS-network and STS-ALSTM on both the UCF101 and
HMDB51 datasets. This shows that our MSM-ResNets can e ectively improve the accu-
racy of action recognition. In detail, for the UCF101 dataset, the proposed MSM-ResNets
improves 6.6% (vs two-stream CNNSs), 0.7% (vs SMN (34-layer)), 1.0% (vs CTN), 8.3% (vs
C3D), 1.8% (vs LTCN), 3.4% (vs STS-network) and 0.8% (vs STS-ALSTM), respectively.
For the HMDB51 dataset, the proposed MSM-ResNets improves 8.7% (vs two-stream C-
NNs), 1.5% (vs SMN (34-layer)), 1.3% (vs CTN), 1.9% (vs LTCN), 4.3% (vs STS-network)
and 2.3% (vs STS-ALSTM), respectively. Firstly, we can nd that, compared with the
classic two-stream CNNs, our MSM-ResNets signi cantly improves 6.6% and 8.7% on the
UCF101 and HMDB51 datasets, respectively. This shows that the proposed MSM-ResNets
can signi cantly improve the accuracy of action recognition. The reason is that the mo-
tion saliency stream can provide the salient motion information and can transmit motion
saliency cue from the motion saliency stream to the motion stream, which can help improve
the accuracy of action recognition. Secondly, we can nd that our MSM-ResNets improves
0.7% and 1.5% compared with the SMN (34-layer) model on the UCF101 and HMDB51
datasets, respectively. This veri ed that the developed novel motion saliency stream of
the proposed MSM-ResNets and the corresponding multiplicative injections from the mo-
tion saliency stream to the motion stream can improve the accuracy of action recognition.
Thirdly, compared with the STS-network, the proposed MSM-ResNets improves 3.4% and
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Table 3.3: The comparison results of the proposed MSM-ResNets with the state-of-the-art
methods on the UCF101 and HMDB51 datasets.

Methods UCF101 | HMDB51
Two-stream CNNs [29]] 86.9% 58.0%
SMN (34-layer) [8] 92.8% 65.2%

CTN [10] 92.5% | 65.4%
C3D [39] 85.2% -
LTCN [41] 91.7% | 64.8%

STS-network [23] 90.1% 62.4%
STS-ALSTM [22] 92.7% 64.4%
MSM-ResNets 93.5% 66.7%

4.3% on the UCF101 and HMDB51 datasets, respectively. This shows the interactions
between di erent streams can help improve the accuracy of action recognition. Because
the STS-network only adds a spatiotemporal saliency stream based on the conventional
two-stream network, and there are not any interactions between dierent streamd.¢.
the appearance stream, the motion stream and the spatiotemporal saliency stream) of the
STS-network.

Although the proposed MSM-ResNets outperforms other compared state-of-the-art models,
the time cost of the MSM-ResNets is expensive at the data pre-processing stage. The
compared C3D model directly feeds the RGB frames into the 3D convolutional neural
network and there are not any data pre-processing at the input stage. Compared with the
C3D model, the proposed MSM-ResNets needs computing optical ow frames and motion
saliency maps from the consecutive RGB frames, which are time-consuming.

3.6 Summary

In this chapter, we propose a Motion Saliency based multi-stream Multiplier ResNets

(MSM-ResNets) for action recognition. The proposed MSM-ResNets model consists of
three interactive streams: the appearance stream, motion stream and motion saliency
stream. There are two kinds of di erent multiplicative connections between these streams:

from the motion stream to the appearance stream and from the motion saliency stream to

the motion stream. The proposed MSM-ResNets can capture the salient motion informa-

tion and suppress the motion noise in the background by the novel developed motion salien-
cy stream. Experimental results verify the e ectiveness of the proposed MSM-ResNets and
achieves competitive performance with other state-of-the-art methods on both the UCF101

and HMDB51datasets.
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Chapter 4

Spatial and temporal saliency based
four-stream network with multi-task
learning for action recognition

A novel spatial and temporal saliency based four-stream network with multi-
task learning is proposed for action recognition. The proposed model com-
prises two parts: (i) The rst part is a spatial and temporal saliency based
four-stream network, which comprises four streams: an appearance stream, a
motion stream, a novel spatial saliency stream, and a novel temporal saliency
stream. The novel spatial saliency stream is used to acquire spatial saliency
information and the novel temporal saliency stream is used to acquire tempo-
ral saliency information. (ii) The second part is a multi-task learning based
long short-term memory network (LSTM), which adopts the feature represen-
tations obtained by obtained convolutional neural networks (CNN) as input.
The multi-task learning based LSTM can share the complementary knowledge
between di erent streams and capture long-term dependency relationships of
the consecutive frames over temporal evolution. We conduct experiments on
UCF101, HMDB51 and Kinetics datasets to verify the e ectiveness of our
network, and demonstrate that our network has better performance than the
state-of-the-art methods in recognizing actions.

The organization of this chapter is as follows. In Section 4.1, we introduce
the motivation of the proposed approach. The related work of two-stream based
models and Recurrent Neural Network (RNN) based models for action recog-
nition is introduced in Section 4.2. Then we present the proposed model for
action recognition in Section 4.3. The implementation details of the proposed
model are provided in Section 4.4. In Section 4.5, we discuss our experimental
results. Finally, a conclusion is drawn in Section 4.6.
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4.1 Introduction

Convolutional Neural Networks (CNNs) have been successfully used to solve many im-
age processing tasks such as image recognition, object detection and object segmentation
[12, 15, 16]. CNN can learn deep hierarchical features through multiple progressive convo-
lutional layers, which are di erent from shallow hand-crafted features and more suitable

for various visual recognition tasks. Inspired by the successful use of CNNs in image pro-
cessing, various CNN-based methods were developed for video processing such as video
action recognition [4, 26].

Action recognition aims to recognize and categorize actions in videos. Di erent from static
images, videos have both spatial component and temporal component. The temporal
component contains motion information, which is important for recognizing actions. Two-
stream models are a classic CNN-based model for action recognition [26], which comprises
two streams: (i) a temporal stream for acquiring the motion information, and (ii) a spatial
stream for acquiring the appearance information. Although various two-stream models
[9, 11, 26] were developed in action recognition, there are two issues to be considered in
two-stream models:

(i) Videos usually contain useless backgrounds such as clutters and unrelated background
objects, which may a ect and mislead the recognition of desirable actions. For this issue,
Liu et al. [21] considered capturing the spatiotemporal foreground object information to
improve recognition accuracy. Wanget al. [33] considered extracting the salient features
as an input instead of using an entire video frame. Tet al. [30] developed a multi-stream
CNN architecture, which extracted human-related regions from video frames and the cor-
responding optical ow frames as complementary input. However, most of the existing
saliency based methods mainly focus on extracting the salient object information while
ignoring the salient motion information, which is important for improving the accuracy of
action recognition.

(i) The fusion of spatial information and temporal information in two-stream models is im-
portant. For this issue, Feichtenhofeet al. [11] considered fusing spatial information with
temporal information on a speci ed convolution layer instead of the nal softmax layer.
Ming et al. [38] considered injecting multiplicative connections between di erent stream
to transmit di erent spatiotemporal cues. These methods lack the ability of modelling
long-term dependency relationships of consecutive frames. latial. [21] considered us-
ing attention-aware LSTMs to capture the long-term dependency relationships of di erent
streams §.e. the appearance stream, motion stream and spatiotemporal saliency stream).
An average fusion of the predictions of di erent LSTMs is adopted. However, this method
only simply averages the predictions of di erent stream as the fusion result, which cannot
take fully advantage of the complementary knowledge among di erent streams.

According to the above analysis, this chapter proposes a novel spatial and temporal saliency
based four-stream network with multi-task learning for action recognition. Our proposed
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model comprises two parts: (i) The rst part is the spatial and temporal saliency based
four-stream network, which consists of four streams: an appearance stream, a motion
stream, a novel spatial saliency stream, and a novel temporal saliency stream. The nov-
el spatial saliency stream is used for acquiring the salient object cue while ignoring the
background. The novel temporal saliency stream is used for acquiring the salient mo-
tion cue over long temporal periods and suppressing motion noises. (ii) The second part
is a multi-task learning based LSTM, which adopts the feature representations obtained
by convolutional neural networks (CNN) as input. The multi-task learning based LSTM
can share the complementary knowledge between di erent streams and model/capture the
long-term dependency relationship of the consecutive frames over temporal evolution.

The proposed model contains Multi-cuei(e. the spatial cue, temporal cue, spatial saliency
cue and the temporal saliency cue), Multi-stream and Multi-task learning. Thus, we name
the proposed model as the 3M model. Di erent from the conventional CNN features-based
LSTM methods for action recognition [35], our proposed 3M model obtains the CNN
features of each stream using the proposed four-stream network and utilizes an LSTM to
share di erent inputs for the entire network training.

The key contributions of this chapter can be categorized as follows:

We propose a novel spatial saliency stream to capture the salient object information
from videos for recognizing actions.

We propose a temporal saliency stream to capture the salient motion information
from videos for recognizing actions.

Our 3M model can model/capture di erent long-term dependency relationships of
di erent cues (i.e. the spatial cue, temporal cue, spatial saliency cue and the temporal
saliency cue) by LSTMs. Further, it can fuse di erent cues as a whole by multi-task
learning.

4.2 Related work

4.2.1 Two-stream based model for action recognition

The rst two-stream based model for action recognition was introduced by Simonyan and
Zisserman [26], which comprised a temporal stream and a spatial stream. The spatial
stream used the raw video frames as input fed into a CNN to capture appearance infor-
mation. The temporal stream uses the extracted optical ow frames as an input fed into
a CNN to capture the motion information. Then an average of the outputs of both the
spatial and temporal stream was adopted as the nal prediction. However, this model only
considered fusing the spatiotemporal information in the output stage while ignored the
spatiotemporal information fusions over temporal evolutions.
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To explore the spatiotemporal information fusion, Karpathyet al. [18] proposed three dif-
ferent fusion methods, named early fusion, late fusion and slow fusion for action recognition.
These fusion methods mainly inferred the motion information implicitly from consecutive
multiple video frames because they only adopted the RGB frames as input. Feichtenhofer
et al. [11] fused spatial feature information with temporal feature information on a spec-

i ed convolution layer rather than on the nal softmax layer. In [9], a spatiotemporal
residual network was proposed by injecting residual connections between two streams. Fe-
ichtenhofer et al. [10] considered learning long-term temporal relationships by building
multiplicative connections between di erent streams. Shet al. [24] developed a data-
driven two-stream graph convolutional network, which could utilize the exibility of graph
convolutional network to improve the performance.

To directly capture the spatiotemporal information from videos, a two-stream 3D CNN was
proposed in [4]. Carreira and Zisserman [4] extended a 2D two-stream ConvNets into a 3D
two-stream ConvNets for action recognition, which could seamlessly learn spatiotemporal
representation features of video actions. To reduce the expensive computation cost of
the two-steam 3D convolutional neural networks proposed in [4], X al. [34] kept the
3D spatiotemporal convolutions on the low layers or the top layers of the two-stream 3D
convolutional neural networks, and used 2D convolutions to replace the 3D convolutions in
the remaining 3D convolution layers. In [8], a SlowFast network was developed for action
recognition, which consisted of a slow pathway and a fast pathway. The slow pathway
operated at a low frame rate is responsible for learning the spatial features and the fast
pathway operated at a high frame rate is responsible for learning the temporal features.

However, it is di cult for two-stream CNN based models to directly capture the long-term
dependency relationship of consecutive frames over the whole temporal evolution.

4.2.2 RNN based model for action recognition

Recurrent Neural Network (RNN) is a natural architecture for processing sequential data,
which has been successfully applied in lots of sequential tasks such as language modelling,
machine translation and video description [3, 31]. For action recognition, RNN based
models usually comprise two steps: (i) extracting features from video frames; (ii) feeding
the extracted features into RNNSs for classi cation. For the feature extractor, CNNs are
becoming more and more popular compared with conventional shallow methods [23, 32] in
action recognition. For the classi er, LSTM is usually adopted for solving the long-term
dependency problem existing in the standard RNNSs.

Various RNN based models for action recognition have been developed. Baccouatha.

[1] utilized the visual Bag of words (visual Bow) method for feature extraction and adopted
an LSTM as a classi er for human action recognition. Unlike the previous shallow feature
extraction methods, Nget al. [35] proposed to use CNNs as the feature extractors to
extract the appearance features from the consecutive video frames and the motion features
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from the stacked optical ow frames. Then the extracted appearance features and motion
features were fed into an individual LSTM for predicting the action category, respectively.
An average strategy was adopted for fusing the outputs of both the LSTMs. Donahue
et al. [7] developed a long-term recurrent convolutional network for visual recognition,
which combined CNN and LSTM as a whole to jointly train them simultaneously. In [2],
Baccoucheet al. extended the 2D ConvNets into 3D ConvNets to learn the spatiotemporal
features, and then an RNN was applied for modelling the temporal evolution of learned
spatiotemporal features. Set al. [25] developed a graph convolutional LSTM to extract the
discriminative spatial features and temporal features from videos. Dat al. [6] proposed
a two-stream attention-based LSTM for action recognition, which can pay attention to the
discriminative features to improve the performance. Besides, Md al. [22] proposed a
temporal segment LSTM to capture the correlations by concatenating spatial features and
temporal features into feature matrices in the temporal dimension.

However, previous RNN based models ignored utilizing the complementary knowledge be-
tween di erent streams. Di erent from previous two-stream CNN based models and RNN
based models, our 3M model can capture motion saliency information and take advantage
of the complementary knowledge between di erent streams by multi-task learning.

4.3 Our proposed 3M model

The proposed spatial and temporal saliency based four-stream network with multi-task
learning (named the 3M model for short) for action recognition consists of two parts: the
rst part is the Spatial and Temporal Saliency based Four-stream network (hamed the
STSF model for short), and the second part is the multi-task learning based LSTM. In this
section, we rst give the preliminary about the used spatial saliency detection method [37],
the temporal saliency detection method [5] and the principle of LSTM in Section 4.3.1.
Then the rst part of our proposed 3M model,i.e. the proposed STSF model, will be
presented in Section 4.3.2. Finally, the proposed 3M model will be presented in Section
4.3.3.

4.3.1 Preliminary
4.3.1.1 Spatial saliency detection

In this section, spatial saliency detection denotes the saliency detection performed in the
spatial dimension,i.e. the traditional saliency detection. The spatial saliency detection
methods aim to detect the salient objects that are di erent from the surrounding environ-
ment, which is useful for many visual tasks and applications such as object detection, im-
age segmentation and action recognition [21]. This chapter utilizes a fast and high-e cient
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saliency detection method [37] for the saliency detection, which is robust to pixel-level uc-
tuation and runs at about 80 frames per second (FPS). We rst use the saliency detection
method in [37] to generate thespatial saliency maps from the stacked video frames. Figure
4.1 illustrates the generatedspatial saliency maps from the stacked video frames. Then
we develop a novel spatial saliency stream with the obtained spatial saliency maps as an

input, which is a part of the proposed STSF model.
2 £ r. 2 7, ] z
B4 B B Y Y

R R R R

Figure 4.1: The generatedspatial saliency mapsfrom stacked video frames by a spatial
saliency detection method [37].

/

4.3.1.2 Temporal saliency detection

In this section, temporal saliency detection denotes the saliency detection performed in
the temporal dimension,i.e. the motion saliency detection. Motion saliency detection
methods are capable of capturing the salient moving objects in a video while ignoring
video backgrounds [17], which have been successfully applied in various vision-based tasks
[13]. This chapter utilizes a fast and e cient motion saliency detection method [5] to
identify salient moving pixels by the obtained phase spectrum in the frequency domain.
This method can capture the salient moving objects over a long-term period. We rst use
this method to generate thetemporal/motion saliency maps from the stacked video frames.
Figure 4.2 illustrates thetemporal/motion saliency maps from the stacked video frames.
Then we develop a novel temporal/motion saliency stream with the temporal saliency maps
as an input, which is a part of the proposed STSF model.

Figure 4.2: The generatedtemporal/motion saliency maps from stacked video frames by a
temporal Fourier transform based motion saliency detection method [5].
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4.3.1.3 LSTM classi er

Figure 4.3: The basic unit of LSTM.

The basic unit of LSTM can be illustrated in Figure 4.3. The core of LSTM is to maintain
and update a cell statec; at each time stept, which consists of three gates: forget gafe,
input gate iy and output gate o;. f; is responsible for forgetting the old useless information;
iy Is responsible for updating the new informationg; is responsible for what information
will be output. The de nitions of the three gates are shown as follows:

fi= (WiXt+ Winhy 1+ bx); (4.1)
it = (WXt + Winhy 1+ b); (4.2)
T = tanh(Wexe + Wenhy 1+ hy); (4.3)
a="f qai+i¢ T (4.4)

0 = (WoxXt + Wonhe 1+ by); (4.5)
hi= o, tanh(c); (4.6)

where x; denotes the input at time stept; T is the candidate cell state at time step;
h; represents the hidden state at time step; W denotes the hidden state at time step
t; b represents the weight matrix, is the bias;tanh denotes the sigmoid functiontanh
denotes the hyperbolic tangent function; denotes the element-wise product.
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4.3.2 The rst part of our proposed 3M model: the STSF model

The architecture of the STSF model is illustrated in Figure 4.4. In the pre-processing
stage, the consecutive video frames are extracted from the video data. Then the corre-
sponding optical ow frames, saliency maps and motion saliency maps can be obtained
from consecutive video frames. Note that the optical ow frames in our experiments are
obtained by the OpenCV implementation based the TVL1 optical ow method [36], which

is an e cient optical ow method. The saliency maps and motion saliency maps are gen-
erated by the saliency detection method [37] and the motion saliency detection method [5]
introduced in Section 4.3.1.

Sampled RGB { \

Spatial Stream
Sampled Stacked
Optical Flow Prediction

Temporal Stream

E> - Fusi Brushing Teeth: 0.1
uston Apply Eye Makeup: 0.8
|:> Archery: 0.02

Sampled Spatial
Saliency Map

Spatial Saliency
Stream

E

Sampled Temporal/Motion
Saliency Map

Temporal Saliency
Stream

5
i

Figure 4.4: The architecture of the rst part of our 3M model: the STSF model.

The network architecture of the proposed STSF model contains four streams: the spatial
stream, temporal stream, spatial saliency stream and temporal saliency stream. All streams
adopt ResNet as the backbone network, which is a widely used excellent network in action
recognition [4, 9].

The spatial stream: The spatial stream captures the global spatial information from videos
by using the sampled RGB video frames as the input. For this stream, we rst sample



4.3 Our proposed 3M model 63

multiple RGB video frames at certain intervals and input them one by one into the network.
Then we average the losses of the spatial stream of all the selected sampled RGB video
frames as the nal loss of the spatial stream. The prediction output of the spatial stream

is denoted agysPaial

The temporal stream: The temporal stream captures the global motion information of each
pixel by using the sampled stacked optical ow frames as the input. For this stream, we
rst sample 2L stacked optical ow frames includingL stacked optical ow frames in the
vertical direction and L stacked optical ow in the horizontal direction. In our experiments,
the value ofL is set to 10. Then we feed the sampled stacked optical ow frames into the
temporal stream to obtain the output of the temporal stream denoted agte™pora |

The spatial saliency stream: The spatial saliency stream captures the salient object in-
formation from videos by using the sampled saliency maps as the input. Similar to the
settings in the spatial stream, we sample multiple spatial saliency maps and average the

corresponding losses. The nal output of the spatial saliency stream can be denoted as
yspatialsaliency )

The temporal saliency stream: The temporal saliency stream captures the salient motion
information from videos over long periods by using the sampled motion saliency maps as
the input. Similar to the settings in the spatial stream and the spatial saliency stream, for
the temporal saliency stream, we sample multiple temporal saliency maps and average the

corresponding losses. The nal output of the temporal saliency stream can be denoted as
ytemporalsaliency )

We train each stream separately and the cross-entropy loss is adopted as the loss function
for each stream in the STSF model. Taking the spatial stream as an example, the loss
function of the spatial stream can be de ned as follows:

spatial

Loss=  jyilog(y; )i 4.7)

where Loss denotes the cross-entropy loss functiory; represents the true class value of
classi, and y*™@ denotes the nal prediction output of the spatial stream.

An average fusion strategy is adopted for fusing the outputs of the four streams in the
STSF model. Thus, the nal output of the STSF model can be de ned as follows:

p — %(yspatial + ytemporal + yspatialsaliency + ytemporalsaliency ); (48)
where denotes the nal prediction output of the STSF model.

4.3.3 Our proposed 3M model

Taking the advantages of CNN and LSTM, we propose a novel spatial and temporal saliency
based four-stream network with multi-task learning {.e. the 3M model) for action recogni-
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tion. The framework of the 3M model is illustrated in Figure 4.5. The 3M model consists
of two parts: a four-stream CNN feature extractor and a multi-task learning based LSTM.
In Section 4.3.3.1, we rst introduce the proposed four-stream CNN feature extractor and
then we introduce the multi-task learning based LSTM for action recognition in Section
4.3.3.2.
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Figure 4.5: The framework of the proposed 3M model.
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4.3.3.1 Four-stream CNN feature extractor

The front end of the proposed 3M model is the four-stream CNN feature extractor. We
use a well-trained STSF model as the CNN feature extractor. In our proposed 3M model,
ResNet is adopted as the backbone CNN. ResNet contains only one fully-connected layer,
i.e. the softmax layer. To better obtain the CNN feature representations of ResNet,
an extra fully-connected layer is added before the softmax layer. The new added fully
connected layer can be regarded as the feature representation layer of CNN. The details of
the fully-connected layer can refer to Section 4.4.

The work ow of the proposed four-stream CNN feature extractor can be described as fol-
lows: Given a video, we rst extract the consecutive video frames from the video. Then
the corresponding optical ow frames, saliency maps and motion saliency maps are ex-
tracted from the consecutive video frames. Followed by the video frames, optical ow
frames, saliency maps and motion saliency maps fed into the corresponding spatial stream,
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temporal stream, spatial saliency stream and temporal saliency stream. The corresponding
obtained fully-connected layer representations of di erent streams are denoted RE€spatial
I:Ctemporal ) I:Cspatialsaliency and I:Ctemporalsaliency ) feSpeCtiVEW- We usd- Cspatial ’ I:Ctemporal )

F Cspatiaisatiency and F Ciemporaisaliency @S the nal four-stream CNN feature representations,
which are fed into the multi-task learning based LSTM classi er.

4.3.3.2 Multi-task learning based LSTM

The back-end of the proposed 3M model is a multi-task learning based LSTM classi er.
Given a video, we rst use the four-stream CNN feature extractor to extract the four-stream
CNN feature vectorsF Cspatial ’ FCtemporal ’ I:Cspatialsaliency and I:Ctemporalsaliency . Then we
input the extracted CNN feature vectors into the corresponding LSTM classi er for action
recognition. A native method is that we can input vectors into the corresponding LSTMs
for training. An average fusion of the outputs of all the LSTMs. However, training each
LSTM individually will ignore utilizing the relationship and complementary knowledge be-
tween the obtained four feature representations. Multi-task learning can combine di erent
inputs to train the entire network at the same time and share knowledge between multiple
tasks, which can be utilized to improve accuracy.

In our case, we modify an LSTM architecture so that it has four softmax classi cation
layers. The four softmax classi cation layers are corresponding to four di erent inputs,
i.e. the four vectors. Each softmax classi cation layer has its own loss function (including
Lossspatial ' I—OSStemporaI ’ LOSSspatialsaliency and I—OSS'[emporalsaliency ), which Operates on its own
respective inpUt (Lossspatial ) I—Osstemporal ) I-Ossspatialsaliency and I—Osstemporalsaliency ) The
total loss is computed as the sum of each task’s loss, which can be de ned as follows:

I—osstotal = LOSSspatial + LOSStemporal + Lossspatialsaliency + LOSStemporalsaliency ; (4-9)

where the total lossLoss;a IS adopted as the nal loss for evaluating the margin between
the prediction result and the actual result.

4.4 Implementation details

We rst introduce the modi ed ResNet-34 architecture in Section 4.4.1, which is adopted
as the backbone network of each stream. Then we present the implementation of multi-task
learning based LSTM in Section 4.4.2. Finally, we present the training and recognition
procedure in Section 4.4.3.
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4.4.1 The architecture of the modi ed ResNet

ResNet is the backbone network in our proposed 3M model [16, 28]. In the implementation,
ResNet-34 (containing 34 layers) is chosen for the STSF model while we modify ResNet-34
by adding a new fully-connected layer before the softmax layer for the 3M model. The
modi ed ResNet-34 is also adopted as the backbone network for the STSF model. The
new added fully-connected layer is regarded as the feature representation layer of CNN,
which will be extracted by the four-stream CNN feature extractor of the 3M model. Thus,
the modi ed ResNet-34 consists of 35 layers. The architecture of this modi ed ResNet-
34 is simply expressed as (Convl, MaxPooling, Con®& Conv34, Conv46, Convs3,
AveragePooling, new added FC and Softmax layer), where the x in Cdrg; 3, 4, g x
represents the multiple of the residual block [16]. The size of each input frame is resized
into 224 224. The architecture of the modi ed ResNet-34 can be illustrated in Table 4.1.

4.4.2 The implementation of multi-task learning based LSTM

In the implementation of the 3M model, a multi-task learning based LSTM is adopted as
the back-end classi er. We use a deep multi-task learning based LSTM architecture, which
consists of ve stacked hidden LSTM layers and four softmax classi cation layers. Each
LSTM layer contains 512 memory cells. The input of the multi-task learning based LSTM
is the extracted CNN featuresF Cspatial , F Cremporal » F Cspatiaisatiency @nd F Ciemporaisatiency -
The output of multi-task learning based LSTM is the average of the nal predictions of
four softmax classi cation layers.

4.4.3 Training and recognition procedure

The experimental environment is Ubuntu 18.04. Four NVIDIA Quadro RTX 6000 GPUs
(24GB  4) are used for performing experiments. We implement the proposed 3M model
by Python and Pytorch. Mini-batch stochastic gradient descent is chosen to train our 3M
model. The size of mini-batch is set to 256. The value of the learning rate is initially set

to 0.01. An action video can be decompressed into hundreds or thousands of frames at a
frame rate of 24 FPS (frames per second). Thus many decompressed adjacent frames are
very close and redundant.

For action recognition, a common way is that randomly extracting video frames at a certain
interval from the decompressed video frames to form a sample clip. In our experiments,
for the spatial stream, spatial saliency stream and temporal saliency stream, the number
of sampled frames is set to 16 and the input of each stream is a frame (size 2224). For
the temporal stream, we samplel2 frames (includingL frames in the vertical direction and

L frames in the horizontal direction) each time and sample 10 times to obtain 10 sample
clips. The input of the temporal stream is 2 frames (size 224 224 2L). For each
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Table 4.1: The architecture of the modi ed ResNet-34. The residual building block is
described in brackets. The input size is 224 224.

Layer Layer information Output size
[7 7,64],
kernel: 7 7,
Convl feature map number: 64,
stride: 2 2,
padding: 3 3
kernel: 3 3,
Maxpool stride: 2 2, 56 56
padding: 1 1
3 364 3
3 364
Conv2x for all convolutional layers: 56 56
stride: 1 1
padding: 1 1
3 3,128 4
3 3,128
for the rst convolutional layers:
Convax stride: 2 - 2 28 28
padding: 1 1,
for other convolutional layers:
stride: 1 1
padding: 1 1
3 3,256 6
3 3,256
for the rst convolutional layers:
stride: 2 2
Conv4 x padding: 1 1, 7 7
for other convolutional layers:
stride: 1 1
padding: 1 1
3 3512 3
3 3,512
for the rst convolutional layers:
stride: 2 2
Conv5.x padding: 1 1, 7 7
for other convolutional layers:
stride: 1 1
padding: 1 1
kernel: 7 7,
Averagepool stride: 1 1 1 1
padding: 0 O
New added FC 512 1024 -
Softmax 1024 numberofclasses -

112 112,
feature map: 112 112




4.5 Experimental analysis 68

video, we do such sampling operations 10 times to form 10 sample clips. For each stream,
we average the output predictions of 10 sample clips as the nal prediction of the stream.
Then we average the predictions as the nal accuracy of action recognition.

For the proposed 3M model, the STSF model is adopted as the four-stream CNN feature
extractor. We mainly train the multi-task learning based LSTM classi er with four softmax
layers. Like the training strategy in the STSF model, for each sample clip, we can obtain
four predictions of the four softmax layers. Since we sample 10 times for a video, thus
we will obtain 40 (4 10) predictions through the multi-task learning based LSTM. Then
we average them and take the average result as the nal video-level prediction of the 3M
model.

4.5 Experimental analysis

In this section, we present the experimental details. Firstly, we introduce experimental
datasets (UCF101, HMDB51, and Kinetics) in Section 4.5.1. To verify the e ectiveness of
our STSF model, a set of ablation experiments are performed on UCF101 and HMDB51
in Section 4.5.2. Finally, in Section 4.5.3, we compare the performance of our 3M model
with several state-of-the-art methods and discusses our experimental results.

4.5.1 EXxperimental datasets

In our experiments, three popular action recognition datasets UCF101 [27], HMDB51 [20]
and Kinetics [19] are used to test the e ectiveness of our 3M model.

The UCF101 dataset contains about 13000 action videos and each video contains about
180 frames on average. The number of action classes of the UCF101 dataset is 101. Three
di erent splits are provided by the dataset organisers for splitting the UCF101 dataset.
Each UCF101 split can divide the UCF101 dataset into about 9500 training videos and
3500 test videos. The evaluation rule for the UCF101 dataset is the average accuracy
across three di erent splits. The HMDB51 dataset contains about 6800 action videos. The
number of action classes of the HMDB51 dataset is 51. The HMDB51 dataset organisers
also provide three di erent splits to divide the HMDB51 dataset into training data and
test data. Each HMDB51 split can divide the HMDB1 dataset into about 3700 training
videos and 3100 test videos. The evaluation rule for the HMDB51 dataset is the same
as the UCF101 dataset. Kinetics is a large video dataset for action recognition, which
contains about 30@& videos. The training set contains more than 240videos, validation

set contains 2@ videos and the test set contains 40videos. All the videos are collected
from the YouTube videos and each video is trimmed into one video clip. The evaluation
rule for the Kinetics dataset also is the classi cation accuracy of action recognition.
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Table 4.2: The comparison of the two-stream model, SST model, TST model and the proposed
STSF model on the UCF101 and HMDB51 datasets.

Di erent streams | UCF101 | HMDB51
Two-stream [26] | 86.9% 58.0%

SST 90.0% 61.7%
TST 91.2% 62.3%
STSF 92.2% 64.0%

4.5.2 Ablation experiments on UCF101 and HMDB51

In this section, a set of ablation experiments are performed on UCF101 and HMDB51
to verify the e ectiveness of our STSF model. The comparison models can be listed as
follows:

The benchmark two-stream model (named two-stream for short) [26] is the rst
comparison model.

The second comparison model is the Spatial Saliency based Three-stream model
(named SST for short), which comprises the spatial stream, temporal stream, and
the spatial saliency stream. This model is used to verify the e ectiveness of the
proposed novel spatial saliency stream.

The third comparison model is the Temporal Saliency based Three-stream model
(named TST for short), which comprises the spatial stream, temporal stream, and
the temporal saliency stream. This model is used to verify the e ectiveness of the
proposed novel temporal saliency stream.

The last comparison model is our proposed STSF model, which comprises the spatial
stream, temporal stream, spatial saliency stream, and the temporal saliency stream.

We illustrate the comparison of the recognition accuracy of the two-stream model, SST
model, TST model and the proposed STSF model on UCF101 and HMDB51 in Table 4.2.

Table 4.2 shows that the proposed STSF model outperforms all other models with di erent
stream (two-stream model, SST model and TST model) on both UCF101 and HMDB51,
which proves that both the novel spatial saliency stream and the novel temporal saliency
stream can improve accuracy. Speci cally, the TST model improves 2.3% and 3.3% than
the two-stream model in terms of classi cation accuracy on UCF101 and HMDB51, re-
spectively, which proves the e ectiveness of the proposed novel temporal saliency stream.
This phenomenon is also veri ed in the comparison of the proposed STSF model with the
SST model, which shows that the proposed STSF model improves 2.2% and 2.3% than
the SST model on UCF101 and HMDB51, respectively. Further, the SST model improves
2.1% and 1.3% than the two-stream model on UCF101 and HMDB51, respectively. This
proves the e ectiveness of the proposed novel spatial saliency stream. This is also veri ed
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by the fact that our proposed STSF model improves 1.0% and 1.7% than the TST model
on UCF101 and HMDB51, respectively. Moreover, the proposed STSF model improves
5.7%, 2.3% and 1.4% on average than the two-stream model, the SST model and the TST
model on UCF101 and HMDB51, respectively. This also can verify the e ectiveness of the
proposed STSF model.

In addition, Figure 4.6 shows the training loss of di erent models (two-stream model, SST
model, TST model and the proposed STSF model) on UCF101. Figure 4.6 shows that
the proposed STSF model achieves the fastest training convergence speed, then follows the
SST model and TST model, the conventional two-stream model has the slowest training
convergence speed. This phenomenon demonstrates that the proposed STSF model can
help speed up the training convergence speed.

Training Loss

e @ two-stream
¥ ¥ SST
—a TST

* —+ SMR

Loss
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Figure 4.6: The training loss of di erent models on UCF101.

4.5.3 Compared with other state-of-the-art models

In this section, we compare our proposed STSF model and 3M model with several state-of-
the-art methods on the UCF101, HMDB51, and Kinetics datasets to verify the e ectiveness
of our STSF model and 3M model. We use the pre-trained weight parameters on the
Kinetics dataset to initialize our models, and then ne-tune them on the UCF101 and
HMDB datasets. The referenced models (mainly including two-stream based models and
3D convolution based models) are listed as follows:
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Table 4.3: The accuracies of di erent models on UCF101, HMDB51 and Kinetics.

Comparison methods UCF101 | HMDB51 | Kinetics
Two-stream CNN [26] 86.9% 58.0% 61.0%
Two-stream with LSTM [35] | 88.6%

STS [21] 90.1% 62.4%
STS-ALSTM [21] 92.7% 64.4%
ST-ResNet [9] 93.4% 66.4%
CTN [11] 92.5% 65.4%

C3D [29] 85.2% 56.1%

3D ResNet-34 [14] 89.6% 63.5% 58.0%

STSF 93.2% 65.7% | 65.5%

3M 94.7% 67.2% | 68.7%

Two-stream CNN [26]: It is the rst classic two-stream CNN model for action recog-
nition.

Two-stream with LSTM [35]: It utilized CNNs to generate appearance and motion
features from RGB frames and optical ow frames, and then an LSTM is applied to
model/capture the long-term dependency in videos.

SpatioTemporal Saliency based multi-stream networks (STS) [21]: It utilized a spa-
tiotemporal saliency stream to acquire the spatiotemporal object cue from videos to
improve the performance.

SpatioTemporal Saliency based multi-stream networks with attention-aware LSTM
(STS-ALSTM) [21]: It utilized attention-aware LSTMs to capture the long-term
dependency relationships of di erent streamsife. the appearance stream, motion
stream and spatiotemporal saliency stream). An average fusion of the predictions of
di erent LSTMs is adopted.

Spatiotemporal Residual Networks (ST-ResNet) [9]: It injected residual connections
between the appearance and motion stream to capture the spatiotemporal features
from videos.

Convolutional Two-stream Network (CTN) [11]: It fused the appearance cue with
the motion cue at a convolution layer instead of at the softmax layer.

3D convolutional networks (C3D) [29]: It utilized a 3D lIter kernel to perform 3D
convolution operations along both spatial and temporal dimensions.

3D ResNet-34 [14]: It utilized a 34-layer 3D residual network to extract spatiotem-
poral features from videos.



4.6 Summary 72

The comparison results of di erent models for action recognition on UCF101, HMDB51 and
Kinetics are reported in Table 4.3. It shows that our proposed 3M model achieves the best
classi cation accuracy compared with all referenced models on all the datasets (UCF101,
HMDB51 and Kinetics). This shows that the advantage of combining four-stream CNN
feature extractor and multi-task learning based LSTM can signi cantly improve the clas-
si cation accuracy. Compared with the STSF model, The 3M model improves 2.5%, 3.2%
and 3.2% on UCF101, HMDB51, and Kinetics, respectively. This demonstrates that the
multi-task learning based LSTM can further improve the accuracy based on the STSF mod-
el. In addition, we can nd the proposed STSF model outperforms the two-stream CNN
model, two-stream with LSTM model, STS model, STS-ALSTM model, CTN model, C3D
model and the 3D ResNet-34 model on both UCF101 and HMDB51. While the accuracy
of the STSF model is inferior to the ST-ResNet model on both UCF101 and HMDB51.
The reason can be attributed to the e cient spatiotemporal information fusion, which can
help learn more e cient spatiotemporal features for action recognition.

4.6 Summary

We propose a spatial and temporal saliency based four-stream network with multi-task
learning for action recognition. Our results show that both the spatial and temporal
salient information extracted from videos can bene t the enhancement of the accuracy of
action recognition. The temporal long-term dependency relationships of di erent CNN
feature inputs extracted from dierent stacked frames ie. video frames, optical ow
frames, spatial saliency frames and temporal saliency frames) can be captured by LSTMs
and shared by the nal loss function, which can take full advantage of CNNs and LSTMs.

References

[1] Moez Baccouche, Franck Mamalet, Christian Wolf, Christophe Garcia, and Atilla
Baskurt. Action classi cation in soccer videos with long short-term memory recurrent
neural networks. In International Conference on Arti cial Neural Networks, pages
154{159. Springer, 2010.

[2] Moez Baccouche, Franck Mamalet, Christian Wolf, Christophe Garcia, and Atilla
Baskurt. Sequential deep learning for human action recognition. linternational
Workshop on Human Behavior Understanding, pages 29{39. Springer, 2011.

[3] Dzmitry Bahdanau, Kyunghyun Cho, and Yoshua Bengio. Neural machine translation
by jointly learning to align and translate. arXiv preprint arXiv:1409.0473, 2014.

[4] Joao Carreira and Andrew Zisserman. Quo vadis, action recognition? a new model
and the kinetics dataset. Inproceedings of the IEEE Conference on Computer Vision
and Pattern Recognition, pages 6299{6308, 2017.



REFERENCES 73

[5] Zhe Chen, Xin Wang, Zhen Sun, and Zhijian Wang. Motion saliency detection using
a temporal fourier transform. Optics & Laser Technology, 80:1{15, 2016.

[6] Cheng Dai, Xingang Liu, and Jinfeng Lai. Human action recognition using two-stream
attention based LSTM networks. Applied Soft Computing, 86:105820, 2020.

[7] Je rey Donahue, Lisa Anne Hendricks, Sergio Guadarrama, Marcus Rohrbach, Sub-
hashini Venugopalan, Kate Saenko, and Trevor Darrell. Long-term recurrent convo-
lutional networks for visual recognition and description. InProceedings of the IEEE
Conference on Computer Vision and Pattern Recognition, pages 2625{2634, 2015.

[8] Christoph Feichtenhofer, Haoqi Fan, Jitendra Malik, and Kaiming He. Slowfast net-
works for video recognition. InProceedings of the IEEE International Conference on
Computer Vision, pages 6202{6211, 2019.

[9] Christoph Feichtenhofer, Axel Pinz, and Richard P Wildes. Spatiotemporal residual
networks for video action recognition. InAdvances in Neural Information Processing
Systems, pages 3468{3476, 2016.

[10] Christoph Feichtenhofer, Axel Pinz, and Richard P Wildes. Spatiotemporal multiplier
networks for video action recognition. InProceedings of the IEEE Conference on
Computer Vision and Pattern Recognition, pages 4768{4777, 2017.

[11] Christoph Feichtenhofer, Axel Pinz, and Andrew Zisserman. Convolutional two-
stream network fusion for video action recognition. IProceedings of the IEEE Con-
ference on Computer Vision and Pattern Recognition, pages 1933{1941, 2016.

[12] Ross Girshick. Fast R-CNN. InProceedings of the IEEE International Conference on
Computer Vision, pages 1440{1448, 2015.

[13] Fang Guo, Wenguan Wang, Ziyi Shen, Jianbing Shen, Ling Shao, and Dacheng Tao.
Motion-aware rapid video saliency detection. IEEE Transactions on Circuits and
Systems for Video Technology, 2019.

[14] Kensho Hara, Hirokatsu Kataoka, and Yutaka Satoh. Learning spatio-temporal fea-
tures with 3D residual networks for action recognition. InProceedings of the IEEE
International Conference on Computer Vision Workshops, pages 3154{3160, 2017.

[15] Kaiming He, Georgia Gkioxari, Piotr Dolar, and Ross Girshick. Mask R-CNN. In
Proceedings of the IEEE International Conference on Computer Vision, pages 2961{
2969, 2017.

[16] Kaiming He, Xiangyu Zhang, Shaoging Ren, and Jian Sun. Deep residual learning for
image recognition. InProceedings of the IEEE Conference on Computer Vision and
Pattern Recognition, pages 770{778, 2016.

[17] Wanting Ji, Ruili Wang, and Junbo Ma. Dictionary-based active learning for sound
event classi cation. Multimedia Tools and Applications, 78(3):3831{3842, 2019.

[18] Andrej Karpathy, George Toderici, Sanketh Shetty, Thomas Leung, Rahul Suk-
thankar, and Li Fei-Fei. Large-scale video classi cation with convolutional neural
networks. In Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition, pages 1725{1732, 2014.

[19] Will Kay, Joao Carreira, Karen Simonyan, Brian Zhang, Chloe Hillier, Sudheendra
Vijayanarasimhan, Fabio Viola, Tim Green, Trevor Back, Paul Natsev, et al. The
kinetics human action video datasetarXiv preprint arXiv:1705.06950, 2017.



REFERENCES 74

[20] Hildegard Kuehne, Hueihan Jhuang, Estbaliz Garrote, Tomaso Poggio, and Thomas
Serre. Hmdb: a large video database for human motion recognition. International
Conference on Computer Vision, pages 2556{2563. IEEE, 2011.

[21] Zhenbing Liu, Zeya Li, Ruili Wang, Ming Zong, and Wanting Ji. Spatiotemporal
saliency-based multi-stream networks with attention-aware LSTM for action recogni-
tion. Neural Computing and Applications, 32(18):14593{14602, 2020.

[22] Chih-Yao Ma, Min-Hung Chen, Zsolt Kira, and Ghassan AlIRegib. TS-LSTM and
temporal-inception: Exploiting spatiotemporal dynamics for activity recognition.Sig-
nal Processing: Image Communication, 71:76{87, 2019.

[23] Christian Schuldt, Ivan Laptev, and Barbara Caputo. Recognizing human actions: a
local SVM approach. InProceedings of the 17th International Conference on Pattern
Recognition, volume 3, pages 32{36. IEEE, 2004.

[24] Lei Shi, Yifan Zhang, Jian Cheng, and Hanqging Lu. Two-stream adaptive graph
convolutional networks for skeleton-based action recognition. IRroceedings of the
IEEE Conference on Computer Vision and Pattern Recognition, pages 12026{12035,
20109.

[25] Chenyang Si, Wentao Chen, Wei Wang, Liang Wang, and Tieniu Tan. An attention
enhanced graph convolutional LSTM network for skeleton-based action recognition.
In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition,
pages 1227{1236, 2019.

[26] Karen Simonyan and Andrew Zisserman. Two-stream convolutional networks for ac-
tion recognition in videos. InAdvances in Neural Information Processing Systems,
pages 568{576, 2014.

[27] Khurram Soomro, Amir Roshan Zamir, and Mubarak Shah. Ucf101: A dataset of 101
human actions classes from videos in the wilcrXiv preprint arXiv:1212.0402, 2012.

[28] Yan Tian, Xun Wang, Jiachen Wu, Ruili Wang, and Bailin Yang. Multi-scale hi-
erarchical residual network for dense captioning.Journal of Arti cial Intelligence
Research, 64:181{196, 2019.

[29] Du Tran, Lubomir Bourdev, Rob Fergus, Lorenzo Torresani, and Manohar Paluri.
Learning spatiotemporal features with 3D convolutional networks. IrProceedings of
the IEEE International Conference on Computer Vision, pages 4489{4497, 2015.

[30] Zhigang Tu, Wei Xie, Qianging Qin, Ronald Poppe, Remco C Veltkamp, Baoxin Li,
and Junsong Yuan. Multi-stream CNN: Learning representations based on human-
related regions for action recognitionPattern Recognition, 79:32{43, 2018.

[31] Oriol Vinyals, Alexander Toshev, Samy Bengio, and Dumitru Erhan. Show and tell: A
neural image caption generator. IrProceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, pages 3156{3164, 2015.

[32] Heng Wang, Alexander Khser, Cordelia Schmid, and Cheng-Lin Liu. Action recog-
nition by dense trajectories. InProceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, pages 3169{3176. IEEE, 2011.

[33] Xuanhan Wang, Lianli Gao, Jingkuan Song, and Hengtao Shen. Beyond frame-level
CNN: saliency-aware 3-D CNN with LSTM for video action recognitionlEEE Signal
Processing Letters, 24(4):510{514, 2016.



REFERENCES 75

[34] Saining Xie, Chen Sun, Jonathan Huang, Zhuowen Tu, and Kevin Murphy. Rethinking
spatiotemporal feature learning: Speed-accuracy trade-o s in video classi cation. In
Proceedings of the European Conference on Computer Vision, pages 305{321, 2018.

[35] Joe Yue-Hei Ng, Matthew Hausknecht, Sudheendra Vijayanarasimhan, Oriol Vinyals,
Rajat Monga, and George Toderici. Beyond short snippets: Deep networks for video
classi cation. In Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition, pages 4694{4702, 2015.

[36] Christopher Zach, Thomas Pock, and Horst Bischof. A duality based approach for
realtime TV-L1 optical ow. In Joint Pattern Recognition Symposium, pages 214{223.
Springer, 2007.

[37] Jianming Zhang, Stan Sclaro, Zhe Lin, Xiaohui Shen, Brian Price, and Radomir
Mech. Minimum barrier salient object detection at 80 fps. IProceedings of the IEEE
International Conference on Computer Vision, pages 1404{1412, 2015.

[38] Ming Zong, Ruili Wang, Xiubo Chen, Zhe Chen, and Yuanhao Gong. Motion salien-
cy based multi-stream multiplier resnets for action recognition.Image and Vision
Computing, (https://doi.org/10.1016/j.imavis.2021.104108), 2021.



Chapter 5

Summary

This chapter gives a conclusion of this thesis. We rst gives a comparison of
experimental results of all methods in Section 5.1. Then the contributions of
this thesis are summarized in 5.2. Finally, the limitations and future work of
this thesis are discussed in Section 5.3.

5.1 Comparison of experimental results of all meth-
ods

In this section, we compare all the methods presented in previous Chapters together. Table
5.1 illustrates the experimental results of all compared methods on UCF101 and HMDB51.
Note that Kinetics is not included. The reason is that Chapters 2 and 3 are my work in the
early stage of my PhD study. The deep learning server used at that time was not powerful
enough to process the Kinetics data set since the Kinetics data set is a large-scale video
action data set containing about 300,000 videos. We thus conducted experiments on the
general-scale benchmark data sets UCF101 and HMDB51. Chapter 4 is the work in the
later stage of my PhD study. Since more powerful deep learning servers have been obtained
that can be used to process the Kinetics data set, thus we conducted our experiments on
both the general-scale benchmark data sets UCF101 and HMDB51, and the large-scale data
set Kinetics.

We can nd that all our proposed methods {.e. R-M3D, MSM-ResNets and 3M) achieve
the state-of-the-art performance compared with other methods. Especially, the 3M model
achieves the best performance compared with the R-M3D model and the MSM-ResNets
model. The reason can be attributed to that this model obtains richer input information
(including four types of input information, i.e. RGB information, optical ow information,
temporal salient motion information and spatial salient information) compared with the
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Table 5.1: The experimental results of all compared methods on UCF101 and HMDB51.

Methods UCF101 | HMDB51
iDT+FV [21] 85.9% 57.2%
Two-stream networks [16] 86.9% 58.0%
Two-stream + LSTM [22] 88.6%
LRCN [5] 82.9%
LTCN [20] 91.7% 64.8%
C3D (3 nets) [19] 85.2%
P3D ResNet [14] 88.6%
ST-ResNet [6] 93.4% 66.4%
3D ResNet ( ne-tuned) [10] 89.3% 61.0%
SMN (34-layer) [7] 92.8% 65.2%
CTN [8] 92.5% 65.4%
STS-network [13] 90.1% 62.4%
STS-ALSTM [12] 92.7% 64.4%
3D ResNet-34 [9] 89.6% 63.5%
R-M3D ( ne-tuned) (Chapter 2) | 93.2% 65.4%
MSM-ResNets (Chapter 3) 93.5% 66.7%
3M (Chapter 4) 94.7% 67.2%

R-M3D model and the MSM-ResNets model (including three types of input information,
i.e. RGB information, optical ow information and temporal salient motion information).

5.2 Summary of contributions

The main contributions of this thesis can be summarized as follows:

In Chapter 2, we explored the multi-cue based spatiotemporal features, and presented a
multi-cue 3D convolutional neural network (M3D) for action recognition. It was demon-
strated that directly performing 3D convolutions on multiple cues achieves higher accuracy
than a single cue,i.e. the multi-cue based 3D convolution is e ective. In addition, the
deeper depth of the M3D network, the higher the accuracy of action recognition.

In Chapter 3, we explored the salient motion information for action recognition, and pre-
sented a motion saliency based multi-stream multiplier ResNets (MSM-ResNets). It was
veri ed that the motion saliency information is bene cial for improving the accuracy of
action recognition, and the way of injecting multiplicative connections from the motion
saliency stream to the motion stream is e ective for improving the accuracy.

In Chapter 4, we explored the salient spatiotemporal information over time evolution,
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and presented a novel spatial and temporal saliency based four-stream network (3M) with
multi-task learning for action recognition. Experimental results showed that both the spa-
tial saliency information and motion saliency information is helpful for improving the clas-
si cation accuracy. In addition, the complementary knowledge between di erent streams
has been veri ed bene cial for the classi cation accuracy.

5.3 Limitations and future work

Lastly, we discuss the limitations and future work. For the limitations, the rst one is
that the proposed models cost more time to pre-process the data for obtaining the motion
saliency maps. The second one is that the proposed models mainly focus on utilizing the
RGB information, optical ow information, and motion saliency information. Some other
useful information has not been considered such as the geometrical information between
di erent samples.

For the future, the following directions are worth exploring and researching:

The choice of the motion cue input is important. In our M3D and R-M3D
models, we use two motion detection techniquesd. optical ow and motion saliency
detection) to capture di erent motion information. Maybe there are other methods to
provide more suitable motion information than them. For 3D convolutions performed
on a multi-cue input, we develop the triple video representation. If more suitable
multi-cue representation methods are developed [18], we may get even better results.

The e ective fusion method between di erent information streams is im-
portant. In our MSM-ResNets model, we consider injecting multiplicative connec-
tions between di erent streams {.e. the appearance stream, the motion stream and
the motion saliency stream). In our 3M model, we use di erent LSTMs to capture
the temporal long-term dependency relationships of di erent streams, the fusion of
di erent LSTMs is performed at the softmax layer. It is interesting to design more
e ective interactive fusion methods between di erent streams and explore the inter-
active relationships between di erent LSTMs [4].

The geometrical structure information is desirable to explore. Deep learning

has been successfully applied in video action recognition. However, most current
works ignore utilizing the geometrical structure information existing among various
video samples to improve the accuracy of action recognition. Manifold learning is
a classic method for revealing and learning the intrinsic geometric structure of data
samples, which assumes that the processed data is sampled from a high-dimensional
Euclidean space, but intrinsically lying on a potential low-dimensional manifold [2, 15,
17]. Thus various manifold learning based subspace learning methods are designed for
maintaining certain manifold structure information between di erent data samples
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during space transformation [1, 11]. It would be interesting to integrate manifold
learning into CNN architecture for action recognition [3].
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(DRC16)", have been completed for each published article within the thesis, and are bound
into the thesis and included in the electronic copy.
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