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Abstract

Human action recognition (HAR), which deals with classifying human action in video, is
a core component of behaviour monitoring which has found applications in
surveillance, security, sports, traffic management, medical monitoring and assisted
living systems.

The state of the art in human action recognition depends on machine learning
techniques, which require large datasets for training. This results in huge amounts of
time spent in training as well as a large power consumption, which reduces the
feasibility of adopting such methods in real-world applications. Most of the data
present in video consists of background clutter that is irrelevant to human action
classification. Thus, the training time can be significantly reduced by limiting the data
that is processed to only those regions that capture the action taking place. A viable
strategy for identifying these regions with low effort is motion saliency detection given
that human action necessitates motion.

The main contributions of this work include a novel solution for identifying
regions that capture human actions and a new HAR method that uses this solution to
achieve a classification accuracy that is comparable to the state of the art however with
a significant reduction in the time spent in training and inference. In this thesis various
solutions to motion saliency detection were explored. A new motion saliency solution
was developed as existing solutions were found to be too computationally intensive
for any reduction in training time to be realised by their adoption in a HAR pipeline.
The use of this motion saliency solution in HAR methods was explored. It was found
that the highest classification is achieved with the Model-based Multimodal Network
(MMNet) [1] method, which is a multimodal HAR method that fuses the classification
results of the skeleton and colour modalities. A new HAR method, MMNet with motion
saliency (MMNet-MS), was developed that is based on the MMNet method. Whilst
MMNet relies on the OpenPose [2] tool that estimates skeleton joint coordinates, to
identify the regions that are relevant to action classification, the proposed MMNet-MS
identifies these regions using motion saliency detection to replace the computationally
expensive OpenPose skeleton estimation step. Experimental results showed that the
proposed MMNet-MS method achieves a comparable classification accuracy, on
average 75.91%, to MMNet, which has an accuracy of 76.67% on average. In private
settings such as the TST fall detection dataset [3], the accuracy of the proposed
MMNet-MS, 55.69%, surpasses that of MMNet, 29.55%. A significant reduction in
training and inference time is achieved where MMNet takes on average 28.63 hours to
train and 27 milliseconds to classify an action in a video while MMNet-MS takes on
average 14.92 hours to train and 9 milliseconds to classify an action. This reduction in



training time leads to a reduced power consumption in most cases particularly on the
NTU-60 dataset where MMNet consumed on average 3.43 kWh during training while
MMNet-MS consumed an average of 1.80 kWh during training.
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1 Introduction

Human action recognition (HAR) can be defined as the task of classifying human
actions in video. It is considered as an emerging field that has many applications which
include surveillance, security, traffic management, medical monitoring and assisted
living systems [7-10]. The goal of all HAR systems is to accurately and effectively
analyse human behaviour in video [7]. Once this goal is realised, HAR technology,
which forms the core of behaviour monitoring systems, has the potential to reshape
many industries and our society as a whole. For example, an effective behaviour
monitoring system can be used to automatically detect instances of uncivilised
behaviour, examples of which include littering, stepping on a lawn and climbing on
tourist attractions, as well as more serious offences such as dangerous driving [7]. This
has the potential to not only reduce the burden of human monitoring for such
behaviour but also reduces the burden to urban security and environmental
maintenance caused by insufficient enforcement [7]. In other applications, behaviour
monitoring systems have the potential for a profound impact on the lives of the elderly.
While elderly homes provide care services for the elderly, they not only place
restrictions on their lifestyle but are also a burden on the state, particularly in the case
of public elderly homes, which are subsidised by the government [8]. Assisted living
technology can allow the elderly to live, independently, in their own homes until a later
age, thus not requiring the services of elderly care homes [8]. Whilst applications
related to surveillance and security are focused on public settings where there are few
restrictions on the video capturing equipment, assisted living applications are focused
on private settings where the use of colour video introduces privacy concerns [8, 11].
As a result, colour video is generally not available in such applications and HAR
systems are limited to depth and skeleton information only [3]. The application of HAR
is not only limited to surveillance and assisted living applications but is attracting
increasing interest in sports where HAR technology is used to monitor athletes for the
purpose of analysing their skill and performance [12].

Despite the tremendous amount of research over the past years, HAR systems
still face significant challenges to successful action recognition. One of the most
significant challenges to the practical adoption of HAR systems is the long time
required for training and inference as well as the expensive hardware requirements
[13]. In order to maintain high classification accuracy while ensuring prompt
recognition, HAR models are deployed on high performance cloud services [14].
Besides the increased cost of the computing resources, this setup requires a
continuous high-quality and low-latency network connection which is not always
available [14]. In some applications, for example autonomous vehicles and automotive
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safety systems, local processing is required, where far fewer computing resources are
available, for the low-latency requirements to be met [14]. As a result lower accuracy
models are generally deployed in such applications [14]. If the time spent in inference
can be reduced with a minimal cost to classification accuracy, there is a potential for
deploying higher accuracy models in applications where local-processing is required
and computing hardware is limited [14]. Furthermore, a reduction in the computational
time has the potential for a reduction in the power consumption of high-performance
cloud services [14].

The long training and inference times are caused by the large amount of data
present in video that has to be processed by the classifier [15]. Most of this data
consists of background clutter that is actually irrelevant to action classification [15].
Moreover, the presence of this data can also have a negative effect on the
classification accuracy [1].

This thesis details research into the state of the art in human action recognition,
along with the challenges faced by modern approaches to the problem. It is identified
that the large training sets, required to effectively train a HAR classifier, lead to long
training times as well as large power consumptions, which hinders the practical
adoption of HAR systemes. It is further identified that the training time and power
consumption can be potentially reduced by limiting the data that is processed to only
those regions of the video that capture the action taking place. Various strategies for
reducing the size of the data that is processed by the HAR classifier are explored in
order to reduce the time spent during training and inference while preserving the same
classification accuracy. This is done with the goal of increasing the feasibility of
adopting HAR systems in real world scenarios. Since the presence of action necessitate
that motion is taking place, motion saliency detection is explored as the core strategy
for reducing the data that is processed by the HAR classifier to only those regions
capturing the action that is taking place.

The aim of this work is to develop a new HAR method, by building on existing
methods, that achieves a comparable classification accuracy to existing methods but
requires less time to train, is able to classify actions in video accurately in less time and
consumes less power. The primary objective is to develop a HAR solution that relies on
less data by identifying the regions in which the action is taking place. The second
objective is to develop a solution for identifying these regions that can be incorporated
in a HAR pipeline. The strategy is to reduce the size of the data that is processed by
the HAR classifier by eliminating those regions of the video that are irrelevant to action
classification. Thus, the negative impact on classification accuracy is expected to be
minimal if any is observed at all while the time taken during training and inference is
expected to be reduced significantly. The third objective is to optimise the HAR
pipeline, particularly in the steps where the action regions are identified, such that the
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training time, inference time and power consumption is reduced. The fourth objective
is to determine the optimal parameters of the developed HAR solution that the
classification accuracy is comparable to existing approaches with the final objective
being to evaluate the performance of the solution, in terms of speed, computational
time and power consumption, while comparing it to state of the art HAR approaches.

Existing solutions to motion saliency detection were explored and were found
to be unsuitable for the task since they are either computationally intensive, which
negates the reduction in processing time, or require training a classifier in addition to
the main HAR classifier. Thus, a new motion saliency solution was developed for use in
a HAR pipeline with the purpose of reducing the size of the data that is processed by
the classifier. Two papers [4, 5] detailing the novel motion saliency solution were
published.

Various recent HAR solutions were explored with extensive experimentation
done to determine their performance, the benefit of motion saliency in reducing
computational time and the impact on classification accuracy. It was found that the
best performance was achieved using multimodal methods, in particular the
Model-based Multimodal Network (MMNet) [1], which performs action classification
by fusing the results of classification using skeleton joint and colour data. A new HAR
system was developed by modifying the MMNet pipeline to include the motion
saliency solution, developed during this work. This was done with the objective of
replacing the use of the OpenPose [2] tool for estimating skeleton joint coordinates,
which is a costly step, with motion saliency detection. Experimental results show that
the developed pipeline achieves an action classification accuracy that is comparable to,
and in some cases surpasses, MMNet but requires significantly less time for training
and inference. Moreover, in most of the experiments the proposed pipeline consumed
considerably less power during training. A paper [6] detailing the HAR method and the
experimental results was published.

This thesis is organised as follows. Chapter 2 contains a detailed overview of
the field of human action recognition, beginning with a brief overview of early work
leading to the techniques behind the state of the art. Chapter 3 contains an in-depth
review of recent approaches to HAR. Chapter 4 covers the research done into existing
motion saliency detection solutions as well as a detailed explanation of the new
motion saliency solution, that was developed during this work, and the
experimentation done to evaluate its performance. Chapter 5 explores the use of the
developed motion saliency solution in HAR methods to reduce the time required for
training and the power consumption. This chapter concludes by presenting a new HAR
method (MMNet-MS) which is based on MMNet but with a pipeline that is modified to
include motion saliency detection. Chapter 6 details the experimentation done to
evaluate the performance of the proposed HAR method in terms of classification
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accuracy, training time, inference time and power consumption and compares its
performance to that of MMNet and other methods. Chapter 7 concludes this thesis
with a summary of the research done and the achievements of this work along with a
discussion of potential avenues for future research.



2 Background

This section begins with a background on Convolutional Neural Networks (CNNs) and
with a justification for why they are the preferred approach in computer vision tasks as
well as the challenges faced when applying CNNs to image processing tasks such as
object recognition. This is followed by a background on the application of CNNs to
human action recognition (HAR) with an in-depth explanation of two-dimensional
CNNs (2D-CNNs) and three-dimensional CNNs (3D-CNNs) with the advantages and
limitations of both approaches discussed in detail.

Advances in deep-learning models have lead to CNNs, which were first
described in [16], being established as the state of the art in most image processing
tasks due to their tremendous success in object recognition and image classification
[17-20]. CNNs are a variation of the standard feed-forward neural networks that are
specifically adapted for processing 2D image data. Before explaining why CNNs are
able to achieve a superior performance in image processing tasks, it is necessary to
delve deeper into the weakness of standard feed-forward neural networks.

Before the introduction of CNNs, neural networks consisting of multiple fully
connected layers were used to apply machine learning to image processing tasks,
where each individual perceptron is fed the value of a single image pixel [16]. An
overview of this architecture is shown in Figure 2.1. The network architectures of the
time, which consisted of one input layer, one hidden layer and one input layer, lacked
the discriminative power required to learn features from the large volume of data
associated with image processing tasks [16]. However, increasing the number of layers
increases the number of parameters to the point where a network with sufficient
discriminative power is prohibitively expensive to train due to requiring an enormous
set of training data and long training times [16]. Furthermore, avoiding overfitting
becomes increasingly difficult with a larger number of parameters [16].

The core component of CNNs, which distinguishes them from their
predecessors, is the convolution layer. It was observed that images generally consist of
local features which are present in multiple regions of the same image [16]. Moreover,
a feature detector which successfully detects a specific set of features, in a certain part
of the image can also be used to detect the same feature set in another part of the
image [16]. Thus, it is not necessary to dedicate a perceptron to every pixel in the input
image but rather a feature detector, with its own set of weights, can be limited to a
single block of pixels and applied to multiple regions of the image using the same
weights [16]. This feature detector is implemented by a convolution layer which
performs convolution of the input image with a 2D filter kernel. The kernel weights are
learned using the same backpropagation algorithm that is used to train feed-forward
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Input Input Hidden Output
Image Layer Layer Layer

Figure 2.1 Standard feed-forward neural network architecture for image processing

neural networks. Each convolution layer serves to detect and extract a specific set of
features using the 2D filter kernel. The initial layers detect local features while the
upper layers combine multiple features, detected by the preceding layers, to form a
global representation of the image [16]. Each convolution layer reduces the size of the
data, effectively acting as a squashing operation [16] until the size of the data is
reduced to the size of the output feature vector. An overview of the basic structure of
a CNN is shown in Figure 2.2.

Input Image Feature Map Feature Map _

£

—>

Convolution Convolution Flattening Fully
Connected

Layer

Figure 2.2 Basic structure of a Convolutional Neural Network

The major advantage of CNNs over standard feed-forward neural networks is
that the number of parameters, and hence the required training set size, is reduced
drastically making CNNs easier to train and more practical for real-world applications
[16, 17]. Another significant advantage is that CNNs are shift-invariant, which means
that the same result is produced even if the input is shifted [16]. This is attributed to
the fact that the convolution kernel, in a given layer, uses the same weights regardless

6
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of the location at which it is applied in the input image [16].

Even with these ground-breaking advances in neural network architectures,
obtaining a sufficiently large training set is still a significant challenge [17]. For simple
recognition tasks, such as digit and hand-writing recognition, the network can be
trained using a dataset containing tens of thousands of annotated samples [17, 21-23].
However, these datasets are too small for object recognition in real-world settings,
where the classifier has to distinguish between thousands of categories of objects each
with considerable variability [17, 24]. To effectively train a classifier in such scenarios,
larger datasets consisting of hundreds of thousands of samples, such as LabelMe [25],
to millions of samples, such as ImageNet [26], are required [17]. Training with datasets
of this size not only requires a model with a large training capacity but also a model
which has prior knowledge to compensate for missing data [17]. These constraints are
satisfied by CNNs [16, 22, 27-30], since their training capacity can be controlled by
varying the depth of the network, i.e. the number of layers, and the size of the
convolution kernels while the inherent kernel weight-sharing strategy means CNNs
make correct assumptions about the nature of images, namely the spatial locality of
pixel dependencies [17].

The success of CNNs is not limited to object recognition but with recent
advancements, CNNs have achieved tremendous success in human action recognition
and are considered the state of the art [18-20]. This is largely due to their inherent
ability in extracting and combining low-level features as well as the recent availability
of large-scale HAR datasets [18, 31, 32].

The challenges faced in training a CNN for object recognition, namely the large
training set requirements, are also faced when training a CNN for human action
classification but to a greater level due to the increased complexity of the task, the
larger volume of data that has to be processed and the need to model temporal
information as well as spatial information [18]. Recently a number of large-scale
training datasets have emerged such as Kinetics-400 [31], Sports1M [33] and
Moments-In-Time [34], which has led to rapid progress in video understanding and has
facilitated research into the most optimal spatiotemporal models for video action
recognition [18].

The two-stream CNN model is the most widely used deep architecture in video
action recognition [18, 35]. This model consists of two separate CNN streams with one
stream dedicated to process the colour (RGB) frame information, which contains
spatial features, and another stream dedicated to process the temporal information in
the form of optical flow [18, 32, 36]. The final action classification is delivered by late
fusion of the two-streams in the upper layers [33]. The structure of a 2D-CNN for
action classification is shown in Figure 2.3. The distinction between two-stream CNN
based approaches to HAR lies in the strategies for identifying the subset of the colour

7
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Figure 2.3 General structure of two-stream CNNs for HAR

and optical-flow that is fed into the CNN streams for processing. Ideally only those
regions which are relevant to action classification are processed while the remaining
data, which mostly consists of clutter, is removed. Pose based approaches such as [37]
identify regions in the RGB and optical flow images which surround the individual body
parts while separate two-stream CNN models learn features from each body part. This
strategy has been shown to achieve a superior performance compared to strategies
based on statistical representations of local features, such as [38-40], in distinguishing
between fine-grained actions such as washing hands and washing object [37].
Approaches based on motion saliency, such as [41], apply techniques for identifying
salient regions in video based on the presence of motion. The identified regions are
used to reduce the colour and flow data to only those regions which contain motion.
Since human action necessitates motion, those regions which do not contain motion
are thus unlikely to contain the action and are thus removed from further processing by
the CNN streams [41]. Long-term short-term memory (LSTM) memory models are
widely used [42-45] to learn temporal information from both the colour and optical
flow information. With these models the input sequence is represented as an ordered
sequence of both colour frame images and optical flow images, while long-range
temporal recursion is used to learn temporal features. It has been shown that these
models are superior in modelling temporal dependencies between frames compared to
models which learn features only from the visual domain [42, 43].

There are variations of the 2D-CNN approach to HAR which do not use a
separate optical flow stream for learning temporal features but rather use temporal
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aggregation of the frame images to encode the temporal information directly in the
colour information [18]. One such approach, on which the Temporal Segment Network
(TSN) [46, 47], Temporal Shift Module (TSM) [48] and other methods [36, 49-54] are
based, is to extract short snippets of data from different frames over a long video
sequence into a single stacked RGB image on which the classifier is trained. A core
aspect of these methods, which distinguishes them from the two-stream based
approaches, is the introduction of a sampling strategy to select the relevant
information for action classification and build a long-range temporal structure [46]. In
general a sparse sampling strategy is used, as opposed to a dense sampling strategy
that involves sampling every frame, since consecutive frames are known to be highly
redundant [46]. This strategy not only reduces the size of the data that has to be
processed but also drastically reduces the computational cost of the system [46].

Whilst 2D-CNNs have achieved success in video-based human action
recognition, they are recently being outperformed by three-dimensional (3D) CNN
architectures [55, 56]. A 3D-CNN extends the traditional 2D-CNN to 3D space with
the use of a 3D convolutional kernel that is applied on a 3D input [55]. These
architectures are effective for human action recognition since the 3D kernel is capable
of learning features directly from raw video input where the first two dimensions are
the spatial dimensions with the third dimension being time [55]. The input is generally
a time slice of a video in the form of a 3D matrix containing the 2D colour frame
images stacked along a third time dimension. The ability of CNNs in performing
automatic feature extraction allows 3D-CNNs to automatically extract both spatial and
temporal (spatiotemporal) features directly with the 3D kernel while using only a single
CNN stream [55, 56]. This is in contrast to the 2D-CNN based approaches which
either require two separate streams for learning spatial and temporal features, or a
sampling strategy to select specific frames from which to learn temporal relations. An
overview of the general structure of 3D-CNNs is shown in Figure 2.4.

Video Clip —

t=1

Feature Map

Feature Map
i L

3D Convolution 3D Convolution Flattening

Fully
Connected
Layer

Figure 2.4 General structure of a 3D-CNN

A variety of 3D-CNN architectures exist, each with their own advantages and
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disadvantages. Convolutional 3D (C3D) [57] is one of the most widely used 3D-CNN
architectures [55], which uses a 3 x 3 x 3 kernel in all layers. This architecture is the
first 3D-CNN approach that processes an entire video as input as opposed to previous
models such as [58], which takes a segment video volume as input [57]. This strategy
allows for the model to be scaled to large datasets since there are no preprocessing
steps [57]. Moreover, C3D is based entirely on 3D convolution in all layers whereas
prior approaches, such as [33] and [35] were built on 2D-convolutions with 3D
convolutions used only in the Slow Fusion model [57]. The Inception based I3D
architecture, first introduced in [19], is another widely used 3D-CNN architecture [55]
that has achieved a state of the art performance [31]. These architectures have
achieved a performance that is comparable to that of 2D-CNNs despite being relatively
shallow in comparison [59]. It is expected that a superior performance will be achieved
with deeper 3D-CNN architectures however these are difficult to train [59].

Architectures based on Residual Networks (ResNets) allow deep networks, with
a large number of hidden layers, to be trained successfully [59]. It has been shown that
increasing the number of layers does not necessarily result in a higher classification
accuracy [20]. In-fact, it has been observed that a saturation point is reached where
the classification accuracy remains constant despite increasing the depth of the
network [20]. Further increasing the depth of the network beyond the saturation point
results in a decrease of the classification accuracy [20]. This degradation has in part
been attributed to the vanishing/exploding gradient problem [20, 60, 61], which is
caused when the error between the output and training target is not backpropagated
through all layers [43]. The issue of the vanishing gradient problem has been addressed
with the addition of normalisation layers [20, 61-63] and shortcut connections, which
are referred to as residual connections. A shortcut connection is a connection between
two non-adjacent layers of the network that skips over one or more intermediate
layers. These shortcut connections allow the error gradient to backpropagate from the
later layers to the early layers [20, 55]. Figure 2.5 shows a shortcut connection, that
skips over a single convolution layer, within a ResNet architecture.

ResNet3D is class of 3D-CNN architectures based on residual networks. These
have been shown to achieve a superior performance to both C3D and I3D and as such
are regarded as the state of the art [18]. There are a number of variants of ResNet
architectures, with the most widely used being ResNet with basic and bottleneck blocks
[20], pre-activation ResNet [64], wide ResNet (WRN) [65], ResNeXt [66] and DenseNet
[67].

The ResNet basic block, an overview of which is shown in Figure 2.6, is a
building block of the basic ResNet architecture, which consists of two 3D convolutional
layers each followed by batch normalisation and a Rectified Linear Unit (ReLU) [55]. A
shortcut connection connects the block input to the layer preceding the last ReLU in
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Figure 2.5 Diagram showing residual connections in ResNet architectures

the block, using a summation operation. The ResNet-18 and ResNet-34 architectures
are based on basic blocks [55]. The ResNet bottleneck block, an overview of which is
shown in Figure 2.7, consists of three convolutional layers, with the kernel size of the
first layer being 1 x 1 x 1 and the kernel size of the second layer being 3 x 3 x 3 [55].
This block uses the same shortcut connection as the basic block. Bottleneck blocks
form the basis of ResNet-50, ResNet-101, ResNet-152 and ResNet-200 [55].

Convolution Batch

(3x3x3) Norm RelU

Shortcut Connection

Input > >@ > Output

Figure 2.6 Structure of a ResNet basic block module

The pre-activation ResNet, the structure of which is shown in Figure 2.8, consist
of the same components as the bottleneck block but arranged in a different order [55].
Rather than having a convolutional layer, followed by batch normalisation and RelLU,
the batch normalisation comes first, which is followed by ReLU with the convolutional
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Figure 2.7 Structure of a ResNet bottleneck module

layer being the last layer in the block [55]. A shortcut connection connects the block
input to the layer following the last convolutional layer in the block. This configuration

was shown to facilitate the optimisation during training and reduce overfitting [55, 64].

The WRN architecture is a variation of the bottleneck block specifically
designed to optimise training time when increasing the size of the network to increase
its discriminative power [55]. The main difference between WRN and the bottleneck
block is the number of feature maps for each convolutional layer. In WRN the number
of feature maps are increased rather than increasing the number of layers [55]. This
configuration has been shown to be efficient in parallel computing, particularly when
using GPUs, since the convolution operations for each feature map can effectively be
performed in parallel [55, 65].

The ResNeXt architecture extends the ResNet bottleneck block with the
concept of cardinality [55]. Group convolutions are introduced which divide the input
feature maps into small groups, with the cardinality being the number of middle
convolutional layer groups in the bottleneck block [55]. It has been shown that
increasing the cardinality is more effective than increasing the depth of ResNets based
on basic and bottleneck blocks or increasing the width of WRNs [55, 66].

DenseNets are a variation of ResNets which differ in how the shortcut
connections are made [55]. In the basic and bottleneck ResNets, the shortcut
connections involve a summation operation whereas DenseNets connect the shortcut
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Figure 2.8 Diagram showing structure of a pre-activation ResNet

connections using a concatenation operation. Much like pre-activation ResNets, and
unlike basic and bottleneck blocks, in DenseNets the convolutional layer follows the
batch normalisation and ReLU with a shortcut connection from the input of the block
to the output. This has been shown to achieve a higher classification accuracy with
fewer parameters than other ResNet architectures [55, 67].

While 3D-CNNs have recently begun to outperform their 2D counterparts in
action recognition tasks [55], and have even performed well in other computer vision
tasks such as action detection [68], video captioning [69], action localisation [70] and
video summation [71], training a 3D-CNN presents significant challenges [18]. The
primary challenge is related to the large size of the network architecture, due to the 3D
convolution kernels. As a result 3D-CNNs have considerably more parameters that
have to be optimised during training, than those of 2D-CNNs [55]. Thus a larger
dataset is required to successfully train a 3D-CNN than is required for training a
2D-CNN. The widely used HMDB-51 [72], containing 6766 action instances, and
UCF-101 [73], containing 13320 action instances, action recognition datasets, which
have been regarded as the most successful in the field, are too small for training
3D-CNNs from scratch [55, 59]. ActivityNet [74] is a comparatively larger dataset,
containing 849 hours of video and 28000 action instances [55]. However, the results
show that even a dataset of this size is too small to train a 3D-CNN from scratch [55].
Results have shown success with training 3D-CNNs from scratch, including deep
architectures such as ResNet-152 which contains 152 layers, using the Kinetics-400
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dataset [31], which contains more than 300000 trimmed videos covering 400 action
categories [55]. Success has also been achieved using larger datasets such as
Sports-1M [33] however their large size, which approaches 10 TB, makes training
impractical [55].

Obtaining a sufficiently large dataset, such as Kinetics, is not always practical or
even possible. Pretraining is a strategy used for reducing the training set size
requirements. The idea behind pretraining is that the local feature descriptors required
for action recognition, which are learned by the early layers in the network, generalise
well to other datasets [56]. Therefore, the early layers can be trained once using a large
dataset such as Kinetics, that doesn’t have to be related to the dataset specific to the
environment in which the HAR system is deployed. The pretrained model can then be
distributed and further fine-tuned using smaller datasets that are specific to the
environment in which the HAR system is deployed. Results of research [55, 56, 59]
show that good results are achieved on the HMDB-51 and UCF-101 datasets using
models pretrained on Kinetics-400 and Moments-in-Time [34].

Human action recognition approaches are not limited to RGB data only. Recent
technological advances in human skeleton detection have allowed for the practical
adoption of skeleton features in HAR [1]. Skeleton data, which consists of the
coordinates of the joints comprising the human skeleton, is retrieved through vision
sensors, including depth sensors, stereo cameras and motion capsules [1, 75]. The
availability and affordability of commercial RGB-D (red, green, blue and depth) cameras
such as Microsoft Kinect and Intel Realsense, coupled with human body
skeleton-detection, have allowed for significant advances in skeleton-based HAR [1].
Early work in skeleton-based HAR focused on modelling geometric features based on
the sequential and spatial characteristics of skeleton data using support vector
machines, hidden Markov models and dynamic time-warping [1, 76]. However,
hand-crafted features rely on heuristics which are limited by human domain knowledge
[77, 78]. This knowledge may be helpful in specific settings but is not necessarily
helpful in general environments. Moreover, only shallow features can be learned using
hand-crafted approaches [79], which leads to an undermined performance particularly
using unsupervised learning approaches [77]. Models based on hand-crafted features
are only capable of recognising high-level features, such as walking and running, but fail
to recognise context-aware activities such as having coffee [77, 80].

In recent years the trend in skeleton-based HAR is moving towards
deep-learning based approaches, due to their success in image processing and
video-based HAR [77]. This is due not only to their ability in learning higher level and
more meaningful features than it is possible using hand-crafted features, but at the
same time unsupervised and incremental learning is more feasible using a deep
network structure [77]. Unsupervised learning techniques differ from supervised
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learning techniques in that they do not required labelled training data. These
techniques have a significant advantage over supervised learning techniques since
annotating a large dataset is time consuming and labour intensive. Deep generative
models are capable of learning action classes from a large amount of unlabelled data
much more effectively than models based on hand-crafted features [77, 81].

Whilst CNNs have achieved success in image recognition and video-based HAR,
there are additional considerations when adapting a CNN to skeleton based HAR.
Most CNNss are designed to process images, whereas skeleton data consists of skeleton
joint coordinates varying through time [77]. Each joint consists of three 1D vectors
containing the readings for the z, y and z coordinates throughout time [77]. This data
has to be transformed to a virtual image on which the CNN can be trained. There are
two main strategy for adapting the skeleton joint coordinates, and those are the
model-driven and data-driven strategies [77]. The data-driven strategy, adopted in [79,
82-86], involves treating each data dimension as a channel on which 1D convolution,
followed by pooling is performed, after which the channels are flattened to unified
DNN layers [77]. The advantage of this approach is that it is easy and simple to
implement since the sensor data is effectively treated as a 1D image [77]. However,
this approach fails to model the dependencies between the dimensions, which has a
negative effect on its performance [77]. The model-driven strategy involves reshaping
the input to a virtual 2D image so that 2D convolution can be performed [77]. One
such approach involves simply combining all the dimensions into a single 2D image
[87]. More complex approaches, such as the approach presented in [88], use a sliding
window strategy to divide the time-series data into multiple overlapping segments that
are then concatenated into a 2D image, while the model-based approach presented in
[3], involves modality transformation to convert the sensor data to the visual domain
using pressure distribution images. Model-driven approaches are more effective than
data-driven approaches at modelling spatial and temporal dependencies between
dimensions, however mapping time series data to a 2D image is not a trivial task and
requires domain knowledge [77].

Autoencoders are a class of unsupervised learning techniques for skeleton
based HAR, which learn a latent representation of the input data through hidden layers
[77]. The architecture of an autoencoder is similar to that of a basic feed-forward
neural network consisting of one input layer, one output layer and one or more hidden
layers [89]. The autoencoder differs from a regular feed-forward neural network in that
the number of neurons in the input and output layers is the same. Moreover, the goal
of an autoencoder isn't to learn an action label but rather to reconstruct the input data
at the output layer [89]. As a result, an autoencoder can be trained without annotated
data, since it learns to reconstruct the input data rather than learning an action label.
The autoencoder consists of an encoding step, which encodes the input to a latent
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representation and a decoding step, which reconstructs the input from the latent
representation [89]. The encoding step is formulated by (2.1), where z is the input, W
is the weight matrix, b, is the bias vector and f is a nonlinear activation function [89].
The decoding step is formulated by (2.2), where b, is the bias vector for this step. The
output Z should approximate the input .

h=f(Wz+b)
7= f(WTh+ by) (2.2)

The purpose of the autoencoder is to encode each skeleton to a latent representation
that identifies the action, that is each instance of a given action a should produce the
same latent representation. This is achieved by minimising the error between the input
x and the reconstructed input z.

The stacked autoencoder (SAE) is an unsupervised learning architecture
consisting of a stack of multiple autoencoders, where each layer of the SAE network is
a basic autoencoder model [77]. After multiple rounds of training, using the same error
minimisation strategy, the learned latent representations, at each autoencoder model,
are stacked with labels to form a classifier [77]. SAE methods have the major
advantage that they can be trained by unsupervised learning, which means annotated
data is not required. However, the performance of SAE is highly dependent on the
layers and activation functions of the individual autoencoders [77] and finding the
most optimal architecture is not a trivial task [89].

The approaches to HAR that have been discussed up till this point are unimodal,
which means they only consider a single data modality; either colour (RGB) data or
skeleton data. This comes with a fundamental limitation since the particular data
modality lacks certain information which may be beneficial to HAR [1]. RGB-based
unimodal methods are limited by the lack of 3D structure provided by skeleton data
[1]. On the other hand, skeleton-based methods are limited by the absence of texture
and appearance features [1]. As a result these methods fail to distinguish between
actions that have similar skeletal movements such as typing and writing [1]. To resolve
these issues multimodal methods, which exploit data from multiple modalities, have
been developed. Vision-based multimodal methods that incorporate skeleton and RGB
modalities have been shown to achieve a higher performance compared to unimodal
methods [1, 90]. The core task of multi-modal methods is data fusion [1]. Data fusion
techniques can be classified as either data-level fusion, feature-level or decision-level
fusion depending on where the fusion operation is performed [1]. Data-level fusion is
performed at the input layer by concatenating the data modalities into a single input.
This is rarely used in practice when the data modalities are intrinsically heterogeneous,
which is the case with skeleton and RGB data [1]. Feature-level fusion involves
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concatenating feature-level representations at the fully connected layers while
decision-level fusion involves aggregating the results at the final layers, usually with a
softmax function [1, 91-93]. Whilst multimodal methods, do offer a significant
advantage over unimodal methods, in that they are able to exploit both the appearance
information and 3D structure, they come with the disadvantage of having to process a
larger volume of data, which increases the training time and resource consumption of
the HAR system. Moreover, how to effectively fuse data from multiple modalities such
that HAR accuracy is increased is still an open question without a clear solution that
performs well in every situation [1].
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This chapter contains an in-depth review of several recent state of the art human
action recognition methods outlining the strengths and weaknesses of each approach.
The chapter begins with a review of 3D-CNN methods and a comparison with
2D-CNN based methods. This is followed by a detailed review of three recent
unsupervised approaches, which include a method based on subspace clustering, an
autoencoder-based method and a contrastive-learning method. The chapter concludes
with a review of a recent multi-modal HAR approach that learns features from both
skeleton and colour data.

The performance of 3D-CNNs surpasses that of traditional 2D-CNNs in
video-based human action recognition when the network is trained using a sufficiently
sized training dataset. However, obtaining a sufficiently large dataset is not practical in
some scenarios. The study by Hara et al. [55] aims to determine how large of a dataset
is required to train a 3D-CNN, such that its performance surpasses that of 2D-CNNs,
and whether existing HAR datasets are sufficiently large to train a 3D-CNN. Previous
studies [31, 59] showed that the widely used UCF-101 [73], HMDB51 [72] and
ActivityNet [74] datasets are not sufficiently large for training a 3D-CNN, with a high
accuracy only being achieved when training using the Kinetics [31] dataset.

The first part of the study [55] focuses on the relatively shallow ResNet-18
architecture as a baseline to determine which datasets are suitable for training a
3D-CNN. This is based on the assumption that if overfitting is observed with
ResNet-18 when trained on a given dataset, that dataset is too small for training
deeper 3D-CNNs [55]. The remainder of the study [55] focuses on experimentation
with deeper 3D CNNs, with the model depth varied from 18 to 200. The study
performs experimentation with the ResNet basic block, ResNet bottleneck block,
pre-activation ResNet, WRN, ResNeXt and the Dense ResNet architectures.

Prior to training the models, random training samples are generated from the
training set for data augmentation [55] by a temporal sampling step followed by a
spatial sampling step. The temporal sampling step involves selecting a temporal
position in the video by uniform sampling, around which a 16-frame clip is generated.
Videos shorter than 16 frames are repeated until they are of the required length. The
spatial sampling step involves selecting a random spatial position from the four corners
or centre of the video frames and a spatial scale of the sample in order to perform
multi-scale cropping [55]. The scale is selected from the set {1, 2%, %, QL%, 3
same procedure originally described in [94]. The scale is applied to the shorter side of

} using the

the frame to determine the sample width and height. For example a scale of 1 means
that the sample width and height are the same as the shorter side of the frame whilst a
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scale of 0.5 means the sample size is half the size of the shorter side of the frame [55].
After spatial-temporal cropping using the selected temporal and spatial positions, scale
and aspect ratio of 1, each sample is resized to 112 x 112 pixels. This results in an input
matrix with a size of 3 x 16 x 112 x 112 representing 16 frames of 3 channel images each
of a size of 112 x 112 pixels. Additionally, 50% of the samples are randomly selected and
flipped horizontally. The final step in generating a training sample is mean subtraction
which involves subtracting the mean pixel colour value of the sample from each
channel. The generated samples retain the same action labels as the original videos.

The networks, explored in the study, are trained by stochastic gradient descent
(SGD), with momentum, on the randomly generated training samples [55]. Training is
achieved by minimising the cross-entropy losses of which the gradients are
backpropagated from the output to the remaining layers of the network, with a weight
decay of 0.001 and momentum of 0.9 [55]. When training from scratch, an initial
learning rate of 0.1 is used which is then divided by 10 as training progresses. The initial
learning rate for fine-tuning is 0.001 with a weight decay of 1e—5 [55].

The study [55] adopts a different strategy for generating the data samples
during inference. A sliding window scheme is used to generate the input clips, that is
each video is split into non-overlapping 16-frame clips, rather than random temporal
sampling. Instead of the random spatial cropping, adopted during training, each clip is
cropped around the centre with a scale of 1. Each clip is fed into the network as input
to compute the clip’s scores for each action class. The scores are then averaged over all
the clips of the video with the recognised action label being determined from the class
with the maximum score.

Four datasets are considered in the study [55] namely UCF-101 [73], HMDB-51
[72], ActivityNet [74] and Kinetics-400 [31]. HMDB-51 and UCF-101 provide
temporally trimmed samples where frames which do not depict the action are removed
from the video [55]. On the other hand, the training samples provided by Kinetics and
ActivityNet are not trimmed to the action.

The results of training ResNet-18, which is the shallowest network considered
in the study, show that the validation losses on the UCF-101, HMDB-51 and
ActivityNet datasets are significantly higher than the training losses, which indicates
overfitting [55]. The validation set accuracies achieved on UCF-101, HMDB51 and
ActivityNet, 40.1%, 16.2% and 26.8% respectively, are much lower than earlier methods
[55], which indicates that these datasets are not sufficiently large to train even the
shallowest 3D ResNet architecture let alone deeper architectures [55]. A classification
accuracy of 54.2% was achieved on the Kinetics-400 validation set which is only
slightly lower than the accuracy achieved on the training set. This indicates that
Kinetics is sufficiently large for training a 3D ResNet [55].

The study [55] conducted experiments with deeper ResNet architectures, up to
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ResNet-200, trained on Kinetics. An increase in the classification accuracy was
observed, with an increase in network depth, up until ResNet-152, which achieved a
top-1 classification accuracy of 63%. The accuracy of ResNet-200 was only 0.1% higher
than the accuracy of ResNet-152, which is an indication that the training is beginning
to overfit [55]. The results of the experiments with other ResNet architectures showed
that the highest top-1 classification accuracy, 65.1% was achieved using ResNeXt-101.
The study concludes that the Kinetics dataset is sufficiently large for training deep
ResNet architectures.

Fine-tuning a 3D ResNet pretrained on Kinetics was explored in the study [55]
as an alternative for training deep 3D ResNet architectures on UCF-101 and
HMDB-51. The fine-tuning strategy adopted in the work involves training only the
final convolution layer (conv5_x) and the fully connected layer [55]. The results of the
experiments showed that a higher classification accuracy is achieved when pretraining
is done using Kinetics followed by fine-tuning, with a classification accuracy of 89.6%
being achieved on UCF-101 and 63.5% on HMDB-51 with ResNet-200. The highest
classification accuracy, on both datasets, was achieved using ResNeXt-101, with a
classification accuracy of 90.7% achieved on UCF-101 and 63.8% achieved on
HMDB-51. Additionally, ResNeXt-101 also outperformed state of the art methods
such as C3D [57], P3D [95], two-stream CNN [35], TDD [96]. With an increased input
size, ResNeXt-101 also outperforms ST Multiplier Net [97] and TSN [46].

The work of Chen et al. [18] is a study that aims to provide a better
understanding of the difference in performance and spatiotemporal behaviour
between 2D-CNN and 3D-CNN HAR models. The authors identified that a significant
weakness of existing studies is the lack of a standard evaluation dataset, unlike image
processing where ImageNet [98] has been established as a standard. Additionally, the
results are often skewed by differences in the network backbone. While Kinetics-400
[31] is the most popular dataset, which is used by around 60% of papers, it is known to
be biased towards models which give a higher weight to spatial information over
temporal information [18]. This makes the dataset inappropriate for validating a
particular model’s capability in learning temporal features [18]. Something-Something
(V1 and V2) [99] is another widely used HAR dataset, which is used by around 50% of
papers. Compared to Kinetics-400, this dataset is known to have significantly different
temporal characteristics [18].

A number of popular HAR approaches are analysed, namely pure 3D-CNNs
such as 13D [31], ResNet3D [59], and 2+1D models, which decompose a 3D
convolutional filter into a 2D spatial filter followed by a 1D temporal filter, such as
Separable 3D CNN (S3D) [100] and 2+1D ResNet (R(1+2)D) [101]. Pure 2D-CNN
approaches such as TSN [46] and Temporal Aggregation Modules (TAM) [36] are also
analysed and compared to 3D-CNNs. The study [18] focuses on these approaches
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since they have achieved good results on popular large-scale datasets [18].
Additionally many other approaches, such as SlowFast [102] and CSN [32], are based
on the models analysed in the study [18]. To facilitate the analysis the authors
introduce a general framework for action recognition models which includes a
spatiotemporal module followed by an optional temporal pooling module. This
framework allows a HAR approach to be tested with different configurations, such as
different backbones, temporal pooling and temporal aggregation strategies.

The HAR models are evaluated on the Kinetics-400 [31], Something-Something
V2 (SSV2) [99], and Moments-in-time (MiT) [34] datasets. The study [55] also
evaluates the model on a reduced version of each dataset, referred to as Mini-Kinetics,
Mini-SSVV2 and Mini-MiT, by randomly selecting half of the action categories. The
Mini-MiT is provided by [34] and contains one eighth of the full dataset. A two-step
process is used for training the models, where first a starter model is trained on a
selected number of frames, and then the model is fine-tuned using the remaining
frames [18]. The starter models are either inflated with or initialised from their
corresponding ImageNet pre-trained models [18]. Training is performed in four
iterations where the starter model is trained during the first iteration with the
remaining iterations serving to fine-tune the model. The maximum number of frames
used for training is varied between experiments to determine the effect of the size of
the input on the performance of the model. Clip-level accuracy is used as an evaluation
metric, which is in contrast to the study by Hara et al. [55] where video-level accuracy
was reported. The difference between the two is that clip-level accuracy is based on
the prediction results of individual video clips, whereas video-level accuracy is based
on the combined prediction results of multiple video clips [18]. As a result, the
video-level accuracy is in most cases higher than the clip-level accuracy [18].

The study [18] reports a number of important observations from the results of
the experiments. A higher classification accuracy, with a gain between 5% and 10%, is
achieved without temporal pooling than with temporal pooling across all models
except TSN, where a 20% increase in accuracy is reported [18]. These results show that
temporal pooling is detrimental to the performance of the model as it counters the
effectiveness of temporal modelling [18]. Additional gains in accuracy, of around 6%,
were observed when replacing the InceptionV1 backbone, used by the 13D model, with
ResNet50, which indicates that ResNet50 is a stronger backbone. A classification
accuracy of 76.61% was achieved by ResNet50, without temporal pooling, on the
Kinetics dataset which is on par with the classification accuracy achieved by SlowFast,
77%, on the same dataset. Similar results were achieved on the SSV2 dataset where an
accuracy of 62.84% was achieved using ResNet50 and an accuracy of 63% was
achieved using SlowFast.

The study [18] concludes with an analysis of the performance of the models in
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transfer learning, which involves pretraining on a large general dataset followed by
fine-tuning on a smaller dataset that is specific to a particular setting. The models that
are explored are I3D-ResNet-50, SlowFast and TAM each with a ResNet-50 backbone.
The models are pretrained on the Kinetics dataset and then fine-tuned on UCF-101
[73], HMDB-51 [72], Jester [103] and Mini-SSV2. Fine-tuning is performed for 45
epochs with a cosine annealing learning rate schedule starting with 0.01 [18]. An input
size of 32 frames is used on which synchronised batch normalisation, with a batch size
of 48, is used. A comparable performance is achieved with the three models that were
explored. 13D with a ResNet-50 backbone achieved the highest classification accuracy,
97.12% on UCF-101, with TAM and SlowFast achieving an accuracy of 95.05% and
95.67%, respectively. SlowFast achieves the highest accuracy, 74.61% on HMDB-51,
with I3D-ResNet-50 and TAM achieving 72.32% and 71.67%, respectively. On
Mini-SSV2 TAM outperforms the other two models with an accuracy of 66.91%
whereas 13D-ResNet and SlowFast achieved an accuracy of 65.86% and 63.93%,
respectively. These results show that the performance of a given HAR model is highly
influenced by the choice of backbone, since 13D, TAM and SlowFast achieved similar
results when using a common backbone [18]. Moreover, these results, along with the
results of the study by Hara et al. [55], demonstrate that pre-training followed by
fine-tuning is an effective strategy for training a 3D-CNN when the dataset is too small
for training from scratch.

It can be concluded from these studies [18, 55] that video-based approaches
built on 2D-CNNs and 3D-CNNs have the advantage in that they are simple to use and
set up, since they only require colour video input and come with few preprocessing
steps. 3D-CNNs are particularly advantageous in this regard since the bulk of the
processing is done by the network itself, which is given the entire video clip as input.
However, these approaches require large training sets and deep CNN architectures
which take a long time to train and have a large memory consumption. Despite, the
potential advantage of 3D-CNN:s, in superior temporal modelling, they are more
challenging to train than their 2D counterparts whilst an increase in classification
accuracy is not always observed. Besides these challenges, both 3D-CNN and
2D-CNN approaches are trained by fully supervised learning. Thus, every training
sample requires an action label, which is provided by manually annotating the entire
dataset. Given the large dataset requirements of such approaches, this is
time-consuming and error prone [104]. Moreover, these approaches cannot be
adopted in a big-data pipeline where new training data is received in real-time because
each training sample has to be manually annotated by a human [104]. Unsupervised
approaches to HAR offer a significant advantage over supervised approaches, in this
regard, since they eliminate the burden of providing an annotated training set [104].

The work of Paoletta et al. [104] introduces a fully unsupervised approach to

22



3 Literature Review

Skeleton ) ’
e Covariance , Flatten , Subspace , Affinity R Spectral >/ Subspace
Coordinates Matiid Matrix Clustering Graph Clustering

Figure 3.1 Pipeline of subspace-clustering HAR method
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HAR based on subspace clustering. An overview of the method is shown in Figure 3.1.
Subspace clustering is a technique for reducing the dimensionality of data by
representing it as a union of subspaces, where each subspace has a lower
dimensionality and simpler geometric structure [104]. It has found use in a wide range
of computer vision tasks including image representation and compression [105], image
segmentation [106], and the segmentation of dynamic moving objects [107, 108]. This
technique is used to learn encodings from which an affinity matrix is constructed,
which is then used to identify clusters in data according to the modelled similarities, or
dissimilarities, between samples [104, 109]. The authors use subspace clustering on
skeleton data to identify subspaces that correspond to action classes.

There are a number of different methods for performing subspace clustering on
data. The most widely used approach involves learning an affinity matrix followed by a
spectral clustering method such as low-rank representation [104, 110, 111]. Methods
based on self-representation, which involve reconstructing a data sample from a linear
combination of other samples [110, 112-114] have proven to be effective for
high-dimensional data [104].

The basis of the method proposed in [104] is the construction of a covariance
matrix representation of the input skeleton data. The covariance matrix representation
has been used in image classification and object detection [115] and is an effective
representation for skeleton-based HAR since it is capable of modelling second-order
statistics [104]. The input video is represented as a matrix containing the coordinates
of the skeleton joints through each timestamp. This matrix is converted to a covariance
matrix, A, and then flattened to a column vector, by taking only the elements along the
diagonal and the upper triangle. This can be done since a covariance matrix is always
symmetrical, which means A = A" [104]. The flattened covariance matrix is then used
as a single data point in the input to the subspace clustering algorithm.

Let X denote a D x N matrix where each column is a flattened covariance
matrix with D data points. IV is the number of flattened covariance matrices used to
construct X. The problem of subspace clustering is formulated as findingan N x N
matrix C of coefficients such that

X =XC (3.1)

with C subject to the constraint that the diagonal is equal to zero, diag(C) = 0, in order
to avoid the trivial solution of C being the identity matrix [104].
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The work [104] explores a number of solutions for finding a matrix C that
satisfies these constraints, such as Least Squares Regression (SS-LSR) [114], which
formulates the problem of finding C as a minimisation of an L? penalty, Sparse
Subspace clustering via Alternating Direction Method of Multipliers (SSC-ADMM)
[112, 116, 117], which formulates the problem as a maximisation of the sparsity of C
and Sparse Subspace Clustering by Orthogonal Matching Pursuit (SSC-OMP) [118],
which differs from SSC-ADMM only in the optimisation method.

Once the matrix of coefficients C is found, it is used to build an affinity graph
matrix W, on which spectral clustering is performed to assign each datapoint into a
subspace. The final step of the proposed HAR solution is to convert the subspace
labels to action class labels. This is achieved by associating each subspace label to an
action label using the Hungarian algorithm [104, 119], which selects an association
between cluster labels and action labels such that the number of misclassified instances
is minimised. Whilst this final step still requires annotated data, the annotation can be
limited to a subset of the training data whereas a fully supervised approach requires
annotating the entire training set. As a result unsupervised learning approaches such
as this one offer significant methodological and computational advantages over
supervised approaches [104], though often at a cost to classification accuracy.

The authors’ implementation does, however, come with a significant limitation
in that the subspace clustering problem is formulated as finding an N x N matrix of
coefficients that satisfies (3.1), where N is effectively the number of training samples.
This requires loading the entire training set in memory at once, whereas CNN based
approaches are trained on batches of samples which can be loaded in memory
individually. Thus, the size of the training set is severely limited by the available
memory of the machine.

The autoencoder has become the basis of most state of the art unsupervised
HAR approaches. Capsule network based methods learn representations of objects in
terms of their constituent parts and their poses [120]. This representation takes the
form of a set of transformation parameters applied on a part identity followed by an
activation function [120]. In [121] the Motion Capsule Autoencoder (MCAE)
unsupervised HAR approach is introduced. The approach builds on viewport-invariant
capsule based representations for images [120, 122] by introducing an unsupervised
capsule framework that learns the trajectory of the skeleton joints corresponding to a
given action class [121]. This problem is solved in two steps, snippet learning and
segment learning. Both steps involve learning the trajectory of points in temporally
consecutive samples, referred to as snippets and segments, with the difference
between the two being in the time span of the trajectory that is learned. Snippets
cover movement in a narrow time-span whereas segments cover a longer-time span
consisting of multiple snippets.
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The Capsule Network [120] is a method for representing objects in images by
their constituent parts and poses, which are discovered automatically [121]. This is
achieved by modelling the object in terms of capsules, where each capsule represents a
pose with a transformation applied to it. The pose is part of the identity information of
a capsule, whereas the transformation parameters are learned by unsupervised
learning. This strategy has an advantage over learning features from images directly by
CNNis, in that the learned features are viewpoint-invariant, more compact, flexible and
discriminative [121]. When first proposed, capsules were learnt by agreement-based
routing mechanisms [123, 124], however recently this strategy has been superseded
by the unsupervised stacked capsule autoencoder (SCAE) [122], which uses
feed-forward encoders and decoders to learn capsule representations for images [121].
MCAE [121] extends capsule autoencoders to learn skeleton joint trajectories for
skeleton-based HAR.

At its core MCAE learns a discriminative representation of the trajectory of a
point in terms of a motion pattern that is subject to an arbitrary and unknown
geometric transformation based on the input [121]. The trajectory of a d-dimensional
point x; € R is represented as X = {x; | i = 1,..., L} where L is the number of time
steps. The input trajectory X is divided into % non-overlapping snippets, where [ is the
length of each snippet, which are mapped to a semantic-agnostic representation by a
snippet autoencoder. The individual snippet representations, derived by the snippet
autoencoder, are then combined into segments which are fed into a segment
autoencoder to derive a representation of the full motion.

The snippet encoder encodes the trajectory of a skeleton joint
X={x;|j=1,...,1} through a time slice of [ time-steps, into a weighted sum of NV
snippet capsules (SniCaps). The SniCap is defined as a transformation matrix
A € R@FDx(@+D) gpplied on a motion template 7 = {t;|j = 1,...,1}, which identifies a
basic motion pattern, followed by the snippet activation p € [0, 1], which controls the
weight given to the SniCap. The template 7 is independent of the input, with each
SniCap being assigned a unique template, and forms the identity information of the
SniCap. The transformation parameter A and snippet activation y are learnt from the
input by unsupervised learning. An overview of the snippet encoder is shown in
Figure 3.2.

The snippet encoder is followed by a decoding step reconstructs the original
snippet x;.;.; from the its SniCap representation. The original snippet is reconstructed
as a weighted sum of snippet templates, with the weights determined by the learnt
SniCap transformation parameters.

The segment autoencoder encodes a point trajectory over a longer time span,
than that of a single snippet, to a representation that is expressed in terms of segment
capsules (SegCaps). A segment is a point trajectory of length L that is made up of
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Figure 3.2 Pipeline of MCAE snippet encoder

S = % consecutive and non-overlapping snippets. Similar to the SniCap, the SegCap
(P, B, v) consists of a template P, a transformation parameter B and a segment
activation v. However, rather than the template encoding a reference motion
trajectory, the SegCap template P is expressed in terms of N snippet templates. Similar
to the SniCap, the transformation and activation parameters (B, v) are dependent on
the input whereas the template forms the identity information of the SegCap.

Since the objective of the snippet autoencoder is to reconstruct the original
input, it is trained by minimising the error between the original and reconstructed
inputs. For a training sample X = {z; | i =1, ..., L}, the loss function is defined as

Lrec = ZH e (3.2)

where x; is the it reconstructed snippet.

The objective of the segment autoencoder is to reconstruct the SniCap
parameters, therefore it is trained by minimising the error between the original and
reconstructed parameters. The loss function is defined as

(3.3)

S

Cree =D llA-A); -,
=1

where A, and i, are the reconstructed transformation and activation parameters of the

ith SniCap.

The MCAE method described till this point is only capable of learning motion
patterns of a single point. However, for HAR a method which can learn motion
patterns consisting of multiple points is required. The authors propose an extension to
MCAE, referred to as MCAE Multiple Point (MCAE-MP), which can learn motion
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patterns from a set of points X = {X;||i = 1,..., K} where X; is the trajectory of the it"
point, with K being the number of points. The extension is trained by processing each
point separately, using MCAE, to produce K segment activation vectors

{vi|i=1,..., K}, which are concatenated into a single representation v € RX* on
which unsupervised learning is performed.

The performance of MCAE-MP in skeleton-based HAR is evaluated using the
NW-UCLA [125], NTU-60 [126] and NTU-120 [127] datasets. The NW-UCLA is split
such that view 1 and 2 are used for training and view 3 is used for validation. The
evaluation on NTU-60 and NTU-120 is performed using both the cross-subject (XSUB)
and cross-view (XVIEW), referred to as cross-setting (XSET) in NTU-120, evaluation
protocols. The XSUB protocol splits the dataset such that the action instances in the
training set are performed by different actors, referred to as subjects, than those in the
validation set. The XVIEW protocol splits the dataset such that the training set
contains different views of the same action, performed by the same subject, from
those in the validation set.

The performance of MCAE is compared to unsupervised methods based on
skeleton and depth-data, such as the work of Luo et al. [128] and the work of Li et
al. [129], unsupervised methods based on skeleton data only, SeBiReNet [130], LongT
GAN [131], MS?L [132], CAE+ [133], Predict and Cluster (P&C) [134] and two
supervised methods, DropGraph [135], and JOLO-GCN [136]. Two variants of
MCAE-MP are explored, MCAE-MP (SLP) which uses a single layer perceptron (SLP) as
the auxiliary classifier, and MCAE-MP (1NN) which uses a 1-nearest-neighbour
classifier instead of an SLP. The MCAE-MP (SLP) method achieved the highest
classification accuracy, 65.6% on NTU-60 (XSUB) among the unsupervised approaches,
which are based on skeleton data only, with the second highest accuracy, 58.5%,
achieved by CAE+. However the method was outperformed by the work of Li et
al. [129], which is based on both skeleton and depth data. MCAE-MP (SLP) achieved
the highest accuracy among the unsupervised approaches on NTU-120 XSUB, 52.8%,
and XSET, 54.7%. On the other hand, the highest classification accuracy among the
unsupervised approaches was achieved with MCAE-MP (1NN) on NTU-60 (XVIEW),
82.4%, and NW-UCLA, 84.9%. Whilst these results indicate an improvement over the
state of the art in unsupervised learning, the fully supervised approaches DropGraph
and JOLO-GCN outperform MCAE-MP by a margin of 8% to 35% across all datasets,
which indicates that fully-supervised approaches are superior in classification accuracy.
A disadvantage of MCAE is that it requires an additional training step to learn the
motion templates before the network can be trained on skeleton data to learn action
classes. Additionally, a number of parameters, such as the spatiotemporal disturbance
that is applied on the input samples, are dataset dependent.

The autoencoder is not limited to skeleton data only. In [137], an autoencoder
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based action recognition method is proposed that learns actions from images. Prior to
the autoencoder, a preprocessing step is used to reduce the size of the data by
removing irrelevant data and noise. The purpose of the preprocessing step is to
improve the recognition rate, that is to reduce the inference time, and to minimise
memory usage [137]. The preprocessing step involves converting the frame images to
greyscale and reducing their dimensions by downsampling them to size of 50 x 50
pixels. Aggregate Channel Features (ACF) [138] is then applied to detect the humans in
the video. This removes the background noise and extracts the relevant region of
interest from the video. To further remove the background clutter from the scene, the
depth map is used as a mask to identify the foreground pixels, and remove the
background from the image. Following the preprocessing step, the sequence of
processed images is used to train a sparse autoencoder. As in other autoencoder based
approaches, the autoencoder weights are learned by unsupervised learning where the
objective of the autoencoder is to reproduce the input. Once trained, the filters of the
autoencoder are used to derive a set of feature maps from the input image sequence.
The histogram of oriented gradients (HOG) is used to extract the local object and
shape features [137]. The histogram of oriented gradients is associated to an action
label using the Modified Hausdorff Distance (MHD) [139]. The proposed method was
evaluated on the Weizmann [140], CAD60 [141], and the MMU dataset, which is
proposed in the same paper [137]. The reported results show an accuracy of 100% on
the Weizmann dataset, 88.24% on CAD60 and 99.5% on MMU.

In [142] a Hierarchical Contrast (HiCo) for unsupervised skeleton-based action
representation learning method is proposed. This method is based on
contrastive-learning which is a variation of the autoencoder unsupervised learning
method. Constrastive-learning for skeleton based action recognition, which has
become the dominant unsupervised HAR approach in recent years due to its simplicity
and superior performance [142-144], was first proposed in [133], based on the earlier
Momentum Contrast (MoCo) [145] for unsupervised image representation learning.
The method involves transforming a single skeleton instance into two instances, by
random augmentation strategies, which are fed into a query and key encoder
respectively to obtain instance-level features [133, 142]. The contrast between the
outputs of the key and query encoders is conducted such that augmentations of the
same skeleton, referred to as positive pairs, have more similar representations than
those of different skeletons, referred to as negative pairs [133, 142]. Skeleton specific
spatial and temporal augmentations were proposed in [146], which exploit the
spatiotemporal invariances of similar action sequences [142, 146]. Most prior
approaches to contrast learning-based HAR, do not exploit the hierarchical nature of
the human skeleton [142]. Existing approaches that utilise hierarchical modelling, such
as [147, 148] either only consider the spatial hierarchical structure or only consider the
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temporal hierarchical structure [142]. The proposed HiCo method improves on these
approaches by jointly modelling both the spatial and temporal hierarchical structure of
the human skeleton.

The HiCo method [142] consists of two main components, namely a hierarchical
encoder network and the hierarchical contrast for unsupervised learning. The
hierarchical encoder network transforms the skeleton sequence into clip-level,
part-level, domain-level, instance-level representations. The hierarchical contrast for
unsupervised learning component performs action classification by minimising a
loss-function over the clip-level, part-level, domain-level and instance-level
representations.

domain

\ Spatial ubM
lomain

AN
|

Figure 3.3 Pipeline of HiCo HAR method showing spatial and temporal domain
branches

The hierarchical encoder network consists of two branches for the temporal and
spatial domains, which is illustrated in Figure 3.3. The temporal branch encodes the
skeleton sequence to a clip-level representation at multiple temporal granularities.
Likewise, the spatial branch encodes the skeleton sequence into a part-level
representation at multiple spatial granularities. The domain-level and instance-level
representations are assembled out of the clip-level and part-level representations.

The clip-level and part-level encoders follow the same steps. The skeleton
sequence is first reshaped to a time-majored domain, in the case of the clip-level
representation, or a part-level domain, in the case of the part-level representation. The
reshaped inputs are then projected to a C'-dimensional feature space using two fully
connected layers from which multiple clip-level and part-level sequences are generated
using a unified downsampling module. UDM is defined by:

UDM(:) = MaxPool1D(LN(c(Conv1D(-)))) (3.4)

where Conv1D denotes a 1D convolution layer with a kernel size of 5 and stride of 1,
LN denotes the Layer Norm and MaxPool1D denotes a 1D max pooling layer with a
kernel size of 2. UDM is applied in series to derive clip-level and part-level sequences
of larger temporal and spatial granularities.

The temporal domain-level representation is constructed by concatenating the
clip-level feature vectors derived from successive UDM applications on the clip-level
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representation. Similarly, the spatial domain representation is constructed by
concatenating the part-level feature vectors derived from the successive UDM
applications on the part-level representation. Finally the instance level representation,
which represents the entire sample, is defined as the concatenation of the temporal
and spatial domain representations.

The final step of the method proposed in [142] is contrast learning. The work
adopts the MoCo approach [145] for contrast learning, which uses a query encoder
and key encoder with a dynamic dictionary queue and moving averaged update
mechanism [142]. The work also adopts a two-layer perceptron, originally described in
[149], for feature projection before contrast learning. The classifier is trained in an
unsupervised manner by minimising the total loss, defined as the sum of the
instance-level, domain-level, clip-level and part-level contrast losses, which are
computed on the instance level, temporal and spatial domain level, clip-level and
part-level representations respectively.

The HiCo method is evaluated using four widely used skeleton-based HAR
datasets, namely NTU-60 [126], NTU-120 [127], PKU-MMD | and PKU-MMD II [150].
Similar to other works such as MCAE [121], both the XSUB and XVIEW evaluation
protocols are followed on NTU-60 and NTU-120, whilst only the XSUB protocol is
used on PKU-MMD I and Il. The method was compared to state of the art autoencoder
based methods, namely LongT GAN [131], EnGAN-PoseRNN [151], P&C [134],
SeBiReNet [130], H-Transformer [152], Skeleton Cloud Colorization [153],
GL-Transformer [154]. The method was also compared to state of the art
contrastive-learning based methods, namely AS-CAL [133], CrosSCLR [143], ISC [146],
AIimCLR [155], and hybrid methods such as MS2L, PCRP [156].

The reported results of the experiments show that the HiCo method achieves a
superior performance to other methods across all datasets. The highest top-1
classification accuracy, 89.4%, was achieved on the PKU-MMD | dataset, with the
HiCo-LSTM method. This is followed by NTU-60 where an XSUB accuracy of 81.4%
and XVIEW accuracy of 88.8% are achieved. An accuracy of 73.7% and 74.5% was
achieved on NTU-120 with the XSUB and XSET evaluation protocols respectively. The
lowest accuracy, 54.7%, was observed on PKU-MMD Il. This was also observed among
the remaining methods, where an even poorer performance was reported. The authors
state that this is due to the dataset containing more noise, than the remaining datasets,
which is caused by the view variation [142, 155]. The gain in classification accuracy by
HiCo-LSTM, compared to the state of the art, on the NTU-60 and NTU-120 datasets
ranges from 3.5% to 6.6%. The gain in classification accuracy is 2.2% on PKU-MMD |
and 16.2% on the challenging PKU-MMD Il dataset.

In [157], a skeleton-based contrastive learning HAR method, Clip-Driven
Contrastive Learning (CdCLR), was proposed. Other contrastive learning methods treat
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entire sequences as action instances, and therefore the contrast is only computed
between action instances occurring in different sequences [157]. On the other hand,
CdCLR treats individual time-slices, referred to as clips, within the same sequences as
action sequences. This increases the amount of data which is available for training,
which improves data utilisation [157]. The method was evaluated on the NTU-60
[126], NW-UCLA [125] and iMiGUE [158] datasets. The reported results [157], show a
classification accuracy of 79.8% and 71.1% on the NTU-60 dataset, with the cross-view
and cross-subject evaluation protocols, respectively. On NW-UCLA an accuracy of
87.5% was reported [157]. The lowest accuracy, 39.38% was reported [157].

Whilst the results achieved using skeleton-based HAR methods such as MCAE
[121] and HiCo [142] are promising, HAR approaches based on skeleton data alone are
fundamentally limited since they lack the texture information present in RGB video [1].
Similarly, HAR methods based on RGB video data alone lack the 3D structure provided
by skeleton data [1]. Multimodal HAR approaches, which incorporate data from
multiple modalities such as RGB video and skeleton data, have demonstrated an
improved performance over unimodal methods [1]. A simple multi-modal HAR solution
is to aggregate the results of a video-based HAR classifier, such as S3D [100], with a
skeleton-based classifier. However, the performance of video-based methods, such as
I3D and S3D, has been shown to be highly dependent on the background [1]. A high
classification accuracy is observed when training I3D and S3D on datasets, such as the
UCF-101 dataset [73], which contains actions that are performed in particular settings
[1, 159, 160]. Examples of such actions are surfing and water-skiing, which are always
performed in a beach setting. This is due to the background contributing to action
classification [1, 159, 160]. However, it is not always the case that a particular action is
performed in a given setting and, as a result, the same methods perform poorly when
trained on datasets in which the background does not contribute to action
classification, such as the NTU datasets [126, 127], which have a consistent
background in all training and validation samples across all actions [1, 161, 162]. The
lack of a distinguishing background in the NTU datasets has been shown to be
particularly challenging for video-based HAR classifiers, such as I3D and S3D.
Additionally these classifiers require vast computing and memory resources, for
example a GPU cluster of 56 GPUs is required to successfully train I3D and S3D on
NTU-60 and NTU-120, as well as taking a long time to converge [1].

The model-based multimodal network (MMNet) [1], is a recent multi-modal
HAR approach which performs action classification whilst fusing the data from two
modalities, namely skeleton data and RGB colour data. The network consists of three
classifiers, two of which are dedicated to learning features from skeleton data with the
third dedicated to learning features from RGB data. As in previous work [163, 164], the
skeleton data is divided into skeleton joint and bone data, which is itself derived from
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the skeleton joint coordinates, on which separate classifiers are trained. The RGB
classifier is trained on a single image constructed from the spatiotemporal region of
interest (ST-ROI) that captures the action in the video. This image is constructed by
concatenating individual spatial regions of interest (ROls), identified in multiple frames
using the skeleton data, into a single image.

To summarise the MMNet architecture, let {J@, B® V(1 denote training
sample i, with i € [1, N] where N is the number of training samples. J denotes the
skeleton joint input, B denotes the skeleton bone input and V) denotes the RGB
video input of the ' training sample. The action label corresponding to the i*" training
sample is denoted by 3. The classification operation by MMNet is defined, at a
high-level, by

71=G;(0©,,J)+Gp(Op,B)+ Gy(Oy,V) (3.5)

where © ;, ®3 and Oy are the joint, bone and RGB video model parameters and  is
the predicted action label.

A 2D ResNet-18 model is used to learn features from the RGB data modality,
which is trained on 2D images capturing the ST-ROI of each training sample. The
ST-ROl itself is constructed based using the skeleton joint coordinates of the actors
carrying out the action. To identify the skeleton joint coordinates, the authors used the
OpenPose tool [2] since the coordinates retrieved by it are somewhat more accurate
than those retrieved by the Microsoft Kinect v2 sensor [1].

L frames, at times 7 = {interval x [ |l =1,..., L interval =T /L}, are selected
for constructing the ST-ROI R, which is constructed by concatenating L sub-ROls
horizontally, where each sub-ROI Rﬁi) is the vertical concatenation of M’ spatial ROls
selected at time ¢, with M’ being the number of selected skeleton joints. This produces
a grid containing M’ x L spatial ROls. For samples containing multiple actors, each
sub-ROI Rg,?, k € [1, K] for a given time ¢ is concatenated horizontally, where K is the
number of actors. This strategy drastically reduces the volume of RGB video data while
still preserving the object’s appearance and movement information of the actors [1].

A graph convolutional network (GCN) [163, 165] is used to learn features from
the skeleton joint and bone data which is trained on the skeleton graph. The skeleton
graph is constructed using the skeleton joint coordinates as the vertices and the
skeleton bones, which connect the joints as the edges. Additionally the skeleton joints
of temporally adjacent skeletons are connected by edges. Besides serving as the
classifier for the skeleton joint and bone modalities, the GCN is also used to derive a
weight function that indicates which joints are most important to action classification.
Each spatial sub-ROI corresponding, to a single joint, is multiplied by the weight
determined by the GCN. Effectively this produces an ST-ROI image where the spatial
ROls corresponding to joints which are important for the action have a higher intensity.
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The performance of MMNet was evaluated on the NTU-60 [126], NTU-120
[127], PKU-MMD [166], NW-UCLA [125] and Toyota Smarthome [167] datasets.
MMNet achieved a high classification accuracy, XSUB 96% and XVIEW 98.8%, on
NTU-60 and outperformed all unimodal methods as well as several state of the art
multimodal methods such as the Video Pose Network (VPN) [168], TSMF [169], Body
Pose Evolution Map [170] and S-Res-LSTM [171]. However, it was outperformed by
VPN++ Poses [172], which achieved an XSUB accuracy of 96.6% and XVIEW accuracy
of 99.1%. Similarly, MMNet was also outperformed by VPN++ on the Toyota
Smarthome dataset, where VPN++ achieved a classification accuracy of 71%, whereas
MMNet achieved an accuracy of 70.1%. On the NTU-120 MMNet achieved the
highest classification accuracy, XSUB 92.9% and XSET 94.4%, among all methods
including VPN++. On NW-UCLA MMNet was outperformed by CTR-GCN [173],
which is a skeleton-based HAR method.

Despite being outperformed by VPN++ in two datasets, the difference in
classification accuracy between the two methods was at most 0.9%. However, MMNet
has a significant advantage in that it is trained on ST-ROI images, whereas VPN is
based on I3D which is trained on 64 frames per sample [1]. This not only requires a
larger and deeper network, compared to MMNet, which uses the smaller ResNet18,
but takes a longer time to train and has a considerably larger memory consumption [1].
MMNet has a significant advantage over 3D-CNN video-based methods in that it uses
a shallower network which requires less data, time and resources to train. Additionally,
a higher performance is achieved than skeleton-based methods such as HiCo [142],
due to exploiting data from multiple modalities. The main disadvantage of MMNet is
its relative complexity compared to other approaches, since it requires collecting colour
data as well as skeleton data and training multiple classifiers. The method also has
numerous preprocessing steps, including skeleton estimation using OpenPose [2],
which increases the difficulty of deploying the method in real-world scenarios.
Moreover, the parameters used to construct the ST-ROI, which include the skeleton
joints that are selected and the size of the spatial ROls, are dataset dependent. This
presents an additional challenge to the practical adoption of the HAR method.
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It has been identified in Chapters 2 and 3 that the size of the data associated with
video presents a significant challenge to successful human action recognition, since it
increases both the time required for training and the resource consumption, in terms of
memory and energy, of the HAR system. Most of the data present in video consists of
background clutter that is irrelevant to the classification of human actions [15]. If the
data that is processed by the classifier can be limited, with low effort, to only those
regions which are relevant to the action classification task, the total computational
time and resource consumption of the HAR system can be reduced significantly [15].
Since every human action necessitates motion, the region of the video capturing the
action can be identified by the presence of motion. Thus, the problem of identifying
the relevant regions can be reduced to the problem of finding regions containing
significant motion. One way to identify these relevant regions is through motion
saliency detection methods. The first section of this chapter begins with a background
and literature review of motion saliency techniques. The second section details the
novel motion saliency detection solution that was developed, which is followed by a
section detailing the evaluation of the solution and the results achieved. The final
section concludes this chapter with a summary of the results.

4.1 Background and Literature Review

Saliency detection is the field of visual attention analysis which deals with identifying
regions or objects in visual media that appeal to the human visual system [174].
Moreover, the aim of saliency detection is to identify those regions which stand out
and capture human attention quickly [174]. This strategy is tremendously useful in
understanding semantic content from video and images [174], and forms the basis of
many computer vision tasks such as video segmentation [175], adaptive content
delivery [176], and the widely used JPEG image compression standard [177].

Traditional image saliency techniques are based on feature selection from colour
and texture features [174, 178]. The saliency detection problem is generally
formulated in terms of local contrast analysis where the aim is to identify the regions
with the highest local contrast [174, 176]. In other words, the goal of image saliency
detection is to find regions or objects which are brighter than their surroundings and
thus are likely the first to be noticed. The goal of saliency techniques is to reduce the
size of the data to interesting or relevant regions [179]. This strategy imitates the
strategy adopted by the human visual system in which only attention is dedicated only
to certain objects or areas [179].
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A common challenge faced by saliency techniques is the implicit requirement
that the identified regions are relevant to the task at hand [180]. However, this is
difficult to quantify whilst maintaining a general enough method for multiple
applications [180]. In [180], Kadir, et al. proposed a novel saliency detection method,
Scale Saliency, which is based on identifying regions that exhibit unpredictable
characteristics simultaneously in a feature-space and over scale. The method is
reported to be invariant to intensity shifts and robust to small changes in viewpoint, as
well as offering a more general saliency model compared to conventional feature
detection techniques. The authors did note, however, that the algorithm is sensitive to
noise and comes with a large computational load where 160 seconds of computational
time are spent on a single image [180].

In [179], Ith, et al. proposed a framework for identifying salient regions that is
based on the identification of regions using multiple feature maps. The presented
method is a bottom-up approach, which means salient regions are identified solely
based on the properties that stimulate the visual system. Salient regions are identified
in a multi-step process which begins with representing the input in iconic
(appearance-based) topographic feature maps, followed by centre-surround
computations in every feature at different spatial scales, and within feature spatial
competition for activity [179]. The information obtained from these feature maps is
combined into a single map, which represents the local saliency of any one location
with respect to its neighbourhood [179]. The regions which are most salient are
identified by the maximum of the feature maps. Finally, the saliency map is endowed
with internal dynamics to allow the perceptive system to scan the visual input such
that its different parts are visited by the focus of attention in the order of decreasing
saliency, based on the salient regions identified in the previous step [179]. The
reported results show that the proposed method is able to identify salient objects in
cluttered outdoor scenes regardless of whether they are large objects covering a large
portion of the image or small objects covering one hundredth of the image. With
regards to computational time, the authors report a processing time of ten seconds for
low-resolution images and 15 minutes for high resolution images [179]. With more
recent computing hardware the computational time is likely to be reduced considerably.

Another approach to saliency detection is to formulate it as the problem of
finding a suitable threshold for a given intensity function. In [181], a saliency detection
method, named Maximally Stable External Regions, is proposed. In simple terms, the
method finds the threshold that separates the salient regions from the background
when applied on a greyscale intensity image. The process involves iterating through
the possible thresholds ranging from the minimum threshold of 0, which excludes the
entire image to the maximum threshold, which identifies the entire image as salient.
The threshold which results in the smallest change to the resulting saliency map is
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identified as the optimal threshold for identifying the salient regions [181]. The
advantages of this method, compared to others, are that it is invariant to affine
transformations of the image intensity and it is capable of multi-scale detection, that is
it is able to identify both small and large salient regions [181].

While image based saliency techniques have achieved promising results it has
been found that they are not suitable for saliency detection in video since moving
objects usually capture significantly more attention than bright but stationary objects
[174]. Furthermore, the region with the highest local contrast is not necessarily a
region that captures a human action.

Saliency detection in video is based on motion discrimination rather than local
contrast and thus identifies regions that contain significant motion [174]. These
techniques are referred to as motion saliency detection. Additionally, background
subtraction techniques, such as Gaussian Mixture Model (GMM) [182] background
subtraction, solve the same problem and can, thus, be used for motion saliency
detection [174]. Figure 4.1 demonstrates the difference between regions identified
using traditional contrast based saliency techniques, which are shown in blue, and
regions identified by motion saliency techniques, which are shown in red.

Figure 4.1 Comparison between contrast-based salient regions (shown in blue) and
motion salient regions (show in red)

Early work in background subtraction involved building a probabilistic model of
the background in order to classify pixels as either foreground or background based on
the model [183]. Whilst basic probabilistic background subtraction methods such as
GMM [182] and Kernel Density Estimation (KDE) [184] have achieved a good
performance, they have been surpassed by more sophisticated approaches [183], such
as SUbSENSE [185], Pixel-based Adaptive Word Consensus Segmenter (PAWCS) [186]
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and Sliding Window Change Detection (SWCD) [187]. In recent years, deep-learning
based background subtraction methods, such as the Foreground Segmentation
Network (FgSegNet) [188], have begun outperforming those based on traditional
techniques [189, 190]. However, the performance of these methods has been found to
be highly tuned to the videos on which they are trained [189]. Some of these methods,
for example FgSegNet, are trained on a sequence of frames and then evaluated on
another sequence of frames from the same video [189]. The performance of these
methods degrades significantly when they are evaluated on different videos from the
ones on which they are trained [189].

A motion saliency detection method was proposed by Xue et al. [174] that is
based on Robust Principle Component Analysis (RPCA). The general idea of the
method is to express a video, or a time-slice of a video, as a 3D tensor of 2D colour
frame images stacked along a third time dimension, on which RPCA is performed to
determine regions containing motion. Low-rank and sparse matrix decomposition is
performed on the tensor input to find foreground moving objects. This method
operates under the assumption that foreground motion objects occupy only a fraction
of the frame image pixels and will thus be treated as sparse errors which are identified
by the sparse matrix. Examples of such objects are cars and pedestrians.

The performance of the method [174] is compared to the frame difference
method, GMM [182] and Temporal Spectrum Residual (TSR) [191]. The reported
results show that the frame difference method is heavily affected by noise whilst GMM
suffers from ghosting in the initial frames, which means background regions are falsely
identified as salient, due to requiring multiple frames to build the background model.
The results also showed that GMM fails entirely when the camera is in motion due to
the changing background. The proposed method outperforms all four methods,
including TSR, in all the experimental setups.

This method has the significant advantage of not requiring training data, which
allows it to be adopted in a HAR pipeline without increasing the training set size
requirements. However, the operation it’s based on, namely RPCA, is a
computationally expensive operation, which reduces the benefit of adopting the
method in a HAR pipeline.

BSUV-Net 2.0 [183] is a recent background subtraction method that improves
on the original BSUV-Net [189]. The building block forming the basis of BSUV-Net is
the U-Net-based [192] CNN, which produces a probabilistic foreground estimate from
the concatenation of three input images [183]. BSUV-Net takes as input two
background images, referred to as “empty” and “recent”, captured at different time
scales and the current frame. The “empty” input is selected such that the frame does
not contain any moving objects. The original BSUV-Net method applies a median filter
over a large number of initial frames to suppress moving objects present in the
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beginning of the video [189]. The “recent” input is obtained from the median of the
previous 100 frames.

Each input image contains three colour channels, for the red, green and blue
colours, as well as an additional channel containing a foreground probability map
(FPM), which is estimated by semantic image segmentation using the DeeplLabv3
which is the third version of the DeepLab [193] architecture. DeepLabv3 is trained on
the ADE20K [194] semantic segmentation dataset, which consists of 150 class labels
and 20,000 densely-annotated images. The class labels of this dataset are divided into
two sets representing background and foreground objects. BSUV-Net regards the
person, car, cushion, box, book, boat, bus, truck, bottle, van, bag and bicycle class labels
as foreground objects whereas the remaining class labels are regarded as background
objects.

Let C = {cy,c1, ..., 140} denote the set of class labels in the ADE20K dataset,
and p., denote the pixel-wise probabilities for given a class label ¢; € C, as determined
by the SoftMax layer of DeeplLabv3. The FPM for a given input frame | is computed by

S[m,n| = Z e, [m, n] (4.1)

CjEF

where I[m, n] is the input pixel value at the spatial location m, n, while p., [m, n]
represents the probability that the pixel at the location m, n belongs to an object with
class label ¢;, S[m, n] is the output FPM value for the input pixel at m,n and F'is the set
of foreground classes.

The three input images are fed into a U-NET type fully connected CNN (FCNN),
consisting of an encoder and decoder. The encoder part of the network reduces the
spatial dimensions of the input progressively using 2 x 2 max-pooling operators. The
decoder part of the network increases the dimensions to the dimensions of the input
using up-convolutional layers with each layer consisting of a transposed convolution
with a stride of 2. The layers comprising the encoder portion of the network are
connected to the corresponding layers of the decoder with residual connections. This
is done to help the network combine the low-level information in the initial layers with
the high-level information of the deeper layers. To improve the performance of the
network on unseen samples and increase its generalisation capacity, each
convolutional layer is followed by a strong batch normalisation [63] and each
max-pooling layer is preceded by a spatial dropout [195]. The final layer of the network
is a sigmoid activation, which produces an output probability map for each pixel.

The operation of the BSUV-Net is defined as a non-linear map G(W) : X — Y
from the 12-channel input image X € R¥*"*12 which consists of the concatenation of
the three input images with each input having a width of w, a height of » and four
channels, to the output pixel-wise foreground probability Y e [0, 1]»*". W denotes the
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weights of the neural network G.

Given that the background pixels usually outnumber the foreground pixels by a
significant factor, the commonly used cross-entropy and mean-squared error loss
functions are not suitable for training BSUV-Net [189]. As a result the authors used
the Jaccard index as the loss function, which is defined by

~

Ta(Y.Y) = T+ Zmn(Y[m,n]Y[m,n]) A
’ T+ 3 n(YIm,n] 4+ Y[m,n] — Y[m,n]¥[m, n])

where Y € {0, 1}**" is the ground truth for the input sample X, 7" is a smoothing
parameter and m, n are the spatial dimensions.

The authors [183] proposed a novel strategy for preventing overfitting by
introducing illumination changes between the empty reference frame Rz and the
current frame. The reference frame augmented with illumination changes Ry is
computed by

Rp[m,n,c = Rg[m,n,d + d[d forc=1,2,3 (4.3)
where d represents a frame-specific global illumination model change that is randomly
chosen for each training sample.

BSUV-Net 2.0 [183] improves on the original BSUV-Net [189] by adding
spatiotemporal data augmentations, which modify the training dataset such that it
includes samples which simulate challenging scenarios. A spatially-aligned crop is
added to reduce all training samples to the same size. This is done to increase the
training speed since multiple samples can be processed in parallel, by the GPU, if they
are the same size. A random shift is added to simulate camera jitter, since few public
datasets contain examples of camera jitter. Data augmentations are also defined to
simulate camera zoom and a moving camera.

The performance of BSUV-Net 2.0 is evaluated on the CDNet-2014 dataset
[196] and compared to the original BSUV-Net [189] and a number of state of the art
background subtraction methods, namely IUTIS-5 [197], WisenetMD [198] and
FgSegNet v2 [188] in terms of recall (Re), specificity (Sp), false positive rate (FPR), false
negative rate (FNR), percentage of wrong classifications (PWC), precision (Pr) and
F-score. BSUV-Net 2.0 achieved the highest F-Score of 0.8387 as well as the highest
specificity and precision. Additionally BSUV-Net 2.0 achieved the lowest FPR, FNR
and PWC of all methods that were analysed. However, the original BSUV-Net, as well
as WisenetMD, achieved a higher recall than BSUV-Net 2.0. This indicates they are
able to identify more of the foreground object pixels however at the same time the
lower precision indicates that the error rate has increased.

While BSUV-Net 2.0 offers a high F-Score and a superior performance to other
background subtraction methods, it is a computationally intensive method with a
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frame rate of 2.5 on a video with a resolution of 640 x 480 pixels running on an Nvidia
Tesla P100 GPU. The authors propose Fast-BSUV-Net 2.0, which is a variant of
BSUV-Net 2.0 that does not use the FPM channel, which is identified as a bottleneck.
Fast-BSUV-Net 2.0 takes a nine channel image as input, which consists of three images
each containing three colour channels. Fast-BSUV-Net 2.0 achieves an F-Score of
0.8039 on CDNet-2014, which trails closely behind BSUV-Net 2.0 and still outperforms
the remaining methods. The frame-rate of Fast BSUV-Net 2.0, on a video with a
resolution of 640 x 480 is 13 which is approximately five times higher than the
frame-rate of BSUV-Net 2.0. However, even with the improvements in speed offered
by Fast-BSUV-Net 2.0, the frame rate is still too low for real-time processing of video
which generally arrives at a frame rate of 25-30 frames per second. Moreover, this
method requires a separate training step with a training dataset dedicated to
background subtraction. This adds to the overall time required for training the HAR
classifier.

4.2 Computationally Simple and Efficient Motion Saliency

Motion saliency detection offers a potential strategy for limiting the data that is
processed by a HAR classifier to the regions which capture the action being carried
out. This eliminates background clutter which reduces the size of the data that is
processed and hence reduces the time and computing resources required for training.
In order for this benefit to be realised it is essential that the motion saliency detection
technique is computationally efficient so that the reduction in training time is not
offset by the time consumed by motion saliency detection. The state of the art motion
saliency detection and background subtraction methods that have been explored,
namely the RPCA based method proposed by Xue et al. [174] and BSUV-Net 2.0 [189]
are computationally expensive. Furthermore, the latter method is unsuitable for
reducing the time spent by a HAR system since it requires training the background
subtraction network in addition to training the HAR classifier. Due to the specific
requirements and the limitations of existing solutions, a new motion saliency detection
solution was developed, an overview of which is shown in Figure 4.2.

The difference of frames was identified as a computationally simple and efficient
method for identifying regions in a video that have changed between frames. The idea
behind this method is that regions containing motion change significantly between
frames while those regions without motion remain the same throughout the frames of
the video. Thus a high difference between frames is observed in regions with motion,
while the difference is close to zero in regions without motion. The frame difference
between adjacent frames will likely result in a low difference for slow-moving objects,
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Figure 4.2 Pipeline of proposed computationally efficient motion saliency detection
solution

and thus these regions will not be distinguishable from background regions. This
becomes especially apparent in video captured at higher frame rates, greater than 25
frames per second, where the object motion between adjacent frames is minuscule.
Thus, the difference across multiple frames, for example every five frames, is computed
to increase the difference in the pixel intensity values of motion regions while
maintaining a small frame difference in the background and near stationary objects.

The output of frame difference is a motion saliency map where bright regions
indicate areas of significant motion, and dark regions indicate static non-moving
regions. Otsu thresholding [199], which is a technique for automatically determining
the threshold used to separate the foreground from the background in grey-scale
images, is used to convert this saliency map to a binary mask where the pixels of
motion regions have a value of 1 and the remaining pixels having a value of 0.

4.2.1 Using depth to reduce the effect of noise

The frame difference method alone has been shown to be heavily affected by noise
and background clutter [174]. An example of the effect of noise on the results of frame
difference is shown in Figure 4.3 on the sample s01_e01 from the UTKinect [200]
dataset. The method also picks up perturbations in the background clutter which are
usually not relevant to the video processing task at hand. As a result, the saliency map
produced by frame difference is only useful as a rough estimate. Frame difference
alone is not suitable for identifying the regions that capture a human action.

RGB+D, red green blue plus depth, video provides additional depth information
that can be exploited to limit the regions detected by frame difference to those, which
represent actual motion and not noise. Each frame has an associated depth map where
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Figure 4.3 Noise regions detected using frame difference

the intensity value of each pixel represents the distance between the camera and the
object on the scene. Besides offering a potential strategy for eliminating regions
caused by noise, depth maps are invariant to illumination changes, thus they are
effective in eliminating false motion regions caused by sudden illumination changes,
such as shadows appearing due to the sun coming out from behind the clouds. The
developed motion saliency method exploits the depth map to determine the bounding
box of the foreground object. Since the object pixels are necessarily at a depth, which
is within a certain range, a simple thresholding technique is effective in determining the
region comprising the foreground object. This does not produce a mask which
accurately covers the foreground object, but produces a rough bounding box, which is
sufficient for reducing the size of the data that is processed by the HAR classifier.

Determining the depth threshold

Experimentation with a hard-coded threshold, chosen for a particular video, showed
that this technique is effective for separating the foreground object from the
background in most frames. However, a hard-coded threshold is scene dependent and
has to be manually selected for each video, which is not practical in real-world
applications. Ideally an optimal threshold is chosen for each frame automatically
without any user input.

The multiple object tracking algorithm proposed by Yu et al. in [201] showed
that an effective depth threshold, for separating the foreground from the background,
can be selected automatically by analysing the histogram of the depth pixel intensity
values. The idea behind the method is that each object occupies a specific range of
values along the depth axis, with most of the object pixels falling at a single value. It is
this value that can be determined by finding the locations of the local maxima in the
histogram of depth pixel intensity values.
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The set of local maximum V/, referred to as the discontinuity points, is defined by
V={i|b>b,,Vue{i—1i+1}} (4.4)

where b; is the number of pixels with intensity values falling in bin i of the histogram.
The depth values are divided into Ny ranges, where Ny is the number of
discontinuity points in V. Each range is defined by

Vi1 +U; U+ Ui+1>

2 ’ 2
where [; and h; are the lower and upper bounds, respectively, of the ;" depth range
and v; is the it" discontinuity point. The number of ranges provides an indication of the
number of objects in the scene, however this includes objects forming part of the
background which are not of interest to motion saliency detection.

The regions identified by frame difference provide an approximate estimate of
the areas in the video which contain motion. These regions can thus be used to
determine which of the depth ranges pertain to an object of interest and which ranges
are caused by noise and clutter. It is assumed that most of the non-zero pixels in the
binary mask identified by frame difference belong to a moving object. Thus the
depth-range for separating the moving object from the background, can be found by
identifying the depth range [l;, h;) that contains the median depth of the pixels in the
regions identified by frame difference. The depth range containing the moving object is
the range satisfying
Iy < dy < hy (4.6)

where d,, is the median depth of the pixels within the regions identified by frame
difference, [, and h; are the lower and upper bound of the depth range. This range is
used to separate the foreground object from the background. This range is applied as a
threshold on the depth map using

1, ifil<d,,<h
tay = - 4.7)

0, otherwise

where t, , is the pixel at (z, y) of the resulting thresholded image and d, , is the value
of the pixel at (z,y) of the depth map. Each contiguous group of non-zero pixels in the
binary mask represents an object region.

The set of regions identified by frame difference is reduced to only those
regions which intersect with an object region in the binary mask produced by
thresholding using (4.7). The regions which do not intersect with any object region are
discarded. Additionally the bounding boxes of the kept regions, which intersect with a
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single common object region, are merged into their union box. The results of depth
thresholding, in a single frame of sample s01_e01 from the UTKinect dataset, are
shown in Figure 4.4.

I

This method was found to produce a single or small number of bounding boxes

(a) Depth map (b) Thresholded depth map

Figure 4.4 Depth thresholding

covering the regions with significant motion. However, the ground plane is often
retained by the thresholding procedure, defined by (4.7), resulting in a large bounding
rectangle covering the entire ground. To rectify this issue, the ground plane has to be
removed before thresholding.

Removal of the ground plane

The ground plane is the region in the depth map which represents the ground or floor
of the scene. The specific characteristics of the ground plane in depth images allows it
to be identified and removed [202]. A solution for removing the ground plane from
depth images, based on these characteristics, was proposed by Khan Hoa et al. in
[202]. The solution is based on the observation that the pixels forming the ground
plane have a gradient of zero along the z-axis and a non-zero gradient along the y axis.
The ground plane is identified by searching for pixels which satisfy these conditions.

The first step of the solution is to compute the gradient of the depth image in
the x and y directions, which produces two depth gradient maps representing the «
and y gradients, respectively. The work [202] proposes a procedure for computing
these gradient maps using the focal length and camera parameters of the capturing
system. Let D € R"** denote the depth image of dimensions / x w and d; ;, where
i €10,h)and j € [0,w), denote the value of the pixel at the spatial location (i, j) within
the depth map D. Let G® ¢ R and G e R"** denote the z and y gradient depth
maps, respectively, with ggf’;.) and gi(? denoting the value of the pixel at the spatial
location (4, j) within the gradient depth maps G*) and G, respectively.

A binary mask M € R"** where ground pixels have a value of 1 and non-ground
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pixels have a value of 0, is constructed using

1 if¢™ =0and g™ £0
mZJ — gZJ gl,j # (4.8)
0 otherwise

where m; ; denotes the value of the pixel at the spatial location (7, j) within M.

The results of this procedure alone are noisy with many ground pixels classified
as non-ground. This creates holes in the ground plane. The work [202] proposes a
block grouping procedure to filter out the non-ground pixels classified as ground and
fill the holes in the ground plane. The mask M is divided into blocks of size h;, x w; with
ny = hy, - wy. In each block, the number of ground pixels n, is determined and the ratio
R between the number of ground pixels and the total number of pixels in the block is

computed using
=2 (4.9)

All blocks with a ratio R greater than a threshold T, are considered ground blocks. The
values of the pixels within all ground blocks are set to 1. As a final step all contiguous
regions of non-ground pixels that have less than T} pixels are marked as ground. This
fills small holes in the ground plane.

To adapt this procedure for motion saliency detection, some changes are
necessary. The focal length and camera parameters, used to compute the depth
gradient maps G®) and G, are not always available and notable RGBD datasets, such
as UTKinect [200] and NW-UCLA [125], do not provide these parameters. It was
found that the Sobel edge detection operator [203] computes a suitable approximation
for G and GW. S,, defined by (4.10), is convolved with the depth image D to produce
G@®@), while G is produced by convolving D with S,, which is defined by (4.11).

-1 0 1

S.= -2 0 2 (4.10)
-1 0 1
-1 -2 -1

S,=|0 0 0 (4.11)
1 2 1

The depth gradient maps are, thus, computed using

G® =D xS, (4.12)
G — DS, (4.13)

where * denotes the 2D linear convolution operator.
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Through experimentation it was found that the optimal block size b;, x b, for
the block grouping procedure is 3 x 3. Larger block sizes result in regions
corresponding to the foreground object being marked as ground, especially those that
are close to the ground plane. Smaller block sizes result in most holes not being filled.
The optimal threshold 7, for the ratio R was found to be 0.4. This results in an entire
block being marked as ground if at least 40% of the block’s pixels are marked as ground.
Larger thresholds result in a significant number of unfilled holes, whereas smaller
thresholds result in foreground object regions being marked as ground. The addition of
a morphological closing and opening step prior to block grouping was found to
significantly reduce the number of holes in the ground plane, particularly holes larger
than the block size.

A value of 100 pixels was found to be optimal for the threshold size 7. This
means all contiguous regions of non-ground pixels consisting of less than 100 pixels are
marked as ground. This fills remaining holes in the ground plane that are not identified
by the block grouping procedure. This value was determined based on the UTKinect
dataset, which has a resolution of 640 x 480 pixels. However, a larger threshold value
may be required for larger video resolutions.

Ground plane removal significantly improves the results of depth thresholding.
Without ground plane removal the entire ground plane is retained by the depth
thresholding which results in a single object region covering the entire ground, as
shown in Figure 4.5b. With ground plane removal, the object regions that are identified
cover only the individual foreground objects, as shown in Figure 4.5d.

4.2.2 Improving performance with Kalman Filtering

The motion saliency solution was found to perform well in most cases. However, the
presence of noise and defects in the depth map results in multiple small regions being
identified that cover only parts of the foreground object. An example of this is shown
in Figure 4.6. Ideally a single region that covers the entire object should be identified.
This section explores the use of Kalman Filtering [204] to track salient regions through
time and merge identified regions belonging to the same object into a single region.

Kalman Filtering

Kalman filtering is a method for estimating the true state of a process based on
observable measurements [204, 205]. This is widely used in object tracking to estimate
the position and the velocity of the object of interest through time. The Kalman filter
arrives at an estimate of the process state using a two step process consisting of a
predict step and an update step. The process state is modelled by a Gaussian
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(a) Depth map (b) Thresholded depth map

(c) Depth map after ground (d) Thresholded depth map after
removal ground removal

Figure 4.5 The effect of the ground plane on depth thresholding

Figure 4.6 Visual results using motion saliency showing multiple regions identified that
pertain to the same object

distribution with mean at x;, which is the vector representing the process state at time
k, and covariance P;. Given the process x;,_,, P;,_; at time k& — 1, the process state at
the next time step k& is predicted using

)A(k = FXk_l (414)
P.=FP,_.F' +Q (4.15)

where F is the state transition matrix, which describes how the process state is derived
from its previous state based on a model of the process and Q is the process noise
covariance matrix, which is based on a model of the process noise. x;, is the predicted
process state vector and Isk is the covariance matrix of the prediction, which can be
interpreted as the confidence.

The process state prediction is then corrected using a measurement of the state
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z;, at time k£ and a model of the measurement noise. The update step is defined by

K=PH (HP,H" +R)! (4.16)
P. = (I - KH)P, (4.18)

where H is the measurement matrix relating the measurement vector to a process state
vector, R is the measurement noise covariance matrix and | is the identity matrix. K is
the Kalman gain parameter, defined in terms of Q and R, which is a matrix that controls
how much weight is given to the measurement z;, and how much weight is given to the
predicted state x;,. A process noise Q that is higher than the measurement noise R
results in more weight being given to the measurement. Conversely, a measurement
noise R that is higher than the process noise Q, results in more weight being given to
the predicted state.

In object tracking the process state is defined in terms of the position of the
object of interest (xy, yx) and its velocity (i, yx) [205]. This is defined as

X, = [xk Yr  Tg Z)k]T (4.19)

Generally a constant velocity model perturbed by Gaussian noise is assumed, where
the predicted object position at time % is defined as the sum of the object’s position
and velocity at time k£ — 1, while the predicted velocity at time & is the same as the
velocity at time £ — 1 [205]. The state transition matrix is, thus, defined by

(4.20)

o O O =
o O = O
S = O =
_ O = O

The measurement of the object’s position z;, is obtained by an object detection
algorithm such as GMM background subtraction, while the measured velocity is the
difference between the object’s previous position and the measured position [205].
The measured state is mapped directly to the state vector, thus the measurement
matrix H is the identity matrix.

This tracking algorithm can be extended to multiple object tracking by
designating a Kalman filter to each object in the scene. The measurements are still
obtained by an object detection algorithm, however each measurement has to be
associated with the correct Kalman filter that is designated to tracking the object. This
is achieved by minimising the total Euclidean distance between the prediction
positions, of the Kalman filters, and the measured positions associated to the filters.
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The aim is to find a mapping f : P — M between the set of predicted positions P to the
set of measurements M, such that the following loss function is minimised

N
£distance - Z sz - f(pz)H (421)
i=1

where N is the number of Kalman filters, p;, € P is the position predicted by the it filter
and f(p;) is the associated measurement. An optimal mapping f is found using the
Hungarian algorithm [119].

Tracking salient regions with Kalman filtering

This section details the addition of Kalman filtering to the motion saliency detection
solution to track the identified regions through time with the objective of grouping
multiple regions that cover different parts of a human body into a single region
covering the entire person. An overview of the Kalman filter tracking pipeline is shown
in Figure 4.7 and the steps of the algorithm are shown in Algorithm 1.
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Figure 4.7 Pipeline showing tracking of salient regions using Kalman filtering

In the initial frame, the motion saliency detection solution is run to identify the
salient regions. A new Kalman filter is created to track the position of the largest
identified region with the filter state initialised to the position of the region. The
strategy throughout the remaining frames is to use the regions identified by motion
saliency detection as measurements, while using the Kalman filter to predict and track
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Algorithm 1 Tracking Algorithm

=

[ Y
W N PO

W N s N

R «+ Set of identified object regions
F + Set of active Kalman filters
forall f € Fdo
predict(f)
end for
S + assign(R,F)
forall (r, f) € Sdo
update(f,r)
end for
U~ {r|re¢S}

: r; < largest region in U
. fi < new filter(r))
: F+«— FU{f}

> Map each region to a filter
> Update filter f using measurement r
> Set of regions not assigned to a filter

> Create new filter using r;
> Add new filter to active filters set

the associated salient regions through time. The salient region, identified by motion
saliency, that is closest to the position predicted by the Kalman filter is used as the
measurement in the Kalman update step. Similar to the procedure in the first frame, a
new Kalman filter is created to track the largest salient region that is not associated
with any Kalman filter.

In subsequent frames the identified salient regions are associated to the active
Kalman filters by minimising the total Euclidean distance, defined by (4.21), between
the positions of the identified regions and the positions predicted by their associated
Kalman filters. Once a filter is created, its window is set to the size of the associated
salient region and kept constant throughout the video while the filter is active.

Motion saliency detection identifies one or more bounding rectangles
surrounding the salient regions. However the Kalman state vector consists of a 2D
point representing the position and a 2D vector representing the velocity. Thus, a
single point has to be retrieved from the bounding rectangle of the salient region in
order for it to be used as a measurement. The centre of the bounding rectangle is the
simplest point to use, however this was found to be highly dependent on the accuracy
of the identified salient region. A drift was observed, where the Kalman filter starts
moving away from the object when the centre of the bounding rectangle does not fall
exactly on the centre of the object. The centre of mass of the non-zero pixels with the
region of the thresholded depth map bounded by the bounding rectangle, was found to
be a much more robust measurement, that is not affected by inaccuracies in the
identified region and sudden changes in the movement and size of the object. Thus,
the centre of mass is used as the position measurement. An example from the
UTKinect dataset demonstrating how the centre of mass lies significantly closer to the
actual centre of the object, is shown in Figure 4.8.

It was observed that due to noise and defects in the depth map, salient regions
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@ Centre of Mass Centre of Bounding Rectangle

Figure 4.8 Comparison of bounding rectangle centre (yellow) with centre of mass (red)
as position measurement

appear occasionally for a small number of frames and then disappear afterwards,
particularly if multiple salient regions are identified that pertain to a single object.
These filters have a negative affect on the results if they are not removed when no
salient region is associated with them. On the other hand, filters which have been
active for a longer time period should not be removed if no region is associated with
them in a single frame, since the object may still be on the scene. To resolve these
issues, each filter is given an age indicating the number of time steps for which it has
been active. Filters with an age of less than a starting threshold ¢, are removed from
the active filter set if no region is assigned to them in a given frame. Furthermore, only
filters with an age greater than the grouping threshold ¢, are considered in the
subsequent grouping step. Through experimentation it was found that the best
performance is achieved with ¢, = 5 and t, = 2.

To avoid tracking objects which have left the scene, filters which overlap with
the edge of the frame are removed. A filter is removed from the active set if its
tracking window overlaps with the edge of the image and at least 50% of the pixels, of
the thresholded depth map, are non-zero in the subregion making up half of the
window in the direction of the edge. If no Kalman filters satisfy these constraints, the
subsequent grouping step is not performed and the output of motion saliency
detection is used as a fallback.

Once the update step is performed for each Kalman filter, using the
measurements obtained by motion saliency detection, the state vector of each filter,
which encodes the position and velocity of the tracked object, is used to group
multiple salient regions pertaining to a single object into a single region covering the
entire foreground object. For each Kalman filter, the set of salient regions which
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overlap with the filter's windows is determined. The filter window is centred at the
position encoded in the filter's state vector and, as mentioned earlier, it's size is kept
constant for as long as the filter is active. The bounding rectangles of the regions that
overlap with the filter window are merged into a single bounding rectangle covering
their union box. This results in a single region covering more of the object instead of
multiple regions covering only part of it. Figure 4.9 shows an example of the region
obtained, which is shown in red, by grouping the salient regions, shown in blue, that
overlap with the Kalman filter window. The figure also shows that merging all regions
identified by motion saliency does not give equivalent results since not all identified
regions belong to the same object.

Figure 4.9 Example of bounding rectangle (red) covering union box of regions (blue)
that overlap with Kalman filter window

Experimentation with various values of the process Q and measurement noise R
parameters showed that due to the unpredictable nature of the object motion, the best
results are achieved when the process noise is greater than the measurement noise,
that is Q > R. When the measurement noise is greater than the process noise, the
filter was observed to lose track of the object during sudden changes in velocity. The
best results were achieved with a discrete constant white noise model with Q having a
Gaussian distribution with a variance of 100 and R = 10~°l, where | is the identity
matrix.

4.3 Evaluation and Results

The developed solution was evaluated on the UTKinect [200] dataset. This dataset
was chosen since it is widely used in the evaluation of depth and skeleton-based
human action recognition solutions, which is the application where the motion saliency
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detection solution is intended to be used. The visual results using motion saliency
detection (without Kalman filtering) on test sequence s01_e01 are shown in
Figure 4.10.

Figure 4.10 Visual motion saliency detection results on sO1_e01 sequence of UTKinect
dataset

The performance of the solution is evaluated in terms of the recall (Re),
precision (Pr) and F-measure metrics that are described in [206] and used in the
evaluation of [183, 189]. The recall gives an indication of how many of the true salient
regions are identified relative to the total number of true salient regions. A high recall
indicates that the solution is able to identify most of the actual salient regions. The
precision gives an indication of ratio of the true salient regions to the total number of
regions that are identified. A high precision indicates that the error rate of the solution
is low and most of the identified regions are true salient regions, whereas a low
precision indicates a high error rate. The F-measure combines the two metrics.

The recall is defined by
TP

~ TP+ FN
where TP is the number of true positives and FN is the number of false positives. A

Re (4.22)

true positive is considered when the intersection over union (IOU) between the ground
truth labels and identified salient regions is greater than 0.5.
The precision is defined by

TP

Sl o=

(4.23)

where FP is the number of false positives. A false positive is a salient region, identified
with the solution, for which the IOU with the ground truth is less than 0.5.
The F-measure is defined by

Pr - Re

Pr + Re (4.24)

F-measure =

The performance of the solution is compared to GMM [182] background
subtraction, which is widely used due to its computational efficiency, and the fast
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Table 4.1 Performance results of proposed motion saliency solution compared to
BSUV-Net 2.0 and GMM

Method Re Pr | F-measure
Fast-BSUV-Net 2.0 0.84 | 0.73 0.78
GMM 0.34 | 0.77 0.47
Motion saliency alone 0.88 | 0.78 0.83
Motion saliency with Kalman filter | 0.90 | 0.78 0.83

variant (Fast-BSUV-Net 2.0) of BSUV-Net 2.0 [183], which is the state of the art in
background subtraction. The results, presented in Table 4.1, show that the proposed
method, with and without Kalman filtering, outperforms both GMM and BSUV-Net 2.0
in all three evaluation metrics. The higher recall, compared to GMM and BSUV-Net
2.0, indicates that the proposed method is able to identify more salient regions, while
the higher precision indicates that its error rate is lower. The higher F-measure
highlights the overall superior performance of the proposed method.

The addition of the Kalman filter improves the recall of motion saliency
detection from 0.88 without Kalman filtering to 0.9 with Kalman filtering. This indicates
that motion saliency with Kalman filtering is able to identify salient regions which
motion saliency alone is unable to. This becomes more significant when the IOU
threshold, for an identified salient region to be considered a true positive, is higher,
which indicates that on average motion saliency with Kalman filtering identifies a larger
area of the salient regions. Figure 4.11 shows how the recall varies with the IOU
threshold. From Figure 4.12, which shows how the recall varies with the precision, it is
evident that with the Kalman filter addition a higher recall is observed for the same
precision, which in turn indicates that the increase in recall does not result in an
increased error rate. This presents an advantage when using motion saliency for
reducing the size of the data that is processed by the HAR classifier, since the
additional regions that motion saliency with Kalman filtering is able to identify may be
relevant to the classification task and their successful indication could potentially result
in increased classification accuracy. The visual results on four consecutive frames of
test sequences s02_e01, s05_e01, and s07_e01 are shown in Figure 4.13, with Figures
4.13(a), 4.13(c) and 4.13(e) showing the results obtained using the motion saliency
detection algorithm alone, and Figures 4.13(b), 4.13(d) and 4.13(f) showing the results
obtained using motion saliency with Kalman filtering. These results also show that with
Kalman filtering a single region covering the entire foreground object is found whereas
with motion saliency alone multiple smaller regions covering only parts of the
foreground object are found.

The experiments were performed on an 8-core Intel Core i7-11800H with an
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(e) Saliency detection alone on s07_01 (f) Kalman filter on sO7_01

Figure 4.13 Visual results comparing motion saliency with and without Kalman filtering

Table 4.2 Execution time of proposed motion saliency solutions compared to
BSUV-Net 2.0 and GMM

Method Frames per Time per frame

second (FPS) (milliseconds)
Fast-BSUV-Net 2.0 9.79 102
GMM 12.89 78
Motion saliency alone 25.78 39
Motion saliency with Kalman Filter 24.79 40

Nvidia GeForce RTX 3060 graphics card and 32 GB of RAM running Ubuntu 20.04.
The average execution times of the algorithms, evaluated on videos with a resolution
of 640 x 480, are shown in Table 4.2. The proposed motion saliency method (without
Kalman filtering) has an average frame rate of 25.78 frames per second which is
significantly higher than the frame rates of both BSUV-Net 2.0 and GMM, which are
9.79 and 12.89 frames per second, respectively. The addition of Kalman filtering
introduces a small computational penalty, with the processing time per frame
increasing by 1 millisecond. However, this cost is negligible as the frame rate of motion
saliency with Kalman filtering, 24.79 is still drastically higher than the frame rates of
both BSUV-Net 2.0 and GMM.

4.4 Discussion

The long time required for training a HAR classifier, due to the large training set
requirements, was identified as a significant challenge to deploying a HAR system in
real-world applications. Motion saliency detection was explored as a strategy for
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limiting the data that is processed by the HAR classifier to only those regions which
capture the action being carried out. Existing motion saliency solutions were found to
be too computationally intensive, which offsets any reduction in computational time
achieved by adopting the solution in a HAR pipeline.

A new motion saliency detection solution was developed, which is based on the
computationally simple and efficient difference of frames method. Depth data is
exploited to improve its accuracy and limit the regions identified by frame difference to
only those regions that represent motion in a foreground object. Spurious regions
caused by noise are removed. The results, shown in Tables 4.1 and 4.2, show that the
method is able to achieve a performance that is superior to the state of the art, while
requiring much less computational time. Furthermore, this method does not require a
separate training step thus it can easily be incorporated in a HAR pipeline without
increasing the training data set size requirements. The results of this research, along
with a detailed explanation of the motion saliency method, were published in [4]. A
second paper [5] details the addition of Kalman filtering to motion saliency and the
results achieved.
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In this chapter the use of the novel motion saliency detection solution, detailed in
Section 4.2, for reducing the training time of a HAR system is explored. The first
section explores its application in video based HAR methods, while the second section
explores the application of motion saliency in the MMNet [1] method.

5.1 Motion Saliency in 3D CNNs

Human action recognition methods based on 3D-CNNs have achieved promising
results and have recently begun outperforming their 2D-CNN based counterparts [18].
However, it has been shown that these methods are more challenging to train due to
the large dataset requirements, which in turn leads to a long time being spent in
training and a large consumption of memory and energy resources [18]. Motion
saliency has been identified as a possible strategy for limiting the video data to the
relevant regions of the video, which generally reduces its size and therefore, in turn
reduces the training time. However, for this to be realised the time taken by the
motion saliency detection component should not exceed the time saved by reducing
the size of the data.

A variety of 3D-CNN HAR models are available, however the study by Chen et
al. [18] showed that the network architecture has the largest effect on the
classification accuracy. ResNet3D has been shown to be the strongest architecture
[18]. The architecture is available in many depths with ResNet3D-18 being the
shallowest and ResNet3D-200 being the deepest. ResNet3D-50 is the most widely
used architecture since it strikes a balance between classification accuracy and training
time requirements [18]. Furthermore, as reported by the study [55], the gain in
classification accuracy using deeper architectures is only 0.3% to 2.5%. This section
explores the addition of motion saliency detection, for reducing the size of the data
that is processed, to the bottleneck ResNet3D-50 [55] HAR classifier.

5.1.1 Training Algorithm

The training algorithm, as detailed by the study [55], for the bottleneck ResNet3D-50
model, shown in Algorithm 2, receives as input a list of N, training video samples S.
This list is divided into batches, with each batch containing IV, samples, where N, is a
parameter provided when launching the training algorithm. Batching is primarily
required due to the batch normalisation layers, which serve to reduce overfitting and
improve the generalisation ability of the model. However, batching also serves a
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secondary purpose of minimising the number of times that data has to be transferred
between CPU and GPU memory. Furthermore, when an entire batch is loaded into
GPU memory, the model can be trained on all v, samples in the batch in parallel. This
reduces the training time since the training procedure is run %b times, whereas without
batching the training procedure would have to be run N, times. However, batching
also increases the GPU memory requirements of the system. The larger the batch size
the more GPU memory is required. Given that GPU memory is significantly more
expensive than CPU memory, while being available in considerably smaller sizes, this
limits the batch size that can be used in practice. The study [55], used a batch size of
128, which is specified in the implementation published with the study, for fine-tuning
on the UCF-101 [73] and HMDB-51 [72] datasets.

Algorithm 2 I3D-ResNet50 Training Algorithm

1: S = List of training video samples

2: N, = Number of training samples

3: N, = Batch size

4: N, = Number of frames to select from each video

5:
6: for1,2,...,%zdo
7: B = RandSelect(S, V;) > Randomly select IV, samples from S
8: TrainBatch = N, x N, x 3 x h x w matrix
9:
10: forSiGO,l,...,Nde
11: s = B[s;]
12: frames = RandSelectFrames(s, V.) > Randomly select N, frames from sample
13:
14: forfc0,1,...,N.do
15: frame = frames|f]
16: frame = RandCrop(frame) > Crop frame around random spatial location
17: TrainBatch[s;, f] = frame
18: end for
19: end for
20:
21: Train(TrainBatch) > Train network using current batch
22: end for

A batch is constructed by randomly selecting IV, samples. The selected samples
are exclusive to the batch, that is once they are selected in a given batch, they are not
selected in any other batch during the current training epoch. Given that
I3D-ResNet50 is a 3D-CNN, the input during training is a 3D tensor constructed by
stacking the 2D frames of the training video sample along a third time dimension. N,
frames, referred to as the clip size, are selected from each sample. There are two
strategies for selecting the frames, namely sampling V. consecutive frames or sampling
N, frames from random temporal locations in the video. The latter strategy is adopted
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during training, while the former is adopted during inference. Once N, frames are
sampled, each frame is cropped around a random spatial location to a size of h x w
which is common to all samples in the batch. After temporal sampling and spatial
cropping an N, x 3 x h x w tensor is constructed, which represents a single training
sample. The N, training samples are stacked along a fiftth dimension to produce the
batch input which is an N, x N. x 3 x h x w tensor. In the study [55], 16 frames were
selected from each training sample, and each frame was cropped around a random
spatial location to a size of 112 x 112 pixels. Therefore, the batch input is a tensor of
size 128 x 16 x 3 x 112 x 112.

5.1.2 Motion Saliency Detection Module

As mentioned earlier the input to the network is a tensor containing the randomly
sampled frame images of the video clip stacked along a time dimension. Motion
saliency detection has to be performed on each of the sampled frames to limit the area
to the subject carrying out the action. This presents a number of challenges since
motion saliency detection cannot be applied selectively on the sampled frames in
isolation, that is motion saliency detection requires processing the frames of the video
sequentially from start to finish.

Video Temporal Spatial
Sample 1 Sampling Cropping \

Video Temporal Spatial Batch
Sample 2 Sampling Cropping Training
Data

Video Temporal Spatial
Sample N, Sampling Cropping

Figure 5.1 3D-CNN batch training data preparation pipeline without motion saliency

Given these constraints, motion saliency detection has to be applied directly
after loading the video sample and prior to temporal sampling. Figure 5.2 shows the
data preparation pipeline for a single batch, with the position of the motion saliency
detection module in red. For comparison, Figure 5.1 shows the data preparation
pipeline without motion saliency. These figures also demonstrate that motion saliency
detection adds two additional steps to the data preparation pipeline, namely loading
the depth data and the motion saliency detection component. As mentioned earlier it
is essential that the time taken during these two steps does not exceed the reduction
in time achieved by reducing the size of the data that is processed.
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Figure 5.2 3D-CNN batch training data preparation pipeline with motion saliency

The spatial cropping modules are removed since motion saliency detection
performs spatial cropping to the relevant regions of the video and thus further
cropping is not needed. Given that the training input to the network is a 3D matrix
with the frames of the video stacked along a time dimension, the frame images must
have the same dimensions. Cropping each frame to its motion salient regions cannot
be done since the salient regions are not necessarily of the same size in each frame.
Scaling each cropped region to a common size will introduce artefacts caused by
upsampling and downsampling, which vary between frames. Moreover, the main
benefit of 3D-CNNs lies in their ability to learn temporal features specific to the action
class. An example of such a feature is the change in position of the subject during a
walking action. Some of these features are lost when cropping each frame to the
subject carrying out the action. To preserve these features and produce a list of frames
of the same size, each frame is cropped to the union box of all the salient regions
identified in all frames, as shown in Figure 5.3. Effectively, this procedure identifies a
spatiotemporal salient region in the video that captures the action taking place. The
regions outside this spatiotemporal salient region are irrelevant and can be discarded
since the action does not take place in these regions.

Batching presents an additional challenge since every training sample in a batch
must be of the same size, whereas the cropped spatiotemporal salient region differs in
dimensions between training samples. Likewise, scaling this region to a common size
will introduce upsampling and downsampling artefacts, which vary between the
training samples. To resolve these issues, each sample in the batch is cropped to the
union box of the spatiotemporal salient regions, identified by motion saliency, of all
samples.
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Figure 5.3 Diagram illustrating how the crop region is derived from the identified
motion salient regions

5.1.3 Ablation Study

This section details the experimentation done to determine the optimal parameters
and configuration of the motion saliency detection module. The objective of the
experiments is to determine the effect of the motion saliency detection module on the
classification accuracy and training time of the HAR system.

Before experimentation with the motion saliency detection module, it is
necessary to establish a baseline performance to determine the classification accuracy
that can be expected for a given training set size. The study [55] reports a top-1
classification accuracy of 89.3% on UCF-101 [73] and 61.7% on HMDB-51 [72] after
fine-tuning for 200 epochs a ResNet3D-50 model that was pretrained on the
Kinetics-400 [31] action recognition dataset. The aim is to replicate this performance
using the implementation published with the study [55]. However, it is immediately
apparent that the batch size of 128 training samples requires an enormous amount of
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Table 5.1 Classification accuracy of fine-tuning Kinetics-400 pretrained ResNet3D
model on UCF-101 and HMDB-51 datasets with varying training set sizes

Dataset Training Set Size | Validation Set Size | Top-1 Accuracy (%)
UCF-101 9537 3783 89.56
UCF-101 4769 3783 88.87
UCF-101 2835 3783 86.81
UCF-101 1193 3783 82.82
UCF-101 597 3783 76.53
UCF-101 150 3783 50.30
HMDB-51 3570 1530 59.41
HMDB-51 1785 1530 56.21
HMDB-51 893 1530 52.88
HMDB-51 447 1530 48.89
HMDB-51 224 1530 37.39
HMDB-51 56 1530 18.20

GPU memory, rendering training unfeasible for most applications. Given the hardware
constraints the batch size was reduced to 16 training samples, which is the maximum
batch size permitted by the available GPU memory.

The results of fine-tuning for 200 epochs a ResNet3D-50 model, pretrained on
Kinetics-400 [31], using varying training set sizes are shown in Table 5.1. The
classification accuracy, 89.56%, achieved on UCF-101 using the full training set size of
9537 training samples is higher using the experimental setup with a batch size of 16
training samples than the accuracy reported by the original study [55]. However the
accuracy achieved on HMDB-51 59.41%, using the full training set consisting of 3570
samples, is lower than the accuracy reported in the study [55] by 2.29%.

The results also show that the classification accuracy increases logarithmically
with the training set size, where a drastic increase is observed initially. With larger
training sets the gain in classification accuracy becomes less significant even when
doubling the number of training samples. For example, with 4769 training samples a
classification accuracy of 88.87% was achieved on UCF-101. However, with
approximately double the training samples, 9537 samples, the classification accuracy
only increased to 89.56%, which is a gain of less than 1%. This is clearly illustrated in
Figure 5.4, which shows that initially the classification accuracy increases rapidly but
then the rate of increase gradually decreases.

To evaluate the effect of the motion saliency detection module on the training
time and classification accuracy, the original ResNet3D-50 model, without motion
saliency detection, is fine-tuned on the UTKinect dataset with a training set consisting
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Figure 5.4 Classification Accuracy vs Training Set Size using ResNet3D-50

Table 5.2 Comparison between classification accuracy with (+MS) and without motion
saliency, where (P) indicates the parallelised implementation of the motion saliency
module and (PC) indicates parallelisation with caching

Dataset Method Batch Size Top-1 Training
Accuracy Time

(hours)
UTKinect ResNet3D-50 16 30.51 7
UTKinect ResNet3D-50+MS 16 37.29 22
NTU-60 (300) | ResNet3D-50 16 11.11 142
NTU-60 (300) | ResNet3D-50+MS 16 10.00 288
UTKinect ResNet3D-50 1 20.34 10
UTKinect ResNet3D-50+MS 1 27.19 24
UTKinect ResNet3D-50+MS (P) 1 27.19 9
UTKinect ResNet3D-50+MS (PC) 1 27.19 4
NTU-60 (300) | ResNet3D-50 1 7.88 452
NTU-60 (300) | ResNet3D-50+MS 1 16.67 211
NTU-60 (300) | ResNet3D-50+MS (PC) 1 16.67 128

64



5 Reducing HAR Training Time with Motion Saliency

of 140 samples and a validation set consisting of 59. The model was also fine-tuned
using a reduced subset of the NTU-60 dataset consisting of 300 training samples.
These datasets were chosen, since they provide depth data which is required for
motion saliency detection. This is referred to as NTU-60 (300). It is then compared to
the model with the motion saliency detection module (ResNet3D-50+MS). A low
classification accuracy, in the range 18.20% to 50.30% is expected, due to the small
training set, however this is sufficient for determining the effect on training time as
well as obtaining an initial estimate of the impact on the classification accuracy. The
experiments were run on an 8-core Intel Core i7-11800H with an Nvidia GeForce RTX
3060 graphics card and 32 GB of RAM running Ubuntu 20.04.

The results, shown in Table 5.2, reveal that the motion saliency detection
module improves the classification accuracy by 7% resulting in a classification accuracy
of 37.29%, using a batch size of 16, compared to 30.51% without motion saliency
detection. However, the addition of the motion saliency module resulted in a training
time that is three times longer, 22 minutes, than the original model without motion
saliency detection, which took 7 minutes to train. Given that each sample in a batch is
cropped to the union of the spatiotemporal salient regions of all the samples in the
batch, it is likely that this limits the actual reduction in the size of the data that is
processed, especially if the actions are carried out in different locations across the
training samples. A second set of experiments were carried out without batch
normalisation, that is a batch size of 1. The same trends are observed in the results of
these experiments as were observed in the experiments with a batch size of 16. A
higher classification accuracy, 27.19%, was observed with the motion saliency
detection module compared to without the module, however the training time is still
higher, 24 minutes, compared to without motion saliency detection, 10 minutes. It is
evident, that the training time is now 2.4 times higher, whereas with a batch size of 16
it was 3.1 times higher.

Optimisation

These results showed that despite the motion saliency detection solution being
significantly faster than other solutions such as BSUV-Net 2.0 [189] and GMM [182], it
is still too slow for a reduction in training time to be realised. However, the
implementation as it is does not exploit the parallel processing capabilities of modern
CPUs and GPUs.

Given that the ground plane detection algorithm, which forms part of the
motion saliency detection module, processes the depth map image in individual blocks,
with the results of processing one block independent from the results of processing the
remaining blocks, it can be parallelised significantly by shifting the implementation to
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the GPU. The ground plane detection algorithm is shown in Algorithm 3. The loop
spanning lines 7-16 is shifted to the GPU, such that multiple iterations are executed
simultaneously in parallel, where each iteration processes different pixels of the
gradient maps. Similarly, given that motion saliency detection in one frame does not
depend on the results of the previous frames, the frames can be processed
independently in parallel using multiple threads. However, this precludes the use of the
Kalman filter addition to motion saliency, that was detailed in Section 4.2.2, since the
Kalman filter depends on the results from the previous frames.

Algorithm 3 Ground Plane Detection Algorithm

1: gx = X Gradient Map Image
2: gy =Y Gradient Map Image
3: out = Output Ground Plane Mask
4: h = Image height
5: w = Image width
6:
7: forye 0,1,...,hdo
8: forxec0,1,...,wdo
9: if gx[y,x] == 0 and gy[y,x] # O then
10: out[yx] =1
11: else if gx[y,x] == 0 and gy[y,x] == 0and y > h x 3/4 then
12: outlyx] =1
13: else
14: out[y,x] =0
15: end if
16: end for
17: end for

The results, shown in Table 5.2, using the optimised motion saliency detection
module, referred to as ResNet3D-50+MS (P), show an improvement in that the training
time on the UTKinect dataset is reduced from 24 minutes, with the unoptimised
motion saliency detection module, down to 9 minutes. The training time is now less
than the time taken, 10 minutes, to train the original model without motion saliency
detection. However, the reduction in training time, 1 minute, is minimal compared to
the increase in computational complexity and resource consumption.

It was observed that the bottleneck lies in the loading of the depth map data
from storage to memory. This data cannot be loaded in its entirety and retained in
memory throughout the training procedure since it’s size is larger than the available
CPU memory of most machines. However, the identified spatiotemporal salient
regions can be cached effectively since they only consist of four coordinates. The
memory consumed by the cache is 4 x 2 x N where N is the number of training
samples, thus the spatial complexity is O(/NV). With caching, refereed to as
ResNet50-3D+MS (PC), the training time is reduced to 4 minutes on UTKinect and 128

66



5 Reducing HAR Training Time with Motion Saliency

Table 5.3 Classification Accuracy and Training time with and without motion saliency
on the full NTU-60 XSUB training set

Method Batch Size Top-1 Training
Accuracy Time
(%) (hours)
ResNet3D-50 16 10 819
ResNet3D-50 1 7 888
ResNet3D-50+MS (PC) 1 22 467

minutes, down from 142 minutes, on NTU-60 (300).

Evaluation on Full NTU-60 Dataset

ResNet50+MS (PC), which is the ResNet-50 with the optimised motion saliency
detection module, is evaluated on the full NTU-60 dataset, which consists of 56,880
samples, and compared to the original ResNet-50 model. The results, presented in
Table 5.3, show that a significant reduction in training time is achieved. The original
ResNet3D-50 model takes 819 hours to complete, 888 hours without batching, whilst
training ResNet3D-50+MS (PC) takes 467 hours. However, the classification accuracy
achieved with all methods, including the original ResNet3D-50, is low, and even falls
below the classification accuracy achieved with the reduced training set size. Whilst
the motion saliency detection module increased the classification accuracy from 10%
to 22%, it is still far too low to be considered for practical applications. These models
have been observed to perform well in outdoor settings where the background
contributes to action recognition however they perform poorly in indoor settings
where the background is consistent across all action classes [1], such as the NTU-60
dataset. It is likely that in both cases, with and without the motion saliency detection
module, the ResNet3D-50 classifier is learning features from the background rather
than features relevant to action classification and thus fails to distinguish between
different action classes.

5.2 Motion Saliency in MMNet

The MMNet [1] HAR method has achieved a state of the art performance particularly
in indoor environments where 3D-CNN based methods perform poorly. In particular
MMNet is reported to have achieved a high classification accuracy on the NTU-60
[126] and NTU-120 [127] datasets, which consist of videos taking place in indoor
settings with a consistent background across all action classes. The method consists of
three classifiers; one for the skeleton joint, one for the bone and one for the RGB data
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modality. The RGB classifier is based on a ResNet-18 network that is trained on 2D
images capturing a spatiotemporal region of interest (ST-ROI) within the video. The
ST-ROl is constructed by concatenating multiple spatial ROls from different frames
into a single image, which are identified by the position of the skeleton joints. This
procedure introduces considerable computational complexity since the skeleton joint
coordinates are estimated using the OpenPose tool [2] during a preprocessing step.
This is a costly step both in terms of computational time, memory and energy
resources. Moreover, the performance of the method is highly dependent on the
choice of skeleton joints that are used to identify the spatial ROls. The exact joints that
are selected is dataset dependent, which introduces additional methodological
complexity and hinders the practical adoption of the method in real-world applications.
In this section, the use of motion saliency detection as an alternative method for
identifying an ST-ROI is explored.

5.2.1 Identifying ST-ROI using Motion Saliency Detection

Incorporating motion saliency detecting in the MMNet HAR classifier poses different
challenges from those faced when adopting motion saliency detection in a 3D-CNN
based HAR classifier, described in Section 5.1. Unlike the 3D-CNN, which takes an
entire video clip as input, the MMNet RGB modality classifier is trained on 2D images
capturing a spatiotemporal region of interest. This means the training data provided to
MMNet has already been reduced to the regions that are relevant to action recognition.
In order for a reduction in training time to be achieved, it is essential that motion
saliency detection completes in less time than MMNet requires to identify the ST-ROI.

Spatial

OpenPose
Skeleton ROI
Estimation \ 1
RGB paentiy . Concatenate |———————p ST-ROI
Image

Video Spatial

Frames ROIs
Spatial
ROI

N

Figure 5.5 Pipeline showing the identification and construction of ST-ROI image in the
original MMNet RGB classifier

Figure 5.5 shows the pipeline of the strategy adopted by MMNet from the
identification of the spatial regions of interest to the construction of the ST-ROI image
that forms the training input to the MMNet RGB classifier. The first step is the
estimation of the skeleton joint coordinates in each frame of the video using the
OpenPose tool [2], which is a tool for detecting keypoints comprising the human body.
The estimated skeleton joint coordinates are then used to identify a number of spatial
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ROls surrounding the skeleton joints in each frame.

Five skeleton joints, corresponding to the head, wrists and ankles, are selected
around which a spatial ROl is identified. Each spatial ROl is constructed by cropping
the square region of the frame image that is centred on the skeleton joint. The size of
this square varies with the dataset, for example a 48 x 48 square is selected for the
NTU-60 [126] dataset whereas a 24 x 24 square is selected for the NW-UCLA [125]
dataset. Additionally, the square crop region is shifted by an offset on the NW-UCLA
dataset while no shift exists on the remaining evaluation datasets.

Frame 1 Frame 2 Frame 3 Frame 4 Frame 5

ST-ROI

Figure 5.6 Diagram illustrating how the ST-ROI is constructed using MMNet

The identified individual spatial ROls are concatenated vertically in a column to
produce the spatial region for a given frame. The spatial regions of five frames are
concatenated horizontally to produce the ST-ROI which consists of a 5 x 5 grid of
spatial ROls. This is illustrated in Figure 5.6.

The bottleneck of this procedure lies in the skeleton joint coordinate estimation
using the OpenPose tool. This tool not only adds methodological complexity, since it,
itself, requires training in addition to training the RGB modality classifier, but is also a
costly step in terms of computational time. The reason given for why OpenPose is
used to estimate the skeleton joint coordinates, as opposed to using the skeleton data
retrieved through depth sensors such as Microsoft Kinect and Intel RealSense, is that it

69



5 Reducing HAR Training Time with Motion Saliency

is somewhat more accurate [1]. Furthermore, the skeleton data is not always provided
in camera space coordinates. Motion saliency detection does not require skeleton data
and thus this step can be eliminated by replacing MMNet's strategy for identifying an
ST-ROI with motion saliency detection.

Spatial

Video 1

RGB ROI
Frames / N\, —0—m—0u——
Motion 1 . ST-ROI
_____ - | Saliency : Concatenate p——> feaa
| Detection I
Depth 1
Maps I — -—

Figure 5.7 Pipeline showing the identification and construction of the ST-ROI image
using motion saliency detection

Motion saliency detection identifies a set of regions in each frame of the video.
The strategy is to use this set of regions to crop each frame to the region that is
relevant to human action recognition, after which, the cropped frames are
concatenated to form an ST-ROI image. Figure 5.7 shows the pipeline to construct an
ST-ROI image using motion saliency detection. The OpenPose skeleton estimation step
has been removed along with the identification of the spatial ROIs using the skeleton
joint information. These steps have been replaced by motion saliency detection to
identify the spatial ROls, which are then concatenated to form a single image.

A single spatial ROl per frame is identified that covers a larger area than the five
spatial ROls identified by MMNet. The spatial ROl is constructed from the union box
of the salient regions identified in a given frame. Let /V; denote the number of salient
regions identified in a given frame i, and r;, where j € [1, N}, be the j™ salient region
that was identified. The spatial ROI, S;, for the it" frame is defined by

rs, = min{z,, | j € [1, Ni]} (
ys, = min{y,, | j € [1, Ni|} (
ws, = min{w,, | j € [1, N;]} (
hs, = min{h,, | j € [1,N;]} (

where z,; and y,, are the x and y coordinates, respectively, of the top-left corner of the
salient region r; while w,, and h,, are the width and height, respectively, of the salient
region r;. Equations (5.1) and (5.2) define the top-left corner of the spatial ROI for the
it frame while (5.3) and (5.4) define its width and height.

In order to concatenate the spatial ROls into a single image covering the ST-ROI
of the video, the spatial ROIs are required to be of the same size. Scaling each spatial
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ROI to a common size will lead to upsampling and downsampling artefacts that vary
between the frames. The strategy detailed in Section 5.1.2, where the union box of the
spatial ROls of all frames is used as the crop region in each frame, is not suitable for
constructing an ST-ROI since it will lead to each spatial ROl covering an area that is
larger than the relevant region in the frame. To arrive at a common size for the spatial
ROls, the average size of the spatial ROls is used. This prevents the issue of choosing a
size that is too large or too small for the action.

The common size of the spatial ROls is defined by

! Z’/Iz{:l wS'n
wy = X (5.5)
5= K (5.6)

where K is the number of frames. The bounding rectangle of each identified spatial
ROl is resized to a width and height defined by (5.5) and (5.6), respectively, while its
centre is preserved. The top-left corner of the resized spatial ROI for frame i is defined

by

ws, .  Wg

o hs, _ h_:S‘
s, = s+ 57) = 5 (5.8)

where g is the x coordinate and y is the y coordinate. Each frame is cropped to the
spatial ROl identified by this bounding rectangle.

Similar to the strategy adopted by MMNet, the spatial ROl images are
concatenated into a single image covering the ST-ROI of the video. There are various
possibilities for the configuration in which the images are concatenated. One such
possibility is to concatenate the images into a square grid, which creates an ST-ROI
image that is similar to the ST-ROI images generated by MMNet. Alternatively the
images can be concatenated horizontally in a row, as illustrated in Figure 5.8.

5.2.2 Ablation Study

This section details the experiments performed to determine the optimal parameters,
which include the number of frames that are selected for the ST-ROI, the configuration
in which they are concatenated and the size to which the individual spatial ROls are
scaled. The objective of these experiments is to find values of parameters such that
the maximum classification accuracy is achieved in the minimum training time.

The first experiments focus on determining the optimal number of spatial ROls
to include in the ST-ROI and the configuration in which they are concatenated to form
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Figure 5.8 Diagram illustrating the construction of the ST-ROI when using motion
saliency

a single image. As mentioned earlier the spatial ROIs can be concatenated either in a
square grid, of which an example on a sample from the NTU-60 dataset is shown in
Figure 5.9, or a horizontal row, an example of which, involving two actors, is shown in
Figure 5.10. For comparison the ST-ROI images constructed by MMNet for the same
samples are shown in Figures 5.12 and 5.11.

The number of spatial ROls, that is the number of frames, used to construct the
ST-ROI was varied from 4 to 16. Given that the size of the spatial ROls differs between
samples, the height of the spatial ROls is fixed for a fair comparison, with the width
scaled proportionally to preserve the aspect ratio. The height was varied from 60 to
480 pixels, which is the height of the ST-ROI images produced by MMNet. The same
network model, a 2D ResNet-18 pretrained on ImageNet [26], and training strategy
that were used by MMNet, are used in these experiments. The experiments are
performed on the full NTU-60 dataset using the XSUB evaluation protocol. This
dataset was chosen since a good performance is expected given its a large RGB+D
dataset and a good performance was achieved on it using MMNet. The experiments
were performed on a machine having an Intel i7-11800H with 8 cores, an Nvidia
GeForce GTX 3060 graphics card and 32 GB of RAM.

In the initial experiments, a square grid configuration was used, where the
spatial ROls are arranged ina 2 x 2,3 x 3 and 4 x 4 grid. The height of the spatial ROls
was varied, from 120 for the 4 x 4 configuration to 240 for the 2 x 2 configuration,
such that the height of the ST-ROI image is 480 pixels, which is the height of the
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Figure 5.9 Example of motion saliency ST-ROI with 9 frames concatenatedina 3 x 3
grid capturing the action “giving object” involving two actors

Figure 5.10 Example of motion saliency ST-ROI with 16 frames concatenated
horizontally (1 x 16) capturing the action “pick up”

Figure 5.11 Example of ST-ROI constructed by MMNet capturing the action “giving
object” involving two actors
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Figure 5.12 Example of ST-ROI constructed by MMNet capturing the action “pick up”

Table 5.4 RGB modality classification accuracy using varying ST-ROI configurations and
sizes on NTU-60 (XSUB) dataset

Configuration | Height (px) | Top-1 Accuracy (%) | Top-5 Accuracy (%)
2 X2 240 57.90 84.67
3x3 160 64.08 88.17
4 x4 120 59.44 84.97
1x4 480 65.63 89.64
1x9 480 63.53 87.86
1 x16 480 70.39 91.56
1x16 120 69.51 91.75
1x16 60 67.67 90.31
1x 32 480 68.34 92.07
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Table 5.5 RGB modality training and inference times using varying ST-ROI
configurations and sizes on NTU-60 (XSUB) dataset

Configuration | Height (px) | Training Time (hours) | Inference Time (milliseconds)
2 % 2 240 9.69 10
3 %3 160 10.00 11
4 x4 120 10.01 11
1x4 480 27.29 18
1x9 480 29.17 29
1x16 480 32.05 33
1x16 120 30.98 25
1x16 60 3.79 4
1x 32 480 97.17 78

ST-ROI image produced by MMNet. The results, presented in Table 5.4, show that a
low classification accuracy is observed ranging from 57.90% to 64.08%. The lowest
classification accuracy was observed with the 2 x 2 configuration, which contains the
lowest number of frames. However, the highest classification accuracy was not
observed with the 4 x 4 configuration, which has the most frames, but with the 3 x 3
configuration. A possible explanation for these results is that, while the classification
accuracy increases with the number of frames, the 4 x 4 configuration also uses the
smallest spatial ROI size, which negatively affects the classification accuracy. The
training times, presented in Table 5.5, do not show significant variation between the
configurations. The shortest training time was 9.69 hours for the 2 x 2 configuration,
and the longest training time was 10.01 hours for the 4 x 4 configuration. Given that
the height of the ST-ROI images is consistent, 480 pixels, throughout all grid
configurations, the size of the images, and hence the training time, does not vary
significantly. The inference time per sample, also presented in Table 5.5, show even
less variation between the experiments, with inference taking one millisecond longer
using the 3 x 3 and 4 x 4 configurations than with the 2 x 2 configuration.

The remaining experiments focused on configurations where the spatial ROls
are concatenated in a horizontal row. The spatial ROl height is initially fixed at 480
pixels, to maintain the same height as the MMNet ST-ROI images, and then
progressively reduced in subsequent experiments. The results, presented in Table 5.4,
show a significant increase in classification accuracy over the grid configurations. A
higher classification accuracy was observed, 65.63%, for the row configuration with the
lowest number of frames, 1 x 4, than the accuracy observed, 59.44%, for the grid
configuration containing the most frames, 4 x 4. However, it is also observed, from the
training and inference times shown in Table 5.5, that the 1 x 4 configuration took 27.29
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Table 5.6 Fused model classification accuracy using 1 x 16 ST-ROI configuration with

varying height on NTU-60 (XSUB) dataset

ST-ROI Height (px)

Top-1 Accuracy (%)

Top-5 Accuracy (%)

480
120
60

89.90
90.05
89.97

91.19
92.99
91.25

hours to train, which is nearly three times longer than the time required to train the
grid configuration with the same number of frames, 2 x 2. Whilst the ST-ROI height
used in the 1 x 4 configuration is the same as that used in the 2 x 2 configuration, more
images are concatenated in the horizontal dimension, which increases the width of the
ST-ROI image and hence increases the training time.

The highest classification accuracy, 70.39%, was observed using the 1 x 16
configuration, which consists of 16 frames concatenated horizontally. This
configuration also produced a top-5 classification accuracy of 91.56%. Training the
classifier using this ST-ROI configuration, took 32.05 hours which is three times longer
than the training time, 10.01 hours, using the 4 x 4 configuration, which contains the
same number of frames. Reducing the size of the spatial ROls, that are used to
construct the 1 x 16 ST-ROIl image, to 120 pixels decreased the classification accuracy
to 69.51%, which is a drop of less than 1%. However, the training time only decreased
to 30.98 hours, which is a reduction by less than 2 hours and is still significantly longer
than the time required for training using the 4 x 4 configuration. Reducing the ST-ROI
height further to 60 pixels, resulted in the classification accuracy decreasing to 67.67%.
However, this classification accuracy is higher than the accuracy observed using the
3 x 3 configuration, 65.63%, while the training time, 3.79 hours is drastically lower than
10 hours which is the training time observed using that configuration. In-fact, this is
the lowest training time observed across all experiments. Similarly, the lowest
inference time, 4 milliseconds per sample, was observed using this configuration. The
impact on the top-5 classification accuracy is less significant, with the top-5 accuracy
only decreasing by 1.25% from 91.56%, using a height of 480 pixels, to 90.31%, using a
height of 60 pixels. Increasing the number of frames to 32 did not result in an increase
in the classification accuracy. The classification accuracy, 68.34%, observed with the
1 x 32 configuration is actually lower than the classification accuracy observed with the
1 x 16 configuration. However, the training time with the 1 x 32 configuration is
significantly longer. Given these results, it is deduced that the best configuration is
1 x 16 with a height of 60 pixels.

The objective of the final experiments of the ablation study is to determine the
classification accuracy and training time using the full fused model, which fuses the
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Table 5.7 Fused model training time and inference times using 1 x 16 ST-ROI
configuration with varying height on NTU-60 (XSUB) dataset

ST-ROI Height (px) | Training Time (hours) | Inference Time (milliseconds)
480 72.65 76

120 33.79 36

60 10.98 11

Table 5.8 Fused model power consumption using 1 x 16 ST-ROI configuration with
varying height on NTU-60 (XSUB) dataset

ST-ROI Height (px) | Average Consumption (W) | Total Consumption (kWh)
480 69.39 5.04

120 92.18 2.77

60 167.15 1.84

results of the skeleton joint, bone and RGB classifiers. The experiments used the same
models and training strategy for the skeleton joint and bone classifiers, while the RGB
classifier was trained on the ST-ROI images constructed using spatial ROls identified by
motion saliency. The results, presented in Table 5.6, show that the highest top-1 and
top-5 classification accuracies, 90.05% and 92.99%, were observed with an ST-ROI
height of 120 pixels. The results also show a higher classification accuracy using an
ST-ROI height of 60 pixels, top-1 89.97% and top-5 91.25%, than with an ST-ROI height
of 480 pixels, where a top-1 accuracy of 89.90% and top-5 accuracy of 91.19% were
observed.

The results for the training times taken with each ST-ROI height, presented in
Table 5.7, show that the shortest training time, 10.98 hours was observed using an
ST-ROI height of 60 pixels, which is three times lower than the training time using a
height of 120 pixels, 33.79 hours, where the highest classification accuracy was
observed, and nearly seven times lower than the training time, 72.65 hours, using a
height of 480 pixels.

The power consumption of the GPU was measured throughout the entire
training process. Two metrics were recorded, namely the power consumption at each
second, measured in Watts (W), which is used to compute the average power
consumption, and the total power consumed during the training process, measured in
kilo Watt hours (kWh). The power consumption results, presented in Table 5.8, show a
different trend from the results for the training time. The highest average power
consumption, 167.15 W, was observed using an ST-ROI height of 60 pixels while the
lowest was observed using an ST-ROI of 480 pixels. However, the total power
consumption, of the training process, was lowest, 1.84 kWh, using an ST-ROI height of
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60 pixels and highest, 5.04 kWh, using an ST-ROI height of 480 pixels. This is due, to
the drastically lower training time using a height of 60 pixels. Thus, even though the
average power consumption increases considerably, the total power consumed is still
less due to the shorter time spent in training. Interestingly, it is observed that the
average power consumption increases when the ST-ROI height is decreased. A
possible explanation for this is that with a larger ST-ROI height, and hence larger
ST-ROI image size, more time is spent, per second, transferring the data to GPU
memory and, thus, less time is spent in computations.

5.2.3 Discussion

The results of the ablation study in Section 5.2.2, showed that a good classification
accuracy can be achieved by constructing an ST-ROI out of spatial ROls identified by
motion saliency detection. These results also showed that the highest classification
accuracy is achieved with an ST-ROI constructed out of 16 spatial ROls identified in 16
frames. Reducing the ST-ROI height to 60 pixels, resulted in a comparable classification
accuracy, however with a drastically lower training time and power consumption. Thus
it is determined that an ST-ROI constructed from regions identified using motion
saliency detection, with these parameters, can potentially replace the skeleton-based
ST-ROI strategy adopted by MMNet, which involves a costly OpenPose skeleton
estimation step. A paper detailing this research and the results was accepted for
publication [6] by the IEEE International Conference on Intelligent Computer
Communication and Processing.
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This chapter details the experiments done to evaluate the performance of the HAR
method described in Section 5.2, which builds on MMNet [1] by replacing the strategy
for identifying an ST-ROI based on skeleton data estimated using OpenPose with
motion saliency. This proposed method will be referred to as MMNet-MS throughout
this chapter. The optimal motion saliency parameters as determined in the ablation
study in Section 5.2.2 are used. The configuration 1 x 16 is used, that is the ST-ROl is
constructed out of 16 frames concatenated horizontally in a single row with an ST-ROI
height of 60 pixels.

There a number of performance metrics that need to be evaluated. The top-1
classification accuracy measures the probability that the action class predicted by the
method is the correct class for the action depicted in the input video. On the other
hand, the top-/N accuracy measures the probability that the actual action class label is
in the top- NN labels predicted by the method. This is useful for applications where a
specific set of actions are being looked for rather than requiring to know the exact
action. The training time measures the length of time required to train the HAR model
using a dataset of a given size, which gives an indication of the practicality of deploying
the HAR system while adapting it to specific environments. Whilst training time does
give an indication of the resource usage of the HAR system, the power consumption is
measured separately since a lower training time does not necessarily imply a lower
power consumption. Finally, the inference time measures the length of time required
by the HAR system to determine the class label of the action in the input video. This
gives an indication of the system’s real-time performance.

The performance of MMNet-MS is evaluated, in terms of classification accuracy,
training time, power consumption and inference time, and compared to that of the
original MMNet method, which uses skeleton data estimated by the OpenPose tool to
identify the ST-ROI. The methods were evaluated on the NTU-60 [126], NTU-120
[127], Northwestern-UCLA (NW-UCLA) [125], TST fall detection [207], HWU-USP
[208], UTD-MHAD [209] and UTKinect (UTK) [200] datasets. The NTU-60 [126]
dataset is a widely used large-scale RGB+D dataset consisting of general action
categories such as “stand up”, “pick up” and “throw”, with 60 class labels in total. The
NTU-120 [127] dataset extends NTU-60 with another 60 class labels representing
actions that are more challenging to recognise. Both NTU-60 and NTU-120 contain
actions performed by a single actor and actions involving two actors, such as “hugging”,
“kicking” and “walking towards”. The Northwestern-UCLA (NW-UCLA) dataset [125]
was used to evaluate MMNet-MS in order to assess its performance on a smaller scale
dataset, which contains far fewer samples than NTU-60. Additionally, this dataset was
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Table 6.1 Size of training and validation sets of datasets used in the experiments

Dataset Setting No. No. No.
Training | Validation Action
Samples Samples Classes
NTU-60 (XSUB) | Public 40091 16487 60
NTU-60 (XVIEW) | Public 37646 18932 60
NTU-120 (XSUB) | Public 63026 50919 120
NTU-120 (XSET) | Public 54468 59477 120
NW- Public 1027 467 10
UCLA
UTD Public 430 431 27
UTK Public 129 60 10
HWU- Private 99 45 9
USP
TST Private 96 88 8

also used to evaluate the original MMNet method, thus it serves to provide an
additional comparison. TST fall detection consists of samples capturing human falls
and actions related to daily living. This dataset is also distinguished from the remaining
datasets in that it is privacy preserving and does not provide colour video data, but
only provides depth and skeleton data. Thus, this dataset serves to evaluate the
performance of the solution in private settings. HWU-USP is another privacy
preserving dataset but rather than omitting colour data altogether, the faces of the
subjects are blurred. This dataset provides samples of actions related to daily living
captured over longer untrimmed sequences. The UTD-MHAD (UTD) [209] and
UTKinect (UTK) [200] datasets are further smaller scale RGB+D which are widely used
in the evaluation of skeleton based solutions. In addition to these datasets,
MMNet-MS is also evaluated on a privacy preserving version of NW-UCLA where the
colour data is removed and only the depth and skeleton data are used during the
experiments. This dataset is referred to as NW-UCLA (depth). The sizes of the datasets
used in the experiments is shown in Table 6.1.

Two sets of experiments are performed using MMNet and the proposed
solution. The first set uses only the RGB modality, which is referred to as MMNet
(RGB) and MMNet-MS (RGB), whilst the second set uses the full fused model, referred
to as MMNet (fused) and MMNet-MS (fused). The fused model experiments are not
performed on the TST fall detection and HWU-USP datasets since the skeleton data
provided by the former was found to be incomplete while the latter does not provide
skeleton data at all. The same architecture, training strategy and number of training
epochs, 80, is used during the experiments with the proposed solution, similar to that
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Table 6.2 Top-1 classification accuracy (%) results

Dataset
M ethOd NTU- NTU- NTU- NTU- NW- NW- TST HWU- UTD UTK
60 60 120 120 UCLA UCLA uUspP
(XSuB) (XVIEW) | (XSUB) (XSET) (depth)
MCAE [121] 65.60 82.40 52.80 54.70 83.60
HiCo [142] 81.40 88.80 72.80 74.10 - - - - - 81.36
SSC [104] 18.80 20.10 - - - - - - - 74.37
MMNet (RGB) 74.42 84.12 64.66 59.80 28.05 11.35 29.55 11.11 10.90 13.33
MMNet (fused) retrained 94.82 96.46 85.60 86.21 80.30 79.01 - - 29.23 61.67
MMNet (fused) reported results [1] 96.00 98.88 92.90 94.40 88.60
MMNet-MS (RGB) 67.67 73.05 62.08 53.54 34.34 17.06 55.69 22.22 6.73 16.67
MMNet-MS (fused) 89.97 95.83 84.39 84.89 80.35 79.27 - - 30.85 61.67

used with the original MMNet model. However, due to GPU memory constraints the
batch size of the fused model is reduced from 64 to 16 samples for both the proposed
solution and MMNet. The models are trained on a machine with an Nvidia GeForce
RTX 3060 GPU with four threads dedicated to the training process.

6.1 Classification Accuracy

The top-1 accuracy results of the experiments are presented in Table 6.2. Two sets of
results are shown for the original MMNet model, namely the original results reported
in the paper [1], which are denoted by “MMNet (fused) reported results” and the
results of retraining the MMNet models with the batch size reduced from 64 to 16
samples, which are denoted by “MMNet (fused) retrained”. The reduction in batch size
resulted in a reduction in classification accuracy of of 2-8%. To avoid a bias in the
results caused by the different batch sizes, the results of MMNet-MS are compared to
the results of retraining the original MMNet model with the reduced batch size. The
results show that MMNet-MS (RGB) achieves a comparable, but lower, classification
accuracy, on the NTU-60 dataset compared to MMNet (RGB). The largest decrease in
classification accuracy, 9.35%, is observed on NTU-60 with the XVIEW evaluation
protocol, where an accuracy of 82.4% was observed for the original MMNet (RGB)
while an accuracy of 73.05% was observed for MMNet-MS (RGB). The difference in
classification accuracy is less pronounced with the fused models where an accuracy of
96.46% was observed for MMNet (fused) while an accuracy of 95.83% was observed for
MMNet-MS (fused) on the NTU-60 (XVIEW) dataset. Thus, the classification accuracy
decreased by less than 1%. Similar results are observed on NTU-60 (XSUB) where the
accuracy observed for MMNet-MS (fused) is 4.85% lower than the accuracy observed
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Table 6.3 Top-5 classification accuracy (%) results

Dataset
M ethOd NTU- NTU- NTU- NTU- NW- NW- TST HWU- UTD UTK
60 60 120 120 UCLA UCLA USP
(XSuUB) (XVIEW) (XSUB) (XSET) (depth)
MMNet (RGB) 95.57 98.64 91.12 85.45 81.58 49.04 79.55 55.56 28.77 50.00
MMNet (fused) 96.74 99.82 98.07 97.90 96.57 90.15 - - 30.40 76.67
MMNet-MS (RGB) 90.31 91.90 80.03 82.32 82.51 69.55 93.18 66.67 25.99 53.33
MMNet-MS (fused) 91.25 99.79 97.85 97.59 96.68 96.90 - - 37.35 85.00

for the original MMNet (fused). The results for NTU-120 show less of a difference
where the decrease in classification accuracy of MMNet-MS (fused) compared to the
original MMNet (fused) is less than 2% for both evaluation protocols, XSUB and XSET.

The results for the remaining datasets show a low classification accuracy with
both the models, MMNet (RGB) and MMNet-MS (RGB), that use colour data only. This
shows that colour data alone is not sufficient for successful action recognition using
either of the models. However at the same time, the classification accuracy achieved
using motion saliency to identify the ST-ROI is consistently higher than the original
MMNet RGB classifier, across all datasets with the exception of UTD-MHAD. The
most notable difference is in the TST fall detection dataset, where an accuracy of
29.55% was observed for the original MMNet (RGB) while an accuracy of 55.69% was
observed for MMNet-MS (RGB). A possible explanation for this is that OpenPose fails
to estimate accurate skeleton joint coordinates from depth map images. Additionally
the skeleton-based ST-ROI likely does not capture enough information from the depth
map. The results for the fused models show an equivalent classification accuracy, for
MMNet and MMNet-MS, across all datasets. The lowest classification accuracy was
observed on UTD-MHAD, 20.19% for MMNet and 20.89% for MMNet-MS. The
UTD-MHAD dataset consists of 27 action classes of which 14 are performed using
only the arms. It is likely that these models are unsuitable for recognising actions
performed using a single body part.

The top-5 accuracy results, presented in Table 6.3, show that the performance
decreases by 5%-7% on the NTU-60 dataset, with both evaluation protocols, using
MMNet-MS (RGB) compared to the original MMNet (RGB). The same trend is
observed using for the fused models. However, the results for the remaining datasets
show that MMNet-MS consistently outperforms MMNet, both with the fused and
RGB only models, across all datasets except UTKinect and UTD-MHAD. The most
notable difference in performance is observed, on NW-UCLA (depth) where a top-5
classification accuracy of 49.04% is observed for MMNet (RGB) while a top-5 accuracy
of 69.55% is observed for MMNet-MS (RGB). A similar trend was observed for fused
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models where the top-5 accuracy observed for MMNet-MS (fused) is 6.75% higher
than that observed for the original MMNet (fused). The MMNet-MS models also

achieved a significantly higher top-5 accuracy, by 11%-14% on TST fall detection and

ttings. While, a

iving se

ted |

higher top-5 accuracy was observed for the original MMNet (RGB) model compared to

MMNet-MS (RGB) on the UTKinect and UTD-MHAD datasets, the top-5 accuracy
achieved by MMNet-MS on the fused model is higher than that of the original MMNet

IN assIs

datasets i

Ivacy preserving

.

HWU-USP, which are pr

lent for both

is equiva

(fused). The top-5 accuracy observed on the NW-UCLA dataset

MMNet and MMNet-MS.
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Figure 6.1 Confusion matrix for original MMNet (fused) on NTU-60 (XSUB)

The performance of MMNet-MS was also compared to three HAR methods,

namely Hierarchical Contrast (HiCo) [142], Multiple Capsule Autoencoder (MCAE)

[121] and Subspace Clustering (SSC) [104]. The accuracy observed for MMNet-MS

(fused) on NTU-60 was 7.0% higher on XSUB and 8.57% higher XVIEW compared to
the accuracy observed for HiCo. The difference in classification accuracy was more

pronounced on the NTU-120 dataset where the accuracy was 11.59% higher on XSUB
and 10.79% higher on XSET compared to HiCo. However, HiCo and SSC outperformed

both MMNet-MS (fused) and the original MMNet fused model by approximately

10-20%. The accuracy observed for MCAE on the NEW-UCLA dataset was 3% higher

than the accuracy observed for both MMNet-MS (fused) and the original MMNet
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Figure 6.2 Confusion matrix for MMNet-MS (fused) on NTU-60 (XSUB)

fused model. However, the accuracy observed for MCAE on NTU-60 (XSUB) and

ficantly lower than that observed

, Was signi

, with both evaluation protocols

NTU-120
for MMNet-MS (fused). Specifically, the accuracy observed for MMNet-MS (fused) on

NTU-120 (XSUB) is 21.59% lower than MMNet-MS (fused) while the accuracy

observed on NTU-120 (XSET) is 30.19% lower than MMNet-MS (fused). These results

indicate that HiCo, SSC and MCAE have a superior performance to MMNet-MS (fused)

i hen

IS superior w

.

on small datasets, however the performance of MMNet-MS (fused)

trained on a sufficiently large dataset. Additionally, these results indicate that the

performance of MMNet-MS (fused) is comparable, in terms of classification accuracy

to the original MMNet fused model across datasets.

To determine the class of actions for which MMNet-MS performs better or

lysed. The NTU-60

ICES are ana

tri

10N ma

| MMNet, the confus

igina

worse than the or

(XSUB) confusion matrices, presented in Figures 6.1 and 6.2, show that MMNet-MS

’

“nausea/vomiting” and “fan self” than the original model without motion saliency. The

classification accuracy for these action classes is shown in Table 6.4. The lowest

”

in

“back pa

»
b

“put on a shoe

»
b

(fused) is more accurate in classifying the actions “drop

b

‘reading”, “eat meal”, “type on a keyboard” and “play with phone/tablet”, with a higher

‘ti ng”

Wri

classification accuracy observed for MMNet-MS was on the actions “

classification accuracy, shown in Table 6.5, observed using the original MMNet (fused)
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Table 6.4 Classification accuracy (%) for NTU-60 (XSUB) actions where MMNet-MS
(fused) outperforms MMNet (fused)

Action MMNet (fused) | MMNet-MS (fused)
drop 88 89
put on a shoe 79 83
back pain 92 93
nausea/vomiting 88 91
fan self 91 93

Table 6.5 Classification accuracy (%) for NTU-60 (XSUB) actions where lowest
accuracy was observed for MMNet-MS (fused)

Action MMNet (fused) | MMNet-MS (fused)
writing 69 49
reading 62 56
eat meal 76 71
type on a keyboard 86 75
play with phone/tablet 88 79

model for these actions.
Similar results are observed in the NTU-60 (XVIEW) confusion matrices, shown
in Figures 6.3 and 6.4. However, a higher classification accuracy, shown in Table 6.6,

» o« »n o« »n o«

was also observed for the actions “throw”, “clapping”, “reading”, “take off a shoe”, “rub
two hands”, “hopping”, “play with phone/tablet”, “salute”, “pushing” and “touch pocket”
with MMNet-MS compared to MMNet. It is also observed that MMNet-MS no longer
outperforms the original model on the actions “back pain”, “nausea/vomiting” and “fan
self”. From these results it can be deduced that the original model performs better than
MMNet-MS on actions involving a small number of body parts, such as reading and
writing, particularly when the actor performing the actions is different from the actor
on which the model was trained. On the other hand MMNet-MS outperforms MMNet
on actions which involve a body particular pose such as putting on a shoe.

The NW-UCLA confusion matrices, presented in Figures 6.5 and 6.6, show that
MMNet-MS (fused) outperforms the original model without motion saliency on 5 out
of 10 action classes namely “pick up with one hand”, “walk around”, “stand up”,
“‘donning” (putting on a jacket) and “doffing” (taking off a jacket). On the other hand the
original model outperforms MMNet-MS on “pick up with two hands”, “drop trash” and
“carry”. These results show that MMNet-MS outperforms MMNet on actions involving
multiple body parts, such as walking around, standing up, putting on and taking off a

jacket. On the other hand, the original model is more capable of distinguishing
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Figure 6.3 Confusion matrix for original MMNet (fused) on NTU-60 (XVIEW)

between the same action class performed with one and two hands.
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The UTD-MHAD confusion matrix for the MMNet-MS (fused) model, presented

A low classification accuracy was also observed on the UTKinect, although it is
higher than the classification accuracy observed on the UTD-MHAD dataset. The

Figure 6.4 Confusion matrix for MMNet-MS (fused) on NTU-60 (XVIEW)
UTKinect confusion matrix for the original MMNet fused model, presented in

imi
igure
lace” and “two hand front clap” actions w

F
MMNet-MS recognised the “squat”, “forward lunge”, “stand to sit”, “sit to stand’

“two hand front clap”. From these results it can be concluded that the low classification

“arm curl”, “front boxing” is confused with “squat”, and “cross arms” is confused with
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inp
hand front clap”.

.

distinguishable in the movement of the legs. Similarly, “tennis serve” is confused with
only in the movement of a single body part are confused with each other. Examples of
such are “two hand push”, which is classified as “squat”, “front boxing”, which is

which are all classified as “arm right swipe”, and “cross arms

and 69%, respectively. However

classified as “squat’
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6 Evaluation

Table 6.6 Classification accuracy (%) for NTU-60 (XVIEW) actions where MMNet-MS
(fused) outperforms MMNet (fused)

Action MMNet (fused) | MMNet-MS (fused)
drop 97 99
throw 98 99
clapping 96 97
reading 68 80
put on a shoe 94 96
take off a shoe 89 93
hopping 99 100
play with phone/tablet 84 88
rub two hands 93 96
salute 98 99
pushing 98 99
touch pocket 95 96

Figure 6.11, shows that the model is able to recognise the “clap hands” and “wave
hands” actions with 100% accuracy, while the “carry” and “push” actions are both
classified with 83% accuracy. Additionally, it is able to recognise the “walk”, “sit down”
and “stand up” actions somewhat accurately with an accuracy of 67%. However, it is
unable to classify the “pick up” action at all, that is 0% accuracy was observed, while
the accuracy observed for the “throw” and “pull” actions is less than 50%. The
confusion matrix for MMNet-MS (fused), presented in Figure 6.11, shows a similar
trend in that the model is only able to classify the “walk”, “sit down”, “carry”, “push”,
“wave hands” and “clap hands” actions. However, a significantly higher classification
accuracy was observed for the “walk” action, 83% compared to 67% for the original
model without motion saliency, while a significantly lower accuracy was observed for
the “stand up” action, 50% compared to 67% for the original model without motion
saliency. Overall, the high classification accuracy for certain class of actions, in both
the UTKinect and UTD-MHAD datasets, while a near-zero classification accuracy for
other classes is an indication of overfitting due to the small size of the training set.

6.2 Time and Power Consumption

As mentioned in previous sections, the aim of replacing the OpenPose skeleton based
strategy for determining an ST-ROI with motion saliency is to reduce the total time
spent in training and inference as well as to reduce the power consumption of the HAR
system. The time spent in training was recorded for each experiment.
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Figure 6.5 Confusion matrix for original MMNet (fused) on NW-UCLA

The training time of each experiment, presented in Table 6.7, shows that the
training time is significantly reduced when using the ST-ROlIs identified by motion
saliency detection instead of those identified by the OpenPose skeleton data.
MMNet-MS consistently takes less time to train than the original MMNet model across
all datasets. The most notable difference in training time is observed on the NTU-60
dataset, with both training protocols. The MMNet-MS RGB model, that is trained on
ST-ROI images only, completes training, on the NTU-60 (XSUB) dataset, in 3.75 hours
while the original MMNet RGB model takes 19.51 hours, which is approximately five
times longer. Similar results are observed with the fused models where MMNet-MS
(fused) completes training, on the NTU-60 (XSUB) dataset, in 10.98 hours while the
original fused model takes 43.44 hours, which is nearly four times longer. Less of a
reduction in training time was observed on the NTU-120 dataset. However, the
reduction in training time is still significant, where MMNet-MS (fused) took 47.79 hours
to train on the NTU-120 (XSUB) dataset while the original fused model took 73.63
hours, which is 1.5 times longer.
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Figure 6.6 Confusion matrix for MMNet-MS (fused) on NW-UCLA

The total training time shows the amount of time taken to reach the optimal
model parameters. However, an accuracy close to the maximum is generally reached
early in the training process while the remainder of the epochs perform small
adjustments to the model parameters which don't affect the accuracy significantly.
Figures 6.13 and 6.14 show the relation between classification accuracy and training
time for the MMNet RGB models and fused models, respectively. The plots show that
the MMNet-MS RGB model begins converging towards its maximum classification
accuracy in less than one hour while the original MMNet RGB model begins
converging towards its maximum accuracy in approximately three hours. A similar
trend is observed for the fused models.

The average inference time per sample gives an indication of the real-time
performance of a HAR method. A lower training time may imply a lower inference time
as well however this is not a given. The average sample inference times recorded
during the experiments for each dataset are shown in Table 6.8. The results show that
motion saliency reduces the inference time of the MMNet model compared to using

90



6 Evaluation

100

pick up with one hand 2 0 0 2 0 0 4 0

pick up with two hands - 22

80

drop trash - 7 9 40 40 0 0 0 0 9 0

60

-40

doffing - 0 4 2

-20

<2
o
o
o

one hand -
pick up with two hands -
drop trash -
w;
it
d
doffing -

pick up with

Predicted

Figure 6.7 Confusion matrix for original MMNet (fused) on NW-UCLA (depth)

the ST-ROI identified by OpenPose skeleton data. MMNet-MS delivers an action
classification on average 1.5 to 5 times faster than the original model. The most
pronounced difference in the inference times of the RGB models was observed on the
NTU-60 (XSUB) dataset where MMNet-MS takes 4 milliseconds to classify a video
while the original model takes 19 milliseconds. The largest difference in the inference
times of the fused models was observed on the NTU-120 (XSUB) dataset where
MMNet-MS takes 9 milliseconds to classify a video while the original fused model
takes 45 milliseconds, which is 5 times longer.

The times taken to run OpenPose skeleton estimation and motion saliency are
shown in Table 6.9 for each dataset used in the experiments. The results show that
motion saliency detection is between 2 to 12 times faster than OpenPose skeleton
estimation. The most notable difference was observed on NTU-60 and NTU-120
where motion saliency detection took 8.74 and 17.81 hours on NTU-60 and NTU-120,
respectively, for the entire dataset while OpenPose skeleton estimation took 99.17 and
217.80 hours, respectively. The smallest difference was observed on UTKinect where
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Figure 6.8 Confusion matrix for MMNet-MS (fused) on NW-UCLA (depth)

motion saliency detection took 0.02 hours, i.e 1.2 minutes, while OpenPose skeleton
estimation took 0.04 hours, i.e. 2.4 minutes. This is due to UTKinect being the smallest
dataset consisting of videos with a low frame rate, which decrease the computational
time of both OpenPose skeleton estimation and motion saliency detection.

These results show that OpenPose skeleton estimation is a computationally
expensive step that significantly increases both the training and inference time of the
MMNet model. Motion saliency detection has been shown to be significantly faster
than OpenPose skeleton, while the impact on the classification accuracy of the model,
discussed in Section 6.1, is minimal. Thus motion saliency detection is a viable
alternative to OpenPose skeleton estimation for identifying the ST-ROI in applications
where a lower training and inference time is required.

The recorded average GPU power consumption, measured in Watts, during
training using each dataset is shown in Table 6.10. It is evident that MMNet-MS has a
higher power consumption, in all datasets, than the original model, which indicates that
it consumes more energy per second. A possible reason for this is that given the size of
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Figure 6.9 Confusion matrix for original MMNet (fused) on UTD-MHAD

the data that is being processed is reduced, less time is being spent transferring data to
and from GPU memory while more time is being spent in computation. On the other
hand the total power consumed during training, which is shown in Table 6.11, is less
for MMNet-MS than the original model across most of the datasets. This is due to the
training time being significantly decreased. The exception is the NTU-120 dataset
where the total power consumption of MMNet-MS is higher than MMNet. In this case
the decrease in training time is not sufficient to offset the increase in average power
consumption. These results show that while motion saliency detection has the
potential to reduce the total power consumption of a HAR model, this is not
guaranteed and is dependent on the reduction of the training time that is achieved.
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Figure 6.10 Confusion matrix for MMNet-MS (fused) on UTD-MHAD

Table 6.7 Time (hours) spent in training during experiments

100

80

60

-40

-20

Dataset

MethOd NTU- NTU- NTU- NTU- NW- NW- TST HWU- uUTD UTK
60 60 120 120 UCLA UCLA Usp
(XSUB) (XVIEW) | (XSUB) (XSET) (depth)
MMNet (RGB) 19.51 23.52 48.37 45.12 0.15 0.14 0.27 0.05 0.08 0.03
MMNet-MS (RGB) 3.75 8.07 19.87 20.31 0.10 0.09 0.19 0.03 0.05 0.02
MMNet (fused) 43.44 40.39 73.63 71.05 0.20 0.19 - - 0.09 0.05
MMNet-MS (fused) 10.98 10.34 47.79 49.89 0.15 0.15 - - 0.06 0.03
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Figure 6.11 Confusion matrix for original MMNet (fused) on UTKinect

Table 6.8 Average inference time (milliseconds) per sample

Dataset
MethOd NTU- NTU- NTU- NTU- NW- NW- TST HWU- UTD UTK
60 60 120 120 UCLA UCLA UsP
(XSuUB) (XVIEW) | (XSUB) (XSET) (depth)
MMNet (RGB) 19 22 21 20 6 6 17 14 7 12.5
MMNet-MS (RGB) 4 6 5 7 4 4 7 6 3 8
MMNet (fused) 45 44 45 40 8 8 - - 8 17
MMNet-MS (fused) 11 10 9 11 6 6 - - 4 11
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Figure 6.12 Confusion matrix for MMNet-MS (fused) on UTKinect

Table 6.9 Comparison of time (hours) taken by OpenPose and Motion Saliency

Detection
Dataset
MethOd NTU- NTU- NW- NW- TST HWU- uUTD UTK
60 120 UCLA UCLA USP
(depth)
OpenPose 99.17 217.80 0.83 0.83 0.98 0.48 0.35 0.04
Motion Saliency 8.74 17.81 0.10 0.12 0.13 0.06 0.05 0.02

Table 6.10 Average GPU power (W) consumption during training

Dataset
MethOd NTU- NTU- NTU- NTU- NW- NW- UTD UTK
60 60 120 120 UCLA UCLA
(XSUB) (XVIEW) (XSUB) (XSET) (depth)
MMNet (fused) 80.740 82.880 78.360 79.150 87.450 87.440 77.470 66.960
MMNet-MS (fused) 167.15 169.37 147.23 150.90 98.51 100.14 91.56 75.90
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Table 6.11 Total GPU power (kWh) consumption during training

Dataset
MethOd NTU- NTU- NTU- NTU- NwW- NW- UTD UTK
60 60 120 120 UCLA UCLA
(XSUB) (XVIEW) (XSUB) (XSET) (depth)
MMNet (fused) 3.521 3.347 5.770 5.623 0.017 0.017 0.007 0.003
MMNet-MS (fused) 1.840 1.750 7.036 7.528 0.015 0.015 0.005 0.002
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7 Conclusion

In this work research was done into the state of the art of human action recognition. It
was identified that the existing solutions that were discussed, all require enormous
datasets for training and expensive hardware. This results in a long training time which
reduces the practically of adapting a HAR method to different environments. This long
training time is the result of the large amount of data contained in video. Most of this
data consists of background clutter, which is not relevant to successful human action
classification and in some cases was actually found to negatively affect the
classification accuracy of HAR methods, such as those based on 3D-CNNs. Thus, an
opportunity was identified for significantly reducing the time spent in training and
inference by limiting the data that is processed by the classifier to only those regions
that capture the action taking place. The aim of this thesis was to develop a new HAR
method that requires less time for training and inference whilst achieving a comparable
accuracy to state of the art methods.

Through research, it was found that the first objective, namely developing a
solution for identifying the regions where the action is taking place, can be addressed
using motion saliency detection techniques, which deal with identifying salient regions
in video based on the presence of motion. Existing state of the art motion saliency
detection solutions, such as BSUV-Net 2.0 [183], were found to be far too
computationally intensive for any benefit, in terms of reduced training time, to be
realised. Furthermore, such methods require training in addition to the training of the
main HAR classifier. The difference of frames method was identified as a
computationally efficient method for identifying regions containing motion, however
this method alone is vulnerable to noise. Given that RGB+D video is becoming
increasingly accessible with commercial RGB+D cameras such as Microsoft Kinect and
Intel RealSense available, the use of depth information to limit the regions identified by
frame difference to only those regions capturing actual motion was explored. A new
motion saliency solution based on this strategy was developed. Through
experimentation, detailed in Section 4.3, it was shown that the developed motion
saliency solution is both faster and more accurate than existing solutions such as
BSUV-Net 2.0 [183] and GMM [182]. An improvement to the developed motion
saliency solution, that tracks salient regions between frames using Kalman filtering,
was also developed. Experimentation showed a small improvement in accuracy with a
negligible increase in computational time. Two papers were published. The first paper
[4] details the motion saliency detection method while the second paper [5] details the
improved method using Kalman filtering. The developed motion saliency solution,
discussed in 4.2, addresses the objective of identifying the regions that capture human
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actions in video.

The second objective, using the developed saliency solution for identifying
action regions in a HAR pipeline to reduce the size of the data that is processed by the
classifier, was addressed by exploring the application of motion saliency in various HAR
methods. The application of motion saliency detection in 3D-CNN HAR methods,
namely ResNet3D-50 since it has been identified as being the most widely used
3D-CNN model, was explored. Motion saliency was applied on the frames to limit the
3D tensor input, which consists of 2D colour images stacked along a third time
dimension, to only the region capturing the action taking place. The developed
strategy involves using the salient regions, identified in each frame, to identify a
spatiotemporal salient region throughout the entire video. For a reduction in training
time to be realised, the implementation of the motion saliency detection solution was
optimised using parallelisation across multiple CPU threads and the GPU. The
experimental results showed a significant reduction in training time however it also
showed a low classification accuracy on both the UTKinect and NTU-60 datasets. The
addition of motion saliency resulted in an increase in classification accuracy, however
the accuracy is still too low for the method to be considered for practical applications.
It was deduced that the low classification accuracy is due to the datasets consisting of
actions taking place in indoor settings, in which these methods have been identified, in
previous studies [1], to perform poorly. Thus, the application of motion saliency in
other HAR methods was explored.

The application of motion saliency in the MMNet [1] method, which is a recent
state of the art multimodal HAR method, was explored since the method has been
reported to achieve a superior performance in indoor settings which are particularly
relevant to assisted-living and surveillance applications. Motion saliency was used as
an alternative strategy for identifying an ST-ROI with the objective of eliminating the
costly OpenPose [2] skeleton estimation step. The developed strategy involves
identifying salient regions in each frame, which are then concatenated together into a
single frame image capturing the ST-ROI of the video. This was done to replace the
existing strategy which involves estimating skeleton joint coordinates with the
OpenPose tool to identify spatial regions of interest surrounding the joints, which are
then concatenated into a single ST-ROI image. An ablation study was conducted to
determine the optimal configuration, in which the salient regions are concatenated to
form a single image. The results of the study showed that the highest classification
accuracy was achieved with an ST-ROI constructed out of sixteen salient regions
concatenated horizontally in a row. Additionally, it was found that an ST-ROI with a
fixed height of 60 pixels results in the greatest reduction to training time with a
minimal impact on classification accuracy. This addresses the objectives of optimising
the HAR pipeline such that the computational time and power consumption is reduced
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7 Conclusion

and finding the optimal parameters such that the resulting classification accuracy is
comparable to existing HAR solutions.

To address the final objective, namely evaluating the performance of the
solution and comparing it to the state of the art, the performance of the new method,
referred to as MMNet-MS, which uses motion saliency to identify an ST-ROI, was
evaluated in terms of classification accuracy, training time, inference time and power
consumption while being compared to the original MMNet method as well as the HiCo
[142], MCAE [121] and SSC [104] methods. The experimental results showed that
MMNet-MS achieves a comparable classification accuracy to MMNet across all
datasets, both when using colour information only and with the fused model that uses
colour and skeleton data. Additionally, MMNet-MS was observed to significantly
outperform MMNet on the TST fall detection [3] dataset, which is a privacy preserving
dataset that only provides depth information without colour video. With regards to
training, MMNet-MS was observed to be 1.5 to 6 times faster than MMNet across all
datasets. Similarly, it was observed that MMNet-MS delivers an action classification
for a video 2 to 9 times faster than MMNet. Finally, with regards to GPU power
consumption, MMNet-MS was observed to consume less total power during training
than MMNet in all evaluation datasets except NTU-120 [127]. A paper detailing the
MMNet-MS method was published [6].

To summarise the main contributions of this work, a new motion saliency
solution was developed and its application in human action recognition, with the
objective of reducing the time and power consumption of HAR systems, was explored.
This solution was used to develop a new HAR method MMNet-MS, which is based on
the MMNet method. The results showed a significant reduction in training and
inference time while maintaining a comparable classification accuracy. Given that a
considerable increase in classification accuracy was observed on the TST fall detection
[3] dataset, which contains samples depicting human falls and actions related to daily
living in a private setting, there is a significant opportunity for future work in assisted
living applications. In particular, the proposed MMNet-MS method can be
incorporated in a larger assisted living system for detecting human falls and accidents.
The addition of action localisation in time, such that MMNet-MS only processes those
frames that capture the action is a potential avenue for future research, the results of
which could lead to a more robust HAR system. Other avenues include research into
further improving the classification accuracy of MMNet-MS particularly on smaller
datasets, where a poor performance was observed. Additionally the large amount of
energy consumed by training machine learning models is a concern, therefore further
research intro reducing power consumption is needed in order for machine learning to
be sustainable.
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Abstract—Video processing tasks require the analysis of an
enormous amount of data. However, in most practical appli-
cations this analysis is not required on the whole frame or
video but is limited to the regions where some action is taking
place. If these regions can be identified with low effort, the
total computation time required to process and analyze such
videos can be drastically reduced. In this work a new motion
saliency detection algorithm intended to be incorporated in a
human action recognition pipeline is presented. The approach
uses depth data to improve the performance of the difference
of frames method which is computationally simple and efficient.
Results show that the algorithm achieves a performance which is
comparable to the state of the art while requiring a much lower
computational time.

Keywords—motion saliency; RGBD video; human action recog-
nition

I. INTRODUCTION

Human action recognition, which is the task of classifying
human actions in video, is an emerging field with applica-
tions ranging from surveillance and security to assisted living
systems [1], [2]. A human action classifier has to process a
large set of data resulting in long training and inference times.
However, most of this data consists of background clutter that
is irrelevant to the classification task [3]. The relevant regions
are limited to those which capture the action being carried
out. If these regions can be identified with low effort, the total
computation time can be significantly reduced [3]. A possible
solution to identify these regions is to apply motion saliency
techniques.

Motion saliency detection is a class of methods for finding
salient regions in video based on the presence of motion, which
differs from traditional saliency detection methods that are
focused on finding regions within an image that capture the
attention of the human visual system [4].

This paper presents a novel motion saliency detection algo-
rithm, for RGBD video. It is designed to be computationally
simple and accurate in determining the regions of motion
in videos containing human activity. The algorithm is based
on the differences of frames method and depth segmentation
using adaptive thresholding. Experimental results show that
the solution achieved a performance that is comparable to the
state of the art in much less time, making it a good candidate
for use in a human action recognition pipeline.

The rest of the paper is organized as follows. The second
section provides a summary of related work in the area and the

979-8-3503-2512-6/23/$31.00 ©2023 IEEE

computational issue of these solutions. The third section details
our work with the fourth section providing an evaluation of
its performance. The final section concludes this paper with a
summary of our work and its achievements.

II. RELATED WORK

Background subtraction techniques, such as Gaussian Mix-
ture Model (GMM) background subtraction [5], [6], solve the
same problem as motion saliency detection [4]. However, the
state of the art background subtraction methods are based on
Convolutional Neural Networks (CNNs), such as BSUV-NET
2.0, as they achieve a superior performance to GMMs [7].
BSUV-NET 2.0, which is based on a UNET-type CNN, is
reported to have achieved good results on unseen videos [7],
that is videos which are different from those that the network
is trained on. However, this performance comes at the cost of
long training and inference times. Furthermore, this method
requires training a CNN classifier in addition to the main
human action classifier. This adds additional training data re-
quirements which renders this method unsuitable for reducing
the training set size requirements and the total computational
time required for training a human action recognition classifier.

The motion saliency detection method proposed by Xue,
et al. in [4] reports a superior accuracy compared to GMMs
and the difference of frames, and does not require training.
However, the Robust Principle Component Analysis (RPCA)
operation, which forms the basis of the method, is an expensive
operation in terms of computational speed. Furthermore, the
method requires analyzing the entire time slice, which makes
it unsuitable for a real-time human action recognition pipeline
such as an assistive living system.

Our work solves these issues by proposing a computation-
ally efficient, yet accurate, approach that can be incorporated
in a human action recognition pipeline.

III. THE MOTION SALIENCY DETECTION ALGORITHM

Our approach uses the difference of the color frame images
to identify the regions in the video that contain motion and
depth map segmentation to limit the output to only those
regions which contain relevant motion of a foreground object.
The remainder of this section details each step of the approach,
a block diagram of which is shown in Fig. 1.
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Figure 2. The impact of noise and clutter result in multiple regions, including
regions that do not contain motion.

A. Frame difference

The proposed solution is based on the difference of the color
frame images. In regions containing motion the difference
between the frames is relatively high, whereas in regions
without motion this difference is low. To detect relevant mo-
tion, especially in video with high frame rates, the difference
across multiple frames, e.g. across every five frames, is taken
such that there is a larger change in the motion regions.
This simplifies the detection of motion areas due to their
larger differences compared to the very small differences of
stationary and near-stationary objects.

The output of this step is a motion saliency map where
bright regions indicate areas containing motion. Otsu thresh-
olding [8], a technique for determining the threshold used to
separate the foreground from the background in gray-scale
images, is used to convert the saliency map to a binary mask
that identifies the regions which contain motion.

B. Using depth to limit saliency to interesting regions

The frame difference method, by itself, is heavily affected
by noise and background clutter. An example is shown in
Fig. 2 on a video from the UTKinect dataset [9]. This results
in a performance which is inferior to the state of the art [4].

The depth map in RGBD video provides the distance be-
tween the camera and the objects in the scene. This additional
information can be used to limit the detected regions to only

those which represent actual motion in relevant regions. Depth
maps are additionally invariant to illumination changes, thus
they are effective in eliminating false motion regions caused
by sudden illumination changes, such as shadows appearing
due to the sun coming out from behind the clouds.

In a human action recognition system the relevant regions
are those which contain the subjects carrying out the actions.
A subject occupies a specific range of values along the depth
axis. The regions containing the subjects can thus be found
by thresholding the depth map.

1) Determining the depth threshold: The depth threshold
is scene dependent and needs to be automatically determined.
Our work uses the depth-range based segmentation component
of the multiple object tracking algorithm proposed by Yu, et
al. [10]. The depth map is segmented by determining the range
of depth values of each object. The number of local maxima
in the histogram of depth values gives the number of objects
in the scene and the range of depth values of each object is
determined using:

V={i|bi>by,Vue{i—1,i+1}} (1

where V' denotes the set of discontinuity points and b; denotes
the number of pixels in bin ¢ of the depth histogram.

The depth values are divided into ranges, where each range
is the depth range of an object, using:

[liy hi) =

Vi—1 + Vi V; + Vi1
s ®

where [; and h; are the lower and upper bounds of the depth
range, respectively, and v; is the i*" discontinuity point.

Most of the regions identified by the frame difference
method represent regions of motion. In our approach the depth
range of the moving object is found by determining the range
which contains the median depth d,, of the pixels in these
regions. Thus, for the depth range [Ix, h):

Iy <d,, < hyg 3)

The foreground object is separated from the background
object using:
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where ¢, is the pixel at (z,y) of the resulting thresholded
image and d, , is the pixel at (x,y) of the depth map.

Only the bounding rectangles, found by the frame difference
of the color images that intersect with a depth region, after
thresholding using (4), are retained and the rest are discarded.

The output of this step is a bounding box per depth region,
which is the union box of all the salient regions that intersect
with the region. The result of depth thresholding in a single
frame of a video from the UTKinect dataset is shown in Fig. 3.

The ground plane is often segmented as part of the fore-
ground object, resulting in a large bounding rectangle covering
the entire ground rather than just the object of interest. An
example of this is shown in Fig. 4b. This is fixed by removing
the ground plane before thresholding.

2) Removing the ground plane: Khanh Hoa, et al. proposed
an approach for detecting the ground plane in depth images in
[11]. The method computes the gradients of the depth map in
the width, x, and height, y, directions of the frame. In [11], the
gradients are computed based on the focal length and camera

parameters of the video capturing system. However, our work
uses the Sobel operator [12] to compute an approximation
since these parameters are not always readily available.

The Sobel operator [12], defined by (5) and (6), is applied
directly on the depth map to compute an approximation of
the x, and y gradient. The pixels comprising the ground plane
have a gradient of 0 along the z-axis and a non-zero gradient
along the y-axis.

-1 0 1
S,=1[-2 0 2 (5)
-1 0 1
-1 -2 -1
Sy = 0 0 0 (6)
1 2 1

This step results in a large number of non-ground pixels
being classified as ground, and a large number of holes in
the ground plane due to noise. The work [11] describes a
block grouping procedure to filter out the non-ground pixels
classified as ground, and fill in the holes in the ground plane.
It was found through experimentation that a block size of 3x 3
and ground to non-ground ratio of 0.4 achieves the best results.
Our approach adds a morphological closing and opening step
to reduce the number of the holes in the ground plane.

All remaining holes in the ground plane that are smaller
than a threshold are marked as ground. A threshold value of
100 pixels was used, however a larger value will be necessary
for larger video resolutions.

The identified ground pixels are set to zero prior to the
segmentation step, as shown in Fig. 4c. The results after
ground plane removal, shown in Fig. 4d, are significantly
improved, with the ground and other connected objects no
longer being marked as salient regions.

IV. EVALUATION AND RESULTS

The solution developed in this paper was evaluated using
the UTKinect [9] dataset. This dataset was chosen since it
is widely used in the evaluation of depth-based human action
recognition approaches. The visual results on three consecutive
frames of test sequence sO1_e01 are shown in Fig. 5.

The performance of the algorithm is compared with the
widely used Gaussian Mixture Model (GMM) background
subtraction approach [5], [6], and BSUV-NET 2.0 [7], which
is a state of the art background subtraction method for video
segmentation and for detecting motion in video.

The metrics for evaluating motion saliency approaches
that are described in [13], namely the recall (Re), precision
(Pr), and F-measure, are used in the evaluation. The recall,
precision and F-measure are computed using (7), (8) and (9)
respectively, where TP is the number of true positives, FN is
the number of false negatives and FP is the number of false
positives. A true positive is considered when the intersection
of the union (IOU) between the ground truth labels and salient
regions found using this approach is greater than 0.5.



Figure 5. Visual motion saliency detection results on three frames of the
s01_e01 sequence
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TABLE 1. Performance results

Method Re Pr | F-measure
BSUV-NET 2.0 | 0.84 | 0.73 0.78
GMM 0.34 | 0.77 0.47
Our method 0.88 | 0.78 0.83

TABLE II. Execution time

Method Frames / second | Time per frame (milliseconds)
BSUV-NET 2.0 9.79 102
GMM 12.89 78
Our method 25.78 39

The results presented in Table I show that the proposed
method has both a high recall (Re) and a high precision (Pr).
This means that most of the regions found by the algorithm
are actual salient regions and most of the salient regions are
found. Our method achieves a superior performance to both
GMM and BSUV-NET 2.0 in all three metrics.

The experiments were carried out on an Intel Core i7-
11800H with 8 cores, with an Nvidia GeForce RTX 3060
graphics card and 32 GB of RAM running Ubuntu 20.04.
The average execution times of the three algorithms on videos
having a resolution of 640 x 480 are shown in Table II. Our
method achieves an average execution time of 25.78 frames
per second which is much faster than the 9.79 and 12.89
frames per second achieved by the BSUV NET 2.0 and GMM
methods, respectively.

V. CONCLUSION

In this paper a new motion saliency detection algorithm
was presented. The algorithm is based on the computationally
simple and efficient difference of frames method, with depth
data being incorporated to improve the performance.

The proposed method achieves a superior performance to
both the BSUV-NET 2.0 and GMM approaches while requir-
ing a much lower computation time. This makes the method
suitable for adoption in a human action recognition pipeline
where only a small portion of the processing time can be
allocated to motion saliency detection.
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Abstract—The computational resources required by video pro-
cessing tasks in human activity recognition (HAR) applications
can be reduced if the input data is limited to only those regions
which contain motion. This demands accurate identification
of these regions to maximize the computational savings while
maintaining similar performances of the video processing tasks.
This work explores the use of Kalman filtering in combination
with depth-based motion saliency to find the regions of human
activity within video content. The Kalman filter tracks salient
regions throughout the RGBD (Red, Green, Blue plus Depth)
video and facilitates merging of regions pertaining to the same
object. Experimental results show that a superior performance
is achieved when compared to the state of the art BSUV-Net 2.0
algorithm.

Index Terms—motion saliency, RGBD video, video analysis

I. INTRODUCTION

Most video processing tasks require that an enormous
amount of data is processed. One method to reduce compu-
tation time and hardware requirements is to process only the
data which is meaningful to the task at hand. Motion saliency
detection can be used to identify the relevant data in various
video processing tasks, such as video compression [1], pro-
viding summaries of surveillance video [2] and human action
recognition (HAR) [3], [4]. To be effective, it is essential that
the motion saliency detection algorithm is computationally
simple and efficient, such that the overall computation of the
video processing pipeline is reduced [4].

In this paper we combine Kalman filtering with an RGBD
(Red, Green, Blue plus Depth) based motion saliency detector
[5] to determine the areas of human activity within videos.
Motion saliency detection is used to identify the regions in a
video which contain significant motion, while the Kalman filter
is used to track the identified regions through time. Results,
show that the proposed solution is able to identify more of
the salient regions than motion saliency detection alone with
a minor increase in computational time.

The rest of the paper is organized as follows. The second
section gives a summary of related work with a motivation
for this work and how it differs from other solutions. The
third section gives an overview of Kalman filtering and its
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application to object tracking. The fourth section details our
work with the fifth section providing an evaluation of its
performance. The final section concludes this paper.

II. RELATED WORK

Background subtraction techniques, such as Gaussian Mix-
ture Model (GMM) background subtraction [6], [7], are exam-
ples of early methods that solve the same problem as motion
saliency detection [1]. State of the art background subtraction
methods based on Convolutional Neural Networks (CNNs)
achieve better performances than GMMs [8]. BSUV-Net 2.0
is a background subtraction approach based on a UNET-type
CNN that has achieved promising results [8]. However, this
performance comes at the cost of long inference times.

A motion saliency detection approach for RGBD video
based on the difference of frames method was proposed in
[5]. The regions containing motion in the video are found by
the difference of the color frame images. To reduce the effect
of noise and background clutter, the depth map is segmented to
determine the regions containing actual objects of interest. The
regions identified by frame difference which do not intersect
with any object of interest are discarded, thus limiting the
results to relevant regions only. The approach achieved a
superior performance to BSUV-Net 2.0 with a significantly
lower per-frame processing time. Furthermore, this approach
does not require training a classifier making it better suited for
applications where labeled training samples are not abundant,
such as in HAR applications [5].

Notwithstanding the positive results, it was found that the
motion saliency detection approach in [5] often results in mul-
tiple regions covering parts of a moving object being detected
instead of a single region covering the entire object. This work
proposes an improvement to [5] by adding Kalman filtering to
track the moving objects through time and determine which
regions belong to the same moving object.

III. KALMAN FILTERING IN OBJECT TRACKING

Kalman filtering is a method for estimating the true state
of a process based on observable measurements [9], [10].



In object tracking this is used to estimate the position and
velocity of the object of interest. A prediction of the new
state, based on a model of the process, is computed using (1)
and (2). The output of this step is an n-dimensional Gaussian
distribution with mean Xy, which is the predicted state vector,
and covariance f’k, which is interpreted as the confidence in
the prediction [9], [10]. The prediction is then corrected with
a measurement of the state z; by (3), (4) and (5). The output
of this step is an n-dimensional Gaussian distribution with
mean Xj, and covariance Py. This gives the final process state
estimate for time k.

X, = Fxp_1 (D
P, =FP, F' +Q 2
K = P,H'(HP,H” + R)"! (3)
xk = Xk + K(zp — Hxy) 4)
P, = (I- KH)P, (5)

F and H are the state transition and measurement matrices.
Q and R are the process and measurement noise covariance
matrices, and I is the identity matrix. The Kalman gain
parameter K, computed by (3), controls how much weight is
given to the measurement z; and how much weight is given
to the predicted state x; [9], [10].

The process state xj, at time k, is defined by the object’s
position (zx,yx) and velocity (&, x) [9]:
1" (6)

A constant velocity model perturbed by Gaussian noise is
assumed, where the predicted object position at time & is given
by the sum of the object’s position and velocity at time k — 1
[9]. This is defined by the state transition matrix:

Xp= [Tk Yk Tk Uk

)

S O O
o O~ O
O O R
—_— o = O

The measurement zj is obtained using an object detection
algorithm such as GMM background subtraction [9]. The
measurement matrix H maps the measurement to the state
vector. An identity matrix is used to map the measured position
and velocity directly to the state vector.

The noise model parameters Q and R control the weight
given to the prediction and measurement when computing
the final state estimate [9]. Our work achieved the best
performance using a discrete constant white noise model with
variance 100 for Q, and R = 1075 - L.

IV. THE TRACKING ALGORITHM

This section describes the proposed Kalman filter addition
in detail. A summary of the steps defining our algorithm is
shown in Algorithm 1.

Kalman filtering is used to track the regions identified
by the motion saliency detection algorithm with time. This
information is further used to group multiple regions that cover
different parts of a human body into a single region covering
the entire person. The pipeline in Fig. 1 shows the relevant
steps of the existing motion saliency detection approach [5] in
white and the proposed Kalman filtering in orange.

A Kalman filter is initialized to track each object that
appears on the scene. The regions, identified by the depth
map segmentation step, detailed in [5], provide the number of
objects and a measurement of their position. However, this
step also identifies regions belonging to stationary objects
which are not of interest. To reduce the set of regions to
those containing moving objects, only those regions which
have an intersection over union greater than 0.5 with the
regions identified by motion saliency detection are considered.
Each identified object region is assigned to a Kalman filter
using the Hungarian algorithm [11], which minimizes the total
Euclidean distance between each filter’s prediction and the
position of the assigned depth region.

Algorithm 1 Tracking Algorithm
1: R + Set of identified object regions

2: F < Set of active Kalman filters

3: for all f € F do

4: predict(f)

5: end for

6: S < assign(R,F) > Map each region to a filter
7. for all (r, f) € S do

8 update(f,r) > Update filter f using measurement r
9: end for

10: U« {r|r ¢ S} > Set of regions not assigned to a filter
11: 7, < largest region in U

12: f; < new filter(r;) > Create new filter using 7
13: F <~ FU{fi} > Add new filter to active filters set

A new filter is created with its state initialized to the position
of the largest unassigned object region, if there are any. The
tracking window of a filter is set to the size of the region with
which the filter is initialized and this size is kept constant
throughout the video for as long as the filter is active.

A. Object position measurement

The center of mass of the non-zero depth pixels within the
depth region, was found to be more robust to sudden changes
in movement or object size than other locations. Thus, this is
used as the measurement of the object’s position.

B. Filter aging

Each filter is given an age, a, equal to the number of time
steps for which it has been active. To mitigate the impact of
filters initialized due to noise, all filters with @ < 5 time steps
are removed from the active filter set if a depth region is not
assigned to them. Furthermore, only filters with a > 2 time
steps are used in the subsequent grouping step.
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Fig. 1. Pipeline of motion saliency detection algorithm (white) with the Kalman filter addition (orange)
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Fig. 2. Results showing Kalman filter covering more of the person than the
motion saliency detection algorithm alone

To avoid tracking objects which are no longer in the scene,
filters which overlap with the edge of the frame are removed.
A filter is removed from the active set if its tracking window
overlaps with the edge of the image and at least 50% of the
depth pixels are non-zero in the subregion making up half of
the window in the direction of the edge.

C. Grouping salient regions

The regions identified by motion saliency detection which
overlap with a filter’s tracking window are replaced with their
union box. This results in a region covering more of the object
instead of multiple regions covering only parts of it. This step
is only performed for filters with a > 2 time steps.

The output is a single bounding rectangle per Kalman filter,
as shown in Fig. 2. If there are no Kalman filters that satisfy
the constraints above, the output of saliency detection is used
as a fallback.

V. EVALUATION AND RESULTS

The developed solution was evaluated using the UTKinect
[12] dataset, since it is widely used in depth-based HAR
systems. The visual results on four consecutive frames of
test sequences s02_e01, s05_e01, and s07_e01 are shown in
Fig. 3, with Figures 3(a), 3(c) and 3(e) showing the results
obtained using the motion saliency detection algorithm alone,

and Figures 3(b), 3(d) and 3(f) showing the results obtained
using the proposed solution.

The performance of the proposed solution is compared
with the state of the art BSUV-Net 2.0 [8], and the motion
saliency detection approach [5] on which this work builds. The
performance is also compared with the widely used Gaussian
Mixture Model (GMM) background subtraction approach [6],
[7] due to its computational efficiency.

The algorithms are evaluated using the recall (Re) computed
using (8), precision (Pr) computed using (9), and F-measure
computed using (10) metrics described in [13]. TP is the
number of true positives, that is where the intersection over
union (IOU) between the ground truth and identified regions
is greater than 0.5, and FP and FN are the number of
false positives and false negatives, respectively. Additionally,
similar to the evaluation technique used in [14], the results
with varying IOU thresholds are plotted, to ensure that the
performance achieved, relative to the other methods, isn’t due
to the particular IOU threshold that is chosen.

TP
Re= ——— )
TP + FN
TP
Pr=— ©)
TP + FP
Pr-Re
F-measure = 2——— (10)
Pr+Re
TABLE I
PERFORMANCE RESULTS
Method Re Pr | F-measure FPS
BSUV-Net 2.0 0.84 | 0.73 0.78 9.79
GMM 0.34 | 0.77 0.47 | 12.89
Saliency alone 0.88 | 0.78 0.83 | 25.78
Saliency with Kalman Filter | 0.90 | 0.78 0.83 | 24.79

The results presented in Table I show that the proposed
solution gives the best recall rate of 0.9. This indicates that
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Fig. 3. Visual motion saliency detection results
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Fig. 4. Graph showing how recall varies with IOU threshold

more of the salient regions are identified with the addition
of the Kalman filter than with motion saliency alone. This is
further confirmed by Fig. 4, which shows that the recall of our
solution remains higher than motion saliency alone with IOU
thresholds between 0.5 and 0.8, indicating that the Kalman
filter is able to identify a larger area of the salient regions.
The precision and resulting F-measure of our solution match
the motion saliency alone, which shows that the increase in
recall does not come at the cost of increasing the number of
non-salient regions erroneously identified as salient. This is
confirmed by Fig. 5, which shows that this holds true even for
larger IOU thresholds.

These results show that the proposed solution has an ad-
vantage over the motion saliency solution alone when used
for reducing the size of the data that is processed by a HAR
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Fig. 5. Graph showing how precision varies with IOU threshold

classifier. The increase in recall suggests that the proposed
solution is capable of identifying regions containing motion
that the motion saliency solution alone is unable to identify.
These regions may be relevant to the classification task and
their successful identification could potentially result in in-
creased classification accuracy. At the same time, the precision
is maintained which shows that this advantage does not come
at the cost of increasing the portion of irrelevant data that is
included for processing by the HAR classifier.

The experiments were carried out on an Intel Core i7-
11800H with 8 cores, with an Nvidia GeForce RTX 3060
graphics card and 32 GB of RAM running Ubuntu 20.04.
The average frame rates in frames per second (FPS) of the
four algorithms on videos having a resolution of 640 x 480
are also presented in Table I. The Kalman filter has minimal



impact on the processing time and still achieves a much higher
frame rate of 24.79 FPS than the BSUV-Net 2.0 and GMM
with 9.79 FPS and 12.89 FPS, respectively.

VI. CONCLUSION

This paper presented a solution to determine areas of human
activity within RGBD video content. Kalman filtering is added
to motion saliency detection in order to track salient regions
throughout the video. This addition achieved improved results
with a minimal impact on processing time. The computational
times are still much lower than the BSUV-Net 2.0 and GMM
algorithms. This makes the proposed solution suitable for
adoption in a HAR pipeline where limited processing time
can be allocated for motion saliency detection. The regions of
interest are then fed to the HAR algorithm that will need less
computational resources than processing of the whole frames.

Potential avenues for future research involve incorporating
the Kalman filter component in other saliency detection ap-
proaches in order to determine whether a similar increase in
performance can be obtained.
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Abstract—Human action recognition (HAR) systems need to
process large volumes of data posing several challenges includ-
ing, but not limited to, accurately identifying the actions and
classifying them in near real time. Most of the state of the art
solutions rely on machine learning techniques where a substantial
amount of time is required both for the training and the inference
phases. Existing solutions try to reduce the size of the data that
is processed by the HAR classifier by constructing a spatio-
temporal region of interest (ST-ROI) based on skeleton data, such
as the model-based multimodal network (MMNet). However, the
performance of these solutions depends on the accuracy of the
skeleton data. This paper presents a novel solution to reduce
the size of the data that is processed during classification by
constructing an ST-ROI using regions identified as motion salient.
The results show that the classification accuracy of the proposed
solution is comparable to existing solutions such as MMNet but
with a training time that is drastically lower.

Index Terms—Human action recognition, motion saliency de-
tection, region of interest, RGBD video

I. INTRODUCTION

Human action recognition (HAR), which is the task of
classifying human actions in video, is an emerging field
with applications ranging from surveillance and security to
assisted living systems [1], [2]. Human action classifiers have
to process a large amount of data, most of which consists
of background clutter that is not only irrelevant to the action
classification task [3], but can also have a negative effect on
the classification accuracy [4].

The relevant regions within the video are limited to those
areas which capture the action being carried out by the
human. Multimodal HAR solutions, such as the Model-based
Multimodal Network (MMNet) [4] exploit skeleton data to
identify a spatio-temporal region that captures the subject
carrying out an action within the video. Whilst this method has
a lower computational cost than video-based models, such as
the Video-Pose Network (VPN) [5], it requires the estimation
of skeleton data using the OpenPose tool [6], which is a
computationally expensive step.

Given that the human is performing an action over a number
of frames, the areas that are relevant to action recognition
can be identified using a motion saliency detection technique
[3]1, [7], [8]. In this paper we exploit this feature and explore

979-8-3315-3997-9/24/$31.00 © 2024 IEEE

Carl James Debono
Department of Communications and Computer Engineering
University of Malta
Msida, Malta
c.debono@ieee.org

the use of motion saliency, focusing on the motion saliency
detection approach developed in [9], as a replacement for
skeleton data in the identification of an ST-ROI. We further
identify the benefits that can be obtained with regards to
reduction in time spent on training and inference as well as
the impact on classification accuracy.

The paper is organized as follows: the next section details
the problem and existing solutions with a motivation for this
work. The third section provides an overview of our work,
detailing how motion saliency detection is applied in a human
action recognition pipeline. The fourth section provides the
details of the experiments that were performed in this study
with the results achieved. The final section concludes this
paper with a summary of our work and its achievements.

II. BACKGROUND AND RELATED WORK

The large amount of RGB video data that a human action
classifier has to process poses a significant challenge to
successful human action recognition. State of the art solutions
rely on machine learning techniques where this large volume
of data negatively impacts the training time and hardware
requirements [4]. For example, a cluster of 56 GPUs is
required to train a HAR classifier on the NTU RGB+D [10],
[11] dataset [4].

An additional challenge to HAR is the large amount of
background clutter present in most video scenes [4]. In some
scenarios that contain actions that are performed in particular
settings, such as water-skiing and surfing, the features in
the background can contribute to recognition [4], [12], [13].
This results in a high classification accuracy on the UCF-101
dataset [14] using an inflated 3D convolutional neural network
(I3D) and a separable 3D convolutional neural network (S3D)
[4], [12], [13]. However, this is not always the case and the
same methods do not perform well in other settings like indoor
settings. Such an example is the NTU dataset [10], [11] that
has a consistent background which does not contribute to
action recognition [4], [15], [16].

In [4] a multi-modal framework (MMNet) for human action
recognition was presented. This framework comprises two
action classifiers which are trained on the skeleton and the
RGB color data, respectively. A third classifier then fuses



the results of the two classifiers to deliver the final action
classification.

To limit the volume of the data processed by the RGB
modality classifier, MMNet exploits the skeleton information
to identify a sequence of spatial regions of interest (ROI)
surrounding each skeleton joint. The identified regions are
used to crop the data only to the regions surrounding specific
skeleton bones. This is followed by temporal sampling to
select only the regions from specific frames. An overview of
this process is shown in Fig. 1.

A brief summary of the strategy employed by MMNet [4]
for identifying the spatial ROIs follows. Given a dataset of
N video samples, V = {V(® | i = 1,..., N}, each action
sequence can be represented as V(¥ = ( fl(i),..., }Z)) for
the time interval [1,77] [4]. The skeleton joint information is
used to identify the spatial ROI, which is represented by the
following transformation function for a given sample ¢:

RE;) =g( t(l),og))J € (my,...,mpp), Mo < Mo (1)
where 08) is the j*" joint of the skeleton at time ¢, m1 to m MY,
are the M/, indices of the skeleton joints that are considered,
which are less than the total number of skeleton joints Mo
[4]. Temporal sampling is performed by selecting L frames at
time 7 = {interval x |1 =1,..., L;interval = %} [4].

After identifying the spatial ROIs and temporal sampling,
the ROIs are concatenated in a single M/, x L image forming
the spatio-temporal region of interest (ST-ROI), on which the
classifier is trained [4]. Actions consisting of two subjects
result in an ST-ROI where each spatial ROI is the horizontal
concatenation of the spatial ROI of both subjects.

MMNet uses the OpenPose tool [6] to estimate the skeleton
information, rather than using the skeleton data that is retrieved
through depth sensors such as Microsoft Kinect and Intel
RealSense. The reason given is that the skeleton data estimated
by OpenPose is somewhat more accurate than that retrieved by
depth sensors [4]. This indicates that the performance of the
this method is highly dependent on the accuracy of the skele-
ton information which is generally not immediately available
and is obtained through a post-process of the captured data.
Furthermore, running skeleton estimation using OpenPose is a
computationally expensive step which adds to the overall time
required for training and inference.

III. USING MOTION SALIENCY TO IDENTIFY RELEVANT
REGIONS

Our work was inspired by and builds on the human ac-
tion recognition pipeline presented in [4]. We explore the
application of motion saliency detection as an alternative
strategy to the skeleton information for reducing the size of the
RGB modality data. The aim was to produce a classification
accuracy that matches [4] but in a reduced computational time
and without relying on high quality skeleton data or OpenPose
skeleton estimation. An overview of the steps of our proposed
pipeline is shown in Fig. 2, with the main steps that differ
from MMNet shown highlighted in orange.

In [9] a motion saliency detection approach which makes
use of the depth information provided by RGBD video to im-
prove the accuracy of the computationally simple and efficient
difference of frames method was developed. This approach
demonstrated a superior performance to other approaches that
were considered, such as BSUV-Net 2.0 [17], in identifying
salient regions whilst at the same time requiring much less
computational time. Hence, this motion saliency detection
method was adopted in our HAR pipeline.

The basis of the saliency detection approach in [9] is the
difference of frames, which is used to roughly determine the
regions in the video which capture motion. These alone are
highly susceptible to noise [9] and hence the depth data of
RGBD video is used to determine the regions which pertain to
a subject carrying out an action. The depth map is segmented
using an adaptive threshold determined from the depth value
histogram. The segmented depth map is then used to determine
which regions identified by the difference of frames intersect
with a subject carrying out an action. Only those regions which
intersect with a subject region are retained with the remaining
regions discarded. The output of saliency detection is the set of
salient regions per subject, where each region is the union box
of the regions identified by difference of frames that intersect
with the bounding box of the subject.

Let N be the number of salient regions identified in a single
frame of a video, and r;, where j € [1, N], be the 40 region
identified. The spatial ROI for frame ¢, denoted by S;, is the
union box of every r; identified in frame 4, which is defined
by the following:

rs, = min{z,, | j € [1,N]} 2
ys, = min{y,, | j € [1N]) )
wg, = max{w,, | j € [1, N]} “4)
hs, = max{h,, | j € [1, N]} ®)

where z,; and y,, are the = and y coordinates, respectively,
of the salient region r;, while w;.; and h/T] are the width and
height of region r;, respectively.

The equations (2) and (3) define the z and y coordinates,
respectively, of the top left corner of the spatial ROI for frame
¢ with the width and height of the spatial ROI defined by (4)
and (5), respectively.

To determine a spatio-temporal region of interest (ST-ROI),
the spatial ROIs for each frame are resized to a common size
that is the average size of the spatial ROIs for all frames. This
is defined by the following:

K
W
wp, = L=t s, (©)
K
!/ Zn:l hSn (7)

where K represents the number of frames. The spatial ROI
for each frame is resized to a size with the width defined by
(6) and the height defined by (7). Each spatial ROI is resized
such that its center is preserved.
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Fig. 2. Overview of the main steps in the proposed pipeline highlighting the differences from MMNet

To construct an ST-ROI that covers an entire video, the spa-
tial ROIs for all frames are concatenated into a single image,
which captures the ST-ROI size of the video. Such images are
then fed into the classifier for training and inference.

IV. EXPERIMENTS AND RESULTS

As stated earlier, the main goal of this work is to produce
a classifier for the RGB modality with a performance that is
comparable to the RGB classifier of MMNet [4] but requiring
a shorter time for training. To evaluate this work, the perfor-
mance of the classifier trained on an ST-ROI constructed using
motion saliency detection is compared to the performance of
the RGB modality classifier from MMNet, which is trained
on an ST-ROI constructed out of spatial ROIs identified using
OpenPose skeleton data.

A. Determining optimal motion saliency parameters

Multiple experiments were performed on the NTU-60 [10]
RGB+D dataset, which provides depth data in addition to color
video, with varying parameters of the ST-ROI to determine
the optimal parameter configuration. The parameters that are
varied are the number of spatial ROIs included in the ST-ROI,
i.e. the number of frames, the configuration in which they are
concatenated into a single image, and the size of the ROIs.
The size of the ROIs varies with each sample depending on the
number of actors and the type of action. For a fair comparison,
the height of the spatial ROIs is fixed in the experiments, with
the width scaled proportionally to preserve the aspect ratio.

The number of spatial ROIs included in the ST-ROI was
varied from 4 to 16, with the height varying from 60 to 480
pixels, which is the height of the MMNet ST-ROI images. The
spatial ROIs can either be concatenated in a square grid, an
example of which is shown in Fig. 3, or in a horizontal row,
an example of which is shown in Fig. 4. For comparison, an
example of an ST-ROI image produced by MMNet is shown
in Fig. 5.

Fig. 3. Example of motion saliency ST-ROI with 9 frames concatenated in
a 3 x 3 grid for the action “giving object” involving two actors

This work adopts the same classifier as MMNet, a ResNet
with 18 layers illustrated in Fig. 6 and trained for 80 epochs
with an initial learning rate of 0.1. The input to the classifier
both during training and validation is a single ST-ROI image
per video sample. The classifier outputs a vector of size 60,
for the 60 possible action classes in NTU-60, where each
element is the probability that the input contains an action
of a particular class.

The experiments were performed on a machine having
an Intel i7-11800H with 8 cores, an Nvidia GeForce GTX
3060 graphics card and 32 GB of RAM. The results of the
experiments presented in Table I, along with the training
time and the average inference time per sample, show a few
general trends. A higher classification accuracy is achieved
by concatenating the spatial ROIs horizontally, but the grid
configuration requires a lower training and inference time. It



Fig. 4. Example of motion saliency ST-ROI with 16 frames concatenated horizontally in a row, 1 X 16 for the action “pick up”

TABLE I
ACCURACY, TRAINING AND INFERENCE TIME FOR VARIOUS MOTION SALIENCY CONFIGURATIONS
Configuration | Height (px) | Top-1 Accuracy (%) | Top-5 Accuracy (%) Training Inference
Time (hours) | Time (milliseconds)
2x2 240 57.90 84.67 9.69 10
3x3 160 64.08 88.17 10.00 11
4x4 120 59.44 84.97 10.01 11
1x4 480 65.63 89.64 27.29 18
1x9 480 63.53 87.68 29.17 29
1x 16 480 70.39 91.56 32.05 33
1x 16 120 69.51 91.75 30.98 25
1x 16 60 67.67 90.31 3.79 4
TABLE II
ACCURACY, TRAINING AND INFERENCE TIME OF MOTION SALIENCY WITH LEAST TRAINING TIME CONFIGURATION COMPARED TO MMNET
Method Height (px) | Top-1 Accuracy (%) | Top-5 Accuracy (%) Training Inference
Time (hours) | Time (milliseconds)
Motion Saliency (1 X 16) 60 67.67 90.31 3.79 4
MMNet 480 74.41 95.57 19.51 19
TABLE III

COMPARISON OF EXECUTION TIMES FOR DIFFERENT MOTION SALIENCY
CONFIGURATIONS WITH OPENPOSE SKELETON ESTIMATION.

Configuration | Height (px) | Execution time (hours)
1x 16 480 9.07

1x 16 120 8.82
1x16 60 8.74
OpenPose 480 99.17

Fig. 5. Example of a ST-ROI produced by MMNet using OpenPose skeleton
information for the action “drinking”

can also be observed that the more spatial ROIs are included
in the ST-ROI, the higher the classification accuracy and the
longer the training time.

The highest classification accuracy, 70.39%, was achieved
using a configuration of 1 x 16 ROIs with an ST-ROI height of
480 pixels. The same configuration also required the longest

training time, 32.05 hours, as well as the longest inference
time, 33 milliseconds. The lowest training time, 3.79 hours,
was achieved with the configuration 1 x 16 and an ST-ROI
height of 60 pixels with a top-1 classification accuracy of
67.67%, which represents a loss of 2.72% accuracy. This
configuration also resulted in the lowest inference time, 4
milliseconds. An interesting observation is that the top-5 clas-
sification accuracy only decreased by 1.25%. From the results,
it can be deduced that the best motion saliency configuration,
taking into account classification accuracy, training time and
inference time, is an ST-ROI with a height of 60 pixels
consisting of 16 images concatenated in a horizontal row.

B. Comparison to other methods

Table II compares the results obtained using motion saliency
with the most optimal configuration, compared to the MMNet
RGB classifier. The MMNet RGB modality classifier achieved
a classification accuracy of 74.41% but with a training time
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Fig. 6. Diagram showing the layers of the RGB ST-ROI classifier

of 19.51 hours, which is roughly five times longer than the
proposed solution. This is also reflected in the average sample
inference time, which is nearly five times longer for the
MMNet RGB modality classifier, 19 ms, compared to the
proposed solution, which took on average 4 ms per sample.
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Fig. 7. MMNet validation set classification accuracy vs training time. Red
graph represents the accuracy while the green graph represents the top-5
accuracy

The graphs presented in Fig. 7 and Fig. 8 show the
classification accuracy achieved with training time for the
MMNet RGB classifier and our work using the 1 x 16 ST-ROI
configuration with a height of 60 pixels, respectively. These
reveal that a classification accuracy close to the maximum is
already reached at roughly 0.7 hours with the motion saliency
ST-ROI, whereas the MMNet RGB classifier requires 4 hours
to reach a classification accuracy close to the maximum.

In addition to requiring a longer time for training compared
to the motion saliency ST-ROI configuration 1 x 16 with a
height of 60 pixels, MMNet also requires a skeleton data
estimation step using the OpenPose tool. This presents a high
computational cost in comparison to motion saliency detection,
as shown in Table III. The OpenPose skeleton estimation step
took 99.17 hours to complete for the entire NTU-60 dataset.
For comparison motion saliency detection using the ST-ROI
configuration 1 x 16 with a height of 480 pixels, which resulted
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Fig. 8. Validation set classification accuracy vs training time using ST-ROI
with 1 X 16 configuration and a height of 60 pixels. Red graph represents the
accuracy while the green graph represents the top-5 accuracy

in the longest training time, took 9.07 hours to complete for
the entire NTU-60 dataset. This means that even with the
slowest motion saliency configuration, which produced the
highest classification accuracy, 70.39%, our pipeline is still
considerably faster, during training, than the MMNet RGB
modality pipeline. The total computational times required,
including the preprocessing steps and training, for various
motion saliency configurations compared to the MMNet RGB
modality pipeline are shown in Table IV.

TABLE IV
COMPARISON OF TOTAL COMPUTATIONAL TIME (INCLUDING TRAINING
AND PREPROCESSING STEPS) FOR DIFFERENT MOTION SALIENCY
CONFIGURATIONS WITH MMNET.

Configuration | Height (px) | Execution time (hours)
1x16 480 41.12
1x16 120 39.80
1x16 60 12.53

MMNet 480 118.68

These results show that the proposed solution can achieve
results which are comparable to MMNet, but within a much
shorter training time. This also means that the hardware
consumes much less energy during training.



V. CONCLUSION

In this paper we explored the use of motion saliency
detection in human action recognition. Experimental results
showed that a considerable reduction in training time can
be achieved by using motion saliency detection to limit the
data that is processed to the regions which capture the human
action.

The results showed that the minimum training time was
achieved with an ST-ROI configured as 1 x 16 with a height
of 60 pixels. This gave an accuracy which is close to that of
MMNet [4], but with a training time which is five times shorter
and without requiring the OpenPose skeleton estimation step.
This indicates that the ST-ROI constructed using information
from motion saliency detection can be used to drastically
reduce the training time and energy consumption without
significantly compromising classification accuracy.

Future areas of research involve exploring the use of this
work in a multi-model human action recognition system and
identifying ways that can improve the accuracy with minimal
impact on the training time.
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