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ABSTRACT

Wi-Fi-based human motion sensor technology has been broadly developed from
time to time. By comparing with traditional human behaviour recognition system, the
benefits of using Wi-Fi-based motion technology are that it had large coverage of
signal with unconstraint by any obstacles in terms of dead angle and sensitivity of
light. This paper proposes an improved Wi-Fi based human activity recognition by
using a deep learning method of Long Short-Term Memory (LSTM). A total of 139
datafromfirstdatasetsand 140 from second datasets were obtained from internet have
been tested by LSTM. Before testing, denoise process and feature extraction by
discrete wavelet transform (DWT) were underwent first to extract significant feature
of dataset. The performance of the extracted features will be analysed by using Bi-
LSTM. The result showed 96.4% and 89.3% of top highest accuracy rate by using
proposed signal pre-processing method. For the first and second raw dataset, they
achieved 64.3% and 60.7% respectively since the raw datasets that had not going
through process of denoise and feature extraction. Besides, the paper also discussed
performance of consistency and time processing of LSTM classification between the

datasets. Some recommendation and limitation also provided before the end of the

paper.



ABSTRAK

Teknologi sensor gerakan manusia berasaskan Wi-Fi telah dikembangkan secara
meluas dari semasa ke semasa. Dengan membandingkan dengan sistem pengenalan
tingkah laku manusia tradisional, manfaat menggunakan teknologi gerakan
berasaskan Wi-Fi adalah ia mempunyai liputan isyarat yang besar dan tidak dapat
dibendung oleh halangan dari sudut mati dan kepekaan cahaya. Makalah ini
mencadangkan peningkatan pengiktirafan aktiviti manusia berasaskan Wi-Fi dengan
menggunakan kaedah pembelajaran mendalam Memori Jangka Pendek Panjang
(LSTM). Sebanyak 139 data dari set data pertama dan 140 dari set data kedua yang
diperoleh dari internet telah diuji oleh LSTM. Sebelum menguiji, proses denoise dan
pengekstrakan fitur dengan transformasi wavelet diskrit (DWT) dilakukan terlebih
dahulu untuk mengekstrak ciri set data yang ketara. Prestasi ciri yang diekstrak akan
dianalisis dengan menggunakan Bi-LSTM. Hasilnya menunjukkan 96.4% dan 89. 3%
daripada kadar ketepatan tertinggi dengan menggunakan kaedah pra-pemprosesan
isyaratyang dicadangkan. Untuksetdata mentah pertamadan kedua, mereka masing-
masing mencapai 64.3% dan 60.7% kerana set data mentah yang belum melalui

proses pengekstrakan denoise danfitur. Selain itu, makalah ini juga membincangkan



prestasi konsistensi dan pemprosesan masa klasifikasi LSTM antara set data.

Beberapa cadangan dan batasan juga diberikan sebelum akhir makalah.
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CHAPTER 1

INTRODUCTION

1.1 Overview

This thesis proposes the design and development of an improved Wi-Fi human
activity recognition system by using LSTM. This chapter will discuss the background
of project, problem statement, objectives, research problem, scope of project, project

significantand chapter reviews.

1.2 Background of Project

Human activity recognition plays a crucial role in interpersonal relationship and
including human-to-human interaction. This is because human activity recognition
system not just provides unique features with information of a person but also
containing their personality and psychological state of the person [1]. This technology

is widely used in various industry thatrelevantto the field of military security, medical



diagnostics, homecare surveillance, public security system, tracking activities for
older people and others. Therefore, human activity recognition inspires and offers
opportunities for manyresearchers to inventmany applications that associate with this
topic.

In general, HAR process involves several steps and procedures which is start from
collectingraw data by using sensor or otherappliances until the final conclusion about
the desired activity. Those processes are pre-processing data, segmentation of data,
feature extraction, dimensionally reduction of dataand classification by usingthe core
machine learning and reasoning [2]. Human activities actually can be classified into
several decomposition which including of gestures, atomic actions, behaviors, events,
group actions, and also human-to-human or human-to-object interactions. These
decompositions will escalate the complexity level when it undergoes analyzation and
optimization of the human activity recognition. Figure 1.0 illustrates the

decomposition of human activities based on the complexity [3].

Atomic
actions

objects;
Human to

human
interaction

Figure 1.1: Decomposition of human activities [3].



Due to the emerging of Wi-Fi system in this new era, all the HAR applications can
be linked with the element and characteristic of Wi-Fi network when the researchers
are triggering their inventions. HAR with Wi-Fi network signal is originated from the
idea of radio signal propagation in which radio signal can travelling freely with reflect
by the obstacles or walls. When the antenna of the receiver isreceivingthe signal from
two or more paths of sources, this will constitute multipath phenomenon. Thus, HAR
can be associated with Wi-Fi signal since Wi-Fi signal also applies the multipath
phenomenon [4].

Currently, Wi-Fi-based human motion sensor technology has broad developed
from time to time. By compared with traditional human behavior recognition system,
the benefits of using Wi-Fi-based motion technology are that it has large coverage of
signal with unconstraint by any obstacles in term of dead angle and sensitivity of light
[5]. Besides, Wi-Fi-based sensing applications are supported by Channel State
Information (CSI) measurement since Wi-Fi network is Multiple-Input Multiple-
Output (MIMO) system that provided CSI for each transmit and receive antenna [6].
The traditional motion recognition is mainly dependingon the received signal strength
(RSS), but RSS method is poorat motion recognition and low stability. Therefore, CSI
is then replaced RSS method to improve the accuracy by its ability of describing the

amplitude attenuation and phase shift of a wireless signal.

1.3 Problem Statement

Nowadays, security of humanidentificationsystem isdifficultto secure due to high
advanced of technology such as hacking. Even though there is the existing of the
biometric identification system, but some of the biometrics such as fingerprint, foot

pressure, face, iris and voice can also be easily obtained by hacker or somebody else.



Besides, recognition system by usingcamerawill also constrain by environmentwhich
is light dependency. Therefore, someemerged human activity recognition applications
such as accelerometer that required wearable sensor is widely used to perform activity
recognition to obtain better performance. However, this technology causes
inconvenience to users because it requires them to carry the sensor to undergo
recognition. Moreover, the process will be more complex and become much slower to
analyze due to a large data signal will contain a lot of unnecessary information such

as noise and interference.

Thus, a new type of human activity recognition that utilizing Wi-Fi signal to avoid
breaching of user’s privacy while still able to reduce the time of processing is highly
demanded. This will also allow all the human behavior based on Wi-Fi signal be

analyzed easily without the need of additional sensors.

1.4 Objectives and Aims of Project
1. To analyze and visualize the significant features in Wi-Fi based human activity

recognition from established dataset using spectrogram.

2. To extract significant features of human activity from data signals by using

discrete wavelet transform (DWT).

3. To analyze the performance of extracted features from discrete wavelet

transform (DWT) by using Bi-LSTM.

15 Research Question
While conducting this project, there are several research questions have been
derived. Those questions are mainly related with the efficiency of the coding in order

to analyze and classify the desired subjects of the project. Since these questions have



not been able to find any research about it, this project is conducted to hope that the
coding or algorithms can be improved during implementation of the entire project

The following research questions have been suggested so as to fetch up the research

gap-

1. What are the features needed to be considered in order to improve efficiency of

the algorithms?

2. How to improve the algorithms to obtain the output?

3. Is that the improved algorithm can be worked for all types of Wi-Fi signal?

4. How the improved algorithm affected the final outcome of this project?

By solving the research questions above, the final outcome of the algorithms can
increase the availability especially in the field of analyzation and classification of any
signal that relevant to Wi-Fi network. Furthermore, if the algorithms workable for all
Wi-Fi signals data, there will be less troublesome in deploying the sensor in certain
area. Thisis because the human activity recognition systemnowadaysthat related with
biometrics such as facial and iris recognition are required users to close contact with
sensor and they have less guarantee in securing users’ privacy. Therefore, the
improvement of the algorithms of this project must be considered so that this system

can be broadly use in this new era of generation.

1.6 Scope of Project
This project will focus on the performance of an improved Wi-Fi human activity
recognition system by using LSTM algorithm. No data collection and prototyping in

this work. The performance will be testified by analyzed the different established



dataset from the internet. The activities of first dataset [30] are walking, lying on bed,
falling, pickingup, running, sitting down and standingup. These datasets will undergo
various signal processing and also deep learning to obtain recognition rate. Later on,
the designed algorithms will be tested by using another established dataset from
internet. The second dataset [32] is similar in term of activity samples but different in
user or subject. The dataset will be classified using deep learning of LSTM model that

developed in MATLAB.

1.7 Project Significant

By implementation of this project, the outcome will be the improvement of the
accuracy of the recognition percentage and also reduce time processing of
classification of LSTM. This mean that user can obtain higher accuracy of recognition
level with shorter time taken when performing human activity recognition by using

Wi-Fi signal data.

1.8 Thesis Outline

Chapter 2 will discuss the literature review on the general knowledge for analyzing
and classification of the signal data. Besides, it also covers some related work and
their differences. Chapter 3 is methodology of this project. It discussed about the
overall flow of project, software design and development and some project
management. For chapter 4, the results and discussion will be discussed in proper
manner after implementation of simulation of project. All the results are explained and
analyzed based on the results that displayed in term of graph and confusion matrix.
Lastly, Chapter 5 is conclusion and recommendation. This chapter is summarized all
the results and discussion regarding the objectives of the project. Besides, some

recommendation also provided for further enhancement of the project.



CHAPTER 2

BACKGROUND STUDY

2.1 Introduction

In this chapter, it discusses about the general framework of human activity
recognition (HAR). Later, some research about application of human activity
recognition based on biometric will be discussed. It then followed by the review of
Wi-Fi properties and related work that have been proposed before conducting this
project. In order to distinguish between the previous works, the research gaps also

been providedto clarify their methods used and accuracy rate.

2.2 General Framework of Human Activity Recognition (HAR)
Human activity recognition has been an active field of research of computer vision
as well as human-to-human and human-to-computer interactions. Since human

activity recognition has the ability to determine human activity and gait action by



interpret the human motion and gesture, this technology is then widely used in various
application. Therefore, its framework become the highest priority to focus in order to
optimize the human activity recognition system. Figure 2.1 visualizes the general
structure of human activity recognition system [7]. Generally, the information of
human gesture or motion will be captured by a sensor. Then the captured information
data will be interpreted, analyzed and classified by using algorithms or machine

learning tools so that it can determine the type of activity has been performed.

Human Gesture Sensor

@
Gesture -
b

l Dats
o

Human
<
Activity

Machine / Algorithm / Interpreter

Figure 2.1: General structure of HAR system [7].

Due to the advancement of technology nowadays, human activity recognition
system has been widening its field into different approaches. These approaches can be

categorized into vision-based and sensor-based as shown in Figure 2.2 [8].

-

Human Activity
Recognition

\

I |

s ~

Vison Based Sensor Based l
e ) {
N I's

- s N

Wearable Object Tagged Dense Sensing

Figure 2.2: Classification of HAR approaches [8].



2.2.1 Vision-based Human Recognition System

Vision-based human recognition system actually means that it used camera as the
sensor to capture the human motion or gesture. Even though this approach can obtain
good result and easy to use, but this approach still has weakness in privacy issues.
Besides, this method isalso a light dependency which meanthe camera cannot capture
the clearer image when there is absence of light as its sources [9]. For further

understanding about vision based HAR, Figure 2.3 below will be briefly discussed.

‘ Motion Segmentation

l Human Detection
Low-level Vision

‘ Object Classification

]

Human Tracking Human Tracking
i Intermediate-level Vision

}
‘ Action Recognition
l Behavior Understanding
High-level Vision
Semantic Description

Figure 2.3: Level of HAR of vision-based [9].

Since every HAR systems start with human detection, task for human detection
such as motion segmentation and object classification play a crucial role in vision
based HAR systems [10]. Motion segmentation is the task of identifying the moving
objects in the video and separating them from the background motion. Motion
segmentation actually divided into few parts in which called, background subtraction
[11], statistical methods, temporal differencing[12] and also optical flow. Meanwhile,

object classification refers to the task of distinguished moving target from others
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moving object in an image sequence. Object classification will also be categorized by

shape-based classification [13] and motion-based classification [14].

The aim of human tracking systemis to using computer vision system to locate and
follow people in the video imagery. This system contains strong parallaxes in which
it is rich in information about the 3D nature of the scene as well as moving ground
objects [15]. In human tracking system, it also distributed into different approaches
such as region-based tracking, contour-based tracking, feature-based tracking, model-

based tracking, hybrid tracking, and optical flow-based tracking.

The higher-level vision hierarchy of HAR system will the behavior understanding.
Behavior understanding is involving the recognition and analysis of motion pattem in
order to produce high-level of description action among the interaction between
human and object [16]. The abnormal behavior can be detected in video based on
certain classes and action that have been saved in the system. However, abnormal

behavior is difficult to analyze the activity clearly.

2.2.2 Sensor-based Human Activity Recognition (HAR)

Recent years ago, most of the research in HAR system are diverted into sensor-
based approach. This is due to the factors of low cost and advancement in sensor
technology. Sensor-based HAR are categorized into three major aspects of
deployment which are wearable, object-tagged, and dense sensing as shown in Figure
2.2 [8] above. A sensor-based HAR also similar to vision-based HAR system in term
of general structure which it is just using a sensor to measure or capture the data from
the users instead of camera that are light dependency. The general structure for a

sensor-based human activity recognition system is visualized in Figure 2.4.
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Wearable sensors Integration devices Communication Storage and Inference

i
1 1
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D Internef :
- o
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Accelerometer, Cellphone, PDA, or laptop. UDP/IP or TCP/IP Local (on the integration
GPS. heart via Wi-Fior the cellular device) or remote (on the

monitor, ECG, light network. server).
sensor, thermometer, etc.

Figure 2.4: General structure of sensor based HAR system [17].

Inwearable method, itisrequired a userto carry the sensor duringthe entire process
of the recognition. Even though this method can surpass the camera methods in term
of cost and environment issue, but this wearable sensor will still have its own
weakness which is convenience when using this sensor. Some users will forget and
refuse to wear the sensor when underwent any recognition system. In order to
overcome thisweakness, object-tagged approach can be corrected method of wearable

sensor HAR.

For an object-tagged approach, the sensor will attach with the object that the users
will be often use in daily such as watch, smartphone, earphones and other relevant
items. Object-tagged method can be very useful to discriminate between activities
such as cooking, chopping, pouring and others. For more advanced method of object-
tagged approach, there is a radio frequency identification (RFID) tag has been used to
optimize this technique [17]. However, this method is still bounded the users to use
the tagged object which is still not feasible for all the users to implement the process

of recognition.

A dense sensing approach also called as device-free approach can resolve all the

problem that stated above becauseitdoes not require any tagged-objectorto carry any
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device for them [18]. Therefore, the device-free method will become more practical
due to unnecessary of users to wear and carry any devices or sensor when undergo
certain activity of recognition. Since nothing is perfect, this approach also has its own
challenge which is the interference from the surrounding environment. The data that
collected from user will be vary depend on the surrounding condition and

environment.

2.3 Human Activity Recognition using Wi-Fi signal.

Human gait is one of the unique features for human identification of a person. It
can determine by a person’s physical behavioral and character that similar to aspect of
weight, height, and their walking habits. Since wireless network is emerging and
widely deployed with high demand of wireless data, the availability of wireless signal
is bringing new opportunities to human gait recognition. Wireless sensing can reuse
the wireless communication infrastructure in which itis easier to use and only required
low cost when compared to sensor-based and vision-based human activity recognition
system. Besides, this technology also eliminated the constraint of Line of Sight (LoS)
and light dependency of vision based HAR system. In term of privacy issues, wireless
technology will be more secured than other method of human activity sensing [19].
One of the wireless technologies that contributed the growth of humangaitrecognition
will be the Wi-Fi network. Figure 2.5 illustrated how the Wi-Fi network work in

human gait recognition system.

l [

W\FI Receiver m WiFi transmitter lWlFl router)

Figure 2.5: How Wi-Fi work in human gait system [19].
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2.3.1 Received Signal Strength Indicator (RSSI) in Human Activity
Recognition System

The Received Signal Strength Indicator (RSSI) main characterized the attenuation

of signal duringtransmission of dataand itis widely used in indoor navigation system.

Intypicalindoorenvironment, the transmitted signal will be propagated to the receiver

of the system via multiple paths. Each path will have its own attenuation and delayed

of the signal in certain value. Therefore, a formula of signal voltage is manipulated to

measure the signal of the receiver at specific time [20]:

Vv =3N [V e (2.1)

where Vi is the amplitude of the ith multipath component and 0i is the phase of the
ith multipath component. In orderto obtain RSSI in term of received power form (dB),

simply apply the formula below:

RSSI = 10 log, |V|? (2.2)

In term of power, RSSI is mapped into the distance fromthe transmitter by the Log-

normal Distance Path Loss (LDPL) model. Thisvalue can be calculated by using[21]:

PL(d)[dB] = PL(dp) + 10n 1og(di) + X, (2.3)

where PL(d) denotes the measured path loss at distance d. PL(dO0) is the average
path loss at reference point dO and n is the path loss exponent. Xo is a zero-mean

normal random variable reflecting the attenuation in decibel caused by shadowing.

LDPL model visualize the variation of received signal power over distance due to
path loss and shadowing. Path loss stems from the attenuation of transmission power

in the propagation channel, while shadowing caused from the obstacles that attenuate
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signal power through absorption, reflection, scattering, and diffraction as shown in

Figure 2.6.

I

Signals from Transmitter1

N

signals from Transmitter2

Slgnals from Transmitter 1
RSSI 1
RSSI 2

|:> Slgnals from Transmitter 2
bstacle

Infs}

Figure 2.6: LDPL model in term of path loss [21].
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Due to large path loss caused by the RSSI in LDPL model, this method has limited
and constraintits accuracy [22]. Even though the possibility of RSSI to improve its
accuracy to 72%, this accuracy level still much lower when compared to CARM due

to the lack of frequency diverse from CSlI.

2.4 Related Work

In this session, several previous works that related with human activity recognition
in Wi-Fi network will be discussed. Later on, those related works are compared with
each other to determine their pros and cons in order to optimize this project in the

future. The topics of the previous works will be WiwWho and WiFiU.

2.41 WiWho

WIiWho has been proposed by Zeng et al [23] with a framework that can identified
a small group of people with a device-free environment. It showed by the using the
Channel State Information (CSI) in Wi-Fi to identify a person’s walking gait. The
overall structure of WiWho can be referred to Figure 2.7. There are two stationary

endpoints in the room in where the WiwWho will be deployed at. These endpoints can
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perform transmission and receiving process between each other when it is switched
on. One of the endpoints will be Wi-Fi AP and the other will be equipped device such

as laptop.

CSl-based Gait analysis

———— Step analysis
[

Preprocessing Step cycle | | Step feature Person -
_ | Distant multipath Person Yes| | |construction] | extraction || |——|Gait pattern profile idenifcation |y Pem?:ul\iﬁg:w
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Figure 2.7: General architecture of WiwWho [23].

When the WiWho detected there is someone walking, the CSI samples will the
input to the gait analysis method. This gait analysis consists of two parts: step analysis
and walk analysis. In the step analysis, the step cycle is constructed from the CSI data
and for each of the detected step, and various features of its shape are derived. For
walk analysis, it analyzes the overall walking behavior of the person for the entire
walk segment (multiple steps). This provides informationon various body movements

that can be different from person to person.

WiWho using experiments at multiple locations with a total of 20 volunteers and
show that it can identify a person with average accuracy of 92% to 80% from a group
of 2 to 6 people respectively. It also showed that in most cases walking as few as 2-3
meters is sufficient to recognize a person’s gait and identify the person. However,
WiWho still has its own limitation such as feasibility, number of people, diverse set

of people and also environment.
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242 WiFiU

WifiU is proposed by Wang et al. [24] which uses commercial WiFi devices to
capture fine-grained gait patterns to recognize humans. The objective isthatdue to the
differences in gaits of different people, the WiFi signal reflected by a walking human
generates unique variations in the Channel State Information (CSI) on the WiFi
receiver. The Figures 2.8 and 2.9 showed the application scenario and also data

collection environment of WiFiU.

A
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\N"\i\i\?’ . WiFi router

Signal analysis

Figure 2.8: Application scenario [24].
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Figure 2.9: Data collection environment [24].

Later on, verification of human movement using CSI will require some signal

processing techniques which is generated spectrograms from CSI measurements so
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that the resulting spectrograms are similar to those generated by specifically designed
Doppler radars. To extract features from spectrograms that best characterize the
walking pattern, the autocorrelation is performed on the torso reflection to remove
imperfection in spectrograms. WifiU is evaluated on a dataset with 2,800 gait
instances collected from 50 human subjects walking in a room with an area of 50
square meters. Experimental results show that WifiU achieves top-1, top-2, and top-3

recognition accuracies of 79.28%, 89.52%, and 93.05%, respectively.

Despite of that, WifiU also has two limitation and constraints during current
implementation. Firstly, the users must walk on a predefined path in a predefined
walking direction. The classification models trained for a given walking path and
direction cannot be used for testing samples obtained on different walking paths and
directions. This is because Doppler spectrograms are sensitive to the walking
directions. Therefore, the current implementation of WifiU is only suitable for
confined spaces, such as a corridor or a narrow entrance. Secondly, WifiU cannot
allow multiple users to walk at the same time. Although static users have no impact to
the performance of WifiU, but itis difficult to separate the gait signals from multiple

moving users.

2.43 WIiFi-ID

Zhang et al. [25] had proposed WiFi-ID which is a potential device-free WiFi
sensing for human recognition system. A transmitter node continuously sent packets
to a receiver node which passively records CSI data from the received packets. The
CSI data captured the aggregate impact of multi-path, shadowing and interference on
the WiFi signals in a given environment. Considering Figure 2.10 as the general

operation of scenario for WiFi-ID. When a person passed through it, their gait impacts
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the environment in a unique manner, which changes the effect of these phenomena on
the WiFi signal. It is expected thatthese are in turn manifested as unique perturbations

in the CSI data.

;‘—;Effcctive Region;_v:
i <Lentral Area—gy:

Figure 2.10: General operation for WiFi-1D [25].

Since the CSI data is rich enough to capture unique signatures of a person’s gait,
the perturbations caused by the motion of human limbs while walking is typically
concentrated in certain specific RF bands. Using empirical measurement, it
demonstrated that the effects of human gait are most pronounced in the 20-80 Hz
frequency bands for 5GHz WiFi. In order to find the unique patterns of each person,
WiFi-ID computed multiple features from the CSI data. These features maintained
both time and frequency domain information of the CSI time series in order to capture
the effects of the gait on an individual. However, given the dimension of the CSI data,
the resulting feature set is very large. Therefore, ReliefF will be applied to efficient
feature selection algorithmto rank the various features. A silence removal method also
designed which analyzedthe shorttime energy of the CSI time series data to determine

the start and end points of the effective region. Figure 2.11 illustrates the overview of
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WIiFi-ID system which consists of its steps required to complete the recognition

system.

Feature Human

Silence Signal . o
CSI Source Data H Removal r_) Separation | Extracthnand H Identmlc?tlon L Accuracy
Selection Classifier

Figure 2.11: Overview of the WiFi-1D system [25].

WiFi-ID analyzed the perturbations observed in the CSI data to identify unique
featuresthatallow identificationof individuals. WiFi-I1D achieved 93% to 77% human
identification accuracy for 2 to 6 individuals in a group, respectively. For further
information, several limitations are listed out for future challenge in WiFi-ID. Firstly,
the scenario must be considered where in the participants directly cut acrossthe Line
of Sight (LoS) path between the transmitter and receiver. Secondly, WiFi-ID is just
considered a simple setting of identifying a person from a maximum group size of 6
people. Therefore, it will lead to false identification if a large size of group is used on

WiFi-ID.

244 EI

A deep learning-based device free activity recognition system named EIl is
proposed by Jiangetal [26]. Its framework can remove the environment and subject
specific information contained in the activity data. It also extracted environment or
subject-independent features that shared by the data collected on different subjects
under differentenvironments. The core of Elisan adversarial network, which consists
of three main components: feature extractor, activity recognizer, and domain

discriminator. The featureextractor,whichisa Convolutional Neural Network (CNN),
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cooperates with the activity recognizer to carry out the major task of recognizing

human activities. Figure 2.12 illustrated the framework of EI.
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Figure 2.12: Framework of EI [26].

El employ CNNs to extract activity features, which are widely used in the human
activity recognition task. In the proposed approach, a three-layer stacked CNNs are
used to extract features. In each layer of CNNs, 2D kernels are used as the filters,
followed by a batch norm layer to normalize the mean and variance of the data at each
layer. At last, a rectified linear unit (ReLU) is added to introduce nonlinearity and a
max-pooling layer to reduce the size of representation. Next, a deep learning model,
which incorporates an adversarial network, to predict the label of unlabeled activities.
The proposed deep learningmodel can notonly make use of labeled data, butalso take
advantage of the information contained in the unlabeled data that can help improve
the predictive performance. Lastly, an accuracy of 75% had been achieved in this
system in recognizing activities such as wiping the whiteboard, walking, moving a

suitcase, rotating the chair, sitting, standing up and sitting down.



21

245 E-eyes

Wang et al. [27] proposed E-eyes which is a device-free location-oriented activity
identification at home using existing Wi-Fi access points and Wi-Fi devices. The low-
cost system takes advantage of the ever more complex web of Wi-Fi links between
such devices and the increasingly fine-grained channel state information that can be
extracted fromsuch links. Itexamined channel featuresand can uniquely identify both
in-place activities and walking movements across a home by comparing them against
signal profiles. Signal profiles construction can be semi-supervised and the profiles
can be adaptively updated to accommodate the movement of the mobile devices and

day-to-day signal calibration.
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Figure 2.13: System flow of E-eyes [27].

The core of E-eyes are the activity identification, the profile construction and its
updating feature. Activity identification encompasses two different activity matching
approaches to address the generality challenge. The system distinguishes between
walking activities and in-place activities. In general, a walking activity causes
significantpattern changes of the CSl amplitude over time. Next, the system identified

activities by calculating the similarity between such a CSI segment and the pre-
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constructed activity profiles. Based on the characteristics of walking and in-place
activities, two separate similarity metrics and classifiers are designed. For walking
activities, Multiple-Dimensional Dynamic Time Warping (MD-DTW) technique is
used, which can align a trace with larger CSI changes to the profile while correcting
fordifferencesin speed. While forin-placed activity, the Earth Move Distance (EMD)
is used to qualify the similarity of two CSI histogram distributions. The experimental
evaluation in two apartments of different size demonstrates that the approach can
achieve over 96% average true positive rate and less than 1% average false positive
rate to distinguish a set of in-place and walking activities with only a single Wi-Fi

access point.

246 CARM

Wei et al. [28] proposed CARM, a CSI based human activity recognition and
monitoringsystem. CARM has two theoretical underpinnings, a CSl-speed model and
CSl-activity model. CSI-speed model quantified the correlation between CSI value
dynamics and human movement speeds while CSl-activity model is used which
quantified the correlation between the movementspeeds of differenthumanbody parts
and a specific human activity. By these two models, a system is quantitatively built
the correlation between CSI value dynamics and a specific human activity. CARM
used this correlation as the profiling mechanism and recognizes a given activity by
matching it to the best-fit profile. The CARM basically using commercial Wi-Fi

devices and evaluated it in several different environments as shown in Figure 2.14.
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Figure 2.14: CARM system [28].

This system used Hidden Markov Model (HMM) to build in CSI activity models
that consist of multiple movement states. The HMM captured information from all
training samples and thus worked very well even when there is high within-class
variance. Provided that enough representative training samples of an activity are
available, an HMM can be constructed that implicitly models all of the many sources
of variability inherent in the activity. The results showed that CARM achieves an

average accuracy of greater than 96%.

2.4.7 SurveyonBehavior Recognition Using Wi-Fi Channel State Information.

A survey of recent advances in passive human behavior recognition in indoor areas
using the channel state information (CSI) of commercial Wi-Fi systems is performed
by Siamak et al. [29]. The human behavior can be recognized successfully by analyzed
the data streams of CSls for different activities. The data streams are then used
machine learning techniques to build models and classifiers. The techniques from the
literature that are presented have great performance Besides, this paper also proposed
to use deep learning techniques such as long-short term memory (LSTM) recurrent

neural networking (RNN) to improve performance when compared to other machine
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learning technique. Figure 2.15 illustrated the general structure of common activity

recognition technique.
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Figure 2.15: General structure of common activity recognition technique

[29].

After that, the performance of LSTM using Tensor flow in Python is evaluated by
author. The input feature vector is the raw CSI amplitude data, which is a 90-
dimensional data. The LSTM approach is different from conventional approaches
because itdid notused PCA and STFT during classification. Nevertheless, LSTM can
extract features from CSI directly. The number of hidden units is chosen to be 200
where it considered only one hidden layer. For numerical minimization of cross
entropy, the stochastic gradientdescent (SGD) with batch size of 200 and learningrate
of 10—4 is used for configuration of LSTM. The result is showed after classification

where the accuracy is 90.5%.

2.5 Research Gaps
In this session, the related topics above are being compared in term of pros and

cons. Table 2.1 illustrates their limitation and constraints so that it is easier to he
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compared. Even though all the related works have achieved high accuracy in
recognition training of deep learning, but there still have disadvantages and limitation
based on their works. Therefore, this project will focus not just the accuracy of the
recognition rate but also including the efficiency of the algorithms. In other words, it
determined whether the improved algorithms can be used for all Wi-Fi signal from

established dataset while maintaining high accuracy of recognition rate.

Table 2.1: Comparison between related work.

Topics Method Accuracy
WiWho [23] Decision Tree 80% —92%
WifiU [24] SVM 79% —93%
WiFi- 1D [25] CWT +SAC 77% — 93%
El [26] CNN 75%
E-eyes [27] EMD + MD-DTW 96%
CARM [28] HMM 96%
Survey [29] LSTM 90.5%

2.6 Chapter Summary

This chapter is started with the general framework of human activity recognition
that discussed the different of vision based and sensor based HAR based on some
articles and journals. Next, it then discussed the human gait recognition by using Wi-
Fi signal. Certain ways and formulae are given in order to calculate the RSSI and also
path loss during propagation of Wi-Fi signals. Lastly, the chapter ended with some
related works that have been established so that can easily analyze and compare

between proposed method and previous works.
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CHAPTER 3

METHODOLOGY

3.1 Introduction

In this chapter, it will discuss about the method to implement this project with title
of improved Wi-Fi based human activity recognition using LSTM. This session will
be included of flowchart, overall flow of project, software design and development,

project management, environmental and sustainability.

3.2 Overall Flow of Project

Based on the Figure 3.1, the project will be started with the importation of Wi-Fi
signal dataset [30] into MATLAB. The sources must be complied with the format as
the requirement of the MATLAB. If the sources are found out incompatible in format,
another data source need to determine from the internet again. After the importation
succeed, the datawill undergo pre-procession. This step will reduce some unnecessary

information of the raw data which will be very helpful in processing a data.
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Later, the that will continued proceed to the next stage which is feature extraction.
In this session, the significant part of the signal data will be filtered out in order to
improve the accuracy and also time taken to analyze it. Next, the extracted features
will be tested and trained by using LSTM algorithms in MATLAB. The real data will
be compared with the predicted data in term of confusionmatrix form so that to clarify
the accuracy between them. If the result is not satisfied, the coding or algorithms will

be modified to achieve desired results.

Last but not least, the whole algorithms will be modified in order to enhance and
simplified the data signal processing. Besides, the algorithms will have the possibility
to change so that the whole process of Wi-Fi signal processing will become more
advanced.

Import data mto Change other
Matlab sources of data

Data pre-
progessing

Train and classify
the data

Modify the eoding| Fvaluate and
and algorithms analysis of result

Enhance and
simplify the  p——

algorithms

Test with other
database

Modify the ‘

algorithms

Figure 3.1: Flowchart of the project.
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3.3 System Design and Development

In this proposed project, MATLAB software is using for this entire project of title
of improved Wi-Fi based human activity recognition using LSTM. MATLAB
software is a powerful tool and high-level programming language that allow us to do
things that relevant data analysis. It also provided useful tips and training for the
beginner user such as deep learning in MATLAB. This software not just good in data
analysis but also explore its possibility in wireless communication, computer vision,
signal processing, robotics, control system, quantitative finance and also risk
management. Therefore, MATLAB isappropriate for thisproposed system. Figure 3.2

shown the icon of MATLAB software used in this project.

Figure 3.2: MATLAB icon [31].

3.31 Data Preparation

Since there is no prototype or hardware in this project, the data will be obtained
from internet so that the project can analyze the signal data efficiently. There are
several Wi-Fi data on the internet, the first dataset that will be analyze is named as
“LSTM_wifi_activity recognition” by Hirokazu-Narui et al. [30]. This author has
provided plenty of data and categorized every action accordingly in his/she files. The
second dataset that obtained is from author Siamak Yousefi et al. [32] with title of

“Wifi_Activity Recognition using LSTM”. Besides, the files are in the format of
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“.csv” which is a Microsoft Excel file and it is suitable for the MATLAB to open it.

Figure 3.3 shown the data of Wi-Fi signal used in this project.
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Figure 3.3: Example of Wi-Fi signal collected data format.

3.3.2 Data Pre-Processing

Based on the data in Figure 3.3, the dataset contained of 181 column of data and
1000 row for the time stamp. The first column will be the time stamp of the dataset
whereas the rest will be divided into CSI amplitude value and CSI phase value. CSI
amplitude value will be started from column 2 to 91 while the CSI phase magnitude
is started from column 92 to 181. Inside the CSI amplitude and phase magnitude, it
only provided 30 subcarriers CSl value. Therefore, this data actually collected total up

to 3 antennas data in which contain 30 subcarriers each.

Signal pre-processing that used in this project will be the denoise function of raw
datasets. Denoising function allow user to filter the background noise that caused by

the environment or any unwanted noise caused by other factors. After denoising the



30

signals, the complexity of the signals will be reduced and easier to analyze the

significant parts of the signal based on certain human activity.

3.3.3 Spectrogram Visualization

Spectrogram is a very useful tool in visualization of signal data. A spectrogram is
a visual way of representing the signal strength of a signal over time at various
frequencies present in a particular waveform. Spectrograms are basically two-
dimensional graphs, with a third dimension represented by colors. Time will run from
leftto right alongthe horizontal axis whereas vertical axis represents frequency, which
can also be thought of as a pitch or tone, with the lowest frequencies at the bottom and
the highest frequencies at the top. In MATLAB software, spectrogram can be plotted
by using command of “s = spectrogram(x)” in order to analyze desired signal
waveform. Therefore, the significant parts of signal that after pre-processing can be
easily detected by using spectrogram since the color can indicated based on different
level of signal strength. Figure 3.4 illustrated the example of a spectrogram in

MATLAB.
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Figure 3.4: Example of spectrogramin MATLAB [32].
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3.34 Feature Extraction

Feature extraction is a technique that transforming raw data into numerical feature
in which MATLAB can be processed while still preserving the important feature of
original dataset. It also can be explained as dimensionality reduction process of raw
data is then divided and reduced to more manageable groups that represent the key
feature of the original data. There are many applications of feature extraction such as
Principal Component Analysis (PCA), Independent Component Analysis (ICA),
Linear Discriminant Analysis (LDA) and others. The feature extraction method

proposed for this project is Discrete Wavelet Transform (DWT).

Discrete wavelet transform (DWT) is a technique that decomposed a given signal
into a number of sets where the set is a time series of coefficients describing signal
corresponding to the frequency band. DWT produced two coefficient sets which are
approximation coefficient (cA) and detailed coefficient (cD). These coefficients
convolving the signal that is underwent low pass filter for approximation while high
pass filter for detailed part. After extracted the features, the data can be used for
training and testing by using deep leaning algorithms. Figure 3.5 illustrated the

decomposition of DWT.
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Figure 3.5: Decomposition of DWT.
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3.35 Deep Learning of Data

The deep learning method that used for this projectis Long Short-Term Memory
(LTSM). LSTM is a recurrent neural network (RNN) architecture based that used in
the field of deep learning. The core element for LSTM network is the sequence input
layer which will inputsequence or time series data into LSTM network. Figure 3.6
below demonstrated the architecture of the LSTM network. In order to predict the
class labels, the network normally end with a fully connected layer, a softmax layer

and also a classification output layer.

Sequence Fully ) )
Input H LSTM H Consecind |—>| Softmax ’—b’ Classification

Figure 3.6: Architecture of LSTM network.

3.35.1 Training and Testing Dataset

In order to classify human activity by using LSTM, the raw dataset needed to
distribute into two categories which is training and testing subsets. The training subset
is used for LSTM to learn the pattern or key feature of the data input whereas the
testing subset is used to evaluate the performance of LSTM. Table 3.1 below shown

the distribution of datasets into ratio of 8:2 as training and testing datasets.

Table 3.1: Distribution of datasets for training and testing subsets.

[32]

Dataset Training Subset Testing Subset Total
First dataset [30] 112 27 139
Second dataset 112 28 140
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3.35.2 Proposed LSTM

LSTM also categorized into varioustypessuch asuni-directional LSTM, Bi-LSTM
and Cascaded LSTM. In this project, bi-directional Long Short-Term Memory (Bi-
LSTM) is proposed. Figure 3.7 below illustrated the structure of a Bi-LSTM network.
Bidirectional LSTM structure allow networks to have both backward and forward
information about the sequence at every time step. When compared with uni-LSTM,
bi-LSTM will perform well due to its mechanism that allow the data to read backward

and forward whichwill increase the predicted score during classification.

Forward layer — e STM

Backward layer

Xy Xt+1

Figure 3.7: Structure of Bi-LSTM network.

3.3.5.3 Implementation of LSTM

First of all, the sequence input data needed to determine in order to procced the
classification of LSTM. Figure 3.8 below demonstrated the input data of LSTM for
this project. “Signals.mat” file represented the Wi-Fi signal that been underwentsignal
pre-processing and feature extraction whereas “Labels.mat” file is represented as the

correspond ground truth label of each signal. Be aware that the format for signals data
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and ground truth label must be the same data type so that the LSTM can proceed with

the classification.

load('Label=s.mat"')

load('Signal=s.mat")

Figure 3.8: Sequence input data for LSTM.

Next, the dataset will be distributed randomly in term of desired ratio. Figure 3,9
below shown the code for datasetdistribution into trainingand testingsubsetin LSTM
algorithm. The ratio is set as 8:2 due to the performance of the accuracy can be
improved by the increment of the training subsets. The number of dataset for each
human activity can be displayed in command window by using “summary(Labels)”as

shown in Figure 3.10.

[trainBed, ~, testBed] = dividerand(20,0.8,0.0,0.2);
[trainFall,~,testFall] = dividerand(20,0.8,0.0,0.2);
[trainPickup,~, testPickup] '=.diwviderand (20,0.8,0.0,0.2) ;
[trainBRun,~, testRun] = dividerand (20,0:8,0.0,0.2) ;
[trainSitDown, ~,testSitDown] = dividerand(20,0.8,0.0,0.2
[trainStandlp, ~,testStandUp] = dividerand (20;0.8,0.0,0.2) 2
[trainWalk, ~,testWalk] = dividerand(1%,0.8,0.0,0.2);

Figure 3.9: Coding for dataset distribution into training and testing subset in

LSTM.

»>» summary (Lakbels)

Bed 20
Fall 20
Pick TUp 20
Euon 20
5it Down 20
Stand Up 20
Walk 15

Figure 3.10: Total number of datasets for each human activity.
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Besides, the configuration of LSTM needed to be set up based on different type of
LSTM. Figure 3.11 illustrated the layer configuration of LSTM. The sequence input
layer is depended on the signal dataset. The input is set as 90 due to the dataset had
90x1000 double type data for each human activity. Therefore, this setting will depend
on the input data type and number. Moreover, Bi-LSTM is used in this project and the
fully connected layer represented the output layer in which total number of 7 was set
because there had 7 different types of human gait action in the datasets. In term of
training parameter, Figure 3.12 shown the setting for trainingparameter in LSTM. The
training parameter is used “adam” as main core to train the datasets. In additional,
others configuration such as “MaxEpoch”, “MiniBatchSize” and “InitialLearnRate”

are setas shown in Figure below before running the classification of LSTM.

layers =
seqguencelnputlayer (50)
bilstmlayer (100, "CutputMMode®, *1a3t")
TullyvConnectedLayer (T)
softmaxLayer
classificationlayer

"
1

Figure 3.11: Layer configuration of LSTM.

options = trainingCptions ('adam’',
'MaxEpochs"', 70,
'MiniBatchSize', 32, ...
'ImitiallearnRate', 0.001,
'Sequencelength', '"longest',
'GradientThreshold', 1,
'ExecutionEnvironment', "auto', ...
'plots', 'training-progress’',

'"Verbose',true) ;

Figure 3.12: Training parameter of LSTM.
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Lastly, the accuracy of the testing part will implement once the training process is
doneforLSTM. The Figure 3.13 demonstratedthe codingfor calculating the accuracy
of the LSTM for this project. After that, the result is displayed in the form of matric
which called as confusion matrix. Confusion matrix is used for describing the
performance of a classification model on certain set of data. The result of accuracy

based on the confusion matrix will be discussed and displayed in Chapter 4.

testPred = classify({net,XTest, 'Sequencelength', "longest');

testlLSTMACccuracy = sumitestPred == ¥Test) /numel (YTest) 100

Figure 3.13: Coding for accuracy calculation in LSTM.

3.4 Project Management
This project will focus on analyzing, verifying and enhancing on MATLAB

software only. Hence, there will be zero cost for this project.

3.5 Environment and Sustainability

In this era of the emerging of Wi-Fi, this project can sustain a very long period due
to the high demand of Wi-Fi system. Besides, new era of 5G network is also promote
the growth of Wi-Fi system to this world. Therefore, this project will be functioned
once the presence of Wi-Fi system is guarantee. In term of environmentally, this
project will not cause any disturbance to surrounding environment. Thus, this project

is environmentally friendly to the surrounding.

3.6 Chapter Summary
In this chapter, the overall project workflow is discussed and displayed by using a
flowchart. Next, the method of implementation of this project also decided and

explained clearly in this chapter. The system software used for this project is
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MATLAB software only which required no cost for this project. The dataset that used
is downloaded on internet. These raw data is then undergoing pre-processing of
denoise, feature extraction of DWT and classified by usinga Bi-LSTM algorithm to
obtain the accuracy which is displayed in term of confusion matrix. All the results of
each process will be shown in Chapter 4. Lastly, the environmentand the sustainability

of this projectis also discussed before ended the chapter.



CHAPTER 4

RESULTS AND DISCUSSION

4.1 Introduction

This chapter will discuss all the result related to the process had been implemented
by using MATLAB. Firstly, the visualization of CSI signal data based on different
types of human gait action are presenting by using spectrogram. Next, subsection 4.3
discussed the effect by using pre-processing of denoise function. Subsection 4.4 is
focused on the feature extraction part of the data before underwent classification and
subsection 4.5 is discussed all the LSTM results based on accuracy, consistency and
also time processing. Lastly, the comparison between previous work will be discussed

in subsection 4.6.
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4.2 Visualization of CSI data signals

The original dataset of Wi-Fi signal of gait action is visualize using plotting
method. Figure 4.1 showed the original dataset is plotted in term of CSI amplitude
versus packet index. The data is large because it contained 90 channels that having

1000 CSI amplitude value each.

CSl amplitude over 90 channel
T

Figure 4.1: CSI amplitude over 90 channels.

Since the dataset is combining 3 antennas as receiver, the data was further
distributed into 3 differentantennas and different subcarrier so that it can be easily
analyzed. Figure 4.2 showed the CSI amplitude of first subcarrier for 3 antennas

whereas Figure 4.3 illustrates CSI phase of first subcarrier for 3 antennas.

Sl amplitude of 1st subcarrier for three recieve antenna 4/ E0aarg
T T T T T

Www Wy Hr A T Y W’“

J\Mf qw a
Hh"ah 'TM “"\ ;M f\ll n.u\ru lww:l\ H, M i

WW Ay

Iy l.

Sl ampiitude

Figure 4.2: CSIl amplitude of 1stsubcarrier for 3 antennas.
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CSI Phase of 1st subcarrier for three recieve antenna
T T

N

il

| 11 w‘l \\ M “ WHH)( l i \N' “\

Figure 4.3: CSI phase of 1st subcarrier for 3 antennas.

For further analysis, spectrogram function in MATLAB is used in order to
determine the main feature for every human avtivity. Figure 4.4 illustrates the
spectrogram results of each human activity. Based on the result, each human gait
action had their own specified region that contain the significant feature among the
time steps. Spectrogram allowed the significant features displayed in term of signal
strength which indicated by yellow spot region. For example, action of lyingon bed
had its significant part around time between 300 and 400 seconds whereas the falling
action located around 100 to 400 seconds. At this stage, the significant parts for all
human activity are not clearly displayed yet due to the raw data signal itself contain a
lot of noisesand some interferences that caused by surrounding, Therefore, signal pre-
processing of denoise functionis needed to reduce the background noise so that the

significant features can be shown out clearly by using spectrogram.
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Figure 4.4: Spectrogram results for action (a) lying on bed, (b) falling, (c)

pickup, (d) run, (e) sit down, (f) stand up and (g) walk.

4.3 Denoise Pre-processing’s Result

Denoise function is necessary for this project due to the raw datasets contain noises
and other factor that caused interference by the surrounding environment. The denoise
function in MATLAB is simply using command “wdenoise” with all default value
such as 2dB for this project. This is because high dB value will reduce more detail
information from original raw data. Since the significant features is still needed for
further classification, default setting for command “wdenoise” is used in order to

obtain higher accuracy during classification by LSTM.

Figure 4.5 below shows the result of denoise signals with respect of their
spectrogram results for each human activity. Based on the figure, it showed that the
unnecessarynoisesand data has beenremoved by usingdenoise function. The leftover
parts still containing significant features in which the indicated by yellow region of
the spectrogram. Moreover, after denoising, the significant parts for each activity are
clearly displayed out since the noise had been removed. For instance, the main feature

part of lying on bed action can be spotted around 280 to 390 seconds whereas the
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action of falling allocated around 0 until 390 seconds. Besides, the signal strength of

falling action is more compact during 270 until 390 seconds when refer to figure 4.5
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Original Stand Up

Time soep
Original Stand Up

Den h Sund Up

Time Step.

()]

Figure 4.5: Result after denoise function of spectrogram for activities of (a)
lying on bed, (b) falling, (c) pickup, (d) run, (e) sit down, (f) stand up and (g)

walk.

All the significant feature is located in different time with different amplitude and
various in term of signal strength. Hence, different human gait action can be classified

easily since all activities will have different effect on CSI amplitudes.
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4.4 Performance of Discrete Wavelet Transform (DWT)

After denoised process of signal data, it shows some improvement in term of
spectrogram since all the features can be displayed clearly. These data are then
proceeded with feature extraction. As discussed in Chapter 3, feature extraction that
had been used in this project is discrete wavelet transform (DWT). DWT will
decompose two components named as approximated and detailed signals. A single
level of discrete wavelettransformis used for this projectby usingcommand of “dwt”.
For other cases which required more level and detail feature can be used command of

“wavedec” with specified certain decomposition level of DWT function.

DWT is a method to reduce the dimension of the data while maintaining the
significant feature of the data. A single level DWT is used due to not over reduced the
dimension of original data. Figure 4.6 shown the result of DWT after denoise function
in MATLAB. As observed, the dataset dimension had been reduced to half of its
original dataset which is from 1000 to 501 times steps. Even though the dimension
had been halved, but the significant parts are remained the same. Besides, the DWT
provided decomposition of approximated and detailed signal data. The approximated
signals data are used for further classification instead of detailed parts because detailed
parts contained zero value which affected LSTM had low performance in term of
accuracy and time processing. Moreover, detailed parts may have problem in over
reduced the element of the dataset. Therefore, approximated signals are then used for

classification by using LSTM algorithm.
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Figure 4.6: Result of one level discrete wavelet transform for activity (a)
lying on bed, (b) falling, (c) pickup, (d) run, (e) sitdown, (f) stand up and (g)

walk.

4.5 LSTM Analysis

In this session, several parameters such as accuracy, consistency and time
processing of LSTM are discussed. These parameters results can be obtained by using
MATLAB in term of confusion matrix and training tables. As mentioned in Chapter
3, the proposed LSTM is Bi-LSTM which known as Bi-directional Long Short-Term
Memory algorithm. Since Bi-LSTM can read the information from backward and
forward direction, the accuracy of the classification should be higher in the end of the

results.

451 LSTM’s Accuracy

When all of the pre-processing and feature extraction are done, the modified CSI
datasignals are then underwentclassificationby usingdeep learningof LSTM. Figure
4.7 below demonstrated the result of LSTM’s accuracy in term of confusion matrix.

Raw datasets and modified datasets for has beenundergo sameclassification of LSTM
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in orderto compare the differences between their results. Based on the observation
fromthe Figure, it showed thatthe firstraw datasetand second raw dataset that without
any feature extraction only achieved highest accuracy rate of 64.3% and 60.7%
respectively. In other hand, the firstand second dataset can achieve highest accuracy

of 96.4% and 89.3% respectively.

The raw datasets had lower accuracy rate because the raw datasets contain a lot of
unnecessary information. That information caused the training progress cannot
determined the human activity properly. Hence, the accuracy rate is decreased if just
using raw data as input dataset. Meanwhile, the first modified dataset based on
proposed method can perform well in LSTM algorithm due to the significant feature
that represent the human activity has been extracted. Besides, the background noise of
the raw datasets also eliminated during the process of denoising. Therefore, the first

modified dataset can achieve greater accuracy rate.

However, second modified dataset can only achieve highest accuracy rate of
89.3%. Thisis because second dataset had larger dimension of dataset when compared
to first dataset. The first dataset only consists of 90 x 1000 double data type whereas
second dataset consist of 90 x 20k double data type. By comparing these two data
sizes, second datasets had more complexity when compared to first datasets. Thus, the

accuracy will not as high as first dataset when undergoing classification of LSTM.
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Figure 4.7: Confusion matrix result of LSTM for (a) first raw dataset, (b)

first modified dataset, (c) second raw dataset, (d) second modified dataset.
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452 LSTM’s Consistency

Due to the characteristic of LSTM algorithm that processed classification
randomly, the accuracy rate will be different during each time of training and testing
processes. Therefore, this session discussed the consistency of the LSTM’s accuracy
after running several times of classification. In the end of this session, the consistency

range of each dataset that been achieved will be listed out.

After running multiple times of classification for raw data and modified datasets,
Figure 4.8 shows the results of confusion matrix for each dataset in term of certain
range. Based on the results, the consistency for firstand second raw datasets is within
the range of 53.6% to 64.3% and 42.9% to 60.7% respectively. For first modified
dataset, the consistency is between 85.7% and 96.4% whereas second modified
datasets achieved consistency of 75% to 89.3% accuracy rate. As observed, LSTM
will produce different accuracy rate since the LSTM is distributed training and testing

subset randomly during each time of classification process.
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Figure 4.8: Consistency of accuracy rate for (a) raw data, (b) first modified

dataset, (c) second raw dataset, (d) second modified dataset.

For further analyzing, the boxplotgraph is used to identify the accuracy of each
activity after 10 simulations ran in MATLAB as shows in Figure 4.9. Boxplot graph
is a method to visualize the summary statistics for certain dataset. On each box, the
central line represented the median of data. The top and bottom edge of the box is
indicated asthe 75th and 25th percentiles of data, respectively. Then, the whiskers line
extended is denoted as the maximum data point whereas the outlier is expressed as

symbol of “+”.

Based onthe Figure 4.9 (a), the activity of bed achieved the lowest medianaccuracy
among all other activities even though the maximum accuracy it can achieve is 75%.
Therefore, the overall accuracy is dropped due to action of bed has lower accuracy
after 10 simulations ran. Meanwhile, the second raw dataset has lowest median for
activity of sitting down at 25% which affected overall accuracy has been decrease

during each classification of LSTM.
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For first modified dataset, the median for most of the actions have achieved 100%
accuracy except walking action. The activity of running and lying on bed have few
outliers in the boxplot graph. This is because all the results are mostly 100% accuracy
which caused the graphs have no boxes but a median line only. In term of consistency,
the first modified dataset is mostly maintained at range of 75% to 100%. Hence, the
first modified dataset can attain higher accuracy when compared to other datasets. As
observed, the second modified dataset has retained consistency between 50% and
100% after 10 simulationsran. The accuracy of second modified dataset lower because
of standing up action has lower median value which is 60% only. Therefore, it can

only achieve 89.2% which considered lower than the first modified dataset.
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Figure 4.9: Boxplot graph of accuracy of each activity after 10 simulations
run for (a) raw data, (b) first modified dataset, (c) second raw dataset, (d)

second modified dataset.

Even though Bi-LSTM can read data from backward and forward direction of
dataset, but consistency will be dropped due to the way of datasets collection. First
and second datasets are collected data from three differentantennas. Each antennahad
its own characteristics in term of different range as shown in Figure 4.2. Moreover,
both datasets contained few different persons walking gait action profiles which will
reduce the accuracy and consistency of the classification results. This is because
different person will have different characteristics walking gait action profiles. At the
same time, the distribution of training and testing subset is randomly. Hence, the
LSTM will have some loss in term of accuracy and consistency when undergoing

classification every time.
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453 LSTM’s Time Processing Analysis

In term of time processing of LSTM, time taken to process is very crucial since this
aspectis highly demanded in any data processing. Therefore, this session discussed
the time processingof LSTM foreach dataset. Figure 4.9 below demonstrated the time
taken for each dataset when undergoing same training parameter. It showed that the
time elapsed of first raw dataset is 13 minutes 23 seconds while the time elapsed for
second raw dataset is 12 minutes 55 seconds. However, the first and second modified
dataset achieved time elapsed of 6 minutes 25 seconds and 7 minutes 31 seconds

respectively.

Differenttrainingparameters will generate differentoutputof classification in term
of time elapsed and accurate rate of the data. Therefore, the training parameter is
standardized into same parameters asshown in figure so that it can be compared easily
amongthe datasets. The results showed thatthe time elapsed for modified datasets had
reduced successfully dueto the factof dimensionality reduction by the DWT in feature
extraction process. When the data size is small, the processing of the classification

will be reduced at the same time.

Among those training parameters, the important parameters such as “MaxEpoch”,
“MiniBatchSize” and “InitialLearnRate” will affect the output results. Anepoch is the
full pass of the training algorithms over entire training set. Based on the result in
Figure, as the epoch increased, the training performance also increased. But, higher in
epoch value is not necessarily generated better performance due to it depend on the
characteristic of the dataset. Mini batch is subset of training set that used to evaluate
gradient loss of function. Better performance can be achieved if a smaller batch size

is used. Learning rate refer to the amount of weight that are updated during training
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process. If the learning rate is too low, it will take longer time to process. In other

hands, the training might reach suboptimal result if it is too high.

Epoch | Iteration | Time Elapsed | Mini-batch | Mini-batch | Base Learning
| | (hh:mm:ss) 1 Accuracy | Loss | Rate

1] 1] 00:00:05 | 25.00% | 2.1826 | 0.0010

17 | S0 | 00:03:15 | 93.75% | 0.8369 | 0.0010

34 | 100 | 00:06:26 | 100.00% | 0.1633 | 0.0010

50 | 150 | 00:09:37 | 100.00% | 0.1079 | 0.0010

67 | 200 | 00:12:45 | 100.00% | 0.0517 | 0.0010

70 | 210 | 00:13:23 | 100.00% | 0.0303 | 0.0010

(a)

Epoch | Iteration | Time Elapsed | Mini-batch | Mini-batch | Base Learning
| 1 (hh:mm:ss) 1 Accuracy | Loss | Rate

1) 1] 00:00:03 | 0.00% | 2.0110/ | 0.0010

17 | 50 | Q0:01:38 | 96.88% | 0.5612] | 0.0010

34 | 100 | 00:03:07 | 81.25% | 0.7219 | 0.0010

50 | 150 | 00:04:35 | 100.00% | 0.3155 | 0.0010

€7 | 200 | 00:06:07 | 100.00% | 0.0940 | 0.0010

70| 2101 00:06:25 | 100.00% | 0.1519 | 0.0010

Epoch | Iteration | Time Elapsed | Mini-batch | Mini-batch | Base Learning
| | (hh:mm:ss) | Accuracy | Loss | Rate

1] 1] 00:00:05 | 13.33% | 2.1693 | 0.0010

17 | 50 | 00:03:06 | 86.67% | 0.8043 | 0.0010

34 | 100 | 00:06:13 | 100.00% | 0.1759 | 0.0010

S0 | 150 | 00:09:16 | 100.00% | 0.1058 | 0.0010

67 | 200 | 00:12:19 | 100.00% | 0.0705 | 0.0010

70 | 210 | 00:12:55 | 100.00% | 0.0484 | 0.0010

(©
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|

| Epoch | Iteration | Time Elapsed | Mini-batch | Mini-batch | Base Learning
| | | (hh:mm:ss) | Accuracy | Loss | Rate

|

| 1] ) 00:00:05 | 12.50% | 2.1377 | 0.0010
| 17 | 50 | 00:01:50 | 90.63% | 0.6337 | 0.0010
| 34 | 100 | 00:03:36 | 96.88% | 0.3936 | 0.0010
| 50 | 150 | 00:05:21 | 100.00% | 0.1367 | 0.0010
| 67 | 200 | 00:07:09 | 100.00% | 0.0642 | 0.0010
| 70 | 210 | 00:07:31 | 100.00% | 0.0529 | ).0010
|

(d)

Figure 4.10: Time elapsed for training parameters for (a) raw data, (b) first

modified dataset, (c) second raw dataset, (d) second modified dataset.

4.6 Comparison with Previous Work

Table 4.1 below shown the accuracy comparison between proposed method and
previous works. By using proposed method, signal pre-processing and feature
extraction are implemented right before classification of LSTM. Those method can
reduce dimensionality of the original dataset which will achieve better performance in
accuracy andtime elapsed. Moreover, the proposed LSTMmethod is Bi-LSTM which
the input data can run in two ways, forward and backward while preserved the
information for both past and future. For second dataset, the dimensionality of data is
much higher when compared to first dataset. This caused the data had higher
complexity which leaded to poor performance in LSTM classification. In fact, the
LSTM is a deep learning-based classification method that do not required any pre-
processing and feature extraction method. This is due to the reason of LSTM can
extract and analyze the feature automatically. However, the performance is not that
well as shown in subsection 4.5.1. Therefore, proposed method is suggested so that
the entire system can manage to achieve higher accuracy and time processing when

underwent classification of LSTM.
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Table 4.1: Accuracy comparison table between previous works.

Topics Method Accuracy Time Elapsed
WiWho [23] Decision Tree 80% — 92% -
WifiU [24] SVM 79% —93% -
WiFi- ID [25] CWT + SAC 77% — 93% -

El [26] CNN 75% -
E-eyes [27] EMD + MD-DTW 96% -
CARM [28] HMM 96% -
Survey [29] LSTM 90.5% -
First raw dataset [30] DWT + Bi-LSTM 53.6% — 64.3% 13m23s
First modified DWT + BI-LSTM 85.7% — 96.4% 06m25s
dataset [30]

Second raw dataset DWT + Bi-LSTM 42.9% —60.7% 12m55s
[32]

Second modified DWT + Bi-LSTM 75% — 89.3% 07m31s
dataset [32]

4.7 Chapter Summary

In the first part of this chapter, the CSI data signal is visualized and analyzed in

detailed manner in term of graph and spectrogram. Next, the denoised signal data also

displayed out clearly and the significant feature can be analyzed easily based on

spectrogram. The third part of chapter discussed about performance of DWT that can

reduce dimensionality of dataset while maintaining feature part of data. Then, the

analysis of LSTM in term of accuracy, consistency and also time processing had been



63

analyzed and explained in detail manner. Lastly, the results are compared

comprehensively with previous works in form of table.
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CHAPTERS

CONCLUSION AND FUTURE WORKS

5.1 Introduction
In this chapter, the conclusion of results and discussion of this project will be
summarized. The recommendation of this project will also be provided in order to

improve the quality of the project.

5.2 Conclusion

In conclusion, a deep learning-based recognition system for improved Wi-Fi based
human activity recognition system is successfully developed by using MATLAB. All
the signal processing is conducted by using datasets that obtained from the internet.
Next, the raw data signal contained a lot of unnecessary data in which the data is
needed pre-processing such as denoise. Even though the denoise function helped a lot

in term of filtered noises, but it still notenough when come to detect the significant
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feature of the datasets. Therefore,discrete wavelettransform (DWT) is used as feature
extraction method. In order to determine the feature parts of signals, spectrogram also
used to display the main feature for each activity. The significant is indicated in term
of signal strength color bar as shown in Chapter 4. DWT helped in dimensionality
reduction while still maintaining the significant parts of the signals in datasets. Bi-
LSTM is proposed since this method can run input data in two ways, from forward to
backward and from backward to forward. This method can enhance the performance
of classification because it will still be preserved the data for past and future even
though it ran the input data in two ways. Accuracy rate for first modified dataset is
achieved around 85.7% to 96.4% whereas accuracy between 75% and 89.3% is
achieved by using second modified dataset. Since second modified dataset had larger
dimensionality in data size, the performance will not as good as the first modified
dataset. Moreover, in term of time processing, both first and second modified datasets
had attained better time elapsed during classification of LSTM. This is because the
raw data do not undergo any pre-processing and feature extraction in which it leaded

to increase the time elapsed for the LSTM classification.

5.3 Recommendation

In this project, there is no data collection and hardware design. Therefore, the
dataset can only obtain from the internet. The dataset from the internet is nonlinear
among the three different antennas which will increase the complexity of the datasets.
Those nonlinearly datasets not just affected the accuracy rate of classification but also
increased the processto fix the linearity problem thatexisted insidethe dataset. Hence,
it is suggested that maintaining the linearity during collection of data or reduced the

antennas of Wi-Fi receivers so that the linearity of datasets can be maintained.
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Besides, the datasets also contained the phase of Wi-Fi signals. For further
enhancementinaccuracyrate, the phase of Wi-Fisignal can representthe main feature
for each walking gait action. Several approach that relevant to phase different and
phase change can be implemented together with the amplitude of the Wi-Fi signal

might also helped in generate better performance during classification of LSTM.

As a conclusion, the deep learning-based human gait recognition system in this
project holds a great potential in current time. With the rise of 5G technology, the
usage of Wi-Fi system can be amplified. More work can be done in improving the
system so that it is possible to be implemented on all vehicles. Especially during this
pandemic of COVID-19 because this system does not require close contact with other

people or object.
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