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Abstract

Human action recognition is one of the crucial and important tasks in data science. It
aims to understand human behavior and assign a label on performed action and has
diverse applications. Domains, where this application is used, includes visual surveil-
lance, human—computer interaction and video retrieval. Hence, discriminating human
actions is a challenging problem with a lot of issues like motion performance, occlu-
sions and dynamic background, and different data representations. There are many
researches that explore various types of approaches for human action recognition. In
this work we propose advanced geometric features and adequate deep sequential neu-
ral networks (DSNN) for 2D skeleton-based HAR. The 2D skeleton data used in this
project are extracted from RGB video sequences, allowing the use of the proposed
model to enrich contextual information. The 2D skeleton joint coordinates of the
human are used to capture the spatial and temporal relationship between poses. We
employ BiLSTM and Transformer models to classify human actions as they are capa-
ble of concurrently modeling spatial relationships between geometric characteristics
of different body parts.
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Chapter 1

Introduction

1.1 Overview and motivation

Vision-related tasks have become progressively important for the scientific society.
The reason is that they can be useful for multimedia content analysis|1], human be-
havior understanding and event interpretation|2|. They become a central function of
broad spectrum applications, from intelligent surveillance to smart healthcare, which
aim to automatically understand the scenes and activities of the subjects within an
environment. One of the most challenging problems in the vision field is video-based
human action recognition (HAR) whose fundamental goal is to identify the activities
taking place in the video. For example, HAR can be used for health monitoring for
the elderly or kid who stay alone at home. The application can detect dangerous
moments such as falling down or other injuries|3|. Another important application of
a HAR system is automatic detection of crimes[4][14].

The HAR is one of the challenging problems in Deep learning. There are a variety
of issues in the human action recognition field including anthropometrical variation,
view variations, background variations, occlusion, illumination variation and insuffi-
cient data|b]. Anthropometrical variation refers to the measurement of the individual.
Person movements can be quite complex and present infinite variability depending on
the body parts, age or angles of view. Also the background in front of which human

actions are performed is an important to accurately recognise actions. Human action
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recognition systems give good results when the background is static and uniform.
Occlusion issue refers to the vanishing of human body parts by being behind another
object. The purpose of the human action recognition model is to classify a type of
performed actions effectively. Input data for training can be presented in various
formats like infrared data, structured-light-based data, time-of-flight-based data or
RGB videos that makes it a challenging topic. There are a lot of approaches for

human action recognition to deal with these kind of problems.

1.2 Problem statements

In general, human action recognition can be investigated by non-skeleton based and by
skeleton based approaches. The first one refers to the algorithms that directly learn or
recognize activities from RGB frames. The works in the first category are often based
on handcrafted or deep features|6](25][26], and detect foreground subjects by using
techniques based on image analysis which can extract key features such as keypoints,
shapes and regions[10]. However, this category is usually sensitive to the quality of
foreground detection techniques, background movement, and shadows. Meanwhile,
a skeleton based approaches learn human poses and employ skeleton data for HAR,
where 2D /3D pose data is either gained by human pose estimation algorithms|23| or
directly received from RGB-D cameras. A wide range of features like leg accelera-
tion, body velocity and elbow rotation can be calculated from the human skeleton[11],
which are concise, intuitive, and easy for differentiating various human actions and
extracting contextual information. A lot of works have been done based on this
3D skeleton data that are acquired from RGB-D cameras|7|[8][9]. However, despite
the advantages provided by a depth camera, it presents several limitations like poor
performance in outdoor environment. Now, a single RGB camera can generate 2D
skeletons, solving the limitations of previous 3D skeleton-based approaches|12]|. The
2D skeletons give opportunity to investigate new approaches for action recognition by
borrowing body processing techniques from 3D skeleton approaches. Recent works

have applied RNN and LSTM to 2D skeleton-based HAR data and obtained outstand-
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ing results|11]|[12][13] because they can automatically learn the temporal structure
and effectively derive information from the sequential data. Despite this, due to the
use of simple framewise representation as an input of RNN/LSTM (e.g., joint coor-
dinates), these approaches have not completely exploited the geometric relationship
between body joints or leveraged pose transitions across frames. This may prevent
extracting the informative representation leading to the difficulty of discriminating

pose-similarity actions (e.g., sitting down vs. standing up).

1.3 Aims and objectives

In this project, to tackle the technical issues of current skeleton-based approaches,
we explore more advanced geometric features and employ adequate deep sequential
neural networks (DSNN) for 2D skeleton-based HAR. Specifically, we first treat an
action video as a sequence of action-snippets, where each is a sub-sequence of 2D con-
secutive skeletons. Subsequently, we propose a highly discriminative representation
of action-snippet based on feature extraction schemes that exploit geometric relation-
ship and body transition (e.g., joint distance, angle, velocity). These schemes enable
the skeletal representation to be less sensitive to the inter-class action variability.
Then, we use BiILSTM, an advanced version of LSTM, for classifying activity mapped
from the sequence of the skeletal representations. As an alternative to BiLSTM, we
further employ Transformer, which is a current leading DSNN model for Natural
Language Processing (NLP)[27][28]| and has recently achieved remarkable results on
several recognition tasks in computer vision|29|[30]. Both BiLSTM and Transformer
are capable of concurrently modeling spatial relationships between geometric charac-
teristics of different body parts and capturing the temporal dependencies in terms of

inter-frame correlation.
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1.4 Key contributions

In summary, the main contributions of this project are: 1) Different geometric fea-
ture extraction schemes are studied to capture the spatial and temporal relation-
ship between poses in an action-snippet. 2) Effective DSNN models (BiLSTM and
Transformer) are introduced to thoroughly learn the deep correlations of consecutive
action-snippets in a long skeleton sequence.

The rest of the paper is structured as follows: In Chapter 2, related works are
presented. Chapter 3 describes the proposed method in detail, including 2D skeleton
extraction, feature extraction and DSNN models. In Chapter 4 comparative exper-
iments are demonstrated to evaluate the effectiveness of proposed model. Finally,

Chapter 5 concludes the paper.
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Chapter 2

Related work

The HAR methods can be categorised as Feature based approaches and Model based
approaches. The first one refers to SCAR (subspace clustering based approach),
Linear Coding (LLC), Histogram of Oriented Features/Gradients (HOF/HOG) and
Spatio-temporal interest points (STIP) techniques|[15][16][17]. The LLC is a com-
mon and effective technique which can be used for spatio-temporal features. In [10]
2D spatial temporal samples are computed to retrieve SIFT features of multi layer
patches. Then these features are encoded by the LLC algorithm. It will capture
the correlations between similar descriptors which helps to solve action recognition
problem. Scar is a clustering technique whose goal is to find that subspaces of data
points and discriminates data based on these subspaces. Paoletti and Beyan in [16]
uses SCAR method for action recognition to improve the distinguishability of action
and a timestamp clipping method. It gives an opportunity to better manage the
temporal information of the data. The HOG/HOF technique counts occasions of gra-
dient orientation in visible parts of an image. In [17] this technique is used to retrieve
contextual information from motion image sequences. By using the HOG features
recognition rate can be improved.

These methods use human insights to solve action recognition problems and are
often restricted to common machine learning tasks. In contrast model based ap-
proaches design human model and can be solved with deep learning tasks. In this

approach features are extracted from a sequence of frames and a model is built us-
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ing human pose. Human poses can be 2D data acquired by RGB cameras and 3D
skeletons acquired by RGB-D cameras. The proposed model are strongly related to
skeleton based methods. There are a lot of works done using 3D skeleton data that
provides significant advantages, for example the motion information of actions can be

more discriminative[18].

The earlier works [19] retrieve action templates from 3D data and use them as the
training samples of the actions to train several classifiers. The raw 3D coordinates can
be preprocessed by using techniques such as rotation, translation and scaling. The
normalized coordinates are used to define key poses with pose kinetic energy. After
that the atomic action templates are computed using these key poses. The extracted
features are then fed into a classification model. Gao et al [20] propose a novel
approach based on Graph Convolutional Network with 3D skeleton data. They extract
3D human skeleton data by a multitasking method which combines multi-modal data
from depth data streams and color data streams. The Graph Convolutional Network
model is applied on 3d data which divides human skeleton into five regions to extract

internal and inter-regional features.

However, researchers started studying new methods that can give similar results
using just RGB cameras as 3D data has several limitations. The 3D skeletons are
often noisy because of the complexity in localizing body parts, sensor range errors and
occlusions|21]. Also, sensors have a minimal working range which makes difficult to
implement in surveillance conditions. With this motivation there have been developed
2D pose estimators such as OpenPose, PoseNet and DeeperCut. The OpenPose is

much more accurate and meant to be run on GPU powered systems.

In [12] Angelini et al. propose a novel 2D skeleton based approach, the ActionX-
Pose. This technique retrieves low and high level features from 2D skeleton data.
Authors deal with occlusions that can result in constant or short-time missing data.
To handle occlusions they use high level features, landmark borrowing and short time
interpolation. The first strategy is provided for the problem of persistent occlusions,
also the second one improves low level features if there are persistent occlusions. The

third one deals with the problem of short time occlusion. In this work, a new dataset,
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named ISLD, is proposed by authors which was collected in a private Intelligent
Sensing Lab.

Recurrent Neural Network (RNN) is a well-known model for sequential data mod-
eling which is commonly applied to solve the timing issues of a sequence. Moreover,
the poor memory problem of RNN can be solved by using LSTM. Thus it became a
common approach to deal with the sequence problem, having advantages over CNN
models. One of the recent works [22] proposes a two branch stacked RNN-LSTM
model for action recognition problems based on 2D skeleton data. In this work skele-
ton data is segmented into two parts to extract local features. Segmentation reduces
the feature space with respect to the entire network. Extracted features are fed into
the classifier. Proposed model is composed of two branches. Each branch contains
N-stacked LSTM-RNNs that receives an informative context on the input data. This
model is applied on KTH and Weizmann datasets. Despite the advantages that RNN-
LSTM can provide they need to be further investigated to deal with model size and
computation speed issues.

A lot of works for HAR problems mostly based on 3D data rather than 2D skele-
ton data. In this work we present advanced geometric features and adequate deep
sequential neural networks (DSNN) for 2D skeleton-based HAR to tackle the technical

issues of current skeleton-based approaches.
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Chapter 3

Methodology

3.1 Architecture overview

In this section, a proposed approach for the HAR problem is described. The overall
workflow consists of four main steps as shown in Figure 3-1. The system takes video
frames as an input. The first step of the algorithm is to detect the human skeleton
from each frame of video using OpenPose software. The output of the OpenPose
algorithm is joint coordinates of human skeleton|23]. After skeleton detection, a
sliding window of size W aggregates the skeletons of the W consecutive frames to form
the action-snippet. The skeleton data in each snippet is used to extract joint-based
and distance-based features to obtain highly discriminative representation of action
snippet. Then the PCA algorithm is adopted to reduce the dimensionality of joint-
based and distance-based feature vectors because it reduces the time and storage space
required and helps remove redundant features, if any. These reduced feature vectors
are concatenated for further classification. Specifically, in the last step, features
are fed into BiLSTM and Transformer classifiers to obtain final recognition result.
These DSNN models are able to simultaneously capture the temporal dependencies
in terms of inter-frame correlation and build spatial relationships between geometric

characteristics of different body parts.

21



LSTM

»

— Action labels

Figure 3-1: The HAR framework. The detected human skeletons(1) are fed into
feature extraction algorithm(2) with sliding window of size N frames to extract joint
based and distance based features. Extracted features are fed into PCA algorithm(3)
to reduce feature vector dimension. Then features are fed into LSTM and Transformer
classifiers(4).

3.2 Preprocessing

In general, 2D human skeleton data can be extracted from RGB video frames by
using with the algorithm like OpenPose for human pose estimation. The main idea of
OpenPose is producing two heapmaps with the Convolutional Neural Network. The
first heapmap predicts joint positions, and the second one for associates the joints
into human skeletons. Subsequently, the skeleton of each subject can be represented
as 18 or 25 joint coordinates, and each joint is defined as a point with coordinate
(x,y) in the 2D space.

The 2D skeleton data extracted from video sequences are preprocessed to deal
with missing data. In some cases, some joint positions might be missed because of
occlusions or OpenPose can fail to extract full skeleton joints from the image, leading
to some nulls in the joint positions. These missed joints are replaced with its relative

position in the previous frame in relation to the neck.

3.3 Feature extraction

The feature extraction stage aims to process the raw 2D skeleton data to retrieve
more salient features within the input video sequence. These features enable the
skeletal representation to be less sensitive to the inter-class action variability. We

form up action-snippet by aggregating the skeleton data of the W consecutive frames
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and extract two kind of features including joint based and distance features. Notably,
a full set of skeletal joints in a given sequence of skeletons in W frames are expressed
as S = {s! = («f,y)]i € [1,N], ¢t € [1,W]}, where N is the number of body joints,

i-th joint s! is a point with 2D coordinate at frame t.

3.3.1 The joint-based features

e A concatenated joint positions(s;yns) of W frames. This feature is needed

for calculating subsequent features.

si=[sl, 8%, ...,8]

i394 0 9%

(3.1)

Sjoint = [817527 "'7SN]

e An average height(H) of skeleton of consecutive W frames of sliding window.
It is the length from neck to thigh. The height feature is needed to normalize
all features described below, where the dimension of average height should be

approximately equal to 1.

e The moving velocity of the body(vhoeay) feature is computed by dividing

velocity of the neck(Veenter) Il Sjoints Dy average height H:

Vhody =~ (3.2)
where Veenter 18 computed as:
Vcenter = [S%, (S% - S%)? e (Sll/v - S¥V_1)] (3.3)

and where s; is a position of neck point.

e The normalized joint positions(s) is equal to:

t
S, — Sioi
t i joints
Snorm,i H (34)
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where Sjpints is @ mean of joint positions in W frames.

e The velocities of joints(v) are computed using normalized joint positions in
W frames:
1 2 1 W w-1
V= [Snorm,i7 (Snorm,i - snorm,i)’ ) (Snorm,i - Snorm,i)] (35)
After computing joint based features, normalized joint positions, velocity of body
and velocity of joints are concatenated before the further processing to form up Fjoint

feature vector:

Fjoint = [Xv Vbody; V} (36)

2)The distance feature(d). The Euclidean distance of each pairs (i, 7) of joint

positions at frame ¢ is computed for distance feature using following equation:

dly = \J(at = )7 + (! — 9))? (3.7)

Accordingly, we can retrieve n(n — 1)/2 distances in the frame ¢ and arrange them

into the following frame-wise representation:

where K = n(n—1)/2. Then, the distance feature of the given snippet is calculated

as below:

FdiSt = [fc}isﬁ S?list’ s Sc‘?i/st] (39)

After extracting features we apply PCA algorithm for both joint based (Fjyint)
and distance features (Fys) to reduce feature vector. With PCA algorithm we can
select useful patterns based on the correlation between features. Then the reduced

two feature vectors are concatenated to form up F' feature vector:

F = [Fjoint, Faist| (3.10)
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3.4 Deep Human Activity Recognition models

The fourth step of analysing the action of person over time and predicting is done
using deep sequential neural networks. We develop two deep sequential models in-
cluding BiLSTM and Transformer to coordinate the sequential information in the
extracted features and effectively exploit the correlation of action-snippet sequence.
In other words, using these models allow us to thoroughly learn the discriminative

representation of spatiotemporal features for HAR tasks.

3.4.1 The BiLSTM model

Our first model is BiLSTM which is based on the LSTM architecture. The LSTM
network model was proposed by Hochreiter and Schmidhuber|24]. The basic LSTM
cell architecture consist of three gates, namely, forget(f;), input(i;) and output(o;)
gates to control cell states. The forget gate(f;) determines whether to retain or
forget the information of previous state(c;—1) by using sigmoid activation function.
Similarly, the input gate uses sigmoid function to determine how much information
of the input(F = (F!, F2...FT)) needs to be saved to current cell state(c;). The third
output gate controls how much information of current state is passed to the current

hidden state(h;). The mathematical representation of these gates is as follows:

fi = o(UsF" + Vihy_y + by) (3.11)

iy = o (U FT 4 Viby_y + b;) (3.12)

0, = o(U,F* 4+ V,hy_y +b,) (3.13)

et = fi*x i1 + iy tanh (o (U, FT + Vohy_y + by)) (3.14)
ht = O * tanh(ct) (315)

where ¢ is a sigmoid activation function, F'7 indicates in our case t-th action-snippet
feature vector(F') of the video, h; is a hidden state, U and V terms represent weigth

matrices and b term is a bias vector. The single LSTM cell captures information only
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in a forward direction which means only previous state context is available for the
current state. In sequential data modeling, information from the future state also
plays an important role. It could be easier for the network to understand what the
next action is by using the information from the future. Thus, in our research work
we present Bidirectional Long Short Term Memory network model for human activity
recognition problem. It is a sequence processing model that runs input in two ways,
one runs the input in a forward direction and the second takes input in backward
direction, as shown in Figure 3-2. The Bidirectional LSTM can improve the context
available to algorithm by increasing the amount of information preserved from past
and future. This model is a good fit for the problem of action recognition as video
can be represented as a sequence of action-snippets. The "many-to-one" architecture
is used in designing the model, it accepts sequence of feature vectors to convert them
to a probability vector at the output for classification. The input sequence vector
F; is given for BiLSTM model, where t is a length of action-snippets of video. The
proposed architecture consist of two LSTM cells as hidden layers. The first cell runs
from past to future hi = o; * tanh(¢;) and the second cell runs from future to past
E = o; x tanh(¢;) through time steps with M hidden layer units. This will add
deepness to the neural network. In the end the outputs of forward and backward

%
layers are concatenated z; = [hy, E]

Cell state
01-1 _.

Forget Input gate.
gdte i

i

ht-1

Output gate ht

at

Figure 3-2: The LSTM architecture.
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Figure 3-3: The BiLSTM architecture. The first layer runs the input in a forward
direction and the second layer takes the input in a backward layer. Then the outputs
of forward layer and backward layer are concatenated.
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’ . Forward layer

Input

3.4.2 Transformer model

The second model that we use in our work is Transformer model. It is a deep learning
model that uses the mechanism of self-attention. The Transformer architecture follows
an encoder-decoder structure. For this project, we propose Transformer model with
encoder block to classify human actions, as illustrated in Figure 3-4. The attention

mechanism of Transformer is represented as follows:

T

oV (3.16)

Attention = softmaz(

where Q, K and V matrices are constructed from the input features through trainable

linear transformations, as follows:

Q= FU®
K = FU¥ (3.17)
VvV =FU"

where QQ is a query matrix that is vector representation of one action-snippet in
the video sequence, K is a keys matrix that is vector representation of all action-
snippets in video sequence and V are values of all action-snippets in sequence given in

vector representation and U?, U* and U" are trainable weight matrices. The softmax
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function is applied to calculate attention scores. These scores determine how much
attention to pay on other action-snippets in a sequence. The self-attention layers of
Transformer are order-agnostic. Transformer model needs to take into account order
information since videos after feature extraction represented as an ordered sequences
of action-snippets. For this purpose we use positional encoding which simply embeds
the positions of the action-snippets through an Embedding layer that turns positive
indexes into dense vectors of fixed size. Then the positional embeddings are added to
the precomputed feature maps. After that embedding vectors are fed into the encoder
block, consisting of the two sublayers multi head attention and fully connected feed
forward network layers followed by normalization layers. Finally, the output of the

encoder passes through a softmax layer, to generate a prediction.

QOutput
Probabilities

Encoder

Positional +
Encoding ®_€|2

Inputs

Figure 3-4: The Transformer architecture. Embedding layer takes the input and
turns positive indexes of frames into dense vector. Then embedding vectors with
feature vector are fed into the encoder block that contains fully connected feed forward
network layer and multi-head attention layer followed by normalization layers. The
output of the encoder passes through a softmax layer



Chapter 4

Experimental results and discussions

4.1 Experimental setup

4.1.1 Dataset

We experiment with two 2D skeleton-based datasets, as JHMDB and MHAD datasets

to evaluate our proposed approach.

e JHMDB dataset contains 928 videos and 21 types of human actions where each
video consists of 32 frames. It is a subset of a large HMDB51 dataset collected
from Youtube videos and has 3 training and test splits. The 2D skeletons in
the dataset are interpreted from RGB videos and consist of 15 joint positions.

The data is performed on JHMDB dataset as it has small training set.

e MHAD dataset contains 6 types of actions. In total there are 1438 videos made
up 211200 frames. Pose estimations of dataset are made using the OpenPose

software. The 2D skeletons consists of 18 joint positions.

4.1.2 Experimental settings

Experiments were conducted on macOS 15.10.7 running on a MacBook Pro 2017 with
dual core Intel i5, and with graphics Intel Iris Plus Graphics 640. The feature compu-

tations and the classification were performed using the Jupyter notebook interactive
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computing platform.

4.1.3 Data Augmentation

Data augmentation was performed to increase three training splits of JHMDB dataset
for the classification requirements. A large amount of data is usually required by Deep
learning networks to generate good results. In this paper, pose-flipping, rotation and
pose-shifting techniques were used to augment training data.

The first technique, pose-flipping, flips the skeleton along the vertical axis. The
flipped skeleton looks mirrored, using right and left body symmetry as illustrated in
Figure 4-1. The pose-flipping technique doubles the original training dataset.

-08 -06 -04 -02 00 02 04 -04 -02 00 02 04 06 08

Figure 4-1: The pose-flipping.

The second augmentation method is rotation. It is used to mimic multiple views
and helps the model to recognize an action in cross-view. The skeleton is rotated by
15°, 30°, and in opposite side around the origin as shown in Figure 4-2. Let (z,y) be
a joint coordinate. The coordinates (z,,y,) of a joint position at (z,y) after rotation
can be defined as:

x, =xcosf —ysinf
(4.1)

Yr =y cosf + xsin

We augment flipped training data thus increasing original data by ten times ro-
tating them in four direction.

The third technique is pose-shifting which adds Gaussian noise to joint coordi-
nates, specifically N(0, 0?) with 0 mean and o standard deviation. In this project

we use 0 = 0.002 and ¢ = 0.004 to add some noise. Adding noise means that we
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Figure 4-2: The rotation.

shift the skeleton by adding ¢ noise to each joint position, as shown in Figure 4-3.
The pose-shifting method augments the original data with two different standard de-
viations thus increasing training dataset by two times. Overall, data augmentation
method increases training dataset by twelve times thus training sets of three splits

contains in average 7942 video samples.

03 . 034

02 024

00 * o . 001
01 o 014
02 {

Figure 4-3: The pose-shifting.

4.1.4 Training setup

Initially, we applied preprocessing techniques to each dataset as introduced before.
We chose W=5 frames after experiments as window size for feature extraction. Con-
catenated features of JHMDB and MHAD datasets form a feature vector of dimension
470 and 524 respectively and distance based feature form a vector of dimension 525
and 765 respectively. Then we adopted PCA algorithm to reduce joint-based feature
to 100 and distance-based feature to 50 dimensions as in this case we have less vari-
ance among data points in feature vector. To sum up resultant concatenated feature
vector has a dimension of 150.

For this study, we trained Transformer and Bidirectional LSTM models on two
datasets. The different number of encoder layers(1,2,5) and number of heads(1, 6, 8,

16) with Adam optimizer were used in Transformer model. The model was trained
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for total of 30 epochs. After each epoch, we evaluated the model with the test data.
For BIiLSTM model, Adam optimizer with decaying learning rate with 0.05 initial
learning rate was used. Training has been run using variety of hidden units(196, 200)

per LSTM layer and batch size for total of 350 epochs.

4.1.5 FEvaluation metrics

To evaluate our two trained models, we use average accuracy for 10 iterations and
average accuracy on three splits of JHMDB dataset. We tune different hyperparam-
eters such as number of encoder layers, number of heads, number of hidden units,
decaying rate and batch size to compare model complexity and time complexity and

to find best parameters.

4.2 HAR accuracy with different features and their

combination

4.2.1 HAR accuracy with different window sizes

It is worth mentioning that with W = 1, we obtain a frame-wise representation.
However, the static pose in one frame might be insufficient and difficult to discriminate
some actions (e.g., standing up and sitting down) having similar poses. Therefore,
the use of action-snippet (with a predefined window size W > 1) is an effective
solution to address this issue since we consider the temporal order of consecutive
poses when calculating the features. Moreover, the joint-based feature and distance
features are complementary to each other. While the joint-based feature captures the
spatial and motion information of different joints, the distance feature represents the
geometric relationship between different body joints. Hence, their combination helps
to improve the robustness of action-snippet representation. We experimented with
different sliding window sizes such as W=1,3,5,8 to form the action snippets, as shown
in Table 4.1. After experiments we chose W=5 as an optimal size for sliding window

because very short or very long action snippets can not give adequate representation.
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Table 4.1: HAR accuracy with different window sizes

Dataset Model Window size | Accuracy
JHMDB Transformer 1 60.7%
Transformer 3 64.5%
Transformer 5 66.8%
Transformer 8 64.6%
JHMDB BiLSTM 1 59.9%
BiLSTM 3 63.6%
BiLSTM 5 70.2%
BiLSTM 8 62.7%
MHAD Transformer 1 99.1%
Transformer 3 97.3%
Transformer 5 99.4%
Transformer 8 98.5%
MHAD BiLSTM 1 96.3%
BiLSTM 3 98.2%
BiLSTM 5 99.3%
BiLSTM 8 97.2%

4.2.2 HAR accuracy of Transformer model with different pa-

rameters

After finding optimal sliding window size the effectiveness of encoding structure (as
illustrated in Fig. 3-4) with different parameters was evaluated on the JHMDB and
MHAD dataset, and the classification results are listed in Table 4.2 and Table 4.3,
respectively. The Table 4.3 shows that the proposed transformer model can effectively
capture spatio-temporal data with 1 encoder layer and the number of heads of 16.
Increasing the number of encoding layers negatively effects on the HAR accuracy
because the more encoding layers, the more complex the model which can lead to
overfitting. However, increasing the number of heads improves the HAR accuracy.
This can be explained by that having several heads per layer makes the model capable
to try out several pathways at once. So, the model can learn different patterns with
each head. Moreover, data augmentation is applied on JHMDB dataset as it has
small training dataset. The data augmentation can improve the performance of the

Transformer model by around 5%. So, the Transformer has a good scalability.
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Table 4.2: Transformer model accuracy on JHMDB with different parameters

Dataset | Encoder layers | Number of heads | Accuracy Accuracy with
without data | data augmen-
augmentation | tation

JHMDB 1 1 60.1% 66.8%

1 6 61.3% 66.9%
1 8 62.4% 67.7%
1 16 64.5% 70.9%
2 1 62.5% 65%
2 6 60.3% 63%
2 8 62.5% 64%
5 1 60.2% 63.6%
5 6 55.6% 59.7%
5 8 55.7% 57.9%

Table 4.3: Transformer model accuracy on MHAD with different parameters

Dataset

Encoder layers

Number of heads

Accuracy

MHAD

1

UL Ot UL N NN — /=

—_
D

97.5%
98.2%
99.3%
99.4%
96.7%
97.4%
96.3%
96.2%
95.7%
95.6%

co O =

O O = 00O
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After finding the best combination of hyperparameters, we further experiment
with different batch sizes. The experiment results with batch sizes is listed in Table

4.4. As shown in the table, the optimal batch size is 64 which reaches to 74.7%.

Table 4.4: Transformer model accuracy on JHMDB with different batch sizes

Dataset | Batch sizes | Accuracy

JHMDB 16 70.9%
32 71.5%
64 74.7%
128 71.8%
256 70.7%
512 68.7%

4.2.3 HAR accuracy of BiLSTM model with different param-

eters

The performance of BiLSTM network (as illustrated in Fig. 3-3) with different hid-
den units, batch sizes and decay rate parameters was evaluated on the JHMDB and
MHAD dataset. Conducted experiments demonstrate that the BiLSTM better per-
forms with 196 hidden units, 2048 batch size and decay rate of 0.96. Increasing batch
size and keeping number of hidden units closer to actual number of features improves

the accuracy and ability to generalize.

4.2.4 Comparisons with state-of-the-arts

The HAR results of JHMDB dataset are listed in Table4.5 and the results of MHAD
dataset are presented in Table 4.6. Overall, Transformer and BiLSTM models with
fewer parameters can reach good results on JHMDB and MHAD dataset. We choose
the Adam optimizer fuction, with decaying learning rate for Transformer model and
BiLSTM model. Initial learning rates are 0.00035 and 0.005 for Transformer model
and BiLSTM model respectively. The confusion matrices show that Transformer and

BiLSTM models are robust enough to each action class. Despite the fact that video
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sequences of JHMDB dataset are acquired from outdoor environment, Transformer
model is able to generalize the data. Moreover, our baseline models such as kNN,
Random forest and MLP classifiers can reach comparable results on MHAD dataset,

reaching highest 97% result.

Table 4.5: Comparison results on JHMDB dataset

Method Parameters | Speed on GPU | Accuracy
DD- 1.82M 2200 FPS 77.2%
Net(filters=64)|31]

DD- 0.15M 3618 FPS 65.7%
Net(filters=16)(31]

DD-Net(with  data 1.82M 2200 FPS 74.4%
augmentation)

KNN - 3450 FPS 59.1%
Random Forest - 3745 FPS 63.5%
MLP - 3750 FPS 61.5%
Transformer (layers=1, 1.45M 3696 FPS 74.7%
heads=16)

Transformer (layers=1, 0.83M 3875 FPS 73.7%
heads=8)

Transformer (layers=1, 0.11M 3893 FPS 69.7%
heads=1)

Transformer(without 1.45M 3875 FPS 65.8%
data augmentation)

Transformer (without 49.09M 3472 FPS 63.6%
PCA reduction)

BiLSTM 0.65M 3540 FPS 70.2%

From overall conducted experiments, we can explore that when actions performed
indoor environment (e.g MHAD dataset), Transformer and BiLSTM models can achieve
superior results as 99%. When actions performed in outdoor environment(e.g JH-
MDB dataset), geometric representation and body transition characteristics of skele-
ton helps to improve performance, but not as considerably as in previous case. The
Transformer model can handle its model size by changing the number of heads(1,8,16).
The comparison results shows that when the number of heads is 16, Transformer
model achieves its best performance, 74.7%, on JHMDB and MHAD datasets, re-

sulting in larger number of parameters. Even so, the largest number of parameters
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Figure 4-4: Confusion matrix of JHMDB dataset obtained by Transformer model.
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of Transformer model is significantly less than the parameters of DD-net model|31].
The Transformer model can reach higher results comparing to the state-of-the-art
methods, by using only 0.11 million parameters. Also, even though the accuracy of
Transformer on the small dataset like JHMDB is lower than that of DD-net due to its
data-hunger property, we can achieve the better performance if we have more data.
In other words, Transformer has better scalability than DD-net. Also, according to
the results, the number of trainable parameters are in direct ration with the dimen-
sion of feature vector, which means model complexity of Transformer model can be
regularized with PCA algorithm. Moreover, using original feature vector can lead to
overfitting. The conducted experiments show that adopting PCA algorithm signifi-
cantly improves the Transformer accuracy because PCA algorithm chooses the most
important patterns based on the correlation between features by avoiding redundant
data. The BiLSTM model generates good results regarding to the speed and number
of parameters, it can reach comparable results by using only 0.65 million parameters

and classifying 3540 FPS.

Table 4.6: Comparison results on MHAD dataset

Dataset Methods Accuracy
MHAD LSTM&RNN[32] 97%
KNN 95.3%
Random Forest 96.2%
MLP 97.4%
BiLSTM 99.3%
Transformer 99.4%
Transformer(without PCA reduction) 97.4%
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Chapter 5

Conclusion and future directions

By analyzing the geometric representation and body transition properties of skeleton
within action snippets, we propose two joint-based and distance-based feature types
to capture the spatial and temporal relationship between poses and a DSNN models
for efficient 2D skeleton-based HAR. Effective Transformer and BiLLSTM architec-
tures are able to acuurately learn the deep correlations of consecutive action-snippets
in a long skeleton sequence. Hense, the DSNN models, containing a few parame-
ters, can achieve comparable results, with 74.7% on JHMDB dataset and 99% on
MHAD dataset with Transformer model. These datasets were used to test the pro-
posed method under several experimental conditions, including data augmentation
techniques.

Future work will focus more on generalization ability of the method that is to
make the system to work in complex surveillance scenarios. It should be investigated
how further skeleton properties could be used to further improve the performance
of action classification. Also, due to the simplicity of Transformer model, it can be

approached for online action recognition.
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