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ABSTRACT

Given the inherent complexity of video data, action recognition in videos poses

a formidable challenge in computer vision. The 3D space-time volume encompassing

frame sequences contains substantial redundant information, diverting the model from

acquiring a discriminative representation of the performed action class. Although 3D

Convolutional Neural Networks (3D CNNs) exhibit exceptional spatio-temporal fea-

ture learning capabilities, leading to state-of-the-art action recognition performance

on various large-scale benchmark video datasets, a naive 3D CNN architecture comes

with drawbacks. Firstly, it demonstrates incompetence in modeling long-range de-

pendencies due to the fixed and limited receptive field of the 3D convolutional kernel.

Secondly, its demand for a substantial amount of data and extensive computational

time during training arises from the number of parameters involved.

Recently, much research has focused on alleviating the limitation of 3D CNNs.

Various techniques have tried to increase the 3D CNN model’s depth by stacking mul-

tiple convolutional layers. Although expanding the depth has compensated for the 3D

kernel’s limited receptive field, it has exploded the model’s parameter, making its need

for training data and computation time consumption critical. In this thesis, we tackle

various constraints of the 3D CNN architecture to perform action recognition in the

limited availability of training data. We propose a Self-Attention Convolution Neural

Network named – SAC3D, as it incorporates the 3D self-attention mechanism in the

popular C3D model baseline. The 3D Self-attention mechanism guides the 3D convolu-

tional layers of the model by providing information on the pairwise similarity of pixels

that exists between them. The correlation strength of each pixel-to-pixel relationship

in 3D space-time helps the model map the underlying action better and enhance its

discriminative feature learning capability. To further improve the enhancement in the

feature representation of the 3D CNN, instead of using an RGB representation of the

video, we use a 3D Discrete Wavelet Transform (3D DWT) as a pre-processing step

to obtain a motion-salient representation that localizes action in space and frequency.

Thus, the model is presented with the localized information of action occurring in the



video and can filter out unnecessary information present in the video. We evaluate our

model on the benchmark UCF11 and UCF Sports action datasets. We have employed

widely recognized performance metrics, including classification accuracy, precision, re-

call, F1 score, and AUC score, to assess the effectiveness of the models proposed in

our study. We have adopted the fine-tuning scheme, a transfer learning approach, to

train our model effectively. The experimental results in sections 3.2 and 4.2 show the

effectiveness of our proposed approaches.
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Chapter 1

Introduction

Video action recognition is one of the most crucial and challenging problems in the

computer vision domain. Action recognition is fundamental for many real-world prob-

lems, such as video retrieval, intelligent surveillance, healthcare monitoring, behavior

analysis, etc. Video is an ordered sequence of continuous images playing over time.

In the computer vision area, an image is a 2D matrix of pixel values representing the

scene’s spatial information. A video is a 3D matrix of pixel values representing the

information in the space-time volume compared to a still 2D image. A human ac-

tion can be defined as a unique and ordered sequence resulting from the coordinated

movements of various body parts unfolding over a specific period. Action recognition

is a classification problem that requires identifying the video’s action category based

on the action performed. The action recognition task in videos is broadly divided

into two fundamental steps. Firstly, defining a representation for the 3D space-time

volume of video that fairly represents discrimination in features of different actions.

Second, determining a model architecture that can learn these feature representations

of actions effectively and efficiently. This thesis centers on the pursuit of an efficient

representation of video and the development of a deep learning framework for ac-

tion recognition in videos, particularly when confronted with limited training data

availability. Our primary focus is on achieving effectiveness and efficiency in video

representation and deep learning framework construction, addressing the challenges

posed by limited training data.
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The rest of this chapter is organized as follows. Section 1.1 provides background

information on video action recognition. In addition, section 1.2 elaborates on the

motivation for our work. The research objectives are formulated in Section 1.3. In

Section 1.4, we present the summary of thesis contributions, and an outline of the rest

of the thesis is described in Section 1.5.

1.1 Background

Video is a complex 3D volume of pixel information in space and time. The physi-

cal constraints while capturing a video, such as illumination changes, occlusion, back-

ground clutter, variation in viewpoint, camera motion, etc., make the video data

representation complex. Action in the video is a complex ordered sequence of body

movements that occur inconsistently over space and time. Furthermore, considerable

variation and unpredictability exist in postures and the execution of a particular ac-

tion among different individuals. The inherently complex nature of videos and actions

makes action recognition tasks in videos challenging. As discussed, the general steps

involved in solving the action recognition in videos are first to define a representation

for the input video and second, classification of the video based on the defined repre-

sentation. Most traditional approaches [34, 63] consist of the following three steps -

feature extraction, feature descriptor computation, and feature classification. It first

extracts handcrafted low-level features from videos that undergo preprocessing. Fol-

lowing the feature preprocessing step, the feature representation and feature encoding

step form a video-level representation. Finally, classification is performed based on the

formed video representation to determine the action category. The complete pipeline

of traditional approaches is computationally extensive and complex and requires hu-

man intervention at each step. While traditional approaches exhibited commendable

recognition performance, they encountered challenges when scaling up for large-scale

datasets. On the other hand, deep learning approaches [15, 29, 31, 44, 68] are end-to-

end trainable algorithms. These approaches automatically learn feature representation

from raw RGB data and have a trainable classifier to perform action recognition. The

2



advent of deep learning approaches began with the adoption of a convolutional neural

network (CNN) for action recognition in videos[15, 29, 31, 44, 68]. Due to inductive

bias properties such as local connectivity and translation equivalence, Convolutional

Neural Networks (CNN) [35, 64, 66] achieved outstanding performance in various

image domain tasks such as recognition, segmentation, detection, and captioning.

Considering video as a sequence of 2D images over time and CNN’s excellent visual

feature learning capability in images, many researchers Donahue et al. [15], Ji et al.

[29], Karpathy et al. [31], Liu et al. [44], Simonyan and Zisserman [68] have successfully

adopted the CNN architectures for action recognition tasks in videos. The early trend

began with using two-stream CNN architectures [68], which consisted of two indepen-

dent 2D CNNs for spatial and temporal streams. The spatial stream network takes

RGB frames as input and learns to represent the appearance information of frames.

In contrast, the temporal stream network learns to represent the motion information

from the optical flow representation of RGB frames. Though this approach achieved

good action recognition accuracy, the expensive computation of the optical flow of

the RGB frames and storing it beforehand were among the significant drawbacks. To

overcome this drawback, researchers Donahue et al. [15], Liu et al. [44] proposed to

use a hybrid framework of 2D CNN and sequential models such as Long Short-Term

Memory (LSTM). This hybrid framework used LSTM networks on the top of a 2D

CNN for temporal modeling of the extracted spatial CNN features. This approach

only models the high-level convolutional features from the top layers, while the low-

level features from the earlier layers of 2D CNN are not processed explicitly. With the

advent of 3D CNN architecture, action recognition methods can directly process and

extract the spatio-temporal features in the 3D volume of consecutive video frames. It

can simultaneously enable both low-level and high-level spatial and temporal features.

1.2 Motivation

The 3D CNN has colossal parameters that require extensive training data. The

introduction of various large-scale datasets such as Sports1M[31] and Kinetics[9] have
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successfully allowed 3D CNN architecture to showcase their powerful capabilities in

learning spatio-temporal features in videos. In the past few years, Extensive research

[9, 23, 24, 70, 71, 80, 81] has been done in identifying and resolving various issues of

the 3D CNN architecture for its application to video action recognition. A prominent

limitation of 3D CNN-based models lies in their extensive computational time and

data requirements due to the substantial parameters inherent in the architecture. To

mitigate this, researchers Carreira and Zisserman [9], Hara et al. [23, 24], Tran et al.

[71], Wei et al. [81] have suggested factorizing the 3D kernel into a combination of

2D kernels in spatial dimensions and 1D kernels in temporal dimensions, reducing

model parameters and complexity. However, this factorization may compromise the

3D CNN’s ability to effectively capture spatio-temporal features simultaneously, espe-

cially in scenarios with limited data availability. Consequently, we explore an alterna-

tive approach to address the high computational training time requirement. Another

inherent drawback of 3D CNN architecture is the susceptibility to overfitting, exac-

erbated by limited training data and high model complexity. Researchers Carreira

and Zisserman [9], Hara et al. [24] have successfully mitigated this concern through

transfer learning, specifically fine-tuning. They initialize their model’s weights with

pre-trained weights from another model on larger datasets, strategically leveraging

pre-existing knowledge to enhance generalization capability. Despite these efforts, a

universally defined methodology for applying transfer learning in deep learning models

remains elusive. In our work, we adopt a fine-tuning approach to train our proposed

3D CNN model, aiming to improve generalization performance and address overfitting

concerns associated with limited training data. Another significant and less explored

limitation in 3D CNN architecture is a fixed and limited kernel’s receptive field that

only processes small local neighborhoods around each pixel in videos to build spatio-

temporal feature dependencies. Due to the small and fixed kernel size usually, 3ˆ3ˆ3

or 5 ˆ 5 ˆ 5, 3D CNN can capture the local spatio-temporal features but fails to cap-

ture the global dependencies that exist between pixels situated at more considerable

distances. Conventionally, the limited receptive field of the 3D kernel is extended by

increasing the depth of the model via stacking multiple convolutional layers. However,
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this approach results in a massive increase in the parameters, increasing the complex-

ity of the model and making the model more prone to overfitting problems. Another

limitation of 3D CNN is that the feature representations derived from many of the

3D CNN-based models may not be sufficiently discriminative despite the impressive

feature learning capability inherent in 3D CNNs. The representation learned by 3D

CNNs is adversely affected by the inclusion of unnecessary and redundant information,

leading to a deterioration in its overall discriminative feature quality.

This work effectively addresses the aforementioned challenges by proposing a com-

prehensive solution for action recognition tasks, demonstrated on small-scale bench-

marks such as UCF11[45] and UCF Sports Action[60] datasets. Firstly, we intro-

duce a 3D Self-Attention Convolutional Neural Network named SAC3D. Our pro-

posed SAC3D integrates a 3D self-attention module into the baseline architecture of

the C3D model [70]. The embedded 3D self-attention module computes attention

maps based on weighted correlations among features in hidden maps produced by 3D

Convolutional layers. These attention maps guide SAC3D to focus on capturing the

strong local and global feature dependencies, irrespective of their spatial distance in

the feature map. Leveraging the 3D self-attention mechanism, SAC3D captures pair-

wise pixel similarity, addressing limitations imposed by fixed and limited kernel sizes.

The module empowers SAC3D to distinguish foreground actors from the background

by strategically assigning more weight to pairwise relationships among foreground

pixels, reducing irrelevant information and enhancing discernment capability. To fur-

ther enhance foreground-background separation, we introduce a 3D discrete wavelet

transform (3D DWT)-based preprocessing step on RGB frame sequences. This step

generates a salient representation, localizing actions in spatial and frequency domains.

Training SAC3D on this representation enables the model to learn better discrimina-

tive features in the RGB frame sequence, improving accuracy by focusing attention on

relevant regions while suppressing background noise. Another advantage of employing

this salient representation is its contribution to mitigating the high computation time

associated with 3D CNNs. While its use does not directly reduce the model’s param-

eters and complexity, the sparse nature of the model’s input data leads to decreased
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computation time requirements. This valuable optimization enhances the efficiency

of our proposed 3D CNN architecture without compromising its overall structure and

intricacy. Our proposed SAC3D model is tailored for efficient training on smaller

datasets, addressing substantial data and computational time demands. Adopting a

transfer learning approach, we fine-tune SAC3D using pretrained weights from the

C3D model trained on the Sports1M dataset. Experimental evaluations on the bench-

mark UCF11 [45] and UCF-Sports action [60] datasets highlight SAC3D’s superior

performance over state-of-the-art approaches, affirming its efficiency in addressing

challenges associated with action recognition in videos.

1.3 Research Objectives

This thesis addresses the challenges in action recognition within the constraints of

limited training data and the drawbacks of traditional 3D CNN architectures. Intro-

ducing a novel approach named SAC3D, a Self-Attention Convolution Neural Network,

the study integrates a 3D self-attention mechanism into the C3D model baseline. This

mechanism enhances the discriminative feature learning capability by guiding the 3D

convolutional layers based on pairwise pixel similarity. Additionally, the research in-

corporates a 3D Discrete Wavelet Transform (3D DWT) as a preprocessing step, using

motion-salient representations to localize action in space and frequency. The proposed

model is evaluated on UCF11 and UCF Sports action datasets, demonstrating effec-

tiveness through widely recognized performance metrics and employing a fine-tuning

scheme for efficient training. We have divided the thesis objectives into three key

research tasks, outlined below:

1. We propose a novel framework for action recognition in videos based on 3D CNN

for small-scale datasets.

2. We propose to use a 3D self-attention to mitigate the various issues in 3D CNN

architecture (SAC3D) effectively.

3. We further enhance the feature representation of the 3D CNN model by using
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a 3D DWT as a preprocessing step. The detection and representation of salient

spatiotemporal regions of the RGB frame sequences improve the accuracy of our

proposed framework.

1.4 Thesis Contribution

The summary of our research contributions is presented below, with more

discussion available in the subsequent chapters.

Contribution I: 3D Self Attention Convolutional Neural Network for ac-

tion recognition in videos In videos, action happens in a small portion of the frame

and across fewer frames. Therefore, in identifying the action category in the video, it

is crucial to focus more on a few specific parts of the video rather than the entire video.

In this thesis, we focused on improving the feature learning capabilities of 3D CNN

architecture. We developed a novel action recognition framework, 3D Self-Attention

Convolutional Neural Network, named SAC3D. We tackled the incompetence of the

C3D baseline to model long-range dependencies by incorporating a 3D self-attention

mechanism. 3D self-attention mechanism allows the model to focus on important in-

formation and ignore redundant irrelevant information. We successfully trained our

SAC3D model effectively and efficiently, conducting action recognition on the UCF11

and UCF Sports action datasets. The evaluation utilized well-established performance

metrics such as classification accuracy, precision, recall, F1 score, and AUC score to

assess the effectiveness of the proposed models in our study.

Contribution II: 3D Self Attention Convolutional Neural Network with

3D Discrete Wavelet Transform preprocessing for Action Recognition in

videos In this contribution, we introduced an additional preprocessing step utilizing

3D Discrete Wavelet Transform (3D DWT) on the input RGB frame sequences. The

application of 3D DWT generates various wavelet subbands, offering localized infor-

mation in both frequency and space domains. Leveraging these selected subbands,

we constructed a novel representation that effectively separates the foreground human
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action from background scenes. This refined representation enhances feature learning,

contributing to the improved performance of our proposed SAC3D model. In sum-

mary, this work advances the quality of feature representation in SAC3D by training

the model on a salient motion representation instead of the RGB frame sequence from

UCF11 and UCF sports action video clips.

1.5 Organization of Thesis

We have organized this thesis into five chapters. A summary of each chapter is pro-

vided below:

Chapter 1 (Introduction)

The present chapter provides an overview of the background knowledge about video

action recognition tasks, elucidates the motivation behind our work, and outlines the

contributions made by this thesis.

Chapter 2 (Literature Survey)

This chapter provides a detailed literature survey on various deep learning approaches

for solving video action recognition tasks and a survey on the self-attention mecha-

nism and its application to action recognition in the video. It also surveys various

approaches that utilize 3D Discrete wavelet transform for the action recognition task.

Finally, it presents a detailed account of the various metrics employed for evaluating

the performance of the proposed methods.

Chapter 3 (3D Self Attention CNN (SAC3D) for action recognition in

videos)

In this chapter, we proposed an action recognition framework - a 3D self-attention

convolutional neural network (SAC3D)- for video action recognition. We proposed

incorporating a 3D self-attention mechanism in Convolutional 3D (C3D) architecture.

We evaluate the performance of the proposed approach on the benchmark UCF11 and

UCF sports action datasets and compare our approach with state-of-the-art methods.

Chapter 4 (3D self-attention CNN (SAC3D) with 3D DWT preprocessing

for action recognition in videos)
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In this chapter, we proposed an action recognition framework - a 3D self-attention

convolutional neural network (SAC3D) with a 3D Discrete wavelet transform (3D

DWT) for video action recognition. We used an additional preprocessing step based

on 3D DWT. We incorporated a 3D self-attention mechanism in Convolutional 3D

(C3D) architecture. We evaluated the performance of the proposed approach on the

benchmark UCF11 and UCF sports action datasets and compared our approach with

state-of-the-art methods.

Chapter 5 (Conclusion and Future Work )

This chapter provides a conclusion with the contribution of this thesis and the poten-

tial future directions of our work.
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Chapter 2

Literature Survey

This chapter provides a detailed literature survey in four sections. Section 2.1

discusses the deep learning approaches that successfully solve video action recognition

problems. Section 2.2 provides the survey of the self-attention mechanism and its

application to action recognition in the video. Section 2.3 surveys various approaches

that successfully applied discrete wavelet transform (DWT) for video action recog-

nition. Finally, Section 2.4 provides a study on the different performance metrics

that researchers have used to analyze the existing action recognition approaches and

discusses the metrics used for performance evaluation of the proposed methods.

2.1 Convolutional Neural Network (CNN)

Action recognition in videos has been an extensively researched subject in the

computer vision community for decades. The video’s action recognition task typically

involves two primary steps [4, 94]. Firstly, defining a representation for the 3D space-

time volume of video that represents discrimination in features of different actions

well. Second, determining a model architecture that can learn these feature repre-

sentations of actions effectively and efficiently. From the early traditional approaches

to modern deep learning approaches, all have thrived to improve and efficiently im-

plement the above two steps. Traditional approaches mainly focused on obtaining

handcrafted video features by applying various image processing techniques, such as
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HOG, HOG3D[34], SIFT, SIFT3D[63], etc., to form a fixed-level representation of the

video. Subsequently, utilizing the generated video representation to discern the action

within the video, it was categorized into a specific action class. The complete pipeline

of traditional approaches is computationally extensive and complex and requires hu-

man intervention at each step. While traditional approaches demonstrated commend-

able recognition performance, their scalability to large-scale datasets posed significant

challenges. Inspired by the success of the Convolutional Neural Network (CNN) in

the image domain[35, 64, 66], early deep learning approaches efforts concentrated on

adopting 2D CNN architecture in the video domain[15, 31, 44, 68]. Karpathy et al.

[31] designed single stream 2D CNN architecture and explored multiple fusion strate-

gies to fuse temporal information from consecutive frames. Their attempt to capture

local spatio-temporal features could not effectively model the temporal information

across the frames in the video. Another solution to modeling the temporal informa-

tion that became a trend in action recognition architecture was two-stream network

architecture [68], which consisted of two separate independent 2D CNN architectures

for spatial stream network and temporal stream network. The spatial stream net-

work takes RGB frames as input and learns to represent the appearance features of

the frames. At the same time, the temporal stream network learns to represent the

motion information from the optical flow representation of the stacked RGB frames.

Though these approaches achieved good action recognition accuracy, the expensive

computation of optical flow representation from the RGB frames and storing it be-

forehand were among the significant drawbacks. In attempts to replace the optical flow

for motion representation, researchers proposed using a hybrid framework of 2D CNN

and sequential models such as Recurrent Neural Network (RNN) and Long Short-Term

Memory (LSTM). Donahue et al. [15], Liu et al. [44] used LSTM networks on the top

of the 2D CNN for temporal modeling from the extracted spatial features. Their ap-

proaches only modeled the high-level convolutional features from the top layers of the

2D CNN, While the low-level features from the earlier layers of the 2D CNN are not

processed explicitly. Video is a 3D volume of 2D frame sequences across time. The

natural extension of the CNN model in the video domain should have a 3D kernel that
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can simultaneously process spatial and temporal information. Thus, the CNN model

that consists of the 3D kernel can exclude modeling temporal information from spatial

features as required previously with 2D CNN architectures. Ji et al. [29], inspired by

this ideology, attempted to develop 3D CNN architecture as a more suitable extension

of CNN to the video domain. Despite correct reasoning, the model performance was

unsatisfactory due to the high complexity of the developed 3D CNN network and the

limited availability of training data. Tran et al. [70] designed a modular 3D CNN

architecture with a 3 ˆ 3 ˆ 3 kernel: C3D, which performed at par with existing state-

of-the-art methods. Despite the increased boost in the action recognition performance

with C3D[70], researchers continued exploring two-stream networks for their model

architecture due to the parameter complexity of C3D[70] model. Feichtenhofer et al.

[19] presented various fusion strategies for two-stream CNN networks to fuse spatial

and temporal streams, and Wang et al. [79] suggested various good practices to train

two-stream CNN networks. Owing to them, the performance of two-stream CNN ar-

chitecture achieved new state-of-the-art results. Carreira and Zisserman [9] in 2017,

developed a new 3D CNN architecture, Inflated 3D (I3D), in which 3D kernels were

made by stacking 2D kernels. It enabled 3D CNN architecture to leverage the learning

of pretrained 2D CNN on large-scale ImageNet dataset [14]. Due to the outstanding

performance of I3D and the new publication of a large-scale video dataset Kinetics-

400[9], researchers started focusing on adopting 3D CNN in their model architecture.

Research in improving the 3D CNN architecture has advanced quickly in the past few

years. Hara et al. [23] developed ResNet3D model for video domain as an extension

of ResNet[26] in image domain. It attempted to tackle the overfitting issue of 3D

CNN architecture by implementing the residual connection. Hara et al. [24] validated

the available dataset for training ResNet3D [23] without overfitting and Hara et al.

[25] suggested good practices to train the ResNet3D [23] architecture. P3D [81], and

R2+1D [71] explored the idea of factorizing the 3D kernel into a 2D spatial kernel

and 1D temporal kernel to reduce the complexity of the 3D CNN architecture. A

less explored drawback of the 3D CNN architecture, as indicated in the literature, is

the fixed and limited receptive field of the 3D kernel. This limitation constrains its
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ability to effectively capture long-range dependencies inherent in the spatio-temporal

features of video clips. Addressing this concern, Wang et al. [80] introduced a non-

local operation-based building block as a convolutional architecture extension, aiming

to capture long-range dependencies. Their approach involves calculating the weighted

average of all positions as the response at each position. This limitation in 3D CNN’s

receptive field and the analogous work by Wang et al. [80] form crucial considerations

in developing our proposed 3D self-attention convolutional neural network.

2.2 Self Attention Mechanism

Videos contain irrelevant, redundant information that is not useful for deciding the

underlying action performed in videos. For the action recognition task, background

information present in multiple frames of the video is irrelevant and redundant,

whereas the foreground information of the video is mostly the conclusive information

needed to categorize action in videos. Therefore, it becomes essential to have an

attention mechanism that can enhance and highlight the salient regions of the

videos for the model to focus and reduce the influence of irrelevant and redundant

information on the model’s feature learning ability. Vaswani et al. [75] introduced

a self-attention operation-based Transformer architecture that achieved state-of-

the-art results in the machine translation tasks. The extraordinary performance

of transformer architecture in many natural language processing tasks is due to

the effectiveness of modeling long-range dependencies by the rooted self-attention

operation. Inspired by the success of the transformer architecture, researchers

Arnab et al. [5], Bertasius et al. [6], Carion et al. [8], Chen et al. [11], Fan et al.

[18], Kim et al. [33], Liu et al. [46, 47], Patrick et al. [56], Sun et al. [69], Yan

et al. [83], Yang et al. [85], Zhang et al. [91, 92], Zhu et al. [93] have successfully

adopted the transformer architecture for many computer vision tasks and proved

the effectiveness of the self-attention mechanism in modeling long-range visual

dependencies as well. Dosovitskiy et al. [16] introduced vision transformer (Vit),

a pure transformer architecture design, to achieve state-of-the-art results in image
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classification. Arnab et al. [5], Bertasius et al. [6] adopted the extension of the Vit

[16] for video action classification task and achieved state-of-the-art performance on

many benchmark datasets. Many research works Arnab et al. [5], Bertasius et al.

[6], Chen et al. [11], Fan et al. [18], Kim et al. [33], Liu et al. [46, 47], Mazzia

et al. [48], Patrick et al. [56], Sun et al. [69], Yan et al. [83], Zhang et al. [91, 92]

have focused on refining the transformer architectural design for performing better

on video action recognition. Although the transformer outperformed the preferred

architecture, CNN, in many visual tasks, many works Cordonnier et al. [12], Kim et al.

[33], Ramachandran et al. [57], Tuli et al. [73] have tried comparing the suitability of

Transformer with CNN architecture for visual tasks. Various researchers have argued

in favor of transformer architecture that the power of self-attention operation and

multi-headed attention mechanism given sufficient training data have supremacy over

the convolutional architecture in having better learning capability in visual tasks.

Transformer architectures have colossal data requirements and heavy computational

training time compared to CNN architecture. The transformer architecture also has

the disadvantage of not explicitly using the local connectivity properties of visual

data to model Spatio-temporal feature dependencies, which is an essential aspect of

learning visual tasks. Due to these drawbacks, Researchers in the computer vision

community continue to opt for CNN for their architectures. Nevertheless, the power

of self-attention networks in modeling long-ranging visual dependencies, which is

essential for any vision task, cannot be overlooked. Many recent works in natural

language processing share the idea of using self-attention in cooperation with convo-

lution operation [84]. Researchers Essa and Abdelmaksoud [17], Guo et al. [22], Jiang

et al. [30], Li et al. [38, 39, 40, 41], Yang et al. [84], Zeng and Li [88], Zhang et al.

[90] in computer vision have successfully leveraged the power of the self-attention

mechanism with convolutional neural network architecture design to obtain a better

representation of the visual data and achieve better performance in many visual tasks.

As mentioned earlier, the video action recognition task comprises two essential

steps. Up to this point, our survey has focused on approaches dedicated to con-
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structing effective and efficient model architectures. Another critical facet involves

devising a representation for the 3D space-time volume of a video that captures

the discriminative features distinguishing various actions. In addressing this, we

propose the utilization of Discrete Wavelet Transform (DWT) as a key component of

our representation. DWT extracts motion saliency, offering a nuanced depiction of

actions in both spatial and frequency domains, thereby enhancing the discriminative

quality of our model’s feature representation.

2.3 Discrete Wavelet Transform

Researchers in the field of action recognition in videos have taken great advantage

of the Discrete Wavelet Transform (DWT) in improving action recognition perfor-

mance. DWT localizes changes in video pixels over space and frequency to enhance

the spatio-temporal feature extraction and representation. Researchers have mainly

used 2D DWT or 3D DWT to gather information about the changing features from

individual 2D frames or the 3D volume of frame sequences. Shao and Gao [65] ex-

plored the wavelet transform-based feature descriptor. Imtiaz et al. [27] presented a

multi-resolution feature extraction algorithm using multilevel 2D DWT. It operates

within the frames of video sequences to extract features. Khare and Jeon [32] designed

a multi-resolution approach to represent human objects using 2D DWT coefficients. Li

and Liu [42] developed a novel scene analysis algorithm that categorizes scene changes

into short, motion, gradual, and static scenes based on 3D DWT. Their investiga-

tion of the spatial and temporal distributions suggested that statistical features of 3D

DWT coefficients can describe the correlation among adjacent frames. Rapantzikos

et al. [58] showed the potential of 3D DWT in the detection and representation of

spatio-temporal saliency of the frame sequence. The framework measured the saliency

based on the orientation-selective bands of the 3D DWT and represented different

events using simple features of salient regions. Al-Berry et al. [3] built a multiscale

representation of human actions using a 3D multiscale stationary wavelet analysis

technique. The boost in recognition performance was due to fusing spatio-temporal
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information that got highlighted at different scales and orientations. Mohammadi

et al. [50] developed a hybrid classifier that compressed the features and classified

them using SVM with polynomial or sigmoid kernels. It evaluated the effect of 3D

DWT as the pre-processing step in detecting saliency that strengthens motion feature

extraction in the bag of visual words framework. Chang et al. [10] utilized DWT in

the Wavelet-Attention Decoupling (WAD) module to effectively disentangle salient

and subtle motion features in the time-frequency domain, significantly enhancing the

recognition of fine-grained actions in skeleton-based action recognition. Bhuiyan et al.

[7] integrated DWT into human activity recognition on smartphones, facilitating ro-

bust feature extraction by capturing local features from raw activity signals, enhancing

the recognition process’s accuracy and computational efficiency. Zhang et al. [89] in-

corporated DWT into dense trajectory models to enhance the recognition of human

actions in video by providing more descriptive features through the separation of dom-

inant and secondary motions across different frequency bands and directions, leading

to improved performance in complex spatial-temporal domains.

Inspired by the notable advancements in action recognition achieved through the Dis-

crete Wavelet Transform (DWT), particularly in localizing spatio-temporal features,

we integrate the powerful tool of 3D DWT as a preprocessing step for RGB frame

sequences. This enhances the model’s learning capability by providing foreground-

background separation and complements our proposed 3D self-attention convolutional

neural network, leading to improved recognition accuracy.

2.4 Performance Metrics

As already discussed, Video action recognition is a classification problem. Most

researchers evaluate the performance of their approaches based on classification accu-

racy. We have also used classification accuracy as the performance measure to assess

and compare our approaches with various state-of-the-art methods. We have also

tested our approaches on other commonly used performance metrics such as precision,

recall, f1 score, and AUC score. The standard formulations for these are as follows:
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Accuracy “
TP ` TN

TP ` TN ` FPFN
(2.1)

PrecisionpP q “
TP

TP ` FP
(2.2)

RecallpRq “
TP

TP ` FN
(2.3)

F1 ´ score “
2 ¨ P ¨ R

P ` R
(2.4)

AUC ´ score “
2P ¨ R

P ` R
(2.5)

In the above equations,

• True Positive(TP) signifies how many positive class samples the model predicted

correctly.

• True Negative(TN) signifies how many negative class samples the model pre-

dicted correctly.

• False Positive(FP) signifies how many negative class samples the model predicted

incorrectly.

• False Negative(FN) signifies how many positive class samples the model pre-

dicted incorrectly.

Accuracy measures how often the classifier correctly predicts. We can define accuracy

as the ratio of correct predictions and the total number of predictions. Precision is the

ratio of true positives and total positives predicted. A precision score towards one will

signify that the model does not miss any true positives and can classify well between
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correct and incorrect labels. A recall is essentially the ratio of true positives to all the

positives in the ground truth. Recall measures the proportion of actual positives that

the model correctly identified. The F1 score is the harmonic mean of precision and

recall. The highest possible value of an F1 score is 1.0, indicating perfect precision

and recall, and the lowest possible value is 0 if either the precision or the recall is zero.

In conclusion, the performance evaluation of our approaches in video action recog-

nition encompasses a comprehensive set of metrics, including classification accuracy,

precision, recall, F1 score, and AUC score. These metrics provide a robust assessment

of our models, ensuring a thorough understanding of their effectiveness across various

aspects of classification performance.
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Chapter 3

3D Self Attention Convolutional

Neural Network for action

recognition in videos

In computer vision, a video is a 3D signal that evolves over space-time, capturing

changes in appearance information over time. Human action is a complex, ordered

sequence of body movements recorded across multiple video frames. Within videos,

actions unfold in small portions of the frame and span fewer frames, implying that

human action in a video represents the part of the 3D signal that undergoes rapid

changes in time and is localized in space. Hence, it is crucial to prioritize this specific

segment rather than the entire footage to identify the action category in a video

accurately. Consequently, an attention mechanism becomes essential to assign relative

importance to different parts of the video.

3.1 Proposed Method

We propose a 3D Self Attention Convolutional Neural Network named SAC3D with

an RGB video clip as input. Figure 3.2 shows the block diagram of our proposed model

architecture. We have incorporated a 3D self-attention module [41] in Convolutional

3D (C3D) [70] model’s baseline architecture. The embedded 3D self-attention module
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computes attention maps based on weighted correlations among features in hidden

maps produced by 3D Convolutional layers. The attention maps guide SAC3D to

capture robust feature dependencies while disregarding weaker local dependencies.

This addresses the limitations associated with the fixed and limited kernel size of the

3D convolutional layer. The 3D self-attention module enables our SAC3D to pay

weighted attention to different parts of the video, enhancing the model’s ability to

focus on significant features. We propose to purposely train our SAC3D model on

small-scale video datasets, addressing the overfitting issue of 3D CNN architectures

on limited data availability. We have used a transfer learning - fine-tuning scheme

for training our SAC3D model to avoid overfitting problems. We have adopted the

weights of the pretrained C3D model on the Sport1M[31] dataset for instantiating

baseline convolutional layers and fully connected layers of our SAC3D model. We

train and validate our model on the benchmark UCF11 [45] and UCF sports action

[60] datasets. Following this, we delve into the specifics of the components comprising

our proposed action recognition framework. Subsequently, we elaborate on the details

of the 3D self-attention module and provide the configuration details of the proposed

SAC3D model.
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Figure 3.1: Block diagram of Convolutional 3D (C3D) neural network proposed by

Tran et al. [70]
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Figure 3.3: Proposed 3D Self Attention module

3.1.1 3D Self Attention module

Self-Attention is a powerful attention mechanism that effectively captures depen-

dencies between two input positions. It computes a correlation matrix along different

dimensions of the input sequence to capture the pairwise relationship between feature

positions. The correlation value at each position is calculated through the weighted

sum of all other positions. Considering all the positions while computing the similarity
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between pairwise positions of the input, the self-attention mechanism can identify

and represent the strong and weak relationships in the input feature map. Based

on the strength of the similarity relationships among pixels, it can infer the strong

global dependencies and weak local dependencies in the input sequence. Therefore,

a self-attention mechanism aids in assigning the necessary relative importance to

different parts of the video. Mathematically, a self-attention mechanism involves

mapping a query, a key, and a value to the input feature map, where the query, key,

and value are all derived from the input feature map. We categorize dependencies

present in the spatiotemporal volume of the hidden feature map into intra-frame and

inter-frame dependencies. Intra-frame dependencies are relationships in the pixels in

spatial dimensions within each frame. In contrast, inter-frame dependencies are the

relationships in the features across different frames along the temporal dimension. In

this work, we capture the long-range spatiotemporal feature dependencies using a 3D

Self-Attention mechanism. The proposed 3D self-attention mechanism gives specific

attention to the intra-frame dependencies of the feature maps by the plane attention

module; likewise, it provides specific attention to inter-frame dependencies by the

temporal attention module. Let X P RDˆHˆWˆC denote the hidden convolutional

feature map that is input to the 3D self-attention module, where D is frame depth,

H and W are the height, and width and C corresponds to the number of channels

in the input feature map. We first apply 1 ˆ 1 ˆ 1 convolution to the input feature

map to form embedding vectors query Xq P RCˆDˆHˆW , key Xk P RCˆDˆHˆW and

value Xv P RCˆDˆHˆW . These embedded vectors further served as input to the Plane

attention module and Temporal attention module, which are defined below.

3.1.1.1 Plane attention module

To capture intra-frame dependencies within the feature map, we initially flatten the

2D spatial dimensions of the query Xq, key Xk, and value Xv vectors into 1D vectors.

We transform each query Xq, key Xk, and value Xv vectors from pC ˆ D ˆ H ˆ W q

to flatten 1D vectors P pC ˆ D ˆ Nq feature space, where N is the total number of
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pixels. We next perform the inner dot product of the transposed query vector Xq
T

piq

and key vector Xkpjq to compute the correlation matrix sij.

sij “ Xqpiq
T

ˆ Xkpjq (3.1)

The correlation matrix describes the similarity-relationship between the features

within each frame of the input feature map. The softmax function is employed to

derive the self-attention map plane, denoted as aij, by normalizing the correlation

matrix sij.

aij “ SOFTMAXpsijq “
expsij

řk
i“1 expsij

(3.2)

The final output of the plane attention module is calculated by the dot product of

the value vector Xv to the weight matrix of self-attention map aij.

Patt “

N
ÿ

i“1

Xvpiq ˆ aij (3.3)

The output of the plane attention module Patt signifies the weighted strength of

the pairwise feature dependencies within each frame of the input feature map.

3.1.1.2 Temporal attention module

It captures the intra-frame dependencies present in the features across the different

frames of the input feature map over the temporal dimension. Similar to the plane

attention module, we begin by transforming each of the queries Xq, key Xk, and value

Xv vectors from pC ˆDˆH ˆW q to ppH ˆW q ˆDˆCq. We next perform the inner

dot product of the transposed query vector Xq
T

piq and key vector Xkpjq to compute

the correlation matrix sij.
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sij “ Xqpiq
T

ˆ Xkpjq (3.4)

The correlation matrix sij describes the similarity-relationship between the features

that exist across the different frames of the input feature map. The softmax function

obtains the temporal self-attention map apijq upon normalizing the correlation matrix

sij.

aij “ SOFTMAXpsijq “
expsij

řk
i“1 expsij

(3.5)

The final output of the temporal attention module is calculated by the dot product

of the value vector Xv to the weight matrix of self-attention map aij.

Datt “

N
ÿ

i“1

Xvpiq ˆ aij (3.6)

The output of the temporal attention module signifies the strength of the pairwise

feature dependencies that exist across different frames of the input feature map.

3.1.1.3 Attention fusion module

The output of the plane attention module and temporal attention module presents

the strength of the feature dependencies within each frame and across the frame se-

quence of the input feature map. We perform a weighted fusion of the outputs of both

the plane and temporal attention modules to obtain the overall strength of the spatio-

temporal feature dependencies of the input feature map. We use a trainable weight

parameter γ to provide the best fusion of the attention to input feature map based on

the performance. We add the results of the plane and depth attention module output

to the input feature map through a residual connection to obtain the final output Y

of the 3D self-attention module.

Y “

«

Patt ` Datt

ff

˚ γ ` X (3.7)
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3.1.2 3D self-attention convolutional neural network

An overview of our proposed 3D self-attention convolutional neural network model

(SAC3D) is shown in figure 3.2. We have extended the popular standard 3D CNN

architecture - C3D[70] by incorporating a 3D self-attention mechanism. An overview

of C3D architecture[70] is shown in figure 3.1. We followed the modular design of

the C3D architecture. Our SAC3D model comprises five convolutional blocks with a

total of eight 3D convolutional layers, featuring 64, 128, 256, 256, 512, 512, 512, and

512 channels, respectively. Each convolutional block includes a 3D max-pooling layer

followed by ReLU activation. In addition to the convolutional blocks, our proposed

model integrates two batch normalization layers, two fully connected (FC) layers, a

3D self-attention layer, and a dense softmax output layer. We have enhanced the C3D

baseline by inserting two batch normalization layers after the first convolutional block

and another before the initiation of the FC layers. Following experimental analysis, we

introduced a 3D self-attention layer between the fourth and fifth convolutional blocks.

The weights of the new layers, including the 3D self-attention layer, dense output

layer, and batch normalization layers, were initialized randomly. We have adopted

the weights of the 3D convolutional layers and FC layers from pretrained C3D on the

sport1M [31] dataset.

3.2 Experiments

In this section, we have evaluated our proposed action recognition framework – a

3D self-attention convolutional neural network (SAC3D) with RGB frame sequences

as input. We have conducted extensive experiments to determine the effectiveness of

the proposed augmentation to C3D architecture upon encapsulating the proposed 3D

self-attention module to improve recognition accuracy as the performance measure.

We showcase the results of our SAC3D model for action recognition on the UCF11[45]

and UCF sports action[60] datasets. We further provide our SAC3D model’s per-

formance in evaluation metrics such as confusion matrix, precision, recall, f1-score,

and AUC score. The subsequent part of this section provides information about the
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UCF11 dataset, including experimental details and results, along with a compara-

tive analysis of our SAC3D model against state-of-the-art methods on the UCF11

dataset. Additionally, the section encompasses details related to the UCF Sports Ac-

tion dataset, including experimental particulars, results, and a comparative evaluation

of our SAC3D model with state-of-the-art methods on the UCF Sports Action dataset.

3.2.1 UCF11 Dataset

UCF11 (YouTube actions) [45] is a small benchmark video dataset for action recog-

nition. The task of performing action recognition on the UCF11 dataset becomes chal-

lenging due to significant variations in camera motion, viewpoint, illumination con-

ditions, the inconsistent appearance of variant scale objects, cluttered backgrounds,

etc. The dataset has 11 sports action categories, including basketball shooting, soc-

cer juggling, volleyball spiking, trampoline jumping, swinging, tennis swinging, golf

swinging, biking/cycling, horseback riding, trampoline jumping, and walking with a

dog. The dataset contains 25 groups with more than four video clips for each group

in each category. The video clips within the same group share similar characteristics,

such as having the same actor, similar backgrounds, similar viewpoints, etc.

3.2.1.1 Training and Testing details

In this work, we have used the Leave-One-Group-Out cross-validation scheme as in

[45] as a train and test dataset split for the experiments. The proposed methodologies

begin by extracting all the frames from each video. The next step is the formulation

of continuous frame sequences from the extracted frames. We have used 16 frames as

depth for each frame sequence of a video; thus, we divide the video into continuous

segments with 16 frames. For each video segment, We first resize each frame to

128 ˆ 171 spatial dimension, and then a center cropping is performed to limit spatial

dimension 112ˆ112. All the pixels in the cropped frames are scaled to limit the values

0´1. We stack all preprocessed 16 consecutive frames to form an RGB frame sequence

with dimension 16ˆ112ˆ112ˆ3. The representation of each input video segment is a
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Figure 3.4: UCF11 Dataset[45]
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fixed size 4D tensor of dimension 16ˆ112ˆ112ˆ3. The batch size of 8 frame sequences

has been used for the experiment. Finally, 8 of the frame sequence representations are

batched together to obtain the 5D tensor of dimension 8 ˆ 16 ˆ 112 ˆ 112 ˆ 3 as the

final input to the model.

The next step in the experiment is to input the final representation of the video

segment to the proposed model for feature learning. We have optimized our SAC3D

model with an ADAM optimizer with an initial learning rate of 10´4 and using Sparse

Categorical Cross Entropy as the loss function. We have adopted a transfer learning-

a fine-tuning scheme by adopting the weights of pretrained C3D on the Sports1M

dataset [31] for initializing the weight of 3D convolutional layers and fully connected

layers. First, we freeze all model layers except the last dense output layer and train

the model for 20 epochs. We unfreeze the FC layers of the model and train the model

for another 30 epochs. We finally make all layers trainable and train the model for

370 epochs. We have experimented with other strategies of freezing and unfreezing

layers with different epochs but have experimentally found this combination strategy

to result in optimal performance accuracy for the model. Figure 3.6 presents the

model’s training accuracy and loss plots and validation accuracy and loss plots. We

have also trained model baseline architecture, C3D, with the same training scheme

mentioned above. Figure 3.5 presents the C3D model’s training accuracy and loss

plots and validation accuracy and loss plots.

We adopt the same steps for the input test video as the training video. We first

segment the input test video into continuous video segments. We next obtain the final

input representation for each test video segment using the same preprocessing steps

as during training. Finally, we predict action categories for each test video segment

and evaluate our model performance based on the results obtained by comparing the

predictions with the ground truth label of each video segment.

3.2.1.2 Results

Our proposed model achieves an accuracy of 93.20% during testing. Our model

excels in the performance with the baseline C3D model’s accuracy of 89.07% by roughly
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a Training and Validation accuracy b Training and Validation Loss

Figure 3.5: (a) Training accuracy (b) Training loss for C3D model on UCF11 dataset

with RGB representation.

a Training and Validation accuracy b Training and Validation loss

Figure 3.6: (a) Training accuracy (b) Training loss for SAC3D model on UCF11

dataset with RGB representation.

4%. Tables 3.1 and 3.2 present the performance of the C3D and our proposed SAC3D

model. Our proposed model, SAC3D, beats the baseline C3D model on all of the

performance measures of accuracy, precision, recall, f1-score, and AUC score. We

further present in the figures 3.7 and 3.8 the confusion matrix and normalized confusion

matrix the class-wise performance of the C3D and our SAC3D model, respectively.

We present the comparison of our SAC3D model with other state-of-the-art methods

on the UCF11 dataset in table3.3.
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a Confusion Matrix b Normalized Confusion Matrix

Figure 3.7: (a) Confusion Matrix (b) Normalized Confusion Matrix of C3D model on

test set of UCF11[45] dataset model with RGB representation.

Performance Measure Score

Accuracy 0.8907

Precision 0.8974

Recall 0.8907

F1 - score 0.8887

AUC - score(one vs one) 0.9947

AUC - score(one vs rest) 0.9947

Table 3.1: Performance of C3D model UCF11[45]

3.2.2 UCF Sports Action Dataset

UCF Sports action dataset[60] consists of 150 sequences with a resolution of 720 ˆ

480 collected from broadcast television channels such as BBC and ESPN. The dataset

includes 10 actions like diving, golf swing, kicking, lifting, riding-horse, running, skate-

boarding, swing-bench, swing-side, and walking. Video frames from the UCF Sports
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a Confusion Matrix b Normalized Confusion Matrix

Figure 3.8: (a) Confusion Matrix (b) Normalized Confusion Matrix of our SAC3D

model on test set of UCF11[45] dataset model with RGB representation.

Performance Measure Score

Accuracy 0.9320

Precision 0.9348

Recall 0.9312

F1 - score 0.9978

AUC - score(one vs one) 0.9976

AUC - score(one vs rest) 0.9996

Table 3.2: Performance of SAC3D on UCF11[45]

action dataset represent natural and genuine actions from different perspectives in a

wide variety of scenes.

3.2.2.1 Training and Testing details

In this work, to decrease background correlation between the training and test sets,

we split the dataset into 107 training samples and 43 test samples, as suggested by
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Method Accuracy

Liu et al. [45] 71.20

Ravanbakhsh et al. [59] 77.10

Sharma et al. [67] 84.96

Liu et al. [43] 89.70

Pan et al. [53] 86.90

Patel et al. [55] 89.43

Meng et al. [49] 89.70

Gharaee et al. [21] 89.50

Gammulle et al. [20] 89.20

Pan and Li [54] 89.24

Ullah et al. [74] 92.84

Wang et al. [76] 93.7

Javidani and Mahmoudi-Aznaveh [28] 95.73

Dai et al. [13] 96.90

Zebhi et al. [86] 93.4

Abdelbaky and Aly [1] 81.4

Muhammad et al. [51] 96.60

Akbar et al. [2] 100

Zebhi et al. [87] 97.13

Xiao et al. [82] 98.91

Saif et al. [62] 95.44

C3D* 89.07

SAC3D* 93.20

Table 3.3: Comparison with the state of the art methods on UCF11[45]

[37], ensuring a 70:30 balance for each action class. Additionally, clips in the training

and testing sets could not come from the same video file. These sets were built to
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Diving Golf Swinging Kicking Lifting

Horse-Riding Running Skate Boarding Swinging-Bench

Swinging-Side Walking-front

Figure 3.9: UCF Sports Action Dataset[60]

ensure that clips from the same video were not used for both training and testing. The

proposed methodologies begin by extracting all the frames from each video. The next

step is the formulation of continuous frame sequences from the extracted frames. We

have used 16 frames as depth for each frame sequence of a video; thus, we divide the

video into continuous segments with 16 frames. For each video segment, We first resize

each frame to 128 ˆ 171 spatial dimension, and then a center cropping is performed
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to limit spatial dimension 112 ˆ 112. All the pixels in the cropped frames are scaled

to limit the values 0 ´ 1. We stack all preprocessed 16 consecutive frames to form

an RGB frame sequence with dimension 16 ˆ 112 ˆ 112 ˆ 3. The representation of

each input video segment is a fixed size 4D tensor of dimension 16 ˆ 112 ˆ 112 ˆ 3.

The experiment was conducted with a batch size of 8 frame sequences. Finally, 8 of

the frame sequence representations are batched together to obtain the 5D tensor of

dimension 8 ˆ 16 ˆ 112 ˆ 112 ˆ 3 as the final input to the model.

The next step in the experiment is to input the final representation of the video

segment to the proposed model for feature learning. We have optimized our proposed

model with an ADAM optimizer with an initial learning rate of 10´4 and using Sparse

Categorical Cross Entropy as the loss function. We have proposed a transfer learning-

a fine-tuning scheme by adopting the weights of pretrained C3D on the Sports1M

dataset [31] for initializing the weight of 3D convolutional layers and fully connected

layers. First, we freeze all model layers except the last dense output layer and the FC

layers of the model and train the model for 30 epochs. We make all layers trainable

and train the model for 70 epochs. We have experimented with other strategies of

freezing and unfreezing layers with different epochs but have experimentally found

this combination strategy to result in optimal performance accuracy for the model.

Figure 3.11 presents the model’s training accuracy and loss plots. We also train our

model baseline architecture, C3D, with the same training scheme mentioned above.

Figure 3.10 presents the C3D model’s training accuracy and loss plots and validation

accuracy and loss plots.

We adopt the same steps for the input test video as the training video. We first

segment the input test video into continuous video segments. We next obtain the final

input representation for each test video segment using the same preprocessing steps as

during training. Finally, we predict action categories for each test video segment and

evaluate our SAC3D model performance based on the results obtained by comparing

the predictions with the ground truth label of each video segment.

.

34



a Training accuracy b Training loss

Figure 3.10: (a) Training accuracy (b) Training loss for C3D model on UCF sports

action[60] dataset with RGB representation.

a Training accuracy b Training loss

Figure 3.11: (a) Training accuracy (b) Training loss for SAC3D model on UCF sports

action[60] dataset with RGB representation.

3.2.2.2 Results

Our proposed model achieves an accuracy of 93.62% during testing. Our model ex-

cels in the performance with the baseline C3D model’s accuracy of 89.37% by roughly

4%. Tables 3.4 and 3.5 present the performance of the C3D and our proposed SAC3D

model. Our proposed model, SAC3D, beats the baseline C3D model on all of the per-

formance measures of accuracy, precision, recall, f1-score, and AUC score. We further
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present in the figures 3.12 and 3.13 the confusion matrix and normalized confusion

matrix the class-wise performance of the C3D and our SAC3D model, respectively. We

compare our SAC3D model with other state-of-the-art methods on the UCF Sports

action dataset in table 3.6.

a Confusion Matrix b Normalized Confusion Matrix

Figure 3.12: (a) Confusion Matrix (b) Normalized Confusion Matrix of C3D model

on test UCF sports action[60] dataset with RGB representation.

Performance Measure Score

Accuracy 0.8936

Precision 0.9063

Recall 0.8936

F1 - score 0.8965

AUC- score(one vs one) 0.8929

AUC - score(one vs rest) 0.8956

Table 3.4: Performance of C3D model on UCF sports action[60]
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a Confusion Matrix b Normalized Confusion Matrix

Figure 3.13: (a) Confusion Matrix (b) Normalized Confusion Matrix of proposed

SAC3D on test UCF sports action [60] dataset with RGB representation.

Performance Measure Score

Accuracy 0.9362

Precision 0.9404

Recall 0.9361

F1 - score 0.9364

AUC - score(one vs one) 0.9363

AUC - score(one vs rest) 0.9367

Table 3.5: Performance of SAC3D on UCF sports action [60]

3.3 Summary

In this chapter, we have proposed and implemented an action recognition frame-

work, a 3D Self-Attention Convolutional Neural Network named SAC3D, on the RGB

video clips of the UCF11 and UCF sports action dataset. In this work, we chose a

standard 3D CNN architecture, C3D, as our baseline model. We attempted to allevi-
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Method Accuracy

Rodriguez et al. [60] 69.20

Lan et al. [37] 83.70

Wang and Schmid [77] 88.20

Ravanbakhsh et al. [59] 88.11

Wang et al. [78] 91.89

Meng et al. [49] 93.20

Gharaee et al. [21] 97.80

Gammulle et al. [20] 92.20

Liu et al. [43] 95.00

Tu et al. [72] 97.50

Nazir et al. [52] 97.30

Dai et al. [13] 98.60

Zebhi et al. [86] 92.6

Abdelbaky and Aly [1] 92.67

Kumar et al. [36] 96.8

Muhammad et al. [51] 99.10

Russel and Selvaraj [61] 99.26

Akbar et al. [2] 99.8

Xiao et al. [82] 97.84

Saif et al. [62] 95.74

C3D* 89.36

SAC3D* 93.62

Table 3.6: Comparison with the state of the art methods on UCF Sports action[60]

ate various limitations of 3D CNN architectures. We tackle the incompetence of C3D

architecture to model long-range dependencies by incorporating a 3D Self-attention

mechanism in the C3D model baseline. Encapsulating the 3D self-attention mecha-
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nism in the C3D model also helps the model improve its feature learning by allocating

weighted attention to the overall information content. 3D self-attention mechanism

allows our SAC3D model to focus on important global information and ignore redun-

dant, irrelevant information. We tackle the overfitting issues caused by large training

data requirements by adopting a transfer learning approach - a fine-tuning scheme.

Overall, in this work, we effectively and efficiently performed action recognition on

the UCF11 and UCF sports action video datasets and achieved an accuracy of 93.20%

and 93.62% comparable to the available state-of-the-art results.

39



Chapter 4

3D Self Attention Convolutional

Neural Network with 3D Discrete

Wavelet Transform preprocessing

for Action Recognition in videos

As discussed in Chapter 3, Human actions are localized in space and time and

occur within a small portion of the frame across fewer frames. Therefore, emphasis on

these specific, fast-changing regions is crucial for accurate action categorization. We

proposed an additional 3D Discrete Wavelet Transform (DWT) preprocessing step on

the input RGB frame sequences to enhance our proposed model performance. The

3D DWT, adept at analyzing low and high-frequency information in 3D signals, gen-

erates different wavelet subbands providing localized information in both frequency

and space domains. We recombine selected wavelet subbands to form a representa-

tion that focuses on fast-changing information, improving the salient representation

of foreground human actions against background scenes. The subsequent section dis-

cusses the effectiveness of this 3D DWT preprocessing in achieving better separation

between foreground and background in the salient representation. Notably, Figures

4.1 and 4.3 illustrate the original RGB frame sequences, while Figures 4.2 and 4.4
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depict the corresponding preprocessed DWT frame sequences, showcasing enhanced

foreground action separation. We are building upon our previous work in Chapter

3, where we introduced a 3D Self-Attention Convolutional Neural Network named

SAC3D by incorporating a 3D self-attention module (SAC3D) in the convolutional

3D model.

4.1 Proposed Method

In this chapter, we introduce a novel action recognition framework with our

proposed 3D self-attention convolutional neural network, SAC3D, with 3D Discrete

Wavelet Transform preprocessing on RGB video clips, further advancing feature learn-

ing capabilities of our proposed SAC3D model. Figure 4.5 provides the block diagram

of the proposed model architecture. Our proposed approach involved training SAC3D

on the motion salient representation of RGB frame sequences obtained through 3D

DWT preprocessing. We address the overfitting limitation on small-scale datasets

by employing a transfer learning-fine-tuning scheme. We adopted pretrained C3D

model weights from the Sport1M[31] dataset for baseline convolutional and fully con-

nected layers. The model is then trained and validated on benchmark UCF11[45]

and UCF Sports Action[60] datasets. Following this introduction, we explained the

components within our proposed action recognition framework, starting with the 3D

Discrete Wavelet Transform-based preprocessing step, followed by specifics on the 3D

self-attention module and configuration details for the SAC3D model.

4.1.1 3D Discrete Wavelet Transform (3D DWT) based Pre-

processing

The 3D DWT is a computationally efficient and effective tool for analyzing low

and high-frequency information in the 3D signal. When subjected to any discrete

signal, the discrete wavelet transform (DWT) decomposes into sets of wavelets that

can provide localized information in the frequency and space domain. The 3D DWT
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Figure 4.1: A sub-sampled 32-frame cube for a basketball video clip from UCF11[45]
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Figure 4.2: A 3D-DWT representation generated corresponding to the basketball video

clip of UCF11[45] in figure 4.1
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Figure 4.3: A sub-sampled 32-frame cube for a golf video clip from UCF11[45]
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Figure 4.4: A 3D-DWT representation generated corresponding to the golf video clip

of UCF11[45] in figure 4.3
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Figure 4.5: Block diagram of our proposed action recognition framework - SAC3D

with 3D DWT preprocessing on RGB video clip
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is implemented by combining three 1D DWTs applied in three directions. It convolves

the signal with a low-pass filter L and high-pass filter H along each dimension. Let

V(x, y, t) represent the volume corresponding to the 3D signal. Implementing a

one-level 3D DWT decomposes the signal into eight sub-volumes LLL, LLH, LHL,

LHH, HLL, HLH, HHL, HHH, reducing the volume size by 8 with each dimension

downsampled by a factor of 2. These eight subbands have specific spatiotemporal

orientation properties. LLL subband captures the slowly moving average signal while

LLH highlights the signal’s quick average changes. LHL and HLL capture slowly

changing vertical and horizontal features, respectively, whereas HHH captures the

quickly changing diagonal features. Subbands LLH, LHH, HLH, and HHH relate to

fast-changing foreground actions, while LHL, HLL, and HHL relate to background

changes. Different combinations of these subbands capture distinct saliency regions

within the input volume. We incorporate 3D DWT as a preprocessing step for the

input frame sequences in a video. As outlined earlier, applying 3D DWT to each

color channel yields eight wavelet subbands. These subbands, representing different

spatiotemporal information, are combined across the color channels through average

fusion, resulting in eight subbands for the entire RGB frame sequence. Experimentally,

we fuse six wavelet coefficient bands, excluding LLL and HHL, to eliminate redundant

spatiotemporal information. Figures 4.2 and 4.4 illustrate two preprocessed 16 frame

sequences from the input videos, serving as input to the model.

4.1.2 3D self-attention module

Self-Attention is a powerful attention mechanism that effectively captures depen-

dencies between two input positions. It computes a correlation matrix along different

dimensions of the input sequence to capture the pairwise relationship between feature

positions. The correlation value at each position is calculated through the weighted

sum of all other positions. Considering all the positions while computing the similarity

between pairwise positions of the input, the self-attention mechanism can identify

and represent the strong and weak relationships in the input feature map. Based

on the strength of the similarity relationships among pixels, it can infer the strong
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Figure 4.7: Block Diagram of proposed 3D self attention convolutional neural network

( SAC3D )

global dependencies and weak local dependencies in the input sequence. Therefore,

a self-attention mechanism aids in assigning the necessary relative importance to

different parts of the video. Mathematically, a self-attention mechanism involves

mapping a query, a key, and a value to the input feature map, where the query, key,

and value are all derived from the input feature map. We categorize dependencies

present in the spatiotemporal volume of the hidden feature map into intra-frame and

inter-frame dependencies. Intra-frame dependencies are relationships in the pixels in

spatial dimensions within each frame. In contrast, inter-frame dependencies are the

relationships in the features across different frames along the temporal dimension. In

this work, we capture the long-range spatiotemporal feature dependencies using a 3D

Self-Attention mechanism. The proposed 3D self-attention mechanism gives specific

attention to the intra-frame dependencies of the feature maps by the plane attention

module; likewise, it provides specific attention to inter-frame dependencies by the

temporal attention module. Let X P RDˆHˆWˆC denote the hidden convolutional

feature map that is input to the 3D self-attention module, where D is frame depth,

H and W are the height, and width and C corresponds to the number of channels in

the input feature map. We first apply 1 ˆ 1 ˆ 1 convolution to the input feature map

to form embedding vectors query Xq P RCˆDˆHˆW , key Xk P RCˆDˆHˆW and value
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Xv P RCˆDˆHˆW . These embedded vectors further served as input to the defined

sub-modules below.

4.1.2.1 Plane attention module

To capture intra-frame dependencies within the feature map, we initially flatten the

2D spatial dimensions of the query Xq, key Xk, and value Xv vectors into 1D vectors.

We transform each query Xq, key Xk, and value Xv vectors from pC ˆ D ˆ H ˆ W q

to flatten 1D vectors P pC ˆ D ˆ Nq feature space, where N is the total number of

pixels. We next perform the inner dot product of the transposed query vector Xq
T

piq

and key vector Xkpjq to compute the correlation matrix sij.

sij “ Xqpiq
T

ˆ Xkpjq (4.1)

‘ The correlation matrix describes the similarity-relationship between the features

within each frame of the input feature map. The softmax function is employed to

derive the self-attention map plane, denoted as aij, by normalizing the correlation

matrix sij.

aij “ SOFTMAXpsijq “
expsij

řk
i“1 expsij

(4.2)

The final output of the plane attention module is calculated by the dot product of

the value vector Xv to the weight matrix of self-attention map aij.

Patt “

N
ÿ

i“1

Xvpiq ˆ aij (4.3)

The output of the plane attention module Patt signifies the weighted strength of

the pairwise feature dependencies within each frame of the input feature map.
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4.1.2.2 Temporal attention module

It captures the intra-frame dependencies present in the features across the different

frames of the input feature map over the temporal dimension. Similar to the plane

attention module, we begin by transforming each of the queries Xq, key Xk, and value

Xv vectors from pC ˆDˆH ˆW q to ppH ˆW q ˆDˆCq. We next perform the inner

dot product of the transposed query vector Xq
T

piq and key vector Xkpjq to compute

the correlation matrix sij.

sij “ Xqpiq
T

ˆ Xkpjq (4.4)

The correlation matrix sij describes the similarity-relationship between the features

that exist across the different frames of the input feature map. The softmax function

obtains the temporal self-attention map apijq upon normalizing the correlation matrix

sij.

aij “ SOFTMAXpsijq “
expsij

řk
i“1 expsij

(4.5)

The final output of the temporal attention module is calculated by the dot product

of the value vector Xv to the weight matrix of self-attention map aij.

Datt “

N
ÿ

i“1

Xvpiq ˆ aij (4.6)

The output of the temporal attention module signifies the strength of the pairwise

feature dependencies that exist across different frames of the input feature map.

4.1.2.3 Attention fusion module

The output of the plane attention module and temporal attention module presents

the strength of the feature dependencies within each frame and across the frame se-

quence of the input feature map. We perform a weighted fusion of the outputs of both
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the plane and temporal attention modules to obtain the overall strength of the spatio-

temporal feature dependencies of the input feature map. We use a trainable weight

parameter γ to provide the best fusion of the attention to input feature map based on

the performance. We add the results of the plane and depth attention module output

to the input feature map through a residual connection to obtain the final output Y

of the 3D self-attention module.

Y “

«

Patt ` Datt

ff

˚ γ ` X (4.7)

An overview of our proposed 3D Self-attention convolutional neural network

model (SAC3D) is shown in figure 3.2. We have extended the popular 3D CNN

architecture-C3D by incorporating a 3D self-attention mechanism. An overview of

C3D architecture[70] is shown in figure 3.1. We followed the modular design of the

C3D architecture. Our SAC3D model comprises five convolutional blocks with eight

3D-convolutional layers with 64, 128, 256, 256, 512, 512, 512, and 512 feature chan-

nels, respectively. Each convolutional block has a 3D max-pooling layer followed by

ReLU activation. Our proposed model further consists of two batch normalization

layers, two fully connected FC layers, a 3D self-attention layer, and a dense softmax

output layer. We have augmented the C3D baseline by adding two batch normal-

ization layers after the first conv-block and another before starting FC layers. After

experimental analysis, we have encapsulated a 3D self-attention layer between the

fourth and fifth conv-block. We randomly initialized the weights of new layers: the

3D Self-attention layer, dense output layer, and batch normalization layers. We have

adopted the weights of the 3D convolutional layers and FC layers from pretrained C3D

on the sport1M [31] dataset.

4.2 Experiments

In this section, we have evaluated our proposed action recognition framework – a

3D self-attention convolutional neural network (SAC3D) with 3D DWT preprocessed
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RGB frame sequences as input. We conducted extensive experiments in determining

the effectiveness of the proposed augmentation to C3D architecture upon encapsu-

lating the proposed 3D self-attention module to improve recognition accuracy as the

performance measure. We have evaluated the point of adding a 3D DWT-based pre-

processing step to improve recognition accuracy further. We showcase the results of

our proposed model, a 3D self-attention convolutional neural network (SAC3D) on a

3D DWT preprocessed RGB frame sequence of videos for action recognition on the

UCF11[45] and UCF Sports action[60] datasets. We further provide our proposed

model’s performance in evaluation metrics such as confusion matrix, precision, re-

call, f1-score, and AUC score. The remainder of the section contains details of the

UCF11 dataset, experimental details and results, and a comparison of our proposed

approach with state-of-the-art methods on the UCF11 dataset. Further, this section

contains details of the UCF Sports action dataset, experimental details and results,

and a comparison of our proposed approach with state-of-the-art methods on the UCF

sport-actions dataset.

4.2.1 UCF11 Dataset

UCF11 (YouTube actions) [45] is a small benchmark video dataset for action recog-

nition. The task of performing action recognition on the UCF11 dataset becomes chal-

lenging due to significant variations in camera motion, viewpoint, illumination con-

ditions, the inconsistent appearance of variant scale objects, cluttered backgrounds,

etc. The dataset has 11 sports action categories, including basketball shooting, soc-

cer juggling, volleyball spiking, trampoline jumping, swinging, tennis swinging, golf

swinging, biking/cycling, horseback riding, trampoline jumping, and walking with a

dog. The dataset contains 25 groups with more than four video clips for each group

in each category. The video clips within the same group share similar characteristics,

such as having the same actor, similar backgrounds, similar viewpoints, etc.
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Diving Walking a dog

Figure 4.8: UCF11 Dataset[45]
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4.2.1.1 Training and Testing details

In this work, we have used the Leave-One-Group-Out cross-validation scheme as in

[45] as a train and test dataset split for the experiments. The proposed methodologies

begin by extracting all the frames from each video. The next step is the formulation

of continuous frame sequences from the extracted frames. We have used 32 frames

as depth for each frame sequence of a video; thus, we divide the video into continu-

ous segments with 32 frames. For each video segment, We first resize each frame to

256 ˆ 342 spatial dimension, and then a center cropping is performed to limit spatial

dimension 224 ˆ 224. All the pixels in the cropped frames are scaled to limit the

values 0 ´ 1. We next stack all of the preprocessed 32 consecutive frames to form an

RGB frame sequence with dimension 32 ˆ 224 ˆ 224 ˆ 3 . We have proposed a novel

representation of the input video using 3D DWT as described in 4.1.1 as an additional

preprocessing step on the above extracted RGB-frame sequence. The final represen-

tation of each input video segment obtained is a fixed size 4D tensor of dimension

16 ˆ 112 ˆ 112 ˆ 3. The batch size of 8 frame sequences has been for the experiment.

Finally, 8 of these 3D DWT preprocessed frame sequence representations are batched

together to obtain the 5D tensor of dimension 8 ˆ 16 ˆ 112 ˆ 112 ˆ 3 as the final input

to the model. The next step in the experiment is to input the final representation

of the video segment to the proposed model for feature learning. We have optimized

our proposed model with an ADAM optimizer with an initial learning rate of 10´4

and using Sparse Categorical Cross Entropy as the loss function. We have proposed

a transfer learning- a fine-tuning scheme by adopting the weights of pretrained C3D

on the Sports1M dataset [31] for initializing the weight of 3D convolutional layers and

fully connected layers. We First freeze all model layers except the last dense output

layer and train the model for 20 epochs. We unfreeze the FC layers of the model and

train the model for another 30 epochs. We finally make all layers trainable and train

the model for 370 epochs. We have also experimented with other strategies of freezing

and unfreezing layers with different epochs but have experimentally found this com-

bination strategy to result in optimal performance accuracy for the model. Figure 4.9
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a Training and Validation accuracy b Training and Validation loss

Figure 4.9: (a) Training accuracy (b) Training loss for our SAC3D model with DWT

representation on UCF11 dataset.

presents the model’s train and validation accuracy and loss plots during training.

We adopt the same steps for the input test video as for the training video. We first

segment the input test video into continuous video segments. We next obtain the final

input representation for each test video segment using the same preprocessing steps

as during training. Finally, we predict action categories for each test video segment

and evaluate our model performance based on the results obtained by comparing the

predictions with the ground truth label of each video segment.

4.2.1.2 Results

Our proposed model SAC3D with 3D-DWT preprocessing achieves an accuracy

of 96.93% during testing. Our SAC3D model with 3D-DWT preprocessing excels in

the performance with the baseline C3D model’s accuracy of 89.07% by roughly 8%.

Tables 4.1 present the performance of the our proposed SAC3D model with 3D-DWT

preprocessing. Our proposed model, SAC3D with 3D-DWT, beats the baseline C3D

model and our previous model SAC3D on all of the performance measures of accuracy,

precision, recall, f1-score, and AUC score. We further present in the figure 4.10 the

confusion matrix and normalized confusion matrix the classwise performance of our

SAC3D model with 3D-DWT preprocessing, respectively. We present the comparison
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a Confusion Matrix b Normalized Confusion Matrix

Figure 4.10: (a) Confusion Matrix (b) Normalized Confusion Matrix on test UCF11[45]

dataset for proposed 3d self attention convolutional neural network on RGB Dataset.

of our SAC3D model with 3D-DWT with other state-of-the-art methods on the UCF11

dataset in table 4.2.

Performance Measure Score

Accuracy 0.9693

Precision 0.9710

Recall 0.9693

F1 - score 0.9690

AUC- score(one vs one) 0.9997

AUC - score(one vs rest) 0.9996

Table 4.1: Performance of SAC3D with 3D DWT on UCF11[45]
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Diving Golf Swinging Kicking Lifting

Horse-Riding Running Skate Boarding Swinging-Bench

Swinging-Side Walking-front

Figure 4.11: UCF SPORT ACTION Dataset[60]
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Method Accuracy

Liu et al. [45] 71.20

Ravanbakhsh et al. [59] 77.10

Sharma et al. [67] 84.96

Liu et al. [43] 89.70

Pan et al. [53] 86.90

Patel et al. [55] 89.43

Meng et al. [49] 89.70

Gharaee et al. [21] 89.50

Gammulle et al. [20] 89.20

Pan and Li [54] 89.24

Ullah et al. [74] 92.84

Wang et al. [76] 93.7

Javidani and Mahmoudi-Aznaveh [28] 95.73

Dai et al. [13] 96.90

Zebhi et al. [86] 93.4

Abdelbaky and Aly [1] 81.4

Muhammad et al. [51] 96.60

Akbar et al. [2] 100

Zebhi et al. [87] 97.13

Xiao et al. [82] 98.91

Saif et al. [62] 95.44

C3D* 89.07

SAC3D* 93.20

SAC3D + 3D DWT* 96.93

Table 4.2: Comparison with the state of the art methods on UCF11[45]
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4.2.2 UCF Sports Action Dataset

UCF Sports action dataset[60] consists of 150 sequences with a resolution of 720 ˆ

480 collected from broadcast television channels such as BBC and ESPN. The dataset

includes 10 actions like diving, golf swing, kicking, lifting, riding-horse, running, skate-

boarding, swing-bench, swing-side, and walking. Video frames from the UCF Sports

action dataset represent natural and genuine actions from different perspectives in a

wide variety of scenes.

4.2.2.1 Training and Testing details

In this work, to decrease background correlation between the training and test sets,

we split the dataset into 107 training samples and 43 test samples, as suggested by

[37], ensuring a 70:30 balance for each action class. Additionally, clips in the training

and testing sets could not come from the same video file. These sets were built to

ensure that clips from the same video were not used for both training and testing. The

proposed methodologies begin by extracting all the frames from each video. The next

step is the formulation of continuous frame sequences from the extracted frames. We

have used 32 frames as depth for each frame sequence of a video; thus, we divide the

video into continuous segments with 32 frames. For each video segment, We first resize

each frame to 256 ˆ 342 spatial dimension, and then a center cropping is performed to

limit spatial dimension 224 ˆ 224. All the pixels in the cropped frames are scaled to

limit the values 0 ´ 1. We next stack all of the preprocessed 32 consecutive frames to

form an RGB frame sequence with dimension 32 ˆ 224 ˆ 224 ˆ 3. We have proposed

a novel representation of the input video using 3D DWT as described in 4.1.1 as an

additional preprocessing step on the above extracted RGB-frame sequence. The final

representation of each input video segment obtained is a fixed size 4D tensor of di-

mension 16 ˆ 112 ˆ 112 ˆ 3. The batch size of 8 frame sequences has been used for the

experiment. Finally, 8 of these 3D DWT preprocessed frame sequence representations

are batched together to obtain the 5D tensor of dimension 8 ˆ 16 ˆ 112 ˆ 112 ˆ 3 as

the final input to the model. The next step in the experiment is to input the final
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representation of the video segment to the proposed model for feature learning. We

have optimized our proposed model with an ADAM optimizer with an initial learning

rate of 10´4 and using Sparse Categorical Cross Entropy as the loss function. We

have proposed a transfer learning- a fine-tuning scheme by adopting the weights of

pretrained C3D on the Sports1M dataset [31] for initializing the weight of 3D convo-

lutional layers and fully connected layers. We First freeze all model layers except the

last dense output layer and train the model for 20 epochs. We unfreeze the FC layers

of the model and train the model for another 30 epochs. We finally make all layers

trainable and train the model for 250 epochs. We have also experimented with other

strategies of freezing and unfreezing layers with different epochs but have experimen-

tally found this combination strategy to result in optimal performance accuracy for the

model. Figure 4.12 presents the model’s train and validation accuracy and loss plots.

We adopt the same steps for the input test video as for the training video. We first

segment the input test video into continuous video segments. We next obtain the final

input representation for each test video segment using the same preprocessing steps

as during training. Finally, we predict action categories for each test video segment

and evaluate our model performance based on the results obtained by comparing the

predictions with the ground truth label of each video segment.

4.2.2.2 Results

Our proposed model achieves an accuracy of 97.87% during testing. Our model

excels in the performance with the baseline C3D model’s accuracy of 89.36% by roughly

8%. Tables 3.4 and 4.3 present the performance of the C3D and our proposed SAC3D

model with 3D-DWT. Our proposed model, SAC3D, beats the baseline C3D model on

all of the performance measures of accuracy, precision, recall, f1-score, and AUC score.

We further present in the figures 3.12 and 4.13 the confusion matrix and normalized

confusion matrix the classwise performance of the C3D and our SAC3D model with

3D-DWT, respectively. We present the comparison of our SAC3D model with other

state-of-the-art methods on the UCF Sports action dataset in table4.4.
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Figure 4.12: (a) Training accuracy (b) Training loss for SAC3D model on UCF sports

action[60] dataset with 3D DWT preprocessed representation.

a Confusion Matrix b Normal Confusion Matrix

Figure 4.13: (a) Confusion Matrix (b) Normalized Confusion Matrix of proposed

SAC3D on test UCF sports action [60] dataset with 3D DWT preprocessed repre-

sentation.

4.3 Summary

In this chapter, we proposed a novel action recognition framework, a 3D Self-

Attention Convolutional Neural Network with Discrete Wavelet Transform on RGB

video clips of the UCF11 and UCF Sports action dataset. We chose a 3D CNN

architecture C3D as our baseline model in this work. We attempt to alleviate various
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Performance Measure Score

Accuracy 0.9787

Precision 0.9829

Recall 0.9787

F1 - score 0.9791

AUC- score(one vs one) 0.9787

AUC - score(one vs rest) 0.9789

Table 4.3: Performance of 3D self convolutional neural network with 3D DWT on

UCF Sports action[60]

limitations of 3D CNN architectures. We tackle the incompetence of C3D to model

long-range dependencies by incorporating a 3D Self-attention mechanism in the C3D

model baseline. The encapsulation of the 3D self-attention mechanism in the C3D

model also helps the model improve its feature learning by allocating appropriate

weightage to the information content. 3D self-attention mechanism allows the model

to focus on important information and ignore redundant irrelevant information. We

tackle the overfitting issues caused by large training data requirements by adopting

a transfer learning approach - fine-tuning scheme. We adopt the weights of the 3D

convolutional and fully connected layers of the pretrained C3D model on the Sport1M

dataset to initialize our model layer. Instead of using RGB representation of videos

as input to our model, In this chapter, we proposed to use 3D Discrete Wavelet

Transform as preprocessing step. Additional 3D DWT preprocessing of RGB video

clips produces a motion saliency representation that localizes action in the space and

frequency domain. This motion saliency representation of video is a more sparse and

discriminative representation that enhances the model’s learning capability. It also

mitigates the significant computational training time of 3D CNN required, owing to

sparseness in data representation. Overall, in this work, we effectively and efficiently

performed action recognition on the UCF11 and UCF Sports action video datasets
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Method Accuracy

Rodriguez et al. [60] 69.20

Lan et al. [37] 83.70

Wang and Schmid [77] 88.20

Ravanbakhsh et al. [59] 88.11

Wang et al. [78] 91.89

Meng et al. [49] 93.20

Gharaee et al. [21] 97.80

Gammulle et al. [20] 92.20

Liu et al. [43] 95.00

Tu et al. [72] 97.50

Nazir et al. [52] 97.30

Dai et al. [13] 98.60

Zebhi et al. [86] 92.6

Abdelbaky and Aly [1] 92.67

Kumar et al. [36] 96.8

Muhammad et al. [51] 99.10

Russel and Selvaraj [61] 99.26

Akbar et al. [2] 99.8

Xiao et al. [82] 97.84

Saif et al. [62] 95.74

C3D* 89.37

SAC3D* 93.62

SAC3D + 3D DWT* 97.87

Table 4.4: Comparison with the state of the art methods on UCF Sports action[60]

and achieved an accuracy of 96.93% and 97.87% comparable to the available state-of-

the-art results.
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Chapter 5

Conclusion and Future Work

This thesis predominantly delved into deep learning for enhancing action recog-

nition in videos. Our dedicated efforts were directed towards refining every facet of

the action recognition framework, from preprocessing techniques to the deployment

of advanced neural network architectures. By addressing key challenges and incorpo-

rating innovative methodologies, we aimed to elevate the overall efficacy of the action

recognition pipeline. In this thesis, we produced two end-to-end trainable architec-

tures in chapters 3 and 4. As previously discussed, our approach to action recognition

encompasses two integral subtasks. The first involves crafting a robust representation

of the input video data, a pivotal step that lays the foundation for the model’s feature

learning capability. The second subtask revolves around the meticulous design and

development of model architecture, ensuring efficiency and effectiveness in the task of

action recognition. Together, these subtasks form a comprehensive strategy to tackle

the complexities of action recognition. In chapter 3, We designed and developed a 3D

self-attention convolutional neural network (SAC3D) for action recognition on RGB

video data. In this work, we focused on improving the feature learning capabilities

of 3D CNN, the prevalent choice of baseline architecture for video action recognition.

We used a simple standard 3D CNN architecture, C3D, for our model baseline and im-

proved its action recognition accuracy by overcoming its drawbacks. We incorporated

a 3D self-attention mechanism into the C3D model baseline to enhance its feature

representation learning. In Chapter 4, we extended the SAC3D model architecture
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introduced in our previous work to enhance its input representation for video data.

This extension involved the incorporation of a preprocessing step based on the 3D

Discrete Wavelet Transform (3D DWT). By leveraging the 3D DWT, we obtained a

motion-salient representation of the input video data. The introduction of this prepro-

cessing step contributed significantly to refining the action recognition accuracy of our

SAC3D model, further solidifying the effectiveness of our proposed approach. Further,

We used transfer learning – a fine-tuning scheme to counteract the excessive need for

training data. We developed and tested our architectures on the benchmark UCF11

and UCF sports action datasets. The results obtained in chapters 3 and 4 exhibited

the efficacy of our works in improving the action recognition of C3D architecture. Our

approaches outperform many state-of-the-art methods, showing their precedence in

video action recognition. Further, we summarize the contributions achieved in this

thesis in section 5.1 followed by the possible future directions in section 5.2.

5.1 Summary of Contributions

We have achieved the objectives specified in Section 1.4 in this thesis by making

the following main contributions:

1. 3D Self-Attention Convolutional Neural Network for action recogni-

tion in videos

We introduced a pioneering action recognition framework, the 3D Self-Attention

Convolutional Neural Network, designed to process RGB video clips from the

UCF11 and UCF sports action datasets. Adopting the C3D architecture as our

baseline model, we aimed to address several limitations inherent in 3D CNN

architectures. To address the challenge of C3D’s inability to model long-range

dependencies, we introduced a 3D self-attention mechanism into the C3D model

baseline. This enhancement not only overcame the incompetence in capturing

long-range dependencies but also facilitated improved feature learning. The in-

corporation of the 3D self-attention mechanism enabled the model to allocate

appropriate weightage to information, focusing on crucial details while ignoring
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redundant and irrelevant data. Additionally, to tackle overfitting issues aris-

ing from the substantial training data requirements of the 3D CNN model, we

adopted a transfer learning approach—a fine-tuning scheme. Leveraging the

weights of the 3D convolutional and fully connected layers from the pre-trained

C3D model on the Sport1M dataset, we initialized the corresponding layers of

our model. Overall, This work successfully executed action recognition on the

UCF11 and UCF sports action video datasets, attaining remarkable accuracies

of 93.20% and 93.62%, respectively. These achievements stand on par with or

even surpass the current state-of-the-art results, underscoring the effectiveness

and efficiency of our proposed approaches.

2. 3D Self Attention Convolutional Neural Network with 3D Discrete

Wavelet Transform preprocessing for Action Recognition in videos

we developed a novel action recognition framework, a 3D Self-Attention Con-

volutional Neural Network with Discrete Wavelet Transform preprocessing on

RGB video clips of the UCF11 and UCF sports action dataset. In this work,

we deployed an additional 3D Discrete Wavelet Transform-based preprocessing

step on the input RGB frame sequences. Applying the 3D DWT to the in-

put RGB frame sequences generates different wavelet subbands, which provide

localized information in the frequency and space domain. We formulated a rep-

resentation that recombined specifically selected subbands that concentrate on

fast-changing information. The formulated representation had a good separa-

tion of the foreground performed human action to the background scenes. The

3D DWT processed representation facilitated the feature learning and thus im-

proved the performance of our SAC3D model. Overall, This work elevated the

feature representation quality of SAC3D by training the model on the motion

saliency representation instead of the raw RGB frame sequence. This strategic

modification resulted in the successful execution of action recognition on the

UCF11 and UCF sports action video datasets, yielding impressive accuracies

of 96.90% and 97.87%, respectively. These results align with or surpass exist-
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ing state-of-the-art benchmarks, underscoring the effectiveness of our proposed

methodology.

5.2 Future Research Directions

As discussed above, our work in this thesis focuses on determining a better repre-

sentation for the input video and developing a 3D CNN-based model for learning the

feature representation. We understand that our current work can be explored in the

following future directions:

1. Two stream SAC3D architecture for action recognition Two-stream net-

work architecture designs have proven to improve action recognition accuracy in

videos. As our next research step, we adopt the two-stream network architecture

design. We plan to use our proposed SAC3D model with an RGB frame cube

and 3D DWT preprocessed RGB frame cube as two input streams.

2. Variant of 3D CNN as the baseline In this thesis, we adopted the C3D model

as the baseline architecture. Our proposed work schemes helped improve the

action recognition accuracy of the C3D model baseline. As our baseline model,

we plan to experiment with more refined 3D CNN models such as ResNet3D[24],

I3D[9], etc.

3. 3D DWT-based representation as an internal layer in the model ar-

chitecture In this thesis work, The proposed salient representation of the RGB

frame cube obtained from the 3D DWT preprocessing step by including various

subband coefficients is decided by experimental analysis. In our future work,

we will include the 3D DWT preprocessing step as an internal layer to model

architecture. Our assumption is a more refined representation of the RGB frame

cube through trainable weighted fusion architecture.
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